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® Part a: Introduction of Retrieval Augmented Large Foundation Models

(RA-LFMs) (Dr. Wengqi Fan)

Part 2: Architecture of RA-LFMs and Main Modules (Xu Yuan)
Part 3: Learning Approach of RA-LFMs (Chengliang Liu)

Part 4: Agentic RAG (Chengliang Liu)

Part 5: Applications of RA-LFMs (Chun-Hin Chan)

Part 6: Challenges and Future Directions of RA-LFMs (Dr. Wengi Fan)

O O O O O O

Part 7: Q&A Website of this tutorial — . :
Check out the slides and more information!




Large Foundation Models (LFMs)

& openal A\ “¢Claude 3 4 Gemini @' deepseeké ......

8 billion parameters

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



Large Foundation Models (LFMs)

Information Retrieval Sentiment Analysis Information Extraction

Doc1

Machine Translation N atu ral QuestionAnswering
Language @
Processing =

Input Text (. ) Generated Text

[ J N &) chatGPT - [ }
O LLamA
N )

Large Foundation Models (LFMs) )



LFMs in Downstream Domains

Education

Chemistry

Healthcare

] Molecule discovery, etc.

- ~

Phenol Chemical CeHsO

Formula:

SMILES Cl(O)=CcC=C
String: C=Cl1

Molecule
Graph:

A - S

(a) Molecule Represen-
tations.

c1(0)-cc c:c-a

\ ‘\ The molecule
is.. [.S‘rrucrure]
[P"OPE""'Y]

(b) Molecule Caption-
ing.

~ci0)-ce=ce=ct)
f c1(0)_cc—cc c1)

The molecule
s [Structure]... @ |
i) '=

& ChatGPT

(a) Molecule Captioning

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

\
(Please show me a description of this molecule: ]@

(It has a role as a plant metabolite.
(.

| 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.

|
J

.

(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

®

conjugate base of a xanthurenic acid.
(C1=CCZ:C(C(:Cl)[O-])NC(:CCZ:O)C(:O)O
|

l
J

.

Li et al, 2024, Empowering Molecule Discovery for Molecule-Caption Translation with Large Language Models: A ChatGPT Perspective, 5
Liu et al., 2024, MolecularGPT: Open Large Language Model (LLM) for Few-Shot Molecular Property Prediction,



LFMs in Downstream Domains

Education

Chemistry Healthcare

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

1 Medical consultation, etc.

@ Patient-friendly & Doctor-like

following

Olnstruction-

Interactive
diagnostic
Conversation« Instructione

V)

 Curriculum & Teaching, etc.
TOA«,,WQ’II be

yswm9

Distilled # Real-world v
4 ¢ & N L A
Distilled Real-world
Instruction Instruction
Data Data
g J J
( aae Y [ av )
Distilled Real-world
Conversation Conversation
Data Data
N VRN J

Chot GP T

o |earn how To.....

S

®SFT ~

o) M

ChatGPT Doctor }

Response

SFTed model

®
Y
=
>
M

oeqpea4

<

A

&+
HuatuoGPT

& Doctor-like

@ Patient-friendly

< Instruction-following
o Interactive diagnostic



LFMs on Graph-structured Data

4

IRecommendations

Drug Discovery

Q&A
@~ {
Molecule
Prediction

. évl

Social Network Citation Network

GNNs+LLMs

Knowledge Graph Molecular Graph

Text Features
Graph Description: <node_1> is connected to
<node_3>, <node_4>, <node_7> within one hop..I
6raph Feature: Paper_1's Title is ... and the |
Author is ....; Paper_2's Title is ... I

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



LFMs in Recommender Systems

Top-K Recommendation

A user recently watched movies:

! !’ x -/
“a 5= i
£ o " m

Based on the watch history, please
recommend 5 candidate movies
that the user might be interested in
from the following list:

0600..0..

Task-specific Prompts (LLMs Inputs)
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Rating Prediction

Here is the movie rating history
of a user:

- 4 | ;;!
A
- .
- -
2> F

80 92 98 75

Based on the above rating history
of this user, please rate a movie
named John Wick: Chapter 4 with a
range of 1-10 points.

Based on the watch history, |
assume this user is interested in
movies of genres and
actors/actresses. Here are the top
5 candidate movies:

The movie John Wick: Chapter 4
has a similar ... to the movies ... in
the rating history.

Thus, the rating is likely to be 9.0.

Large Language Models (LLMs)
for Recommender Systems

Conversational Recommendation

[User]: | just watched Interstellar.
Please recommend ... to me.

e |

5
ﬂzi,

[User]: ......

[User]: But | don't like ... because
... could you recommend other ...

Explanation Generation

A new movie named The Godfather
Part Il is recommended to a user,

who has recently watched movies:

22 = (m ¢e
& N i

Please explain the reasons.

[LLM]: Sure! Here are some
recommendations for you ...

[LLM]: ......

[LLM]: My apologies! Here are
some new recommendations ...

Task-specific Recommendations (LLMs Outputs)
Zhao, et al., 2024, Recommender systems in the era of large language models (IIms).

The new movie is recommended
to the user because it is the
sequel to the movie The Godfather
that was recently watched by this
user. Thus, the user might be
interested in the recommended
movie series.

e R R iy ey R e ey St



Challenges and Risks of LFMs

O Ungrounded Hallucination

Without access to external evidence, LFMs may
generate plausible but unsupported answers,
especially for knowledge-intensive or factual
queries.

Q =

O Outdated Parametric Knowledge

LFMs rely on knowledge stored in model
parameters, which may become outdated and
cannot easlly reflect newly updated documents,
policies, or domain facts.

O Domain Knowledge Gap o O Limited Traceability & Verifiability
LFMs often lack fine-grained expertise in LFMs usually do not provide explicit
specialized domains, making them less reliable sources for their responses, making it
for tasks requiring professional or private- difficult to verify, audit, or trust the
domain knowledge. generated content.

9




LFMs’ Challenges in Vertical Domains

(J Domain of Law

Journal of Legal Analysis, 2024, 16, 64-93 Hallucinations are common across
hitps://dol.org/10.1093/]la/laac003 all LFMs when they are asked a direct,
Advance access publication 26 June 2024 . i
OXFORD Article verifiable question about a federal court
case
« .o . 1.0
Large Legal Fictions: Profiling Legal 0.88
Hallucinations in Large Language Models g o8
Matthew Dahl’, Varun Magesh', Mirac Suzgun#, and Daniel E. Ho$ 8
£ 06
b=
g
In a new study by Stanford RegLab and Institute for Human- E 0.4
Centered Al researchers, it is demonstrated that legal hallucinations g
are pervasive and disturbing: hallucination rates range from 69% to S 0.2
88% in response to specific legal queries for state-of-the-art
language models. 0.0

GPT4 GPT35 PaLM2 Llama?2
10
Dahl M, et al. 2024, Large legal fictions: Profiling legal hallucinations in large language models.



Why Large Foundation Models Work Well?

 Big Model + Big Training Data

Storing knowledge in the non-
parametric model?

Storing knowledge in the
parametric model !

Cutput
Probabilties

Add & Norm

Feed
Forward

)
[ Add & Norm Je=

Add & Norm
Masked
Multi-Head

Altention

| Information Retrieval (IR)

11



Retrieval-Augmented Large Foundation Models (RA-LFMs)

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

\

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

Costly & Heavy
Work

Pre-trained
y Yy LLMs

—
"

(7 As of my last update \

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

Context

Retrieval-Augmented
S Database Generation (RAG) for LFM:

o = 5 EE =n ewem "".._ o
' Additional information: 1 RA-LFMs

{ New, Domain-specific, etc.|

e - GE EE G OB e» s e = 12

=
Query =
=

=]
:} ) External

Spain won the
Women's World Cup
2023.




Integrating Information Retrieval in Generation: RA-LFM

/" Data forTraining LFMs N
* Low quality
* General
* Fixed

\ Hard to update )

Content generation

Close-book exam
(Hard mode, have to
remember everything)

External Knowledge Base
* High-quality knowledge
* Specialized knowledge
* Scalable

\° Easy-updated )

|l
.

Information / Knowledge
retrieval

RA-LFMs

Open-book exam
(Easy mode, allow to search
in reference) .-



RA-LFM Research Taxonomy

,,,,, Retrieval { Retriever ]
Architecture]::: """"""" Generation T L Pre-/Post- retrievaltechniques }
J ~~~~~~~~~~~~ :
™1 Augmentation . f \
BN Input-layer integration |
""""" “ndependent Intermediate-layerintegration
Learning } Sequential Output-layerintegration |
\\\\\\\\\ Joint \
,,,,,,,,, QA Chatbot Fact verification
,,,,,,,,,, NLP Recommendations
Application - Downstream Coding agent

Tasks | ™
“““““ Domain-specific Science = Finance Law



Category

RAG
Framework

Retriever
Learning

Pre-, Post-

Retrieval
Technique

Agentic RAG

2020 and before

RAG & RA-LFM Model Development

KNN-LM , : ( rarror | cmprac | [ awirac NodeRAG ] ! [ DeepGraphraG | (EA-GraphRAG)
| s [ RETRO ] s s
REALM ] ; [ FiD ] : [ : [ RePlug [ Speculative RAG ] [ OpenRAG ] ; [ e ]
5 : Atlas ) :
RAG ] 5 5 ! [ LightRAG ][ LongRAG ] [ GFM-RAG ][GrathAG—Rl]i
[ RAFT ] [ GraphRAFT ]
[ EMDR2 ] [ RAG-end2end ] [ Self-RAG
[ RankRAG ] [ R3-RAG ]
DPR ] [ Contriever ] [ ColBERTv2 ] [ BGE-M3 J [ Qwen3 Embedding ]
[ BGL
ColBERT ] [ GTIR ] [ E5 ] [ NV-Embed [ ReasonlR ]
[ HyDE [ RAG-Fusion ] [ Adaptive-RAG ] [ RAGRouter ]
[ SURE-RAG ]
[ Query2doc [ CRAG ][ Astute RAG ] [ SKILL-RAG ]

[ PlanRAG ] [ Scarch-ol Secarch-R1 ] [ A-RAG ] [ AgenticRAG
[ Plan*RAG ] ( RAG-Gym ReasonRAG] [ raen®aG | JADE
[ Auto-RAG ] ARAG | [DR-RAGmuuwr—RAG][ AutoSearch

)
)
)




A Comprehensive Survey Paper

A Survey on RAG Meeting LLMs: Towards Retrieval-Augmented
Large Language Models

Wengqi Fan Yujuan Ding’ Liangbo Ning
wenqifan03@gmail.com dingyujuan385@gmail.com Biglemon1123@gmail.com
The Hong Kong Polytechnic The Hong Kong Polytechnic The Hong Kong Polytechnic
University, HK SAR University, HK SAR University, HK SAR
Shijie Wang Hengyun Li Dawei Yin
shijie wang@connect.polyu.hk neilhengyunli@polyu.edu.hk yindawei@acm.org
The Hong Kong Polytechnic The Hong Kong Polytechnic Baidu Inc, China
University, HK SAR University, HK SAR
Tat-Seng Chua Qing Li
descts@nus.edu.sg csqli@comp.polyu.edu.hk
National University of Singapore, The Hong Kong Polytechnic
Singapore University, HK SAR

Website of this tutorial
Check out the slides and more information! :>
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O Part1: Introduction of Retrieval Augmented Large Foundation Models (RA-
LFMs) (Dr. Wenqi Fan)

Part 2: Architecture of RA-LFMs and Main Modules (Xu Yuan)
Part 3: Learning Approach of RA-LFMs (Chengliang Liu)
Part 4: Agentic RAG (Chengliang Liu)

Part 5: Applications of RA-LFMs (Chun-Hin Chan)

Part 6: Challenges and Future Directions of RA-LFMs (Dr. Wengi Fan)
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Part 7: Q&A Website of this tutorial — - :
Check out the slides and more information!




PART 2: Architecture of RA-LFMs and Main Modules

O RA-LFM architecture overview

O Retriever in RA-LFMs

O Retrieval results integration

Presenter
XuYuan
HK PolyU

O Pre/Post-retrieval techniques

O Special RA-LFM paradigms

18



RA-LFM Architecture: Standard Pipeline

1 Technical component illustration in a RA-LFM for the Q&A task

Major components (necessary)

- ~
N

" "Which country
| won the |
. Women’sWorld !
| Cup 2023" '

___________________

Input
(Question)

----------------
.

Pre-retrieval
process

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

Post-retrieval |
process 5

19



A Simple Retrieval-Augmented Generation Model

——--——_——————___——_—————___—————_—_—_—_——_——_————__—————__—ﬁ—___-s

d RAG ! ' Integration: concatenating each retrleved passage with the question;
[Retrieval: DPR + MIPS Generation: BART |
—
Input (& Output
i Fiile ety €T T T TS S S S SSSSECcCSsSsssssssse- The middle ear includes
r—— End-to-End Backprop through g and pe tge gmpanic ?a’IitY af(ld)
uestion Answering: e three ossicles. y
Sy (Ouef'y Retriever p,, Document Generator pe\ Chestion newarng:
Encoder (Non-Parametric) Index (Parametric)
Barack Obama was d(Z)
born in Hawaii. (x) . _—Z SUPEOCES RY)
e - Y 23] g Fact Verification:
Fact Verification: Fact Query : G /2':3 Maalr;gzjlen | ) Corciation
’ | P
The Divine z A
' 1 This 14th century work
Comedy (x) ~ D ~ is divided into 3
Jeopardy Question ~ A sections: "Inferno",
Generation: "p + io" &
Answer Query \_/-\ ) " P;izgl:;io (Y)
* J Question Generation
20

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



A Simple Retrieval-Augmented Generation Model

(J In-Context RALM

————————._——_——__—_———_———__—_—————__.__—————————_————__——————————_—_———————_.

Mh BMzg/BERwa Co Lwionm
= series

Input 3 (=) Output
=

,( Retriever} - - ». FIFA World Cup 2026 will R B
y .expand to 48 teams.
World Cup 2022 was the N S Language _____ .., 48 in the 2026
last with 32 teams, - . World Cup 2022 was the MOdel . tournament.
before the increaseto T TT==-= ‘-“ last with 32 teams, before -
thEIncreasetO E; \ et et e ee e e e em e e H

21

Ram et al. 2023, “In-Context Retrieval-Augmented Language Models.” TACL 2023



PART 2: Architecture of RA-LFMs and Main Modules

O RA-LFM architecture overview

O Retriever in RA-LFMs

O Retrieval results integration

- Eerr i - | I
Website of this tutorial

O Pre/Post-retrieval techniques

O Special RA-LFM paradigms

22



RA-LFM Architecture: Retriever Types

1 Different types of retriever deliver different generation performance

Relevance Retriever

measurement learning

Task-specific

>parse Learning

General-purpose

Dense :
Learning

Ram et al. 2023, “In-Context Retrieval-Augmented Language Models.” TACL 2023

B No Retrieval B BERT Contriever B Spider B BM25
40
30

37.8{37.9
32.1
19.9}20.0
10

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

Perplexity

N
o

23



Dense v.s. Sparse Retrievers

Sparse Retrievers (SR)

Dense Retrievers (DR)

N\

J

e { * Relevance Scoring
A

Query

—> Retrieved Results

Chunkina/ (Chunks/Doc.u!nenTs/
4" Umﬁ Tokeanlgg/H @ Indexing J Tokens/Entities/..)
Da‘tabase

* Relevance Scoring} l
e 4{ 4B Embeddng [Q,B Embedding] = E =

Query X —

)

Retrieved Results

‘ o Chunking/ (Chunks/Documents/
= Umﬁ Tokemzmg/ ]——'[ O Indexing J Tokens/Entities/..)
Database

24




Dense v.s. Sparse Retrievers

Sparse Retrievers (SR)

0 ( * Relevance Scor'mg — =] [=

* Feasible to apply Query J =| =] |=

—> Retrieved Results

: .. Chunkina/ (Chunks/Documents/

nghefﬂuency g 4,‘ Hﬁﬁ Tokirr‘u::rg\g/ H O Indexmg] Tokens/Entities/..)
Database

Fine performance

Example: TF-IDF, BM25g

25



Dense v.s. Sparse Retrievers

Dense Retrievers (DR)
* Allowing fine-tuning

* Better adaptation

)

e Customizable for more
retrieval goals

* Relevance Scoring} l

— =
e 4{ LB Embeddmg] [’t,B Embedding] e |f e lf e

* Example:DPR, Query A =l =l 1=
Contriever, ColBERT

Retrieved Results

‘ Chunking/ (Chunks/Documents/
Umﬁ Tokemzmg/ ]——'[ @ Indexing J Tokens/Entities/..)
Da'rabase —

26




Task-Specific Retriever (Supervised)

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

Two independent BERTs

Inner Product Similarity

\/ sim(q,p) = Ey (Q)TEP (p)

e — > AC)B Encoder Eq( ) —\/
Query - ’ l

A

YVY

‘ Chunkmg/ (
Nmﬁ Tokenlzmg/ \3) Indexing ]
Database ~

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

AQ)B Encoder Er( ) [ Relevz?;?qs?;rmg]—' Retrieved Results
x y : (Chunks/Documents/
Tokens/Entities/..)

28



Task-Specific Retriever (Supervised)

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

* Training with in-batch negatives

* Learning Objective

L(qiap;F?pi_,p e ,p;n)

esim(qi,p;")

= —log
esim(ch',pj) = Z?:l e&m(‘li,pz‘,j)

* Training data: Question-Passage Sets
Negative

_ 4= -
D = { i\ Py |»[P; 15" 7pz',n> A sample
selection?

. \.
Question Irrelevant passages —

Relevant passage

o

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

Training batch

Apple?

What is the
name of
Spain's most
famous soccer

. ositive ik
Who founded P

...It was incorporated
by Jobs and Wozniak
as Apple Computer,
Inc.in 1977. ...

+

ol

4
12-year-old Spanish
football club Real

", |Madrid is undoubtedly

the best football club

team? Spain has ever...
negatives
g
qn S I'm
el 0k % [ e
h ﬂr(sjt r?mt's%ry- . power during the
Be ks e}?e in ensuing chaos after
Nigeria’ the 15 January ...

29



Task-Specific Retriever (Supervised)

(1 ColBERT & ColBERTv2: Late Interaction Retrieval

“V\V
\

el .~> A . . ;‘&\\

5 ===

g .-a- . . . :’\\

o :|: -

8 ._b : : .‘ \‘\ :?"( = | ==

Query Document Query Query Document Query Document
(a) Representation-based Similarity  (b) Query-Document Interaction (c) All-to-all Interaction (d) Late Interaction
(e.g., DSSM, SNRM) (e.g., DRMM, KNRM, Conv-KNRM) (e.g., BERT) (i.e., the proposed ColBERT)

e Late Interaction e Contrastive Loss

. . b +
LI(q,d) = max (Eq®|Eq") P o exp (sy)
ie[uz,l:vqllje[ll’m” ) ka::l %% | exp (si) +exp (s5,)

Khattab et al. 2020. “ColBERT: Efficient and Effective Passage Search via Contextualized Late Interaction over BERT". SIGIR 2020 30
Santhanam et al. 2022. “ColBERTVZ2: Effective and Efficient Retrieval via Lightweight Late Interaction”. NAACL 2022



General-Purpose Retriever (Unsupervised)

d Contriever: Pre-trained with unsupervised learning

o

Same BERT encoder for queries and documents

O

0 ‘P[ LB Encoder E( )

Query

© 0

[

Relevance Scoring

sim(q, p)

Retrieved Results

.

