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Plan for this lecture

1. Introduction of Retrieval Augmented Large Language Models (RA LLMSs)

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/


https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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S
Large Language Models (LLMSs)

@OpenAl N Meta . i3 Google Al ......

8 billion parameters

https://qithub.com/Hannibal046/Awesome-LLM/
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/



https://github.com/Hannibal046/Awesome-LLM/
https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

LLMs in Downstream Domains

U Molecule discovery, etc.
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(a) Molecule Captioning
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[ Please show me a description of this molecule: @
[C1=CC=C(C=Cl)OCZ:CC:CC:CZ"

The molecule is an aromatic ether in which the
oxygen is attached to two phenyl substituents. I
It has been found in muscat grapes and vanilla. |
@a role as a plant metabolite.
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(b) Text-based Molecule Generation
4 R
Help me generate a molecule based on the @
iven description:
e molecule is a quinoli boxylate that
s the conjugate base of xanthurenic acid,

lobtained by deprotonation of the carboxy group.
t has a role as an animal metabolite. It is a
onjugate base of a xanthurenic acid.

( C1=CC2=C(C(=CH[0-DNC(=CC2=0)C(=0)0 |
L
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Li et al, 2024, Empowering Molecule Discovery for Molecule-Caption Translation with Large Language Models: A ChatGPT Perspective,
Liu et al., 2024, MolecularGPT: Open Large Language Model (LLM) for Few-Shot Molecular Property Prediction,
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LLMs in Downstream Domains

U Medical consultation, etc.

@ Patient-friendly & Doctor-like
Distilled Real-world v
@ N\ A B\

Education

vl

*
te S ¢ & + v 0
SE2| Distiled Real-world & ChatGPT _Doctor
25 3| Instruction Instruction 2 g
28 E Data Data o &
O =\ 4 J 2 i
< > - v
00§ [ N ~ OSFT ~ oriaF - HuatuoGPT
229 s 2 a v & Doctor-like
g2 g Distilled Real-world SFTed model @ Patient-friendly
8 8 & |Conversation Conversation . .
= Es 2 D Bee (v} Instruction-following
Chemlstry Healthcare © 8 _ y € Y, @ Interactive diagnostic

O Curriculum & Teaching, etc.

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

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

Challenges and Risks of LLMs

O Domain-specific knowledge & expertise
LLMs might not perform well in many domain-
specific fields like medicine, law, finance, and
more, because of the lack of domain-specific
knowledge and expertise.

Q ¢

O Privacy
Various risks to data privacy and security exist at
different stages of LLMs, which becomes
particularly acute in light of incidents where
sensitive internal data was exposed to LLMs.

0 ©

O Inconsistency
Sometimes they nail the answer to questions,
other times they regurgitate random facts from
their training data.

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/



https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

e
LLMs’ Challenges in Vertical Domains

d Domain of Law

Journal of Legal Analysis, 2024, 16, 64-93 Hallucinations are common across
N dvarf‘ctslfcié/:s:i;;g:c‘;;gfz/g?f::‘;ggi all LLMs when they are asked a direct,
OXFORD Article verifiable question about a federal court
case

o Lo . 1.0
Large Legal Fictions: Profiling Legal 0.88
Hallucinations in Large Language Models g 03
Matthew Dahl’, Varun Magesht, Mirac Suzgun#, and Daniel E. Ho$ 8

g 0.6

In a new study by Stanford RegLab and Institute for Human- F 0.4
Centered Al researchers, it is demonstrated that legal hallucinations E
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 Llama2

Dahl M, et al. 2024, Large legal fictions: Profiling legal hallucinations in large language models.
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.
Why Large Language Models Work Well?

U Big Model + Big Training Data

Storing knowledge in the
parametric model !