} (Chunks/Documents/

Tokens/Entities/..)
Chunking/ N
Umﬁ Tokenlzmg/ @ Indexing]
DaTabase

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

% supervised pretrained methods do not transfer well to new applications with no training data

Might improve
robustness in the
context of zero-shot
transfer or few-shot
learning, while
having no impact on
other settings

[

\

Contrastive learning with unalig

ned documents

ky)/T)

k,: positive pairs from a single document

Cla,ky) = - xpiotg

exp(s(q, k4 ) /7) + Sie, exp(s(q, ki) /7)

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

31



DPR & Contriever Performance on OpenQA Tasks

End-to-end QA (Exact Match) Accuracy

Both widely applied in

ini iviaQA TRE AD
Training Model NQ TriviaQA WQ C SQu R AG an d R A_ L FM S
Single BM25+BERT (Lee et al., 2019) 26.5 47.1 17.7 21.3 33.2
Single ORQA (Lee et al., 2019) 333 45.0 36.4 30.1 202
Single HardEM (Min et al., 2019a) 28.1 50.9 - - - . . .
Single GraphRetriever (Min et al., 2019b) 34.5 56.0 36.4 - - D P R In CO ntriever in
Single PathRetriever (Asai et al., 2020) 32.6 - - - 56.5
Single REALMy;i; (Guu et al., 2020) 39.2 - 40.2 46.8 - .
Single ~ REALMyews (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 35.2  28.0 36.7
Multi DPR 41.5 56.8 424 494 24.1
BM25+DPR 38.8 579 41.1  50.6 35.8 NaturalQuestions TriviaQA
R@Q5 R@20 R@100 R@5 R@20 R@100
Inverse Cloze Task (Sachan et al., 2021) 32.3 509 66.8 40.2 575 73.6
Both better than _ Masked salient spans (Sachan et al., 2021) 417 598 749 533 682 794
Contriever 47.8 67.8 82.1 59.4 T74.2 83.2

supervised model: DPR, (Karpukhin et al., 2020) - 78.4 85.4 - 79.4 85.0



General-Purpose Retriever (Self-Supervised)

 Revela : From contrastive self-supervision to LM-based retriever learning.

~

,,
v,
2
8
=5
=
[0
<
\

4 Batch N\

E\arou Aaron ( or ; "Ahdron") is a prophet, high priest, amﬂ

In-batch Attention

A 4

Self-Attention/” ) ]
~_

Self-Attention ()
R

the brother of Moses in the Abrahamic religions.

he books of Exodus, Leviticus and Numbers maintain
hat Aaron received from God a monopoly over the

A A

} 12a2LdY dSUI( pg o

riesthood for himself and his male descendants.

The Hebrew Bible relates that, unlike Moses, who grew
up in the Egyptian royal court, ...

Self-Attention (’ 1
K_

The rest of his tribe, the Levites, were given subordinate
Self-Attention C_' 1 ] ak tij responsibilities within the sanctuary. Moses anointed and

+.-\consecrated Aaron and his sons to the priesthood, ...

A A

The rest of his tribe, the Levites, were given subordinate}
responsibilities within the sanctuary. Moses anointed and J

" —4

\consecrated Aaron and his sons to the priesthood, ... / L ) /
* Learns dense retrieval from raw text * Retriever scores guide in-batch attention
* No query-document labels * Optimized by next-token prediction

Cai et al. 2026. “Revela: Dense Retriever Learning via Language Modeling” ICLR 2026.



General-Purpose Retriever (LFM-based)

d Qwen3 Embedding: Text Embedding based on Foundation Models

Embedding | p(“yes’|{i,q,d}) Hidden State

[] O'—[ LM head }4 ]
[ Qwen3 J [ Qwen3 J

0o-0 - 0-00 O 2 Q-0 0-00-0 0
{Instruction}+{Query} / {Doc} [EQS] {Instruction} {Query} {Doc} Assistant:

(1) Embedding i (2) Reranking
* Training Objective
e(s(qid") /7)

1 N
Lembedding = _N Zlog 7. Lreranking - = log P(”P(q; d))
i i

34
Zhang et al. 2025. “Qwen3 Embedding: Advancing Text Embedding and Reranking Through Foundation Models.”



General-Purpose Retriever (LFM-based)

(J MM-EMBED: Universal Multimodal Retrieval with Instruction-aware Capability

Task Instruction Query
1 . Find an image caption describing the following everyday image.
2 . Find a day-to-day image that looks similar to the provided image. . .’-‘, ~ . Fine-tune
3 Retrieve a day-to-day image that aligns Take out the spoon and put *;-“’ A Candidates txt . mg
+ with the modification everyday image. some whipped everyday image. o 1 . q _> Cl

4+ Text + Image

4 Provide a news-related caption for the displayed image.
. 2 txt ctxt
""""""""" g4 MM-Embed § > Image g7 —
5 Retrieve a Wikipedia paragraph that provides an ..
+ answer to the given query about the image. . .
\ Text 3 i tht 5 ( clmg : Ctxt)

What is this building?

6 Retrieve a Wikipedia image-description pair that
+ provides evidence for the question of this image.

_ 4 qimg — clxt
7 . Find me an everyday image that matches the given caption. A child holding a flowered umbrella and petting a yak. ; (a) Fine- tllning re trievers *

5. g™ — ¢'me

Freeze
Query: F What s fhis huildine? \ Reranked result img . txt txt
G5 / 6. (¢"™¢,¢™) — ¢

Candidate 2 | Query: F What s this huildina? Relevance score Candidate2 | 0.8
Prompt: Doe| candidate 1| Query: [l Whatis this building? img _txt img
answer the g Candidate 0 | 0.7 7. (q g ) —
Prompt: Doe|  candidate0  The buildingis .. Reranker
answer the g " . .
Prompt: Does the answer correctly Candidate1 | 0.4 8 ( qlmg tht) — ( clmg ctxt)
answer the questicn, True or False Bt ? !

(b) Prompting and reranking

35
Lin et al. 2025. “MM-Embed: Universal Multimodal Retrieval with Multimodal LLMs.” ICLR 2025.



General-Purpose Retriever (LFM-based)

d jina-embeddings-v4: Universal Multi-task Multi-modal Embedding Model

OUTPUT s st S e

t A ‘
Task-speCIflc LoRA TOKEN EMBEDDINGS @@ @@ @ OoOoooono® MEAN POOLING  PROJECTOR <--.
adapters 't

»
%+ Retrieval LORA SET BASE MODEL W
_ e QWEN2.5 LM DECODER

“* Text Matching T
/
< Code Search VISION ENCODER

[retrievall / [text-
matching] / [code search] [

&

L)

L)

J

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

I —~

INPUT task='retrieval' doc:image“ OR text vector_type='multi_vector'

36
Giunther et al. 2025. “jina-embeddings-v4: Universal Embeddings for Multimodal Multilingual Retrieval.” EMNLP 2025.



Search Engine as Retrievers

(J Traditional retrieval methods

J/

¢ May be difficult to update to real-time web
documents

% May be a limit 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

Komeili 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,
2] 1) =~

Retriever

a e e MO

[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)] -/613

Y3 alaw degree.

37



Search Engine as Retrievers

1 MMSearchRa: Search engines as reasoning-time retrievers.

Rollout with Multi-turn Search

Policy
Model

£

Question: Multimodal
- s -
Who designed this aircraft: Search Tools

(b). Call Image Search Tool

<reason> The image lacks sufficient information

_ to determine the specific model of the aircraft.
An image search is required to assist in
identifying the precise model. </reason>
<search><img></search>

(b). Call Text Search Tool

<reason> The question requires specific

== historical knowledge about the designer of the
Supermarine Spitfire. I need to conduct a text
search to find the answer. </reason>
<text_search> Who designed the Supermarine
Spitfire </text_search>

Q Conducting image search ......

m — G. —> <information> —&s
Title-1: Title-2:
imag 1

image ur

O\ Conducting text search ......

Reason Before Taking Actions

<reason>

... Idon’t need other info to answer ...

... I need extra info to better answer the question. I will call image/text search ...
</reason>

LMM

Q Search Tool

(a). Provide the Answer
Action Space

<reason> The aircraft is Supermarine Spitfire designed by R.].
= Mitchell. I can answer the question without any external
information. </reason>
<answer> R.]. Mitchell </answer>

(a). Provide the Answer;
(b). Call image search;
(c). Call text search;

Thumbnail-1:

———

Thumbnail-2:
</information>

Supermarine Spitfire PR MKII

- <information>
I~ 1. (link: xxx) R.]. Mitchell is best known

for designing the Supermarine Splitfire ...

Who designed 2 lesi
the Supermarine —> 3 Jine LN N @ > 2. (link: xxx)
Spitfire = ..

ﬂ </information>

38

Wu et al., 2026, “Multimodal-Search-R1: Incentivizing LMMs to Search.” ACL 2026



PART 2: Architecture of RA-LFMs and Main Modules

O RA-LFM architecture overview

O Retriever in RA-LFMs

O Retrieval results integration

o Eernelt b |
Website of this tutorial

O Pre/Post-retrieval techniques

O Special RA-LFM paradigms

39



Retrieved Results Integration: Input-layer Integration

d REALM

G

- —_ = = Y aw
e — Retrieval Retrieved Results va f Generator @
Elq | (Chunks/Documents/ L @ (LLMs)

Input Output
P Tokens/Entities/..) P

Inte_grating the [MASK] z; [SEP] x Weightgd a.ggregating
retrieved passage the prediction results

z and the original ~ [MASK] z, [SEP] x —$ ~—» P(y|x,2) > based on all retrieved

input x : passages
MASK] 7, [SEP] x —p > P0lx Y PeI0PGIx)
€D

40
Guu et al. 2020. “REALM: Retrieval-Augmented Language Model Pre-Training.” ICML 2020



Retrieval-Augmented Generator

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

X: we paid 20 __ at the X: we paid 20 __ at the : Z: Buckingham Palace is home
Buckingham Palace gift shop Buckingham Palace gift shop i  to the British monarchy

________________________________________

explicit knowledge
41



Retrieved Results Integration: Output-layer integration

Input

/
=, Retrieval
=
-

EELE

> Retrieved Results
(Chunks/Documents/
/ Tokens/Entities/..)

AW

Generator
(LLMs)

Output

J Generated Results

42



RA-LFM Architecture: Output-layer Integration

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

Training contexts Targets Context reps p(- [ 2) = Apim(- | 2) + (1 — A) pawn (- | z)

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

Obama was bornin | Hawaii

Hawaii | 0.8

i lllinois | 0.2 \

Obama is a native of | Hawaii

Hawaii | 0.6
lllinois | 0.2

Interpolation

Test contexts Targets Context reps
5 : Hawaii |o0.2 /

Obama’s birthplace is? | : .
Illinois | 0.2

Language
model prediction

43
Khandelwal el al. 2020. “Generalization through Memorization: Nearest Neighbor Language Models.” ICLR 2020



Retrieved Results Integration: Intermediate-layer Integration

| B E
e ?‘Q Retrieval Retrieved Results

Input (Chunks/Documents/
Tokens/Entities/..)

Generator S }

@

Output

44
Borgeaud et al. 2022. “Improving Language Models by Retrieving from Trillions of Tokens.” ICML 2022



Retrieved Results Integration: Intermediate-layer Integration

Borgeaud et al. 2022. “Improving Language Models by Retrieving from Trillions of Tokens.” ICML 2022

Regular Decoder

Transformers blocks

45



Retrieved Results Integration: Intermediate-layer Integration

Decoder to incorporate retrieved results

(RETRO)
Retrieving text similar to the previous

chunk to improve the predictions inthe ) El E2 E3
current chunk

X; |
Spliting the
input sequence X, — HEAD
into chunks

%3 | RETRO blocks (xL

Chunked Cross Attention (CCA)

46
Borgeaud et al. 2022. “Improving Language Models by Retrieving from Trillions of Tokens.” ICML 2022



Retrieved Results Integration: Intermediate-layer Integration

-~ Encoded neighbours

- : Neighbours _
| 1 S |
N p— EEEEE | (2|
— ENEEN , | £¥| "EEnEN
. Frozen kNN Retriever :
W W Y - - f Attend
Condition
—
tokens ‘-’ oLt
- | 77— \| 7 X 5
L j 1
( b
L—c, | ATTIN [— ccCA FFW |——
.
C3
N N/
X ‘ RETRO block (x L) |
e o e s - .

Borgeaud et al. 2022. “Improving Language Models by Retrieving from Trillions of Tokens.” ICML 2022



PART 2: Architecture of RA-LFMs and Main Modules

@ O RA-LFM architecture overview

O Retriever in RA-LFMs

O Retrieval results integration

. Ty - IIE
Website of this tutorial

O Pre/Post-retrieval techniques

O Special RA-LFM paradigms

48



Pre/Post-Retrieval Techniques

Retrieval Generation
(Question) 2 [] (Answer)
- ) . )

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

improve the adaptation and select better results, merge

_ effectiveness of the query | L multiple ones, etc

* Query rewriting * Reranking
* Query decomposition * Pruning
* Query expansion * Verification/Correction

* Dynamic Selection
49



Pre-Retrieval Techniques

1 Query Rewriting: to improve the adaptation of the query

Input Input Input - Example
l ! ) Tnput Model EM F.
Black-box LLM Small PrLM What profession does Nicholas Ray and HotpotQA
Retriever Rewriter Rewriter Elia Kazan have in common? Direct 31236 43.05
l ) l Retrieve-then-read 30.47 41.34
- ) . - LLM rewriter 32.80 43.85
________ r : Nicholas R fi
=== Query Query Query: Nicho i_is = essmr,l Trainable rewriter 34.38 45.97
! | v ) Query: Elia Kazan profession
', Documents | Web Search Web Search AmbigNQ
\ | . . P ——————— .
oo Retricyer B GE | :/ Elia Kazan was an American film and | glre.Ct h 4 210 3405
l R Ll ) B ) N ! theatre director, producer, | etrieve-then-rea 4580  58.50
(==~ | i 1! sereenwriter and actor, described ... LLM rewriter 4640 58.74
Black-box LLM | : ' Documents | I " Documents | ‘1'\ :' Nicholas Ray American author and \: Trainable rewriter 47.80 60.71
Reader \\ '\ | \ '\ | ! director, original name Raymond ! PopQA
-——-——FT=--- | -7 --- i Nicholas Kienzle, born August 7, ! .
l 'r l ' 1911, Galesville, Wisconsin, U.S...... ! Direct 41.94 44.61
Output Black-box LLM Black-box LLM e ’ Retrieve-then-read 43.20 47.53
Read Read / _ LLM rewriter 46.00 49.74
cader cader C d director
orrect (reader (%) Trainable rewriter 45.72  49.51
v v Hit (retriever [¢)
Output Reward <« Output _
_ o _ o Works on different QA
(a) Retrieve-then-read (b)Rewrite-retrieve-read (c) Trainable rewrite-retrieve-read .
settin g S
50

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



Pre-Retrieval Techniques

J Adaptive Query Rewriting : Step-level Process Supervision

| _ 1 Redundant/Missing Step

- Redundant Information

Complex Query: Which country won more Raw Query
medals in 2008 Olympics, China or US?
Model: Decompose it into ... Missing Step ~— - Rewriter

] Disambiguate the query: user could refer to : :

; , 2008 Winter Olympics or Summer Olympics. l I Rewritten
"""""""""""" ' Query
Outcome-supervised Rewriting Rewf"’d

Rewritten Query: How many medals did : Q
China won at the 2008 Olympics? How many I
medals did US won at the 2008 Olympics? |

I

- - -~ Answer

(a) Step omission in outcome-supervised rewriting

Complete Information Incomplete Information

Simple Query: Who is Elon Musk?

! Step 1: Expand the Contextual Background: Y
| Elon Musk is known for being CEO of SpaceX :
l and Tesla... !

Redundant Step
Step K: Generate what information is needed

to solve the question.
Heuristic Rewriting

Rewritten Query: Who is Elon Musk, SiiciNaan
are his key contributions to space exploration...?

(b) Step redundancy in heuristic rewriting

Ye et al. 2025. “Q-PRM: Adaptive Query Rewriting for Retrieval-Augmented Generation via Step-level Process Supervision”. EMNLP Findings 2025



Pre-Retrieval Techniques

J Adaptive Query Rewriting : Step-level Process Supervision

Step 1: Uncertainty-aware Monte Carlo Tree Search

Raw User Query Evaluation Function Raw reward
O (1) selection Selection Strategy:
""" : In N(p)
UCT (s¢) —.C_’_(.‘_st_)l: WA G50)
(4) back- ;
propagation (ENgxpansion Avg. Reward + Reward Uncertainty

O

(3) evaluation

Evaluation Process retrieve
end node .
Rewritten Query —Q
Input
O Action Space Evaluation Function )
B_a _
Ood :gnu generation
decompose  expand
@ E::b Reward — Raw reward
scoring

abstract disambiguate

Step 2: Model Training

|
I
| . s e
1 Rewriter Training
; SFT « -
: @ B Reinforced i
I collect . .
' successful Belizraiing Self-trained
I trajectories ~ SFT Model :
Rewriter
I
: PRM Training
|
: collect @ Pair-wise Loss @
1 preference pairs PRM
|
R e e T R
! Step 3: PRM-Guided Inference
() High PRM
I par 200
I T L. ne , .- /O score step
I — :: Unend step
1
0 96 End step
1
I <O 0. 08 O
I Self-trained

Rewriter final solution

Ye et al. 2025. “Q-PRM: Adaptive Query Rewriting for Retrieval-Augmented Generation via Step-level Process Supervision”. EMNLP Findings 2025



Pre-Retrieval Techniques

1 Query Expansion: Hypothetical Document Embeddings (HyDE)

___________________________________

Standard
search

auery | [ auery |

write a passage to answer the question Fi% . )
passssesssemceessccscazcessesanossecnccssnssasssassossnsetassasradzasscatenasesason s snassancsassene ks i 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
" \longer....

minutes and two hours to
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... y P\

LLM
v answers

Y A

write a passage in Korean to answer the
question in detail : :
ozke Xl £2 A8HETR = Asazich.