Cutput
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L

Positional Positional
Encoding 6 Encoding

Input Output
Embedding Embedding

Inputs Outputs
{shifted right)
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Retrieval-Augmented Large Language Models (RA-
LLMSs)

Q0 LLMs cannot memorize all (particularly long-tail) knowledge in their parameters
O Lack of domain-specific knowledge, updated information, etc

\

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

1.2
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Retrieval-Augmented Large Language Models (RA-
LLMSs)

Data for Training LLMs
Low quality

General

Fixed

Hard to update

Content generation
Close-book exam
(Hard mode, have to
remember everything)
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Plan for this lecture

2. Architecture of RA-LLMs and Main Modules
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Plan for this lecture

1. RA-LLM architecture overview
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T
RA-LLM Architecture: Standard Pipeline

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

Major components (necessary)

/" "Which country
! won the !
| Women's World
' _ Cup2023"

Input
(Question)

Post-retrieval
process

Pre-retrieval
process

Affiliated modules (non necessary)

20
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A Simple Retrieval-Augmented Generation Model

* RAG Integration: concatenating each retrieved passage with the question

!Retrieval: DPR + MIPS ' Co l Generation: BART l

Input = =) Qutput

P eyt [ (. _____________________________ N P T R B
oo End-to-End Backprop through g and pg t:e timpanic ?a\lfity ar(ld)
uestion Answering: e ree ossicles. Yy
Queslon e " Query Retriever p, Document " Generator pg ) Gueston srewerng
Encoder (Non-Parametric) Index (Parametric)
Barack Obama was d(Z)
born in Hawaii. (x) q(x) 2z SUPP°I."-.5 fY)
Fact Verification: Fact Query 22 3l Fact Venflcatlgn:
222 2, Label Generation
: 2 f‘ :‘
zz:eg;‘u(:? = MIPS<:' g == \_/\21 S Thi: 14;hdcentur§ work
_ is divided into
Jeopardy Question —~— ClGient s Tl
Generation: "Purgatorio" &
Answer Query C "Paradiso" (y)
\ + A Question Generation
~—

Lewis et al. 2020. “Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks”
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A Simple Retrieval-Augmented Generation Model
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Ram et al. 2023, In-Context Retrieval-Augmented Language Models
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Plan for this lecture

2. Retriever in RA-LLMs
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RA-LLM Architecture: Retriever Types

« Different types of retriever deliver different generation performance

Relevance

Retriever
B No Retrieval B BERT Contriever B Spider B BM25

40
30

37.8137.9
Task-specific
s Sparse »

pre-trained

20

19.9120.0
17-5467
General-purpose
0 II II Dense PuTP

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

measurement

learning

Perplexity

Ram et al. 2023, In-Context Retrieval-Augmented Language Models
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Dense v.s. Sparse Retrievers

Sparse Retrievers (SR) 0

[ * Relevance Scoring]— -

* Feasible to apply Query == =
1—1 —> Reftrieved Results
. : bt Chanki (Chunks/Documents/
Database s —

Fine performance

Example: TF-IDF, BM25
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Dense v.s. Sparse Retrievers

Dense Retrievers (DR)
 Allowing fine-tuning
* Better adaptation

» Customizable for more
retrieval goals

* Example: DPR,
Contriever
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Task-Specific Pre-trained Retriever (Supervised)

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

TweindepenaentBERTS Inner Product Similarity

Nt sim(@,p) = Eqo(q)TEp(p)

Q — /.'}-»B Encoder Ea( )
Query ) ’ el I
;‘\»B Encoder Ee¢( ) [ Relevz?:‘:qszc;rmg Retrieved Results
\ i / - (Chunks/Documents/
— — Tokens/Entities/..)
- C ing (
= — fmﬁ Tokemzmg/ > @ IndexingJ
Database S

Karpukhin et al. 2020. “Dense Passage Retrieval for Open-Domain Question Answering”
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Task-Specific Pre-trained Retriever (Supervised)

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

, o * Training with in-batch negatives
* Learning Objective

L(q;, pj,pij], o sy B ) Training baltch

q) o
positive . ltwas incorporated

. o+
eSlIIl(qz Pi ) Who founded by Jobs and Wozniak
= - log Apple? 5, las App;% %}mputer.
: o " L “, nc. in
sim(q;,p;") n snn(q.,,p.~ ) 3
(& o + Z]:l € . ) D+
What is the 12-year-old Spanish
5 name of ; ﬁogbaél_clubéqeaé "
g J pain's mos *. |Madrid is undoubtedly
* Training data: Question-Passage Sets famous soccer the best footall iu
team? 3 Spain has ever...
Negative ;
D — H [ = _ m sa?n la negatkves
— { 3| Pj 7pz"17"' ’pi,n> i=1 P *
: selection? n i
Who was the Thomas Umunnakwe

o g
Question Irrelevant passages )

Relevant.passage

first ministry
head of state in
Nigeria?

% | Aguiyi-Ironsi seized
* | power during the

ensuing chaos after
the 15 January ...

Karpukhin et al. 2020. “Dense Passage Retrieval for Open-Domain Question Answering”
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General-Purpose Pre-trained Retriever (Unsupervised)

+ Contriever: Pre-trained with unsupervised learning

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

Same BERT encoder for queries and documents |o O O

0 —-[&,B Encoder E() |
Query

S ) (Chunks/Documents/

T Tokens/Entities/..)
unki

g UEt Tokeniz?rg\g/]—‘ @ Indexing |

Database

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

Contrastive learning with Bl e exp(s(q, k+)/7)
unaligned documents T exp(s(q,k+)/7) + Z,Kzl exp(s(q, k;)/T)

Izacard et al. 2022. “Unsupervised Dense Information Retrieval with Contrastive Learning
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I
DPR & Contriever Performance on OpenQA Tasks

End-to-end QA (Exact Match) Accuracy

Both widely applied in

Training Model NQ TriviaQA WQ TREC SQuAD R AG an d R A'LLMS
Single BM25+BERT (Lee et al., 2019) 26.5 47.1 1747 21.8 33.2
Single ORQA (Lee etal., 2019) 333 45.0 36.4  30.1 20.2
Single HardEM (Min et al., 2019a) 28.1 50.9 - - - - . .
Single  GraphRetriever (Min etal., 2019b) 345 560 364 - : DPRin Contriever in
Single PathRetriever (Asai et al., 2020) 32.6 - - - 56.5
Single REALMy;y; (Guu et al., 2020) 39.2 - 40.2 46.8 - .
Single ~ REALMnews (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
BM25+DPR 39.0 57.0 3.2 280 30.7
Mulii DPR 41.5 56.8 424 494 24.1
BM25+DPR 38.8 579 41.1  50.6 35.8 NaturalQuestions TriviaQA
R@5 R@20 R@100 R@5 R@20 R@100
Inverse Cloze Task (Sachan et al., 2021) 323 509 66.8 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 T4.2 83.2
supervised model: DPR (Karpukhin et al., 2020) - 78.4 85.4 - 79.4 85.0
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Task-Specific Pre-trained Retriever (Unsupervised)

+ Spider (Span-based unsupervised dense retriever)
Recurring Span Retrieval: It is based on the notion of recurring spans within a document:
given two paragraphs with the same recurring span, we construct a query from one of the
paragraphs, while the other is taken as the target for retrieval

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

e R T T I B SRR e B e : mamtam that Aaron received from God a monopoly over: p1

/ :God at Sinai granted Aaron the priesthood for himself ‘the priesthood for himself and his male descendants ..
ql ‘and his male descendants, and he became the first ] :
:High Priest of the Israelites. W N L R R R A SRS R e i

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

IImagme (John Lennon Song)

: Several poems from Yoko Ono's 1964 book Grapefrwt' p2
iLennon said that much of the song’s lyrics and content | /'Qs_p'_r?d_ Lennon to write the lyrics for “imagine”.._

I
I
q, icame from his wife Yeke-Bre, and in 2017 the process !

2 ito give Yoko co-writing credit |

___________________________________

:Imagine (John Lennon Song) S
. .. Imagine was written during the Let It Be session. : p2
.Lennon finished composing "Imagine" one morning ... !