1. Generative task 2. Document-document similarity task

]
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

[ Results ] [ Results ]

___________________________________

Gao et al. 2023. “Precise zero-shot dense retrieval without relevance labels.” ACL 2023



Pre-Retrieval Techniques

J Query Expansion

Step 1. Query Enhancement UniRAG: Unified Query Understanding
) Query Query
[ Who was the spouse of Anna Karina from 1968 to 19747 [ Who was the spouse of Anna Karina from 1968 to 19747 |
3 Win [ Tie W Lose
Enhancement Strategies ~ | l : .
© Query Paraphrase «/ Choose Strategy | Generate Enhanced Query | Generate UniRAG -
© E . ———————— Y r— === | Embedding
Query Expansion | <original> > No enhancement needed. | | Step-Back - _
© Query Abstraction : | : __________ J : p
3 I <Paraphrase> I I OOO HVDE
| L | ry yDE
Rephrased Query | | <Expand> : I Abstract Query I
[ Anna Karina spouse from 1968 to 1974 I : <Abstract> .,.i.[ Who were the spouses of Anna Karina? I: Paraphrase i
_______ ~ |
————————————————————————— T I | T T T T
Step 2. Encoding Query 0.0 0.2 04 06 0.8 1.0
Decode-Only LM Proportion
QRetriever ' ..., please choose a query enhancement method and generate T . f . f
Embedding the enhanced query.\n Query: {query}\nChoiced Method: <EOS> Com pa rison or win rates o
|

different augmentation methods.

— i = G . Answer
— = enerate Anna Karina’s spouse from 1968 to
m » E - [ Generator ] Answer. [ 1974 was Pierre Fabre.

Embedding Document Index Top-k Documents

54
Li et al. 2025. “UniRAG: Unified Query Understanding Method for Retrieval Augmented Generation”, ACL 2025.



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 - 5
=D ‘ ANN TOp-K a g
Query %‘;D Index Passages 23 Generator g proutput
=y @ 9._
| = .
-
Regular RAG pipeline
~ ANN | ;
~ Index :é: L é
| | Reranker 0 Generator |- 3 l»output
Quely - BM25 8 ul
I  Index | S
. >

RAG with Reranker

55
Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate.” NAACL 2022



Retrieved Result Rerank Model

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

-
Top-K =
Reranker Passage Generator |~
=3

= output

Aienp ppy
uonezijeuibiep

v

Linear Layer
and Softhax Ri (}' es) p (no)

56

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 | 4273 7048 | 2744 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 8653 | 48.04 71.02
Re’GDPR | 67.16 7642 | 6588 7090 | 6233 6572 | 84.13 8790 | 47.09 69.88
KGI, DPR+BM25 | 60.48  80.06 | 36.91 66.94 | 40.81 6479 | 6595 9034 | 35.63 68.47
Reranker Stage 1 81.22 87.00 | 70.78 73.05 | 71.80 7198 | 87.71 9243 | 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

57
Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate”



Retrieved Result Rerank Model

1 DynamicRAG: Dynamic Reranking in Retrieval-Augmented Generation

What is the name ... released the "Ambience" collection in 2001?

Stepl: Retrieve Top-N
Documents

Step2: Expert Reranker
Generates Score

% Question: How many
retrieved documents should
be passed to the generator?

1. The Gordon brothers
released "Soothing Sanctuary",
ambient music with...

2. Four Seasons" and "The
Classics" built on the success

) of the Classical ...

» Problem: Fixed top-k
retrieval is query-agnostic.

L)

Top-N: Mannheim Steamroller s
is an American Neoclassical 0.79 N
new-age music group...

$;>T
L)

L)

» Key idea: Dynamically

Step3: Dynamic Reranker mimic the expert trajectory

E% 0.86 —0
S
&ﬂ 0.42 — ' |

Step4: Dynamic Reranker Sampling Trajectories

New Question Doc3, Doch, .. Doc35 6 Documents

Doc8, Docl, .. Doc2

Top-N

12 Documents
Documents

StepS: Rewarding and learning from Experience

% @ answerl  0.90 r,
Converted 6 Documents YY)
LL X >
> Generator
% answerT 0.65 ry

Converted 12 Documents Multi-Dimensional Reward

Step6: DPO Training

adjust document order and roon . K Documents New Question Argmaxr D500 (5
document number using Pocuments B B e Argminry pocd ot - @)
generation feedback. — |
Doc4, Doc2, ... Docl4 Do:z;;'; e @ Final Answer
Dozzrn;;‘rs Inference Phrase

58

Sun, 2025, Leveraging Outputs of Large Language Model as Feedback for Dynamic Reranking in Retrieval -Augmented Generation. NeurlPS 2025



Retrieved Result Rerank Model

d SetR: From reranking to dynamic evidence selection

Which company, recently mentioned in articles by ‘The Age' and 'TechCrunch!, is accused of both manipulating search results

+* Question: Are the to P- Q. tomaximize ad revenue and , while also claiming superior
k d th b t performance for its Al model Gemini compared to competitors, despite only releasing a 'lite' version known as Gemini Pro?
ranke assages tne pes
_ P 9 First-Stage Retireval
eVIdeNCe Set?
(a) Direct Reranking (b) Reranking with CoT (c) Passage Set Selection (Ours)
. . Let’s think step by step.
< Problem: Individual 2> 2> =
re I evance d oesn Ot Understanding Query Information Requirement Identification
. No Reasoning Process PP —— ]
guarantee collective yzing Passag T e e
SU ffl C | en Cy ||||l Jlil  Fine-grained Relevance Finding Passages for Each Requirement
I ! Ranking Integration ' ’
0:0 Key ide a: Se | e Ct a [[14] E-E-W [16]] Final Ranking [[14] B-E-m- [16]] Final Ranking Passage Set Selection
complementary set of ® 9
passages that covers the B B —— ) e ls Py
g Ueryls information needs. Insufficient Information. " Insufficient Information. " The answer is Google. "
59

Lee, 2025, Shifting from Ranking to Set Selection for Retrieval Augmented Generation. ACL 2025



Post-Retrieval Techniques

(] Retrieved Result Compression

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

RECOMP during mfeff_l)_t_:g ______________________________________________ No retrieval (0 tokens)
Inoutqueryx 7T be -=»2010 X
P == Retrieved documents D RALM (749 tokens)
when did they | ~————— B e e i - Blf:ﬂkl?;x - 2015
stop making the moved from Smyrna, Tennessee, -
nissan xterra? ' 'to Nissan's facility in Canton, ) I T Lt " S 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

\/

% Concise
¢ Effective
% Faithful

Xu et al. 2024. “RECOMP: Improving retrieval- augmented LMs with context compression and selective augmentation.” ICLR 2024
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Retrieved Result Compression Performance

J QA tasks

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

- 0 2199 29.38 0 49.33 54.85 0 17.80 26.10
RALM without compression

Top 1 documents 132 33.07 41.45 136 57.84 64.94 138 28.80 40.58

Top 5 documents 660 39.39 48.28 677 6237 70.09 684 3280 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 41.80 51.07
Random 22 DR 21.09 21 5018 56 24 Al 2100 20 RA
BM25 36 2582 3363 37 5467 61.19 74 2680 38.02
DPR 39 3432 4338 41 5658 6296 78 2740 38.15
Contriever 36 3006 3192 40 53.67 6001 78  28.60 39.48
Ours 37 3657 4422 38 5899 6526 75 3040 40.14

Outperforms representative sparse and dense retrievers

61
Xu et al. 2024. “RECOMP: Improving retrieval- augmented LMs with context compression and selective augmentation.” ICLR 2024



Post-Retrieval Techniques

(d XxRAG: Extreme Context Compression

/

% xXRAG employs a modality fusion methodology to seamlessly integrate document embeddings into
the language model’s representation space.

e m e e e e e e e e e e e e - — -

I/ Query \\
\ ! Who is the richest person |
Sentence ~ CTTTTT] = [CTTTT] . {5 Projector | in the world as of 20247 |
Encoder (TTT11] . | 4 !
| A
Query I [ o~ I
[ D |
Who is the richest person n N ,
in the world as of 20242 [[TTTT] E e
=| (a) xRAG
i A AR —— Jr

[ Previous Compressor (Optional) ]

’ = N Answer
/ [ OO O ANANANAN-:) ]—‘I{ Language Model f¢ ]—»Ber‘nard Arnault
T 1
Document

I
|
I
|
|
|
I
I Bernard Arnault (born 5 March 1949) is a French
|
|
I
I
|
I

[
|
|
: ! 4, Token m Sentence
Query i : Embedding Embedding :
businessman, investor and art collector... and CEO of . ) . |
the global luxury goods company LVMH, runs dozens of ~Who is the richest person 1|  Trainable D Concate
luxury brands... He overtook Elon Musk as the richest | in the world as of 20242 ' . |
person in 2024 due to a 21% decline in Musk's wealth, ;! Frozen ] Document !
from $245.3 billion to $194.6 billion. Arnault was v : :
' educated at the Lycée Maxence Van Der Meersch ... S [ (& ] Prompt )
~ - AN Vi

62
Cheng et al. 2024. “XRAG: Extreme Context Compression for Retrieval-augmented Generation with One Token”. NeurlPS 2024



Post-Retrieval Techniques

(d XxRAG: Extreme Context Compression

Document |

Document |
Bernard Arnault (born 5 March 1949) is a French ABﬁZf:ﬁ:‘Tgﬁf’gﬂ)ﬂ;lL(::er‘: ci RAG Distribution
| businessman...He over-took Elon Musk as the — e e
richest person in 2024 due fo a 21% decline in N T e
Musk's wealth, from $245.3 billion to... richest person in 2024 Question
7y due to a 21% decline in . .
' ] Who is the richest person >
' Musk's wealth, from \ .
: Lo $245.3 billion to... in the world as of 20242 : >
Language Model ]:'¢ ] | Answer *
h Language Model ‘F¢ } ----» Bernard Arnault Ekl
T nil A
Instruction T \ !
/& Projector | () Paraphrase the above text Question :
4 /& Projector P Who is the richest person .
in the world as of 2024? o
PR
> Sentence
t >
Encoder SE‘;'::::::’ xRAG Distribution
(a) Paraphrase Pretraining (b) Context-aware Instruction Tuning

Cn]l - — Z log qu(Xanswer,'é |W(Econtext)a Xquestionp Xanswer,<'i)
Enll - - Z log Py (dz |W(E); Xinstruct7 d<z) i=1

=1 Ekl = DKL(pqS (Xanswerlxcontexta ) || Do (Xanswer|W(Econtext)7 ))
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Post-Retrieval Techniques

(d XxRAG: Extreme Context Compression

NQ TriviaQA WebQA  HotpotQA TrutufulQA FactKG Average # Doc
Task Type Open-Domain QA Multihop QA Long-form QA  Fact Checking Length
P (EM) (EM) (F1/R-L) (Acc)
Mistral-7b
w/o retrieval  30.25 57.08 34.89 27.02 26.23  25.51 54.78 36.54 (0.0%) 0
w retrieval  42.71 65.88 37.84 38.79 26.50 25.92 67.76 43.63 (19.4%) 175.1
*with Compression
LLMLingua® 30.64 57.94 32.63 29.91 25.70  25.10 64.17 38.01 (4.0%) 98.6
LLMLingua ¥ 28.81 57.09 32.33 29.13 26.10 25.39 63.57 37.48 (2.5%) 61.1
TF-IDF __30.25 58.49 35.43 26.62 26.33  25.83 59.56 37.49 (2.6%) 1
xRAG 39.10 65.77 39.40 34.05 28.10 27.71 63.08 42.46 (16.2%) 1
Mixtral-8x7b
w/o retrieval  41.99 71.10 40.31 32.87 25.60 24.90 62.64 42.76 (0.0%) 0
w retrieval  45.15 70.34 41.26 43.46 27.10 25.80 70.42 46.22 (8.0%) 175.1
*with Compression
LLMLingua® 37.65 67.70 36.02 35.66 2599 25.39 67.98 42.32 (-1.0%) 96.6
LLMLingua* 37.81 67.81 35.78 35.27 25.68 25.00 68.03 44.17 (-1.3%) 61.1
TF-IDF _ 41.19 69.94 41.63 32.05 26.80  26.00 66.17 43.41 (1.4%) 1
xRAG 47.28 74.14 44.50 39.66 27.80 26.64 68.20 46.91 (9.7%) 1

64
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Post-Retrieval Techniques: Corrective RAG

 Corrective Retrieval Augmented
Generation (CRAG)

/

¢ 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 designed

L)

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

¥

fHenry Feilden )
(Conservative politician);
Henry Master Feilden
was an Conservative
\Party politician... Y,

Politician.

Generator

Inaccurate Documents

¥

(Batman (1989 film): N
of the murder of Bruce
Wayne's parents. When
Hamm's script was

\rewntten, e Y,

~~

Generator 65




Post-Retrieval Techniques: Corrective RAG

e 5
Retrieval ( Ask: If retrieved Knowledge Refinement
Evaluator documents are -
str1
fOR correct to x? d, Pi %& ey
> [swin] —> > |k
d2 Decompose Filter Strip; | Recompose
stripy
Correct \ J
Knowledge
. o R
Correction o Knowledge Searching
mbiguous K
@\ [
i X E,:: > E q: Death of.a B.a_tmar_\; | |:’ > k, |:> k..
______ 1 screenwriter; Wikipedia |
Incorrect I-—> Rt e s G s s ' Web Select
Search kn
\ J
________________ r — M . — M S - L] ﬂ — L} M s W - L
- -
| |
T 1 | [ ' I o I
: X E + kin ' : X i + kin + kex l : X i + kex
Generation @ [ @ [ @
1 |
Generator
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Post-Retrieval Techniques: Refiner

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

Downstream LM Output

User X% o’
e (Query ). :

. Are North Marion High School and Seoul
: High School both located in the same country? United States

_______________________________ South
they all locate in the U.S. Korea

1
1
1 no
|

[ Relevant Documents J

Retrieval

_________________________________

7@ [ Refiner

Extract and Structure |

______________

\
1 I
1
a1l

| ] . 1
el et ey X! End-to-End Extract and Section Query-Relevant

, Seoul High School( Hangul: A -&31-5%1)is a publlcI : Contents bv Distinct Inf t 0 ry :
' high school located in the heart of Seoul, South Korea. , T ontents by vistinct Inrormation. :
_______________________ FeEe

1 1 “ 1
: . ' 1.1.Seoul High School !
I : . Seoul High School( Hangul: 4] €153 ) is a public
1 1 x : high school located in the heart of Seoul, South Korea. :
| I 1 1
e e e e e ! | . . L !
:f North Marion High School (West Virginia) ‘I: 1 1.2. North Marion High School (West Virginia) !
. North Marion High School is a public Double A ("AA") ! : »North Marion High School is a public Double A ("AA”) |
:: high school in the U.S. state of West Virginia, witha |, -1 high school in United States of West Virginia. :
|‘\ B _culre_nt_enloll_mtznt_of_85_1 students... ‘)}.ﬁ__ e N !
\.. e e e e e e e e e e e e e e e e e e t’ 67

Li et al., 2024, “Refiner: Restructure Retrieval Content Efficiently to Advance Question-Answering Capabilities.” EMNLP 2024



PART 2: Architecture of RA-LFMs and Main Modules

@ O RA-LFM architecture overview

O Retriever in RA-LFMs

O Retrieval results integration

. T, - IIE . .
Website of this tutorial O Pre/Post-retrieval techniques

O Special RA-LFM paradigms

68



Beyond Standard Pipelines and Components?

" "Which country

___________

. won the o

' Women's World Spain

L Cupzozy
Input Output

(Question) (Answer)

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

@

Who wrote the 1970 international hit song that Murray Head is most recognized for?

O“

IRCoT

Interleaved Retrieval guided
©e by Chain-of-Thought Reasoning

The 1970 international hit song that
Murray Head is most recognized for
is "Super Star"

"Super Star" was written by
Andrew Lloyd Webber and Tim Rice.

So the answer is:
Andrew Lloyd Webber and Tim Rice.

Retrieve (Q) —

A 4

T1«— Reason (Q, [E, d) )

Retrieve (T1) —

\4

T2 — Reason (Q, [E+[E], T1)

Retrieve (T2) —

>

Q, B+ B+[E, T1+12)

T3 < Reason (Q

‘

A 4

Stop

v

B + B+ B

Reason( @ , @)

Wikipedia Title: Mack Rides
Mack Rides GmbH & Co KG, also ...

Q: In what country was

Lost Gravity manufactured?

A: The Lost Gravity was manufactured by Mack
Rides. Mack Rides is a company from
Germany. The answer is Germany.

Wikipedia Title: Murray Head

Murray Seafield St George Head ..

Wikipedia Title: Most Beautifullest Hits
The Most Beautifullest Hits is ...

Q: Who wrote the 1970 international hit .. @

A: The 1970 international hit song that

Murray Head is most recognized for @

is "Super Star". "Super Star" was written
by. Andrew Lloyd Webber and Tim Rice.

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

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

60 = GO =

.849.9

10 = 10 =

20 - 20

(- -
HotpotQA 2WikiMQA MuSiQue [IRC HotpotQA 2WikiMQA MuSiQue IIRC

71



Special RAG Pipeline: Chain-of-RAG

(J Chain-of-Retrieval

Augmented Generation (P um Q rotiover @ answer ([ chosen state (7] discarded stte |
[ Query ] Training
% CoRAG retrieves and reasons 5 \ | curentstate | 5 (5 uM |, [Nertacton
step by step, where each sb-query1 | | subaueryt | L.
retrieval is conditioned onthe Q|5 Q o) @ @ @
evolving reasoning state. [sub-answem] [bw1] ......
.................. 0O U %
. . . . : : } b l
¢ Training: Rejection sampling -E- -E- ...... ?f? ...... ?Cl]
builds intermediate retrieval [ suwaueyn | | swaeye | | R | o
chains. QAley A 0 |44 0D
« e rollouts rollouts
sub-answer n sub-answern® | ees e
< Inference: Control chain alcy @\ @
length and chain numberto ~ feicmnn  Pamichanz) rasichang | Greedy  Bestrof-N o ree search
v
scale test-time compute. Rejection Sampling Inference

72
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Special RAG Pipeline: Chain-of-RAG

1 HotpotQA

Query: What wrestling team is Mathew Thomas Rehwoldt a part of?

RAG without Chain-of-Retrieval
Final Answer: WWE X

CoRAG (Ours)

Sub-query 1: What is Mathew Thomas Rehwoldt’s profession?

Sub-answer 1: No relevant information found.

Sub-query 2: What is Mathew Thomas Rehwoldt’s name in the wrestling industry?
Sub-answer 2: Aiden English

Sub-query 3: What wrestling team is Aiden English a part of?

Sub-answer 3: The Vaudevillains

Final Answer: The Vaudevillains v

Query: How many months apart are Johan Mjillby and Neil Lennon in age?

RAG without Chain-of-Retrieval
Final Answer: two months X

CoRAG (Ours)

Sub-query 1: What is Johan Mjillby’s birthdate?

Sub-answer 1: 9 February 1971

Sub-query 2: What is Neil Lennon’s birthdate?

Sub-answer 2: 25 June 1971

Sub-query 3: What is the difference in months between 9 February 1971 and 25 June 19717
Sub-answer 3: 4 months

Final Answer: 4 v/

73
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Special RAG Pipeline: Self-Reflective RAG (SELF-RAG)

1 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,
Retrieval Q e Emma is a popular baby name.
Retriever o Qa.liforpia was n_amed after a fictional
island in a Spanish book.