Ram et al., 2022, Learning to Retrieve Passages without Supervision
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Task-Specific Pre-trained Retriever (Unsupervised)

* Learning and results of Spider

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

100

tain tt f j ,])]

mainta at Aaron received from God a monopoly o
2t Sinal granted Aaron t ssthood f 1sedf the priesthood for himself and his ma n

, God at
q é male ndants, and he became the first
1 High Priest of the Israelites

exp (s(¢}, p7"))
i (exP (s(q},p))) +exp (S(qé,pj‘))) 0

Top-k retrieval accuracy (%)

0 20 40 60 80 100

Ram et al., 2022, Learning to Retrieve Passages without Supervision
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Plan for this lecture

3. Retrieval results integration
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Retrieved Results Integration: Input-layer Integration

+ REALM

[ El
[ = |
2B e J‘ (Ch;'.m‘:..—@—{ & o ‘_ ®
Tokens/Entities/..)

Integrating the
retrieved passage
z and x the
original input

¥

[MASK] 7, [SEP] x | —p —» P(y|x,z;) ~  Weighted aggregating

[MASK] 2, [SEP] x  —> —» P(y|x,2)

the prediction results
= based on all retrieved
passages

[MASK] 7, [SEP] x  —> > PGoInz Y PeInPY|x2)

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

€D
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Retrieval-Augmented Generator

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

y= pounds y= pounds

1 Prcbasttes T Prtatien

s O | SO P
x: we paid 20 __ at the x: we paid 20 __ at the Buckingham Palace is home!
Buckingham Palace gift shop Buckingham Palace gift shop | to the British monarchy

explicit knowledge
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Retrieved Results Integration: Output-layer integration

o ?‘ Retrieval Retrieved Results
Input Q (Chunks/Documents/

Tokens/Entities/..)

Generated Results

i Generator W " e
(LLMs) J 2
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I
RA-LLM Architecture: Output-layer Integration

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

Training contexts Targets Context reps
Obama was senator for | Illinois sy - Context-based
Barack is married to | Michelle 77777777 | similarities

Hawaii |0.8

Obama was born in | Hawaii " o
lllinois | 0.2

A

Obama is a native of | Hawaii

Hawaii | 0.6

lllinois | 0.2
Test contexts Targets Context reps —

- . H .. )
Obama'’s birthplace is? | ? awail 0.2

lllinois | o0.2
Language
model prediction

Interpolation

Khandelwal el al. 2019. “Generalization through Memorization: Nearest Neighbor Language Models”
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Retrieved Results Integration: Intermediate-layer Integration

o ;Q Retrieval Retrieved Results
Input - (Chunks/Documents/

Tokens/Entities/..)

|
& w0 } - (B

Output

Borgeaud et al. 2022. Improving Language Models by Retrieving from Trillions of Tokens
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/



https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

Retrieved Results Integration: Intermediate-layer Integration

Regular Decoder

H - l

Transformers blocks (xL

Decoder to incorporate retrieved results (RETRO)
With retrieved results =) E E2 E;

X
X3 RETRO blocks (xL

Chunked Cross Attention (CCA)
Borgeaud et al. 2022. Improving Language Models by Retrieving from Trillions of Tokens
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Retrieved Results Integration: Intermediate-layer Integration

Encoded neighbors

Previous layer output H
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Retrieved Results Integration: Intermediate-layer Integration
Encoded neighbors

p
=
.
s
CA(H",E)
L—< H,
o
CA(H,", E,)
H, £
: Attending chunks 3
Previous layer output H = cca(H,E) Next layerinput
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Plan for this lecture

4. Pre/Post-retrieval techniques
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Pre/Post-Retrieval Techniques

Retrieval Generation

Input \g — v " Output
(Question) , —Q = '

(Answer)
Post-retrieval process: to
select better results, merge
multiple ones, etc

Pre-retrieval process: to
improve the adaptation and
effectiveness of the query

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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Pre-Retrieval Techniques