Step 2: Prompt LM with K docs and generate

Retrieved result
. . :: > Prompt How did US states get their names? + :
integration 000 Retrieval results may

not be necessary or

sources. Eleven states are named after an helpful!

Generation }:{) @é individual person (e.g. California was named
LM

US states got their names from a variety of

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

74
Asai A, et al. 2024. “Self-rag: Learning to retrieve, generate, and critique through self -reflection.” ICLR 2024



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. l Batienn | Q
Step 2: Generate segment in parallel o e e

Prompt + o Prompt + e Prompt + o
| R =

11 of 50 state names

Relevant

Irelevant { Texas is named Relevant Colifornia's name has its
origins in a 16th-century novel
Las Sergas de Esplandian. § partially

come from persons. Supported

after a Native American tribe.

Step 3: Critique outputs and select best segment

_.--l@mmz| > @ mmm > 0 o

. E: -~ s US states got their names from a variety of sources. 11 of 50
etrieve
‘ Ropaat.... states names are come from personsg 26 states are named

after Native Americans, including Utah.

75
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Key Technical Design in SELF-RAG

1 Fourtypes of reflection tokens used in SELF-RAG

Type Input Output Definitions
z/z,y {yes, no, continue} Decides when to retrieve with R
L 0 {relevant, irrelevant} d provides useful information to solve x.
x,d,y {fully supported, partially  All of the verification-worthy statement in y
supported, no support} is supported by d.
ISUSE x, Y {5,4,3,2,1} y 1s a useful response to x.

d 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

" e = t Retrieve <p>0f the fifty states, eleven are named after an individual person</p>.
Augmented Output: My best summer Augmted Output L_.___ o o /
vacation was a magical escape to the coastal town of 11 of 50 states’ names come from person.[ Supported] [ Retrieve o <p>LOUISIANA: Named in
Santorini. The azure waters, charming white- honor of Louis XIV of France.</p>. [Re'levant For instance, Louisiana was named after King Louis XIV, and
washed building are unforgettable experience. Georgia was named after King George II. | partially l Ut 5 !

76
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SELF-RAG Algorithm

Algorithm 1 SELF-RAG Inference

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

3: if [Retrieve] == Yes then

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

3 M predicts given x, d and y; given z, d, y.; foreachd € D > Generate

6: M predicts and given x, y¢, d for eachd € D > Critique

T: Rank y; based on [1IsReL], [IsSur], [IsUsE] > Detailed in Section (3.3

8: else if == No then

0: M gen, predicts y; given > Generate
10: M gep, predicts given z, y; > Critique

e
Asai A, et al. 2024. “Self-rag: Learning to retrieve, generate, and critique through self -reflection.” ICLR 2024



Modern extension: Critic-quided RAG

1 RAG-Critic: a critic-quided agentic RAG framework, enabling the planning agent to
customize executor-based solution programs based on the error-critic model’s
feedback, facilitating an automated error-driven self-correction process.

- )
é RAG Error-Critic Critical Feedback
Original Answer Model
Amplitud J udgement": "Error", RAG Error-Action
mp m-" e "Error Anu!ysls "The passages do mention that SSB is a form of amplitude Mapping Table
Modulation modulation...
ey, | "Error Types {
"tagl": ["Irrelevant or Off-Topic Response", Incomplefe Information"],
N i . "tag2": ["Irrelevant Information in Retmeval "Off-Topic and Redundant..."], s
Question: which mode is N "tag3": ["Context Misinterpretation”, "Fact Error", "Relevance Mis judgment"]
used for short wave _
broadcast service )
Action Functions
RAG Generctor Planning Model
. Q - vos
4 Retrieve e L— X N Iterations A | _< Retrieval (-)
Inif= .
Rewrite (-)
Retrieved Documents:
1]: Continuous wave (CW) is on... . o . . * e
{2} Revulations I 't(th b) it Program Execution Critic-guided Planning Code Decompose(")
: Regulations limit the bandwidth...
[3]: Vestigal sideband transmits... < oSN
\_ Refine ()
rewritten_query = RewriteQuery(question, ' clarlfy )[0]
Olivia and MFSK refined_docs = [RefineDoc(rewritten_query, doc, "summarize") for doc in doc_list] eoe
final_answer = GenerateAnswer(rewritten_query, refined_docs, instructions) Generate ()
L Correction Answer

78
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Graph Retrieval-Augmented Generation

] GraphRAG retrieves structured evidence over entities, relations, and communities.
It is better suited for global, multi-hop, and relational questions.

Query

Graph Relevant Information

( = U
—& g
A : B
SR = LLM Wrong!
= .B-E 9
| Corpus  Retrieved Chunks isolated
Vanilla RAG
(

Pr'om t — - )

Build o - :LLM
i!iem O :6%0’
S8 x7"Ph o °-o A . structured
Cor'pus

Correct!

J

Graph-based RAG

[ Source Documents ] [ Global Answer J
text extraction query-focused
and chunking summarization

( Text Chunks [ Community Answers J

domain-tailored
v summarization

query-focused
summarization

( Element Instances ] [ Community Summaries }

domain-tailored domain-tailored
v summarization community summarization
b detection

( Element Summaries | >[ Graph Communities ]

( Indexing Time ] Pipeline Stage [ Query Time J

79
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GraphRAG for Lightweight and Incremental Retrieval

O LightRAG: efficient and incremental GraphRAG through dual-level graph retrieval

// BEEKEEPER s practices invo@

the methods and strategies employed
by |beckeepers |to manage bee
colonies and ensure their health and

productivity. A Beekeeper is an

Deduplication

- 1
individual who produces hone.y and P () Match A beckeeper
other related products, playing a .
T Beekeeper isan person
Beekeepers|e in various tasks, E‘VhO...
including | observing m behavior, LLM Profillng ~.
monitoring ve onditions, Ss
preventing pest infestations, and R( ) d h
utilizing techniques to handle bees, |:> . : Index Grap
such as using smoke to calm them ... Entity & Rel Extraction used for Retrieval

-~

¢ Graph structure improves evidence organization.

¢ Vector retrieval improves efficiency.

** Incremental updates reduce rebuilding cost.

(r

Entity Name: Beekeeper
Entity Type: PERSON
Description: A Beekeeper is
an individual who produces ...

Original Chunks ID: xxx
Nl J

\

Gom:a: Honey Bee \

Target: Industrial agriculture

Keywords: Agriculture ...
Description: Honey Bees are

negatively impacted ...

\Original Chunks 1D: xxx 4

Low-level Keys
O 1

[ Query + LLM

I <
Agriculture l§ Production

Environmental Impact EX%8

High-level Keys

-—--—Entities--—--
"Beekeeper","A Beekeeper is an
individual who produces honey and
other related products, playing a
crucial role in ......"

-Relationships-

O

O Entities

.'_O "Beekeeper", “bee", "Beekeepers
O . manage bees but do not develop
individual relationships with them
._O due to the limited interaction time
. with each hive.”
Relations

-—-Contexts-—--

I BEEKEEPER's practices involve the
Ongmal Text \Ethuds and strategies emplow
O y beekeepers to manage ......
Retrieved Content

Guo, et al. 2025. “LightRAG: Simple and Fast Retrieval-Augmented Generation”. EMNLP 2025

Phase Retrieval Phase Incremental Text Update
Model| GraphRAG | Ours GraphRAG Ours
Tokens|610 x 1,000|< 100[1399 X 2 X 3,00015
+Textract
API
Calls 6105';113;000 1 1 :399 X 2 + C'extract Cextract
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GraphRAG as Associative Long-Term Memory

1 HippoRAG: Using graph memory and associative activation for multi-hop knowledge
retrieval

“* Knowledge graph as

! -
L. Neocortex Parahippocampal Regions Hippocampus
assoclative memory

LLM Retrieval Encoders KG + Personalized PageRank

Passages

researches,

¢ Personalized PageRank offiine @A Alzheimer's)
retrieval Indexing (g @ R
‘ Open IE Thomas)

¢ Efficient multi-hop

knowl integration Online
© Edge teg atio Retrieval (Quey) -+

Gutiérrez, et al. 2024. “HippoRAG: Neurobiologically Inspired Long-Term Memory for Large Language Models”. NeurlPS 2024
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GraphRAG for Scalable Graph Construction

U LinearRAG: Scaling GraphRAG by avoiding costly relation extraction on large corpora

’ I. Offline Construction --------=-----=----------c----------o N pTmmTmmmmmmmmmmmmmm—omo-—s N 4TTmTmmmmmmmmm—mmm——— - .
v 1 I 1
‘4 E b . Passage 1 1 Post-filtered | | Passages |
I [N ] 1
B ey e, o ) s, o e @O E | - 9P
SpacCy * — 77 inki !
i Pasy mng Sentence | | Dvnamic Pruni o L '
|_corpus passage Sentence Entity Tri-6raph ! ynamie Freng x :
________________________________________________________ 7 038 06 11 Entities . . D O ]
IT. Online Retrieval ===== == - o oo e mmme e | Pre-filtered . D 04 01 i |
’ Stage 1. Entity Activation Y+, (Fter. i Entities . D D CJ5 ! Activated Entities Aggregation Score |
{ 1 aee [ 1
I " 1 l I 1 1
! @ NER bg . . S B Entity Activation via — Sl= . D D | : : i |
! CJ SpaCy Semantic Bridging < ! Semantic Propagation . '
1 L . Pl 1
Iter. i-1 Vect
: Question Initial Entities Activated Entities | i Sen%rr;nlces E i Query Tf or i
T T T T T T T T m ': 1 11 0 1
. Q-S - P
! Stage 2. Passage Retrieval ! ! Relevance ' s.n?i:z&#:ssegore K X
. ) ! Calculation Vi ’ P
! : S Personal Generation ! 11 . Passage Vectori 1
; =>[B “f’;?f"piﬁs'!!;'ﬂh’o“c?éiﬂ e W@ O == Hpen Nkt g |
\ 1, Enfities L X
\ Top K passage nodes A ! .
S f_ _p_ ~ _g_ S fs_“f_er ’ '\ n Entity Activation via ) % a Hybrid Initialization for _/
Semantic Bridging Passage Nodes
S . . . S . .
“* Relation-free hierarchical graph ¢ Global importance aggregation
(S . . . <& . =
¢ Entity activation ¢ Linear-scale graph construction
82
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Graph RAG for Multimodal Corpus

d mKG-RAG: Extending GraphRAG to multimodal knowledge graphs

“* Knowledge-intensive VQA
requires cross-modal
evidence.

% Multimodal KGs align textual
and visual entities and
relationships

¢ Multi-granularity Graph
retrieval provides structured
multimodal context.

& Half Dome

O Retrieved Nodes O Expanded Nodes

D

D

< Question D
:{> In which. park is the mountain in > D

' In which park is the '
«mountain ... located?: ?i

Knowledge Base

of L
e \\UV‘ 4y —>» E.

%

3

-

Coarse-grained Document Retrieval

Textual & Visual Graph Extraction

D! Emny Half Dome
Dcscrlphon Half Dome is a quartz monzonite
— batholith at the eastern ..

RﬂReInhon (Half Dome, Yosemite Valley) [
e D\ Description: Half Dome is located at the ‘
- eastern end of Yosemite Valley ...

(i e )
Entity Matchmg

(Textual Entity

<name>: Half Dome
<«description>: Half Dome
{is a quartz monzonite ... )
(Visual Entity

<object-id>: object-1

<category>: mountain
\<bbox>: [0.2,0.4,0.9,0.8] )

Gmd)  Cmow  Clke)
in il o;zr beﬁ[in d
o
T Crotintai 8 e
Cly (et (o]
behind = A
o 7 elonging to
— 38 I P
oS, 3 >(Hield> Cires )

Relation Matching

(Textual Relation
<source>: Half Dome,
<target>: Yosemite Vullzy
\«description>: Half ...

(Visual Relation )

<source>: object-1
<target>: object-2
\<relation>: in

=y
! _7 Common Nodes

Subgraph A Subgraph B
@ @

Subgraph Merging

@@
@l

Entity/Relation Retrieval Subgraph Expansion 5

Multi-granularity Graph Retrieval

Multimodal Graph Aggregation

Glacier

Half Domz
ascend eastern over‘"
end
Hiker
Yosemite Rainbow
Valley
located <

Yosemite
National Park

4§ ot ? .
A L- .
s viewpoint

O George
Anderson

T Rl

this picture located?

‘» Entity & Relation

\Chunks: Half Dome is a quartz .... )

Entity: Half Dome, ... y
Relation: (Half Dome,Yosemite Valley)—>»

Answer Generation

Yuan, et al. 2025. “Leveraging Multimodal Knowledge Graphs in Retrieval-Augmented Generation for Knowledge -intensive VQA”. SIGIR 2026

WTIN
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GraphRAG with Memory-Based Multi-Agent Construction

1 MemGraphRAG: Building coherent corpus-level graphs with memory-based multi-
agent construction

Memory-based Indexing Graph Construction

Memory-guided Online Retrieval

Conflict Handler

=
=

@&

- ! r \I
Multi-Agent Group ; Three-Layer Global Memory Ontology Graph _ Hierarchical Graph ' ! O Type O Entity!
- Ontol M ! Question ! !
Unstructured ' ntology Layer (Mon:) = ' i i
Documents Extraction Agent . Pending Schema Stable Schema I | Schema ! ' Schema [ Fact '
: N 1 1 1
,l\ : (Person, Rule, Country) Frec_luencv[ (Country, Capital, City) ] Type: Person H | | | i R :
: ( o) : _ Filter Relation: Job i ! Passage ;
%, (Person, Native, Location) [ (Person, Job, Profession) ] Type: Profession ! H
- Weight: 5 i """"""""""""""
(Company, Create, Product) - [ (Person, Birthyear, Year) ] 1 Answer
N W, i i
--------- = : i ¥ o
!Confllct Detector Conflict r - = wigger Fact Layer (M¢,.) ) i ALr 36
o 9 Found - .- . [ | Fact | |! [ ]
Conflict | ~ - =~ Active Facts Inactive Instances L | -
" 1
(7 [ (Newton Birthyear, 1643) ] (Louis XIV, Rule, France) Entity: Coach i . .
{ g -] Relation: Job | Retrieved Retrieved
I (Drake, Native, Toronto) Entity: Simpson Sean | Facts Passages
1
1
i
1
i
1

[ (Newton, Birthyear, 1645) J <:|

[ (Simpson, Job, Coach) ] (OpenAl, Create, ChatGPT)

“~t-| Weight: 1

-

|

E Propagation’

:

! ?

B 3 < >
) = -
Update e Passage Layer (Mp.;)
R \ - [ passage ||
— Article 288 | = assage
Original — ] o o
Document Conflict Triple === | | Simpson Sean is a Canadian ice ho- Entity: Simpson Sean
— ckey coach and former professional| .. Document: Simpson
[(New‘ton, Birthyear, 1645) ] ——— | | ice hockey player. He last served as B - C;madian e !
—_ <X Audit — head coach of Adler Mannheim in ea
i the Deutsche Eishockey Liga ... hockey coach and ...
— « [ (Newton, Birthyear, 1643]J .
.
..................... Correct THple o iiiiisscccmmmmioscssEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEL o mmmmem e oo ommmmmmm o o o o oo mmmmmmmm o o oo b e o o DD n o m e ST e
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Wu, et al. 2025. “MemGraphRAG: Memory-based Multi-Agent System for Graph Retrieval-Augmented Generation”. KDD 2026
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RA-LFM Learning: Training-free

* Retrieval models and language models are both frozen.
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all
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Inout [ J - Large Language Output
P L Models P

___________________________________________________________________




RA-LFM Learning: Training-free

* Prompt Engineering-based Methods

World Cup 2022
was the last with 32
teams, before the
increase to

tournament
last with 32 teams, before Models

—> Qhe increase to

L—'I (c .
=, : FIFA World Cup 2026 will
-Q Retriever expand to 48 teams. M .
: World Cup 2022 was th Large Language 48 in the 2026
orld Cup was the
A

* Retrieval-Guided Token Generation Methods

.........................

[ LeBron James was }

= born in Akron M Large Language
[ fQ. ReTrleverg lé LeBron Jamesisa |! Models ¢
A . :|_native of American |:

.........................

M
LeBron James's | ;( Large Language
birthplcae is ? | L Models




RA-LFM Learning: Training-free

* IRCoT

Trivedi, Harsh, et al. "

O,

Who wrote the 1970 international hit song that Murray Head is most recognized for?

O:&

IRCoT
Interleaved Retrieval guided
©o by Chain-of-Thought Reasoning

The 1970 international hit song that
Murray Head is most recognized for
is "Super Star"

"Super Star" was written by
Andrew Lloyd Webber and Tim Rice.

So the answer is:
Andrew Lloyd Webber and Tim Rice.

Retrieve (Q) —

A 4

T1 < Reason (Q, [Z, Qb )

Retrieve (T1) —

Y

T2 «— Reason (Q, [E+[2, T1)

Retrieve (T2) —

>

pr—

—

T3 — Reason (Q, [E+ [B+[E), T1+T2)

> Stop

v

+

EIE

Reason(@, , @)

Wikipedia Title: Mack Rides
Mack Rides GmbH & Co KG, also ...

Q: In what country was

Lost Gravity manufactured?

A: The Lost Gravity was manufactured by Mack
Rides. Mack Rides is a company from
Germany. The answer is Germany.

Wikipedia Title: Murray Head
Murray Seafield St George Head ..
Wikipedia Title: Most Beautifullest Hits
The Most Beautifullest Hits is ...

Q: Who wrote the 1970 international hit ..
A: The 1970 international hit song that
Murray Head is most recognized for

is "Super Star". "Super Star" was written
by. Andrew Lloyd Webber and Tim Rice.

Interleaving Retrieval with Chain-of-Thought Reasoning for Knowledge-Intensive Multi-Step Questions.” ACL. 2023.




RA-LFM Learning: Training-free

* GENREAD

« " * seed (also correct
» create prompt p. = “qe1; dets o5 o3 Qens Aens ( )

» generate document d. with p. using a large language model.
Using a reader (e.g., FiD), with g and the diverse documents {d,, d,, ..., dx}, find answers a.

Step 2: Get embeddings, and\1:| |:|j

cluster them by K-means.

CT T ToTTTTTommoommome-moomm—seeees v Initial d: Generated d;: Generated d,:
i Step 1: Get one document d for each L : — e - N - —
| . . . : i [ Monsanto is a multinational Monsanto Company is an Ame- Monsanto is a multinational
i question q via retrieval or generation. ! _ : ‘ e . : :
! 1 | agrochemical and agricultural rican multinational agrochemical || agricultural biotechnology
! /\. | biotechnology corporation ... It || and agricultural biotechnology corporation. ... The company
! Question | Document | Cluster | | | is one of the world’s leading corporation ... It is a leading also manufactures other
! 4 d——F——= | 1 | producers of roundup, a gly- producer of genetically engi- agricultural chemicals, such
' What does o1 d., C | \phosate herbicide. (63 words) \neered seed and ... (70 words) NG insecticides ... (36 words)
! J —
| Monsanto X Fo===m=—m-—---- ——mm---- el L L L bbb bbbl el bl
| own? (WebQ) y ! | Step 3: Given question q for training or inference,
! Aej cj ¢ | ! foreach cluster c € {1...k}:
: ']+ sample{q,,d.}j=1..n, whoseclusteridisc; * agricultural chemicals
I 1 |
|
! |
! |
: 1
1

8
Yu, Wenhao, et al. "Generate rather than Retrieve: Large Language Models are Strong Context Generators." International Conference on Learning Representations. 2023.



RA-LFM Learning: Training-free

* KNN-LM

Training Contexis Targets || Representations Distances Nearest k Normalization Aggregation
Cq Uy ki = f(ci) d; = d(q, k;) p(k;) o exp(—d;) PNN(Y) = Z 1y=v;p(k;)
Obama was senator for | llinois > 4 Hawaii |3 |  Hawaii|0.7 Hawaii | 0.8
Barack is married to | Michelle — 100 WZ llinois |4 |—*  Ilinois |0.2 lllinois | 0.2
Obama was born in | Hawaii —> 5 »  Hawaii|5 | Hawaii|0.1 l
Obama is a native of | Hawaii > 3 Classification Interpolation
pry(y) p(y)=Apian () + (1= Nprw(v)
Test Context Target || Representation -
- Hawaii |0.2 Hawaii | 0.6
X q=f(z) e R e
lllinois |0.2 Illinois | 0.2
Obama’s birthplace is ? >

p(ylz) = A pnn(y]x) + (1 = A) prm(y|z)

Khandelwal, Urvashi, et al. "Generalization through Memorization: Nearest Neighbor Language Models." International Conference on Learning Representations. 2019.



RA-LFM Learning: Training-free

* REST

Step 1: Retrieve docs Step 2: Construct Trie Step 3: Verify candidates

\ KI' ree Attention \

v

. Yo , . I /
Retrieved Context Continuations Trie of

-

numbers =[...] \n for i | in range( Continuations 3 ‘@

dictionary = {...}\n fori |, itemin 5,@ @
) e

v |

1
import math \n for i | in range( —> '
1 1
numbers = [...]\n for i | in sorted( O
»

file = open(...) \n fori | in range(

(OO

, v v v
\‘def sorted_c(...)\n for |J {1 sorted D \ / /
| D
= Input Retrieval-Based :.Candldates _
_ e . ) in in range(
f= lambda num:  for Speculative Decoding (REST) in range nsorted X

10
He, Zhenyu, et al. "REST: Retrieval-Based Speculative Decoding.” NAACL. 2024.



RA-LFM Learning: Training-free

v Work with off-the-shelf models

X All components are fixed and not trained

X Might not achieve optimal learning result of the whole model

11
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Q Training-free Methods

QO Training-based Methods

» Independent Learning

Website of this tutorial » Sequential Learning

» Joint Learning
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RA-LFM Learning: Independent Training

* Retrieval models and language models are trained independently.

* Independent training of large language models.

j Large Language
Lnput L Models d_> OUfPU*T

* Independent training of Retriever.

¥

[ 52 Retriever = Datastore ]—» ﬁﬁﬁ J

13



RA-LFM Learning: Independent Training

* Retrieval models and language models are trained independently.

g o o o o O EEE D EEn B e e e EEn EEn EEn B e e e M Eme Smm EEm G S e GEm Smn Sme Emm S S e e e e Mme Smm Eam S e e e ey

* Independent training of large language models.

j Large Language
Lnput L Models d_> OUfPU*T

— e o o o o e e B EEn e e B EE S SEm e B Emn SEm e e S S Smm e e S S e e S M Smm e e S S e e e e s o P

* Independent training of Retriever.

[
|
|
|
|
|
|

e e e e o . e

-

¥

[ 52 Retriever = Datastore ]—» ﬁﬁﬁ J

14



RA-LFM Learning: Independent Training

* Independent training of large language models.

M
Inpuf :[ @ Laf'Q;l—;zlgsU(lge&_,Oufpuf—]
R
Back-Propagate

/

Minimize — logP;y(y|x)

& openaAl QO Meta i Google Al S

15



RA-LFM Learning: Independent Training

* Retrieval models and language models are trained independently.

* Independent training of large language models.

j Large Language
Lnput L Models &_’ OutpuTA]

S N EEE EE EE EEE EEE EE EE EE B EE EE B EE S B EE S S S S EE EE EE EE EE EE EE EE mE S EE mEm S mE Eam S mE mam S ma Eam mmm me mmm

— e o e o o -

———————————————————————————————————————————————

16



RA-LFM Learning: Independent Training

* Sparseretrieval models: TF-IDF | BM25

[0,0.8,0,0.9,0.7, ...]

=

Kobe Bryant, a legendary basketball player,
left an indelible mark on the sport ...

Kobe Bryant, a basketball icon and five-time
NBA champion, captivated fans worldwide ... [1' 2,0,0,0.6,0.8, ... ]

Text Chunks Sparse Vectors

No training is Needed!

Ramos, Juan. "Using TF-IDF to determine word relevance in document queries.” Proceedings of the first instructional conference on machine learning. 2003. 17
Robertson, Stephen, and Hugo Zaragoza. "The probabilistic relevance framework: BM25 and beyond." Foundations and Trends® in Information Retrieval. 2009.



RA-LFM Learning: Independent Training

* Dense retrieval models: DPR

L(qiap:api_,la et 7pz_,n)

Inner Product Similarity Jsin(gs})

sim(q, p) = fQ(Q)TEP(P) = —log

esin(qip;) E;— eSin(4i:p; ;)

Dense

[ 1
Vectors [OOOOOOO] [QOOQOOO]

L Encoder' l Encoder

[ Who is Kobe Br'yan'r'> Kobe Bryant, a legendary basketball player,
left an indelible mark on the sport ...

Query ¢q Text Chunks p

N\

18
Karpukhin, Vladimir, et al. "Dense passage retrieval for open-domain question answering." 2020 Conference on Empirical Methods in Natural Language Processing, 2020.



RA-LFM Learning: Independent Training

e Dense retrieval models: CoG

Phrase Table
Phrase Encoder ittt ittt ittt
( MLP, )| MLP,,, | | ... In theaters on .. the film premicred | | (cana)
g October 22, 2021 1n at the 78th ! 0000
BERT model ! | the United States ...|* * * M F - XK
| September 3, 2021. ' m
1 1 (Y () ()
| [E® ©O9] (€ ©9)] (@® ©9] |! 0000
i L in  States - and audiences L the . o i L -
Source Text : | Token Embeddings
Collection b e e e e e e e e e e e e e e e s
Copy
Prefix Encoder Maximum Inner Product Search
[...] [too][-oo]

The Dune film was released |in theaters on October 22, 2021 in the United States|
[Before] [that] [,] [the film premiered at the 78" International Film Festival on September 3, 2021.]

Dstart — MLPstart (D)p Dend — MLPend(D)-
Hir1 = PrefixEncoder(z;, H; ).
PhraseEncoder(s, e, D) = [Dqtart[s]; Dengl€]] € R?

Tian Lan, et al. “Copy is All You Need.” In The Eleventh International Conference on Learning Representations, 2022.

19



RA-LFM Learning: Independent Training

* Model Training:

1 exp(qr - pr)
L,=——) log
’ i; ZPGPk exp(qk - pp) + ZwGV exp(qi - Vuw)

20
Tian Lan, et al. “Copy is All You Need.” In The Eleventh International Conference on Learning Representations, 2022.



RA-LFM Learning: Independent Training

v' Work with off-the-shelf models, flexible

v' Each part can be improved independently

X Lack of integrity between Retrieval and Generation

X Retrieval models are not optimized specified for the tasks/ domains/ generators

21



Part 3: RA-LFM Learning

Q Training-free Methods

QO Training-based Methods

» Independent Learning

[

il

Website of this tutorial » Sequential Learning

» Joint Learning

22



RA-LFM Learning: Sequential Training

* One component is first trained independently and then fixed.
* The other component is trained with an objective that depends on the first one.

" X

(1. Retriever First 2\ (2. LLMs First ¢ i
& [« AW J
— . - N J Input — a Large Language Output
I=QI Retriever = Datastore — |=—||=||= § Models
L o 5 === . . J
- j < S \
¥ [« A
= i Y Large Language
|=| Retrieve &  Datastore — |=||=||=] - Input Models Output
\ Q (- y = = J|— L} \

.W. =
IHPUT [ a‘ LGPQACA :—::&UGQC h‘Oufpu‘l‘— [EQ RetrieveH E Datastore }——» E_ﬁl—:_ﬁl_:_ﬁ J
t J

\ t ) L ))

23
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RA-LFM Learning: Sequential Training

» Retrieval models is first trained independently and then fixed.
* Language models are trained with an objective that depends on the Retrieval.

(1. Retriever First (2. LLMs First ¢ i

~
; geC |
fEI . - N J Input —— __ Large L:nlguage Output
=Q Retriever = Datastore — |=||=||= L Models
= === L . Y,
>\ . j J < 7 L} N
¥
~—
=

l
l
l
l
l
l
= i 1 : Input £ Large Language Output
E‘Q Retriever. Batastore — = ||I=]I=] 7| ! ‘ \ Models ‘
| N I
e ! L}
£ Large Language I — . J
Input gModeI?s 9 Output— | | E'Q Retriever g Datastore =|l=]||=
l
t J
7

\\ //

24



RA-LFM Learning: Sequential Training

Input
tokens

G

Condition

I Encoded neighbours
Neighbours ,
1 E,
— > —
0 I I I £
CLCITTT] 2
l
! t Attend
! K v
e \ )
0 . ,
1 CCA *> FFW |—
~—

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

Chunked cross-attention (CCA)

Encoded neighbours

H,

CA(H* E)
H,

CA(H," E,)
H,

Attending chunks
H CCA(H, E)
25



RA-LFM Learning: Sequential Training

* Language models are first trained independently and then fixed.

* Retrieval models are trained with supervisions from language models.

A
p

|

(1. Retriever First N
s £ ' e’ J
EIQ ReTrieverﬁ—v g Datastore —— ===

\_ . J /
4 ‘ " i X \
Elq Retriever’;—i e Datastore —— |=||=||=|

J

K

M
Input

Large Language
Models

Fompm—

A

o= o o o o o o O O D oy,

(2. LLMs First

-y
| /~—§ Large Language J
Input (=} Models i%Output /

AL

S A

o Large Language
Ianl:'l' ‘[—’\ Models ’k’OquuT—*

[E‘Q RefrieveH g
R

orrrs | BIHD

4
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RA-LFM Learning: Sequential Training
* REPLUG (Retrieve and Plug)

Retrieved document d;

d; X
Jobs cofounded s Y D
= . =
Apple in his Jobs was raised | Jobs is the
REEVEIE — Y parents' garage byadopted... | CEO of _ |
i B . ) apple
Document | Ste\: Jobs Joc‘t.')Es0 1osf the i
Retrieval | passcs/miay - - not
P \(
L Contextx BL k b Jobs cofounded | Jobs is the
Jobs is the | === ac 0 Apple... . CEO of _ )
CEO Of . .
Ensemble
AppLe
es(d,x)/~ ePra(yld,x)/ B

L= SKL(Pa(d|2) | Qui(d|2.9))  Pr(d| ) =
zeB

ZdeD’ es(d,az)/fy Q(d | :c,y) = Zdefpf ePLM(mdaw)/B

27
Shi, Weijia, et al. "REPLUG: Retrieval-Augmented Black-Box Language Models." NAACL. 2024.



RA-LFM Learning: Sequential Training

* AAR (Augmentation-Adapted Retriever)

Source LM )

........

------
------
...........
"~

.
.....

en
e
.......

/

|Q+D2]}{Q+ PN

4 —
Dec
________________________________________ ;.—..z
I Enc
| N
REEEEE Source Task ~ J-------- >[Q + DI
| ! Positives Negatives
: Ground Truth U ANCE Sampling
""" > Top-K FiDA(tt
Generic

|

Retrieve
N Docs

Pre-Trained Retriever

Target LMs Target Tasks

[Augmentation-Adapted Retriever Plug-Tn (=

L= 2 2 UWfad)

q dteDetd—eD—

flg.d™)),

ol | 1
| ) ART T[]
il | HISTORY | |

[science (]
[ MATH [0

Yu, Zichun, et al. "Augmentation-Adapted Retriever Improves Generalization of Language Models as Generic Plug-In." ACL. 2023.

28



RA-LFM Learning: Sequential Training

v Work with off-the-shelf models
v' Generators can be trained effectively based on the retrieved results

v' Retrievers can be trained to provide useful information to help the generators

X One component is still fixed and not trained

X Might not achieve optimal learning result of the whole model

29



Part 3: RA-LFM Learning

Q Training-free Methods

QO Training-based Methods

» Independent Learning

[

il

Website of this tutorial » Sequential Learning

» Joint Learning
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RA-LFM Learning: Joint Training

* Retrieval models is and language models are trained jointly.

[E'Q I:etr'iever' e Da’rastoreJ_, @@%] ,

=
Input { L“"g;l';gguage I‘%Ou'rpu‘r—<
A J

31



RA-LFM Learning: Joint Training

* Retrieval Index Updating, which could be very expensive!

O 5. Retrieved
A4 Tndexing Results

@ Large Language @
L Models

Output

* Solutions:
* Asynchronous index updating

* In-batch approximation

32



RA-LFM Learning: Joint Training

* REALM

Pt ample Pre-training o “sample Supervised
— Unlabeled text -~-------------%-----—————-" | corpus (¥ -- Input query ---------mome o . data

| The [MASK] at the top of the pyramid (z) | | what’s the angle of an equilateral triangle? () |
retrieve LED : retrieve Textual
[Neural Knowledge Retriever (0) J-( —————— knowledge [Neural Knowledge Retriever (6) }( —————— knowledge
| corpus (Z) | corpus (Z)
(z,2) l (x,2) ]
\»[Knowledge—Augmented Encoder (cb)] \»[Knowledge—Augmented Encoder (qb)j
7= Answer---- -------ooooo - -~ Answer -------.

| [MASK] = pyramidion (y) E

60 degrees (y)

33
Guu et al. 2020. “REALM: Retrieval-Augmented Language Model Pre-Training”



RA-LFM Learning: Joint Training

* REALM

L - -s;r-n;afeq ~[Pre-training
- Unlabeled text S corpus (X')

: The [MASK] at the top of the pyramid (:C)

e T
[Neural Knowledge Retriever () ]-(fqtfi?\ie— kl;lsv)\j:jée p(y | Zﬂ '/L.) — H p(yj ’ Z, {L‘)
l l corpus (Z) j=1
(x,2)

\;[Knowledge Augmented Encoder ((;5)]

p(y; | z,x) o< exp (ijBERTMASK(j)(joinBERT(:c, zbody)))

- ANSWer-==mremmmmmm e oo
[MASK] = pyramidion (y)

___________________________

34
Guu et al. 2020. “REALM: Retrieval-Augmented Language Model Pre-Training”



RA-LFM Learning: Joint Training

P —sér-n:ofeq - Supervised
-- Input query - ---------mm S , data

: retrieve Textual
[Neural Knowledge Retriever (6) j-: —————— knowledge
| corpus (Z)

(2, 2) ’
\)[Knowledge—Augmented Encoder (gzb)j

r
-~ Answer -------.
1 1
' 60 degrees (y)

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

p(y ‘ 2 33) X Z eXp (MLP ([hSTART(s); hEND(s)D)

s€S(z,y)

hSTART(s) = BERTsTaRT(s) (joinggr(z, Zbody) ),

henn(s) = BERTgnp(s) (joinggsr(z, Zbody ) )

35



RA-LFM Learning: Joint Training

* REALM - Asynchronous Index Update

=iy H@i}l {9

/@’ - (/\4’; r»"av
{( \ % T | Ak ( )
Database — U_) T Updates ),

f(x,2) = Embed;pput () ' Embedgoc (2
P

36
Guu et al. 2020. “REALM: Retrieval-Augmented Language Model Pre-Training”



RA-LFM Learning : Joint Training

* TRIME - In-Batch Approximation

3
= Bl @s)

Encoder D) ~)
Full Database |§|~

H El‘ 5 ( - ik
o | 10)In-Batch
T = {HDH —{© Index;
) §|~ Encoder @ &)
Training Batch ...

A

37
Zhong et al., 2022. “Training Language Models with Memory Augmentation”



RA-LFM Learning : Joint Training

* TRIME

@® Target token’s embedding Positive in-batch memory
(D Other token embeddings O Negative in-batch memory

4 Forward pass \l; Back-propagation

prediction (target: “Apple”)

N

A

Jobs became CEO of

Q :' (Oand O Microsoft l V] token .':
/N' : @Apple O color Jembeddings ;
( encoder ) ¢ i Ofirst CO... .

(... works at Microsoft

... returned to Apple
' .. Jobs became CEO
» ©@@... moves to Apple

1
1
In-batch
memories }

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

Zhong et al., 2022. “Training Language Models with Memory Augmentation”

/ \

Local Memory: Mlocal(ct) = {(cj,a:j)}lgjst_l.

Long-term Memory:
Miong () = {(e” 25"V s

l
1
1
I
1
1
1
I
1
1
1
I
\

External Memory: My = {(¢;,z;) € D}.

N e e o e e e e e e e e e R R R e e M e e e e M e e e e e e e

f/Training Objective:
E P(w|c) < exp(E, fo(c))+
; > exn(sim(gn(e), g0(c)

‘e (Cjamj)eMtrain:wj:w

— o e e e e M e e mmm M M e Mmm M M e Mmm Mmm M e Rmm M M e e M e

- - - o —



RA-LFM Learning : Joint Training

 TRIME Data Batching Strategy

. Current token D In memory D Not in memory

|«— Segment len L —|

y ‘[ )
} ] Doc A
Batch size B . Rand;)rgly . }Doc B . BI\I/IZf 4
sample selecte
| } Doc C
X )
(a) Default batching (b) Batching consecutive (c) Batching lexically
segments similar segments

Use BM25 scores to find similar text
chunks to provide more training
signals

w
w

Zhong et al., 2022. “Training Language Models with Memory Augmentation”
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Part 4: Agentic RAG

Presenter
Chengliang Liu
HK PolyU

QO Motivation, Definition & Key Features
QO Representative Methods

» Prompting

» Single-Agent

» Multi-Agent

> RL-Driven
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Motivation, Definition & Key Features

Static pipeline: Query — Retrieve — Reason — Answer (fixed, one-shot)

Three limitations of this paradigm:

1. Retrieval Adequacy: pre-retrieved knowledge may not cover needs that emerge
during reasoning

2. Reasoning Depth: noisy or wrong retrieval interferes with multi-step inference

3. Adaptability: no mechanism to adjust retrieval strategy mid-reasoning



Motivation, Definition & Key Features

Agentic RAG: Query — [Agent loop: Reason <> Retrieve <> Evaluate] — Answer

1. Reasoning-Driven Retrieval

Reasoning process triggers and guides retrieval direction
2. Iterative Interleaving

Retrieval and reasoning alternate in multiple rounds (RAG <& Reasoning
closed loop)
3. Autonomous Decision-Making

Agent judges at runtime: when to retrieve, what to retrieve, when to stop
4. Dynamic Workflow

Execution path constructed per query, not pre-defined

Li et al. Towards Agentic RAG with Deep Reasoning: A Survey of RAG-Reasoning Systems in LLMs, EMNLP, 2025.



Motivation, Definition & Key Features

(. o
Traditional (2 oueva)
RAG —
lone-shot

X Retrieval N
sufficiency not [ E_J] Retriever ]
guaranteed
x Reasoning Retrleved
depth limited Docs D

X No adaptability to

N

VS)

Reason —

ngentic R
o
RAG (Q ey q) Dynamic
- v Query
&P LLM Agent e
»<{> Need retrieval? Knowledg

<> What to retrieve?
<> Results sufficient?

<> Ready to answer?

Sources
@
CENET

S

Qetrieve — Reason — Retrieve = ... > Answer)

intermediate states

LLM
Generator

. Response )

\ Static pipeline — fixed at design time

J

Query — [Fixed Pipeline] = Response

evolves to

Core Characteristics

“» Reasoning-Driven
Retrieval
— reasoning guides

what to retrieve

.

Retrieved
. Evidence
(Verlﬁed Response \/)
_ lterative Autonomous Dynamic
Interleaving Decisions Workflow

— retrieval and reasoning

alternate in loops

— agent decides when,
what, whether to stop

— pipeline constructed
at runtime per queryj

Query = [Agent Runtime Decisions] = Verified Response



Representative Methods

Approach

Prompting
Single-Agent
SFT
Multi-Agent

RL-Driven

How Agentic Behavior Arises

Prompt design elicits reasoning-
action loops

Train model to internalize
retrieval decisions

Specialized agents collaborate on
sub-tasks

Reward signals let model
discover search strategies

Key Characteristics

Zero training; flexible;
prompt-dependent

On-demand retrieval; self-
reflection

Parallel; modular;
heterogeneous sources

Emergent behaviors; strong
generalization



Prompt Chaining Agentic RAG

’ Prompting Agentic RAG

4 )
Thought generate

F ke 4 )
: Action: Search Observation
[ Query )# LLM reasons action » "o »
about what | EEEE— =| Retrieve
o

. to do next y \_ . b

iterate until done

GED GEDP GED GES GED GED GED GED GED GED GED GED GED GED GED GEP GED GED GED GED GED GED GNP GED e amn o

[ 4 No Training Required ] [ 4 ReAct Loop: Think = Act = Observe ] [§ Simple but Limited Flexibility ]

ReAct, Search-01, Self-Ask, DeepRAG




Prompt Chaining Agentic RAG

e { (l) Hotzpot QA ] Ve i {ld) RelAct (Reason + Act) } ~N
Question: Aside from the Apple Remote, what other device Thought 1: I need to search Apple Remote and find the
~an control the program.ﬂpple Remote was Originally program 1T was originally designed to 1nteract with.
designed to interact with? Act 1: Searchlhppls Remote
L d ) Obs 1: The Apple Eemote is a remote control introduced in
October 2005 by Apple .. criginally designed to control the
(—l {13) Standard } ~ { (lc} Act—Only I—\ Front Row media center prodgralm ..
Answer: iPod )( Act 1: Search[Apple Remote] Thought 2: Apple Remote was originally designed to control
Y J Obs 1: The Apple Remote is a the Front Row media center program. I need to search Front
remote control .. Row next and find what other device can contreol it.
fi {1lb) CoT (Reason Only) ]\ Act 2: Search[Front Row]
. . Obs 2: Could not find [Front Row]. Similar: 'Front Row
Thought: Let's think step Act 2: Search|[Front Row] ; [ wl [ "
B . Seat to Earth', 'Front Row Motorsports',' Eront BRow
by step. BApple Remote was Obs 2: Could not find [Front (software) ', ..]
originally designed to Eow]. Similar:
interact with Apple TV. Thought 3: Front Eow is not found. I need to search Front
Apple TV can be controlled Act 3: Search[Front Row Row (software)
by iPhone, iPad, and iPod (software) ] Act 3: Search[Front Row (software) ]
Toueh. so the answer is Obs 3: Front Bow is a Obs 3: Front Row is a discontinued media center software ..
iPhone, iPad, and iPod : PP : o ;
e discontinued media center Thought 4: Front Row (software) is contrelled by an Apple
Touen. software .. Remote or the keyboard function keys. Soc the answer is
kevboard function keys.
Answer: 1FPhones, 1Pad, 1Pod Act 4: Finish[yes; Act 4: Finish[keyboard function keys ]
(Toucn X L X V')

Yao et al. ReAct: Synergizing Reasoning and Acting in Language Models, ICLR, 2023.



Prompt Chaining Agentic RAG

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

JI)

O IRCoT Retrieve (Q) — [E @ —> q —>
@ Interleaved Retrieval guided >

©e by Chain-of-Thought Reasoning
resson (@), [E). )

Wikipedia Title: Mack Rides
Mack Rides GmbH & Co KG, also ...

A

T1 « Reason (Q, [5, QS )

A

The 1970 international hit song that
Murray Head is most recognized for _
is "Super Star" Retrieve (T1) —

Y

Q: In what country was

Lost Gravity manufactured?

A: The Lost Gravity was manufactured by Mack
Rides. Mack Rides is a company from

T2 «— Reason (Q, [E+[E, T1)

A

"Super Star" was written by

AndreW L|Oyd Webber and Tim Rice. Retl’leve (T2) N Germany_ The answer is Germany_
" Wikipedia Title: Murray Head
. . . Murray Seafield St George Head .. ;
T3 — Reason (Q, [E+ [E+[E], T1+T2)
So the answer is: < Wikipedia Title: Most Bee_luti_fullest Hits
Andrew Lloyd Webber and Tim Rice. The Most Beautifullest Hits is ...
> Stop Q: Who wrote the 1970 international hit .. @

A: The 1970 international hit song that

,} Murray Head is most recognized for
h is "Super Star". "Super Star" was written
2 b : by. Andrew Lloyd Webber and Tim Rice.
+ +
J

Trivedi et al. Interleaving Retrieval with Chain-of-Thought Reasoning for Knowledge-Intensive Multi-Step Questions, ACL, 2023.




Single-Agent Agentic RAG

é B
/

0 Single-Agent SFT Agentic RAG

Search

Fine-tuned LLM Agent — Tool

@

1
I
i
I
i
: — Search = Integrate API
I
i
I

integrate evidence

Trained on Search-Reasoning . ;
£* [oteslasved Data ] [ * Stable & Precise Patterns J L* May Overfit to Tool Schemas j
Toolformer, INTERS, RA-DIT

Training Phase

5 @

Synthetic / Fine-tune
Instruction Data LLM

F




Single-Agent Agentic RAG

Retrieval-Augmented Generation (RAG)

Prompt How did US states get their names?

Step 1: Retrieve K documents

Q
Retriever e

Step 2: Prompt LM with K docs and generate

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

Popular names by states. In Texas,
Emma. is a popular baby name.

California was named after a fictional
island in a Spanish book.

Prompt How did US states get their names? + ooo

‘Jv' US states got their names from a variety of

sources. Eleven states are named after an
- S . ‘
individual person (e.g, California_was named
LM

after Christopher Columbus). Some states

incluf \ng JTexas Utah, are named after
erican tribe| No information in passagesJ

Contradictory

Prompt: Write an essay of your best summer vacation

q o e o - %_) My best...

Ours: Self-reflective Retrieval-Augmented Generation (Self-RAG)

Prompt How did US states get their names? Step 1: Retrieve on demand

Retrieve

= Q
O 0 O
prompt + €
2
I—F‘:';; California's name has its

origins in a 16th-century novel
Las Sergas de Esplandian.

% —> US states got their names from a variety of sources.

Step 2: Generate segment in parallel

Prompt + o
)

Irrelevant

Prompt + o

!Hele"a"‘ | 11 of 50 state names
l Supported

Step 3: Critique outputs and select best segment

-lomm=) > e mmm > e o
%‘ —> @. — Repeat.... ™

Texas is named

come from persons.

after a Native American tribe.,

Partially

US states got their names from a variety of sources. 11 of 50
states names are come from persons. 26 states are named
after Native Americans, including Utah.

Prompt: Write an essay of your best summer vacation

4

% —> No Retrieval

My best summer vacation is when my family and | embarked on a road trip along ...

Asai et al. Self-RAG: Learning to Retrieve, Generate, and Critique through Self-Reflection, ICLR, 2024.



Single-Agent Agentic RAG

(b) Reason with Agentic RAG (Ours)

(a) Vanilla Reasoning Pattern (c) The Search-o1 Framework (Ours)

Search Instruction: ("

When you encounter unfamiliar knowledge,
you can perform web searches to help you ...

Search Instruction:

When you encounter unfamiliar knowledge,
you can perform web searches to help you ...

Original Question:

Step 1: trans-Cinnamaldehyde +
Methylmagnesium Bromide — Product 1

Step 2: Product 1 + ... — Product 2
Step 3: Product 2 + (Dimethyl(oxo)-16-

Domains:
E’B Physics

Chemistry

Original Question: Original Question:

sulfaneylidene)methane ... — Product 3
Question: carbon atoms count of Product 3

{

Step 1: ... Step 2: ... Step 3: ...
Question: carbon atoms count of Product 3

{

Step 1: ... Step 2: ... Step 3: ...
Question: carbon atoms count of Product 3

\

‘%} Biology
[ Math
Code

. : : 7)) ODQA
. Large Reasoning . 6] Large Reasoning . @ Large Reasoning &1
Start thinking. é] Model (e.q. o1) Start thinking. Model (e.g. o1) Start thinking. Model (e.g. o1) ~
Step n * Step n + Step n *
Search for :
E:]% c:]tljirl';’;err | need the structure of heloful info Structure of trans- ﬁ:ﬁ:‘ﬁ?iﬁ:fo Structure of trans- Retrieved
trans-Cinnamaldehyde. P Cinnamaldehyde P Cinnamaldehyde Documents
knowledge. on-demand. on-demand.
Step n+1 * Step n+1 + iterable O Step n+1 * iterable o *
Make a guess  Perhaps the structure of Return long (E)-cinnamaldehyde is the Get concise Trans-Cinnamaldehyde {’][’?
and continue  trans-Cinnamaldehyde is and redundant ' g one) sterecisomer of ... information has the structure
reasoning. CH;CH=CH-CO-CH,. ( X) d%(_:urr]n:,_nts, . an: Cont!tnue CgHsCH=CHCHO. (v) Reason-in-
Step n+2 * reasoning. Step n+2 * reasoning. Step n+2 *
Integrate helpful
Final Step * Final Step * Final Step * information into
) ] the previous
Provide final Product 3 contains 10 Provide final Product 3 contains 14 Provide final Product 3 contains 11 reasoning chain.
answer. carbon atoms. ( X) answer. carbon atoms. (X)) answer. carbon atoms. (v')

Li et al. Search-O1: Agentic Search-Enhanced Large Reasoning Models, arXiv, 2025.



Multi-Agent Agentic RAG

Decentralized

3

Complex ﬁ
Query decompose

e

}‘{ Multi-Agent Agentic RAG

Manager /
Coordinator \

\

.

-
Agent 1: q
Retriever

(=

-

Agent 2: é%
Reasoner

.

(

Agent 3: @
Verifier

L
\
J
\

J

Y

\ Aggregate & :
/[ Synthesise ] w

[+ Role-Specialized Agents Collaborate ] [ 4 High Coverage & Robustness J [ +

HM-RAG, MDocAgent, Chain of Agents, M-RAG

Communication Overhead &
Conflict Resolution

)

52




Multi-Agent Agentic RAG

Question

As of Q4 2024, A mid-sized retailer, X
operates 50 stores across the southwestern
U.S. and aims to reduce overstocking costs
by 10% while still maintaining at least 98%
product availability for its top—selling items
during the upcoming holiday quarter. how can
X Retail forecast next quarter’s optimal
inventory levels per store to balance cost
minimization against high service levels?

High Inflation Low CCI Supply Chain Lead Time
/ S ~ >
Reduces Increases—___ Reduces Increases Delays
—{ \
v 2
Consumer Purchasing Consumer Spending —s|
Demand Volatilit, Reorder Timin;
Power Confidence ¥ -
\ ; : ‘
Lowers—__ Lowers Increases Uncertainty in  Increases Increases
B ‘ — S ¥
-
Projected Sales Safety Stock Needs
[ ]
Guides_ _impacts
—~ o
Stock Level Adjustment
Ooumues/ Maintains T~ Minimizes
v v v
Inventory Turnover 98% Product Availability Excess Inventory Costs
Reduces” Balances Improves Boosts
' ' -
Overstock Risk Stockout Risk Customer Satisfaction Profit Margins
Mind Map

LLM Models Tools
& @ % d ¢
Search Code
Reasoning...
Query: US Q4 2024 l
| need to identify Relevant Infiation and CCI ey
; . —— Searching...
— External Economic Indicators &
[Web-Search] <—— ...As 0f Q4 2024, the
Result: 2.7% United States inflation
oo inflation and 109 CC| rate stands at 2.7%, the
To model demand volatility Consumer Confidence v
(g ¥ P Index (CCl) is at 109....
amid inflation and shifting Coding...
consumer sentiment, | need to
: ; —
search historical sales under < --SARIMAX( sales,

relevant economic indicators.
[Web-Search]...

Then, we can use ARIMAX with

L

external regressors to predict
per-store sales [Code] ...

So putting this all together, the

strategies would be [Mind Map]

exog=[cci, inflation],
order=(1,1,1), seasonal_orde

<€—— Searching...

Query: Use ARIMAX r=(0,1,1,4))

to predict Q4 per- results = model.fit()

store sales given... exog future =

> pd.DataFrame({"cci":
< [115], "inflation": [3.5]},
Result: The projected index=[pd.Timestamp("2025-
sales will be... 03-31")])
Forecast=...

53

Wau et al. Agentic Reasoning: Reasoning LLMs with Tools for the Deep Research, arXiv, 2025



Multi-Agent Agentic RAG

; . — . — Chunk 1| Robert Aldrich...Vera *
/ Who starred in her final film role in the 1964 film directed by the \}\ Cruz, Kiss Me Deadly... '
man who also did Vera Cruz and Kiss Me Deadly? Chunk 2 Mary Astor
W % a cameo role as...
Robert Aldrich, an iconoclastic American film director, .... His : Chunk 3 _ _
notable films include "Vera Cruz" (1954), "Kiss Me Deadly" (1955) 'm' L \ey c3 No refated information
iOUl | l ) 7
Fill l Fill
W,

Robert Aldrich, the director of "Vera Cruz" and "Kiss Me Deadly," I _ _ .
) c2 \ Query: {Query}, Current Source: {Chunk i},You
also directed "Hush...Hush, Sweet Charlotte" (1964), ... Mary Astor, 'Q' <" need to read current source text and summary of

e e e e e e e o e o —— — — — — — —

... appeared in a cameo role as a little old lady waiting to die. Jr U, previous source text (if any), and generate a
2 1 summary to include them both...
. . " W3 d ; :

Mary Astor, ... appeared in a cameo role as a little old lady waiting | Jes o Stige 1: Workgr(_:]g?nté&gmeqt t'IW
to die. Robert Aldrich, the director of "Vera Cruz" and "Kiss Me lml | omprenension and ~hain-~ommuhication
Deadly," also directed "Hush...Hush, Sweet Charlotte" (1964), ... i CU, :' The source is too long and has been summarized,

M ,l you need to answer based on the summary...
1
\ . . . i
N Q/ Gold Answer ¥ : May Aster The answer is: Mary Astor. s oh <’ Stage 2: Manager Agent: Information 1,
N bt P N Integration and Response Generation P
Chain-of-Agents Communication Input preparation of Agents

54
Zhang et al. Chain of Agents: Large Language Models Collaborating on Long-Context Tasks, NeurIPS, 2024.



RL-Driven Agentic RAG

!7 RL-Driven Agentic RAG -

il "> search query o :
RL-Trained Agent Envirorment

— (Search Engine / Web)
q Learned Policy: when to
search, what to query,
when to stop _ . y
observation: <
% ) results \‘ policy update

p (GRPO / PPO)
generate answer l o
compute reward ;
[ Answer j ------------- > Reward Signal
R = correctness + format

{* Learns Adaptive Search J {* Emergent: Decomposition, J {* Expensive Training; J

Behavior via Rewards Verification, Planning Hard Reward Design

Search-R1, R1-Searcher, DeepResearcher, WebGPT




RL-Driven Agentic RAG

Rollout Module Value
LLM
Search p— —
| q I . SrEm Reward
T I Model
—
= r—-\@—* r
S
LLM Re{el_r&nce / — o]
“—‘\‘__ . ) Models
. o
_ F:Fiq :M‘_ S_e_a_r C_h_ E_n_gl_n_e ________________________________________________________ Frozen
. Model
GRPO w. Search Engine
- — — )
T A Search
Rollout Module 01 1 1 Engine
Search — ( ) G ( )
Engine 0, b . roup ) AZ
I | — M/ Computation —
Reference
e des ) ) )
LLM 0 e Ag
__——/

Figure 1: Demonstration of PPO and GRPO training with the search engine (SEARCH-R1).
During the rollout, LLMs can conduct multi-turn interactions with the search engine.
56
Jin et al. Search-R1: Training LLMs to Reason and Leverage Search Engines with Reinforcement Learning, arXiv, 2025.



RL-Driven Agentic RAG

Distributed Cluster

e
Crotiove J———>

-
rolloutl
(ot }—— 3

rolloutl6
(XN ]

Lrotows J—— [
s

A Batch of Questions

User = Question | Assistant [Think] [Search] URLs and Snippets

Repeat at most N Times

@I Search Engine

Real-World
Environment

I‘g §|! Browsing Agent

[Think] [Browse] New Info = [Think]

[Answer] = <|eos|>

Browse webpages with scrolling

[ Question

I

B2 G

WebPages

| URLs

[ New Info ]—)[ Memory ]

Tokens with loss

Tokens without loss

¥

Zheng et al. DeepResearcher: Scaling Deep Research via Reinforcement Learning in Real-World Environments, arXiv, 2025.
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TutorialOQutline s

O Part1: Introduction of Retrieval Augmented Large Foundation Models (RA-
LFMs) (Dr. Wenqi Fan)

O Part 2: Architecture of RA-LFMs and Main Modules (Xu Yuan)
O Part 3: Learning Approach of RA-LFMs (Chengliang Liu)

O Part 4: Agentic RAG (Chengliang Liu)

O Part 6: Challenges and Future Directions of RA-LFMs (Dr. Wengqi Fan)

O Part7: Q&A Website of this tutorial —

Check out the slides and more information!




PART 4: Application of RA-LFMs

O Preliminary applications in NLP

O Downstream tasks

Presenter
Chun-Hin Chan
HK PolyU

O Domain-specific applications

141



* Various applications

APPLICATION

o8
Smartphone

N o,
o Q
@O/éacx’
Like
n Song 3
. Watch
. RECOMMENDER
USER Dfls/,y( o SYSTEM
Movie q\-\o“
crm e\“dl
?\e’(’oﬁ‘\ \-’\c}’k

ﬁ Camera

Chatbots Recommendation

Ferreira, Diana, et al., 2020. “Recommendation System Using Autoencoders”. Applied Sciences 2020.
https.//www.intelli-science.com/p/large-science-models-in-2024-hype

Al for Science



RA-LFM Applications: QA Systems

* QA Systems

* QA systems aim to provide precise answers to user's queries

Question:
What is the capital
of Germany?

Context:

The capital of Germany is the
city state of (gl It is the seat
of the President of Germany, ...

https:.//medium.com/mindmeld/question -answering-for-conversational -interfaces-5d6af5aff1e5
https.//blog.seeburger.com/natural-language-question-answering-systems-get-quick-answers-to-concrete-questions/



* QASystems

* Challenges:
* Fail to adapt to varying query complexity
* Incomplete or misaligned evidence due to lack of sufficiency evaluation
* No structured verification against graph facts



* Retrieves from academic heterogeneous graph for Academic QA

* Agent-Enhanced Heterogeneous Graph RAG for Academic Question Answering

Academic Heterogeneous Graph
™~

Paper N
Graph \ collabomhon‘ » Graph
Retrieval E( publish write Author Evide_pce
g Venue T e &)

=
Stage 3: Graph-Grounded

Stage 2: Sufficiency- Validation Agent

Stage 1: Query-Aware
ge It Query Aware Reranking Agent

Retrieval Agent

— Factual 7
rap | ™ i L] B L
Query Type (tF Retrieval "L)' G-
Prediction "LL)"
' —S —_—y Consistent?
Retrieval Plan £2(q) Sufficient? Seons <Y
Query Type Ssul'< 7
Start Node Type @g Regenerate 3
Hop Budget E& Yes 'R
Entity Mentions @ = —@\'@(Expand) @ @Gncerminfy
2 loops
Structured Plan Final Subgraph Answer Generation

Jia et al, 2026. "Agent-Enhanced Heterogeneous Graph RAG for Academic Question Answering” WWW 2026.



 Chatbots

e Chatboti
Interacts wi '
ith users in a natural & conversati I
ional mann
er

O @ chat.openai.com + @®

‘G- Examples

“Explain quantum computing in simple
terms” =

ar old's

*Got any creative {deas foratoye
pirthday?" =

ow do | make an HTTP request in

H
Javascript?

4, Capabilities

Remembers what user said earlier in the
conversation

https.//www.fo
; forb ' [
es.com/advisor/in/business/software/what-i
-is-a-chatbot/



RA-LFM Applications: Chatbots

e Chatbots

* Challenges:
* Neglect active engagement with users
* Constrain to limited depth & natural extension of conversation
* Shortinteraction duration



* Retrieval from textual passages for Chatbots

* Proactive social chatbots with personalized real-time ReTrieval (PaRT)

Traditional Chatbot . Static Questions User Profile H
(D Is there a place you especially want to visit? Reading Habits| User is very interested in science fiction works.
[©) What genre of bocks do you like to read? Movies User likes the movie The Avengers: Infinity War.
p | I recently watched The Avengers: | User Profiling 5
= Iﬁ'w_w EI _______ ' I Intent-guided Query Refiner
PaRT / —
___________ [ Have you watched any good movies 'I 2 t Active \1
( That's great! What did you think | é | lately? B ~ 5‘ _ Retrieval
——————————— " Template L 4
I _Uflhe_mo_w ei ______ _:} ___________ I | Search:
“of course, I recently watched | _!| i E’r; ‘f”f—"”“f}&l‘:‘-'
== < _The Avengers: Infinty Werl _ [~~~ 7 T 7] | lcnange a
cnpmnmmmmnET |00 em——m e — P | |
P—‘ {_] this movie. | (" Wow, I was really heartbroken L @ «|| Papaiar N
- e I_Whinlh'ﬂos_s@'ﬁdﬂs_f"geri e | | Sci-fi novels
e — e ———— — — (TITTN] | \ _/
Glad fo chat withyoutool What | aap |. | ™ —~Z——————————
| as:ec:s ‘::fn?htl mot?; dlndnyou fr‘:nd L é p | LOL it was really enjoyahle |- ————— H-- Retrieval-Augmented Generation
| particularly enjoyable or interesting? , = = dlscussmg this movie with you. | | /— _ - —\
________________ I — §r
___________ ] | GJad to chat with you, Besides movies, '| . | Y l
T m a little tired talking about this Do you like sci-fi novels, such as the 1 @ + - - Retrieved
JORSIE | \ Three-Body Problem -+ = T | ores
I e I “Avengera: Infinity War" isa l
| " Of course, I'm a super fan of this | g 10 wipe out haf the T
=- = mve] ' \mm

Niu et al., 2025. "PaRT: Enhancing Proactive Social Chatbots with Personalized Real-Time Retrieval”. SIGIR 2025.



RA-LFM Applications: Fact Verification

* Fact verification

* Fact Verification is a critical task in verifying the accuracy & reliability of
information

https.//gijn.org/resource/fact-checking-verification/



RA-LFM Applications: Fact Verification

* Fact verification

* Challenges:
* LFMs have limited access and manipulation on knowledge
* RAG does not guarantee factual content
* Generate factually incorrect output



Retrieval from factual documents for Fact Verification

* Retrieval Augmented Correction (RAC)

j_ Q: Tell me a bio of Kang Ji-hwan.

Retrieval

[ —

-

"

N

Kang Ji-hwan, born Jo Tae-
gyu on March 20, 1977, is a
South Korean actor who
began his career in
television dramas and
films. He gained popularity
with his leading role in "Be
Strong, Geum-soon!" in
2005

'I Kang Ji-hwan was born Jo Tae-gyu on
y \March 20, 1877 in Seoul, South Korea.

Atomic .
Facts 0
Extraction

Kang began his career in television
v\ dramas and films.

Kang gained popularity with dramas like
Be Strong, Geum-soon! (2005)

'

L

Kang Ji-hwan, born Jo Tae- \
gyu on March 20, 1977, isa
South Korean actor who
began his career in
musical theatre before
transitioning to television.
He gained popularity with
his leading role in "Be
Strong, Geum-soon!" in

2005......

Kang Ji-hwan was born Jo Tae-gyu on

March 20, 1977 in Secul, South Korea.

Kang began his career in musical
theatre before transitioning to television.

Kang gained popularity with dramas like
Ba Strong, Geaum-soon! (2005)

Li & Flanigan, 2025. "RAC: Efficient LLM Factuality Correction with Retrieval Augmentation”. EMNLP 2025.
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Recommendations

|

Preliminary
Applicationsin NLP

Applications

4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
4
N,
\
N
N
\
N
N
\

,/
7’
,/
,/
4
L4
4 4 \\
7’ 4 \\
L4 ~,
7 ~,
7’ ~,
7’ ~,
’ ~,
/_./ﬁ /_\ﬁ

Downstream Tasks

Domain-specific
Applications




* Recommendations

 Recommendation has been widely applied in online services

You( [T

¢J* TikTok

News/Video/Image Recommendation

. . ) a micheli ‘ B, . ‘ E'I =
TikTok's recommendation algorithm e Vol o
Top 10 Global Breakthrough ‘ 4
Technologies in 2021

MIT
Technology
Review

= —




LFMs in recommendations

Task-specific Prompts (LLMs Inputs)

I
|
|
|
|
|
|
|
|
|
|
\

e -

7 Top-K Recommendation

A user recently watched movies:

A3 :
g ) .= \
b EEm

Based on the watch history, please
recommend 5 candidate movies
that the user might be interested in
from the following list:

000..0..

Here is the movie rating history
of a user:

TN >

b=t

F G e

80 92 98 75
Based on the above rating history
of this user, please rate a movie

named John Wick: Chapter 4 with a
range of 1-10 points.

[User]: | just watched Interstellar.
Please recommend ... to me.

&

[User]: ......

[User]: But | don't like ... because
... could you recommend other ...

Explanation Generation

A new movie named The Godfather
Part Il is recommended to a user,

who has recently watched movies:

THB

Please explain the reasons.

Based on the watch history, |
assume this user is interested in
movies of genres and
actors/actresses. Here are the top
5 candidate movies:

000060

The movie John Wick: Chapter 4
has a similar ... to the movies ... in
the rating history.

Thus, the rating is likely to be 9.0.

Large Language Models (LLMs)
for Recommender Systems

[LLM]: Sure! Here are some
recommendations for you ...

[LLM]: ......

[LLM]: My apologies! Here are
some new recommendations ...

Task-specific Recommendations (LLMs Outputs)

Zhao et al., 2024. "Recommender Systems in the Era of Large Language Models (LLMs)". TKDE 2024.

The new movie is recommended
to the user because it is the
sequel to the movie The Godfather
that was recently watched by this
user. Thus, the user might be
interested in the recommended
movie series.

\:



* Recommendations

* Challenges:
* Fall short in the effective usage of collaborative filtering knowledge

* Neglect structural relationships in knowledge
* Matching-based RAG unable to identify useful information over noisy web

data



* Retrieval from collaborative signals
* Collaborative Retrieval Augmented Generation (CRAG)

(i) LLM-based entity link (iij) context-aware collab. retrieval (iii) rec with reflect and rerank
Top tier Brazilian films? | Bacurau 1. Titane<sep> 0 1. The Enemy Within<sep> 1
realized that two of my 2. The Vast of Night<sep> 0 2. Neighboring Sounds<sep> 0
favorite movies are the extract o CF 3. Possessor<sep> 0 3. The Way He Looks<sep> 1
Bacurau and City of Gods, — =———p  4_The Empty Man<sep> 0 4. Elite Squad<sep> 2
but | don't think I've seen Cityof Godsretrieve 5 Separation<sep> 0 5. Elite Squad 2<sep> 2
other Brazilian movies. é 6. The Enemy Within<sep> 1 6. The Second Mother<sep> 1

user query retrieved items rec. items
prompting flow
. |g|. ChatGPT
reflection flow
T : Pretend you are a movie recommender system. Your job is to: }
F- You need to reply with the results of all the items in the format of [item]<sep>[field],
" where [field] is: { }
s, | . Here's the conversation: {}. Here's some additional information: { }

Zhu et al,, 2025. "Collaborative Retrieval for Large Language Model-based Conversational Recommender Systems”. WWW 2025.



* Retrieval from collaborative signals for Purification

* REtrieval-aUgumented puRifier for eNhancing robustness of LLM based RecSys
(RETURN)

Adversarial Prom Dt =S¥ T T T T TR E R E TR R RN
What is the top recommended item for user_235 who interacted Wlﬂ‘\l item_1009, | item_i 2298 n'ern 1109, item_4396, item_ 2096" !

#1 Retrieval- Augmented Perturbation Positioning

Deletion ] !

Users

[
(6050

Replacement

e Collaborative Item Graph Generation \ Perturbation Positioning \ .

—fy Database - - Cleansed '

- item_1009,=litem_2298, 7 item_1109, Titem 4396, ° =~ prompt ||

‘ % [I,,: (@) (2 )~ )2 (- ] ] {' em_1009.Jitem_2298riitem 1109, Titem_ 9"-J !
= = =

Prompt

.// / . 3 [- Predictions \:: ut;::f:d :
) . ' '

LS S,y
~

J L%

‘ ) (=

i [Inm_lom PB"“"I-II"bd‘hnnsJ { Adversarial
RE

/ ," Y L L o 0 L e N (e I N SO O S S S,

C—10 [ Occurrence Probability: A = [4;, Ag, |}] p | #2 k‘*"'““"“"g_‘]"’”“*‘d Denoising )~ = - = - = - - - .

! -, I : T ¥ !

1-Hop Collaborative 2-Hop Collaberative €-Hop Collaborative i A — p . !

\ f,m Graph / Ipfm Graph o’;nm Graph [ [0.00, 0.125, 0.284, 0.335, ...] ] Y, | [i‘l‘em_lODQ, item_2298 |item_1109, |item_4396, J :

o AN, L t JIRE CA— — i

1 i

. 'I #3 Robust Ensemble chommemicrrion) ———————————————————————————————————————————————————————— N :

B Recommendation Generation ™~ Perturbation Putification ~ : X :
1 LT .
) i .
: B [i‘rem 1009‘\J[i7zm_1429,_] iTem_ilOQ,[i‘l’em_f)Zﬁl ,_] [iterrl_1426_J o (/'l N

] Lad = - \

:: [ Replacement Operation: C,.(I; — I;|4;)
: 1

i*rern71009, item_1429 | item_ 1109, item 4396,”]

_______________________________

{irem,moa‘u arem,1429,|i+,m_11og, item 5251, | item_2096, . l
H ti‘remJOO?.J item_1429, | item_1109, item_4396, item_2096, . . l

N A 500

_________________________________________________________________________________

Majority Voting
1

Ning et al., 2026. "Retrieval-Augmented Purifier for Robust LLM-Empowered Recommendation”. TOIS 2026.



* Retrieval from knowledge graph

* Knowledge graph Retrieval-Augmented Generation for LLM-based
Recommendation (K-RagRec)

1. Hop-Field Knowledge Sub-graphs for Semantic Indexing 4. Knowledge Sub-graphs Re-Ranking
P e hmerrerae==) (T ToERRRSSSsSSSSS Semantic ' I Retrieved Knowledae Sub e ™ PSS ————— s
o1 knowledge Graph Tor Ttems ': Information Retrieved Knowledge Sub-graphs
I l —TETEEE :::-:-a.-.-.‘_:— = hode attributes " node Z O\’?

Movies Other Enﬂﬂes \_edge attributes PLM edge ;
| T r

1

1 per'for'r"n_m English | v ! O/ )\O ' !

1 Indexi Indexin, Lndexi
GNN "9 > GNN 9 .y GNN "3

L
L
L
L
L |
L
I
Cartoon (genre), Layer Layer Layer 1y
LN |
L |
LN |
LN |
LN |
LN |
1

il 1-hop 2-hopy, I-hop E Re-ranked Knowledge Sub-graphs = argtopN; . sim (p, 7,
War (tag) I z! “ z ?
Bomb (actor) Knowledge Vector - i O/s )\O Go
S mm e m———————— -7 Database = | :
2. Popularity Selective Retrieval Policy 5. Knowledge-augmented Recommendation
;-User Historical Interactions * Yy )
1 . . ’_;—" . Yy GNNEncoding L
, {movie_1, ..., movie_5} —» ‘ —» {movie_1 ' -——— .
1
"""""""""""""""" 1 Prcmp‘r (Query): What is the top recommended'
_3 - 'S"P'!'Ifd_gf _S!ib_-g_r‘gp_hf _Rejtlgval : LF] 1 movie for user_63 who watched {movie_1, . }?
== ===== <L ;
1 movie_j =

oMK B Large Language Model (LLM) aa

EIQFFQFFQFFFQ

Y
)
|—>q Response: The user may want to watch the movie_*, because .. u

Wang et al., 2025. "Knowledge Graph Retrieval-Augmented Generation for LLM-based Recommendation”. ACL 2025.



Retrieval from the web
RAG from Web for enhancing LLM-based Recommendations (WebRec)

Step 3: Web Retrieval

Step 1: Reasoning Prompt Step 2: Scoring of LLM Information Needs

Recommendation Task

~

ﬁ' oken Sequences

[ -&~&~F)

A user has interacted with items :
<item_l1>, <item_2>, ., <item_n>.
Please recommend the next item. 1

outputs (i.., semantic queries)

P

g tokens A

top-k

&

Attention, Entropy

-

Based on the user's previous purchases, which
include skincare products and hand creams, I
would recommend the "Vichy Id&eacute:alia
Radiance Boosting Antioxidant Serum, 1,01 FL" as
the next item for them to consider. This serum
can help enhance the user's skin's radiance and
improve its overall appearance, making it a great
addition to their current skincare routine.

Search APT Call

)

| skincare products '

: recommend enhance.

1 skin's radiance ... |

J

Step 4:
Transformer Block

with MP-Head

attention
output

MP-head
output

textual

1
1
. g prompt I

learnable
task feature

. Capture Long-distance Dependencies via Message Passing

Generator ~
(LLM-RS) ") !
Feed-Forward 'l Task knowledge
Network "
&o : 01D
'

learnable
task feature

Flatten :

### Recommendations

fFa-n-+?

=l =N=]
A

o

0 Web Retrieval
[_ (API Call) J

§ Linear
: | Projection

Attention Feature

IK,.K,, nl (mu at. }

[VVigs <oVl

=)

G NN NN NN NN E I NN NN NN NN NI NN NN NN NEE NN NN NN NN NSNS EEEEEEEEEEEEEEEW,

t I recommend /3 =+« N

'
entity- '
relation pair 1

'

...p distant correlation
.« learnable correlation

MP-Head
Output

AN EEE NN EEEEEEEE

*

A EE NI NN N EEEEEEEEEEEENEEEEEEEEEEEEEERS

*

Zhao et al,, 2025. "WebRec: Enhancing LLM-based Recommendations with Attention-guided RAG from Web". ArXiv 2025.



* Coding agent

Applications

Preliminary
Applications in NLP
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RA-LFM Applications: Coding Agent

* Coding agent:
* Code generation

¢ C Od e r e p a I r RAG-Based Documentation Generation Agent Architecture
* Production deployment
: =]
I
0 = —

Zhao et al., 2025. "RAG-Based Al Agents for Enterprise Software Development: Implementation Patterns and Production Deployment". Frontiers in Artificial Intelligence Research 2025



* Coding Agent
* Challenges:
* Struggles with the noise of raw security-related documents
* Overlookthe key security semantics implicitly embedded in task

descriptions
* Fail to capture the structural intricacies of code



* Retrieval from security knowledge base for Code Generation

* REtrieval-augmented Secure Code gEneration (RESCUE)

00: - d}

P —F@ @—h = T4

:'C‘I'DCJ Q:

Clt S Security
uster Summarize Knowledge

| ——o0 Cluster-Then-Summarize

Raw
Security
Dataset |
Proé t:é:m ]
Dependence Slicing Sliced
Graph Code

Static Program Slicing

Shi & Zhang, 2026. "RESCUE: Retrieval Augmented Secure Code Generation". ICLR 2026.

Root
Mode

.

\

R
| o

' CwE
\ Level

Sy
e

Code
Level

= naa

Hierarchical
Security Knowledge Base

-l-———————
———————-,

Hierarchical Multi-
Faceted Retrieval



* Retrieval from algorithm-specific knowledge corpus for Code Repair

* Improving LLM-based Code Repair with Fine-Grained Retrieval-Augmented
Generation (ReCode)

“Algorithm?”
J > m Retneval
Q “Question: " @ N

Text T Retrieval
User Query Text Encoder >, ( I )

(/) - $ y Dual-View Fused
' Code Feature

Code Encoder

—

o9

LLM

PE S

Zhao et al., 2025. "ReCode: Improving LLM-based Code Repair with Fine-Grained Retrieval-Augmented Generation”. CIKM 2025.



* Domain-specific applications

Preliminary
Applicationsin NLP

Downstream Tasks

[ Applications }I\

Domain-specific
Applications
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 Alforscience
* Molecules
e Protein

Re,
PaSid
=

https.//www.quantamagazine.org/how-ai-revolutionized-protein-science-but-didnt-end-it-20240626/



 Alforscience

* Challenges:
* High-quality chemical datasets are rare
* Costly to finetune on chemical-specific tasks
* Fail to align protein knowledge graphs with biological task specific data



* Retrieval from the molecule graph & caption for Molecules Learning

* In-Context Molecule Adaptation (ICMA)

@ : Selected i

(X): Skipped - 7 QOutput I
Molecule Graph . G
Lmsmiinsg i o Retrieval - ExN
T Large Language Models
Molecule Mol {—Cap || {Ex1 EX) 7170
Training ~ _ Random Walk) - Context Yilecule Tc.z;_t Allgnmei}
''''' Or «wo set s o @n refined examples - meg dge — e —
(‘Fhe molecule is\; Mol | CGE f ; exllex?2 - lexn ,{ r{aﬂ'\/_) aICOhOI l
'a fatty alcohol .. [OH’\IT\ sitiiosi swap . ___fll_—" : f1
IHere] ol demves| BM25 Caption ‘- MO' ICGB.{ positions e BC_'O— o
/from a hydride of aq N Rou :
dodecane. 7\3\‘/} Retrieval Examp ?es exn|--- lex2 exl = exn)- " \ex 2 ex 1 EB
Cap*'on : Ranked by Slmllarufy WQ Reversal . ;")

Hybrid Context Retrieval

Li et al., 2025. "Large Language Models are In-Context Molecule Learners”. TKDE 2025.

Post-retrieval Re-ranking

In-Context Molecule Tuning



* Retrieval from knowledge graph & molecule annotation databases for

Drug Discovery
* Collaborative framework of LLM Agents for Drug Discovery (CLADD)

[ (a)

=

Annatation
Database

o®,
| O 4 Knowledge

o° g

B

Graph

Captioning
Tool

ost likely to b

B~ cc{=o}~ccc1=cm 2e1

-,

roteins

e activated by
c2clec{OC)ec2

\

Planning Team

©

Molec

1

ule Understanding Team

%

-

Report

Knowledge Gr.

235 & &

aph Team

1B

+

Activated Proteins:
[OPRD1, ADRB2, OPRML1]

z'/’

Prediction
Agent

Available Data and Tools MolAnn Planner KG Planner Relevant 0% 'O DrugRel Agent  BioRel Agent Reports
Data and Tools
- :
O ‘ 1 A ilable f rmation too limited, ‘C]'
T\H__ Use Captioning Tool _ % -l -l
MolAnn gt
. DrugRe | ent
F— ¥ A Quem Anchor Related o
o Relevant information in KG, Molecule Drug Drugs
a Z % Call Knowledge Graph Team ﬁ -+ %
wery z N \
Similarity ]
Molecule | : ot .L/ x | ¥ %% %ﬁé . ‘-ﬁ' %
—
&é |o| . g O ] & b &8 L9
%% E - - KG Planner Knowledge Graph Am:hnr Related 2-hop
Drugs in KG |_— Anchor drug Drug Drugs Paths

Lee et al,, 2025. "RAG-Enhanced Collaborative LLM Agents for Drug Discovery". AAAI 2026.




* Retrieval from protein knowledge graph for Protein Encoding

* Knowledge-aware retrieval augmented protein language model (Kara)

Protein Knowledge Graph

GO-Molecular Function:
The binding activity of a molecule

that brings together two molecules
af the JAK signal transduciion ...

Amino Acid Sequence:
MGLRYSKEVRDRHGDKDPEG
RIPITQTMPQTLYGRYNCKSCW
FANKGLIKCSNHYICLRL....

Protein in PKG

1
1
1
1
1
1
1
1 Fl A %
1
1
1
1
1
i
|

GO Entity . \ \
i, Al N\
) New > New New
New protein Protein Protein Protein
introduced during; B ! A

Y. __fine-tuning __+

o

Zhang et al., 2025. "Retrieval-Augmented Language Model for Knowledge-aware Protein Encoding”

014910

| A.1. Contextualized Virtual Tokens

A.2. Knowledge-guided Pre-training

|Embedding Database

A. Pre-training Stage

B.1. Knowledge Retriever

Sequence of new proteins

. ICML 2025.

| I
— —s
J[ » Knowledg Mea.m knowledge information | || 6 Proten Enced f
| i, Pooling | M| '8 Protein Encoder 5
Knowledge - . G = = — = | Masked Lan Modelil
= k. - L guage Modeling
| Embedding Database | | | - | | | | [Dﬁ:l;ﬁ?{“;;cc | ¢ . E 5 %5 =5
| .| n Eal
— P E -[mask]¥ [mask|]L G M [mask] 25 o 5 : .
| Embedding of
——" Protein ¥ —d
J > Proiector structure information | — . Y~ A9JR44
E ) ] [mask] Embedding of ™ —
- l Protein 1 AYJR22 Embedding of
()149 10

Query R protel Vira o
| ‘D Projector| < ProtBert |« PDTTYLGPLNCKSCWQKFDSLY ... ira Classification
| 1 I Budding Regression
| ry GO, Rank IE:DE Query Embedding : ﬁ rofein Downstram Task Modeling
| _ho <:Z=:m Similarity Scores Local structure of candidate GO entity g Protein Z Encoder —
rz GO; h( “andidate 1. _Q T 'I | Auj}uj Projector Embedding of
| _.'O Projector-G I Protein C
: A9JR44 - Embedding of ™“C———1
I Candidate m Q00 00! I Token S ; ProteinB  Embedding of
| Embedding Projector-P| L-— - — """~ __"".— oken sequence o Protein A
L New Protein B
B. Fine—tuning Stage Structure-based Regularization



* Finance

* Financial question answering
* Financial decision-making

https.//iconnect.isenberg.umass.edu/blog/2024/10/25/ai-in-finance-banking-11-ways-its-changing-the-industry/



RA-LFM Applications: Finance

* Finance

* Challenges:
* Financial regulations continuously evolve
 Existing financial datasets offer limited data modalities
* Failtoincorporate temporal information



* Retrieval from metadata & semantic information for Financial Filings

QA

* RAG Financial QA system for regulatory compliance analysis (FinSage)

EJ®

Subquery 1

What are Lotus Technology Inc.’s core
marketing strategies for growth in 2025?

Multi-path Retrieval

=4 Vector Database

1. 70% YoY delivery growth in 2024
(12,065 vehicles), 25% from China...

2. Partnership with SunCar for insurance...
3. $110M convertible bond investment to
support product development and...

4. Launch of 450kW fast chargers and...
5. Scale up and expand geographical
presence. Lotus intend to deepen...

6. 2024 EUCCC award for decarbonization
efforts, including...

7. Nasdagq listing to fund R&D in
digitalization and electrification...

8. US market penetration via
commissioned deliveries...

e

4

g
o0

: Re-ranking

| 1 US penetration via commissioned...

| 2 Focus on luxury EV market... ?

[»  Nasdaglisting to fund R&D in...

Candidate Bundles

What was Lotus Technology Inc.’'s
sales data in 20247

Subquery 2

Sparse Retriever
Chunk 1 (score=5.8): US penetration via commissioned...
Chunk 2 (score=5.6): Focus on luxury EV market...

Dense Retriever
Chunk 3 (score=0.9): Scale up and expand geographical...
Chunk 4 (score=0.8): 70% YoY delivery growth in 2024...

Meta-data Retriever
(Matched titles: “decarbonization”, “partnership”)
Chunk 5: 2024 EUCCC award for decarbonization efforts. ..

HyDE Retriever

(Hypo Answer: ...secure significant capital market funding... )
Chunk 7 (score=0.87): $110M convertible bond investment...
Chunk 8 (score=0.85): Nasdagq listing to fund R&D in...

Ground Truth

‘ 1 US penetration via commissioned... v

o

Invest in brand equity...
2 Scale up and expand geographical v
presence...

Supporting Context for Generation

Wang et al., 2025. "FinSage: A Multi-aspect RAG System for Financial Filings Question Answering". CIKM 2025.

Query Process ‘ User: How was Lotus Tech doing in 2024 and how does it plan to get bigger this year? ‘

Supporting Context

: | In 2024, Lotus delivered 7,617 vehicles. .. |\/

@ Chunk Expansion

Invest in brand equity and fully transform the
brand. Leveraging Lotus Technology's racing
heritage and proven leadership...
Scale up and expand geographical presence.
Lotus Technology intends to deepen its

penetration across all regions. The Lotus
brand is closely associated with “customer
engagement” and “community building,”...

Lotus Technology has adopted distribution
strategy that focuses on establishing and
developing direct relationships with
customers, especially in...

——— N

Bundle 3

User: How was Lotus Tech doing in 2024 and
how does it plan to get bigger this year?
Content: ... scale up and expand geographical
presence ...

Answer: Lotus Tech had a total delivery of
7,617 vehicles ... by highlighting their racing
background and expertise. They're also aiming

at expanding into more regions and H
connecting directly with customers. @
JOB!|



* Retrieval from heterogeneous corpus for Financial Decision-Making

* TeMporal-aware Multimodal Hybrid corpus RAG system in finance
(TMMHybridRAG)

Question: What is the Price-to-Earnings (P/E) ratio of Answer: 4,331.10
Apple on Dec. 30, 2022, given 1,000,000 shares? Explanation: The P/E ratio is calculated by dividing the stock price of
$129.93 by the earnings per share of $3.
Multi—ModaI LLM )

—p Indexing Relation

Query Keywords —p Retrieval Entity Mu|ti-MOda| LLM =

r Temporal-aware Dense Vector | | Retrieved Information :

! I
I ]
[ Company: Apple : ] Company: Income Statement Table: (Company: Apple - Stock :
: 1 ! Apple Apple Q4 2022 Price: Apple Dec 30 2022) |

P! I
1 N o e e e e e e e e e e e e e e e e = e e e e e e e e e
i Stock Price: Apple Dec 30 2022 ! f
O IS

" ~
X ] r Temporal-aware Heterogeneous Graph !
| Income Statement Table: Apple Iy : -
I Q4 2022 i Company: ! g
: ! (Company: Apple - Stock Apple (Company: Apple - Income : lw]
] (ESCEOEGIEESETAAES Price: Apple Dec 30 2022) Statement Table: Apple Q42022) 1
I Apple Dec 30 2022) ! ) W
: - y—— I : Stock Price: Income Statement Table: : %
| (Company: Appie —Income L Apple Dec 30 2022 Apple 04 2022 -
1 Statement Table: Apple Q4 2022) 1 O
N f _________ LN e e e } ________________________ s 35

o

(TTTTTTTTTeTTT T T mm e e o T T Trrrrr e \
| Entities & Relations ]
1 I
I Company: Stock Price: Income Statement (Company: Apple - Income (Company: Apple - Stock 1
: Apple Apple Dec 30 2022 Table: Apple Q4 2022 Statement Table: Apple Q4 2022) Price: Apple Dec 30 2022) :

Heterogeneous Financial Corpus ,

]
]
[ Financial Financial Stock ﬂﬁl.'lq-o Technical !
: HH Tables @ News E/J\M Prices 1”"""‘-@|@ Charts !
|}

Zhu et al.,, 2025. "Towards Temporal-Aware Multi-Modal Retrieval Augmented Generation in Finance". MM 2025.




* Law
* Legal document analysis
* Legal question answering

https.//www.dilworthip.com/resources/news/artificial -intelligence-and-intellectual-property-legal-issues/



RA-LFM Applications: Law

e Law

* Challenges:
* Managing contract dependencies need complex mechanism
* Validation on RAG retrieve-augmented legal documents
* Content moderation on generated output



* Retrieval from laws & regulations for Legal Document Analysis

* Towards Comprehensive Legal Document Analysis: A Multi-Round RAG

Approach

Document ~-
Chunking

|

Semantic
Embedding

Contract

—

Error Detection *

Final Outout

Final Output

Zhang et al., 2025. "Towards Comprehensive Legal Document Analysis: A Multi-Round RAG Approach

/~ Yes

Retrieval Stage
]
Retrieve of .
Clauses Ranking
|
LLM Reasoning Stage -’-
Context =
Understanding Retrieval of
Clause
: Laws &
C
ompansan Regulations
Issir;g:,ms +| Feedback Loop
Identified and Mo
Analyzed :
Thoroughly? lterative Query Refinement
". ICMR 2025.



* Retrieval from cases for Legal Question Answering
* Case-Based Reasoning RAG QA system(CBR-RAG)

e@%ﬁ%ﬁﬁw

Generate Answer

| LLM |
Input T Prompt
2@ OO
{ ne Ooooon) & DDDDDD]}

: Query TREUSE

Case-Base

. NN
we.&hn' w W w3 RE'EFIEVE [ fro) ] [ g{s) J [ g('EJ J

arsrmrs | > Lr ) gs) ) gE) )
e () B )2 [ f(Q) J[ gs) | gE |

Wiratunga et al., 2024. "CBR-RAG: Case-Based Reasoning for Retrieval Augmented Generation in LLMs for Legal Question Answering”. ICCBR 2024.



Tutorial Outline

O Part 1: Introduction of Retrieval Augmented Large Foundation Models (RA-LFMs)
(Dr. Wenqi Fan)

Part 2: Architecture of RA-LFMs and Main Modules (Xu Yuan)
Part 3: Learning Approach of RA-LFMs (Chengliang Liu)

Part 4: Agentic RAG (Chengliang Liu)

O O O O

Part 5: Applications of RA-LFMs (Chun-Hin Chan)

O Part 7: Q&A Website of this tutorial
Check out the slides and more information!




Trustworthy RA-LFMs

Multi-Modal RA-LFMs

Efficient and Scalable RA-LFMs
Presenter

Dr. Wenqi Fan Autonomous RA-LFMs
HK PolyU

Domain-Adaptive and Personalized RA-LFMs



* RA-LFMs bring benefits to humans, but

Unreliable output

Unequal treatment during the decision-making process
A lack of transparency and explainability

Privacy issues

S
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WS

*%
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00
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 Four of the most crucial dimensions:

@a9
% Safety and Robustness "‘ % Non-discrimination and Fairness

Q % Cost and Availability

/

s Privacy




Retrieval Manipulation: Manipulating external knowledge sources to make RAG systems
retrieve poisoned content.

1. Retrieval 2. Augmentation 3. Generation
SRR TS SR _i TR [ I
akd User Interactions | . . | | |
: B Retriever I | Question I LLM as |
Q ﬁ I PR I . | Information I | Reranker |
r . P | Candidate | S ] | ] . (Recommendation
g - O L list - _——
e > (frome] > ,
| b 1 ! 2
| e P8 I o : EIIDi | ‘94/‘“
| 4 | : ;] P& o0
I c : | I I Demote Promote
I 'S | R N T e e J  popularitems  ynpopular items
©
5 SE |
Biisoning dftack : & ;:éug | n User Preference
o1soning atlacks = A A Representation
on item descriptions | : ;
| Y
I
| LLM
& A . =1 | S
I J !
==, | ' I » ! |
V.o N Iv
'\0/) ™ @ i‘ : | :
i I O T |
s =
| Item Descriptions | Embed_dlng
- R PR | Api
Nazary, Fatemeh, et al. "Poison-rag: Adversarial data poisoning attacks on retrieval-augmented generation in recommender systems." 183

European Conference on Information Retrieval. Cham: Springer Nature Switzerland, 2025.



Fairness Degradation: RAG systems may amplify biases from external datasets,
undermining the fairness of LLM outputs.

Let’s directly use
external datasets from

third-parties!

Check all the bias
issues in the external

Check popular biasin
the external dataset!

dataset!

' ' Fairness Awareness Level
A

;"g{g;gg'g;};;;ig'g? Level 1: Low Fairness Awareness Level 2: Medium Fairness Awareness Level 3: High Fairness Awareness

i AP "\E """ A P T A U AT NN =
R UnblasedSample . 1& s #1. Asians can’t drive }: :’ # 1. Hispanics are good at \: :’ # 1. Hispanics are good at \:
: because they have : - : reading. ' : reading. '
s slanted eyes ¥ " : # 2. Old people put on : [ # 2. The elderly woman :
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Inference Cost Attack: Injecting adversarial documents to trigger unnecessary reasoning
and increase token consumption in RAG-enhanced LLMs.

~ Inference Cost @ ottt
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Attack Agents
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Membership Inference Attacks: Inferring whether sensitive or private data exists in the

RAG retrieval database.

Membership Score Predicted answers

Prediction Accuracy [* |
(i.e., @mvsmM, ...) 1: =

Mask answers
. m |
Mask generator B

@ 1)
Masked document

4)

ﬁredict the answers of the masks in the given texts: \

{masked document}

A 4

You should strictly follow the contexts below to answer,
and provide your answers in the specified format:
"[Mask_i]: answer_i\n" for each mask:

\ﬂ'etrieved documents} /

(simplified) Prompt template

=2 BEE

____________________

Target document Retrieved documents

A gt i %
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Unified Multimodal Knowledge Interface: Enabling RA-LFMs to retrieve and
integrate knowledge from text, images, audio, video, and structured data as richer
contextual evidence.

User Query

Explain the historical significance of

this painting and create a modern
reinterpretation of it.

Query Pre-Process
&4
I Query Query Query

\_Rewriting Expansion propout J

[ ey
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Abootorabi et al.
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Top-K Images
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Score Fusion
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MultiModal
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Ground Truth

The Starry Night (1889) was painted
by Van Gogh during his asylum stay,
depicting a reimagined night sky with
swirling patterns and colors. It reflects
his emotional struggles and is now an
iconic masterpiece at MoMA.
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Learning : .
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Efficient Retrieval Infrastructure: Reducing retrieval, long-context reasoning, and
generation costs in RA-LFMs through caching, speculative decoding, adaptive retrieval,

and scalable serving systems.

RAGCache
In-memory KV-Cache
1 !
Cache Retriever
1 !
RAG Controller
PGDSF Reordering Pipelining
______ S S S
i External Database | i LLM Inference Engine !
1 1
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1 1
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Autonomous RA-LFMs

Autonomous Retrieval: Enabling RA-LFMs to autonomously plan retrieval, call tools,
refine queries, and verify evidence.

_________________

/ Agentic Retrieval-Augmented LFMs

________________

User Query
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External Knowledge Sources
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| I
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Domain- and User-Aware Adaptation: Tailoring RA-LFMs to specific domains, users, and
evolving real-world contexts.

isti N ; a
Existing approach Our approach: (1) User Retrieval (2) Document Retrieval (3) Document Rerank
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