* Query Rewriting: to improve the adaptation of the query

___________________________________

Standard
search

wrile & passage fo answer the question How wi S Bt
how long does it take to remove H DE Some ... a few minutes, whereas Quel’y QUEI'y
wisdom tooth y It usually takes between 30 others can take 20 minutes or

minutes and two hours to longer....
’ — remove a wisdom tooth.. [ l
write @ scientific paper passage to answer |
the question ...depression and anxiety had .. two studies investigating
How has the COVID-19 pandemic impacted increased by 20% since the Contriever ’—z_ —» COVID-19 patients .. significantly
mental health? start of the pandemic... higher level of depressive ... L L M
: , 12t0| E§ A8 7|82 O} answers
write a passage in Korean to answer the / 8002HA THE LPEHCE . LEENE AEY AN B0
queston in detai ./ T A7} HOIE! 1428 U HO
UNE oA BE MBHE? 2 Agact.. Search

1. Generative task 2. Document-document similarity task

B e e T
e e e e e e e e et e e R L e e e e

Gao et al. 2022. “Precise zero-shot dense retrieval without relevance labels”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Pre-Retrieval Techniques

+ HyDE: Hypothetical Document Embeddings

Model EM F,
Input ' Input I'"fE‘ J i HotpotQA

| : Input: ) Direct 3236 43.05
Black-box LLM ‘ Small PrLM What profession docs Nicholas Ray and Retrieve:thenrsad 30.47 41.34
Retriever Rewriter ‘ Rewriter Elia Kazan have in common? B T 3380 1385
l v — . Trainable rewriter 3438 4597

PR AP Query Qucry Query: Nicholas Ray profession AmbieNi
A v ¥ Query: Elia Kazan profession Direct gNQ 42.10 53.05
' Documents Web Search Web Search B T . Refricve-then-read 4580 5850
= Retriever Retriever Elia Kazan was an American film and‘: LLM rewriter ; 46.40 58.74
l P T o ' + theatre director, producer, : Trainable rewriter 47.80  60.71

B B et | screenwriter and actor, dcscnbcd sserns &
Black-box LLM I Documents 1 ‘: ' Documents | ‘.1 Nicholas Ray American author and ! Vi PopOA 41.94
Reader \ | W\! . director, original name Raymond rect l. 44.61
Ve - - r - == - 3 l . Nicholas Kienzle, born August 7, ! Retrieve-then-read 43.20 47.53
l Y Black-box LLM © 1911, Galesville, Wisconsin, U.S...... | LLM rewriter 46.00  49.74
( Black-box LLM ack=box LLM. oo Trainable rewriter 4572 4951
Output
Reader Reader ( -
Correct (reader ) director | P
=  —— | | Hit retriever ) Works on different QA
utput eward « Output :
settings

Wang et al. 2023. “Query rewriting for retrieval-augmented large language models”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Pre-Retrieval Techniques

* Query Expansion

LLM Prompts ]

y, N it MS MARCO dev TREC DL 19
Write a passage that answers the given query: € "MRR@10 R@50 R@Ik nDCG@10
Sparse retrieval
Query: what state is this zip code 85282 BM2S X 18.4 i 38.5 - 85'7+6 ; 5'-2*”0
Passage: Welcome to TEMPE, AZ 85282 £ guery2doc X 2T i) % - i
2 . b e BM25 + RM3 X 15.8 56.7 86.4 522

85282 is a rural zip code in Tempe, Arizona. docT5query (Nogueira and Lin) - 277 756 947 642
The population is primarily white... Demse tetricval wio distilation
ANCE (Xiong et al., 2021) v 33.0 - 95.9 64.5
Query: when was pokemon green released HyDE (Gao et al., 2022) X - - - 61.3
Passage: DPRypert-base (our impl.) v 3.7 80.5 95.9 64.7

k J + query2doc v/ /It et -t Tt

New query = original query + generated documents Works for both sparse and

: dense retrievers
q" = concat(qg, [SEP], d)

Wang et al. 2023. "Query2doc: Query Expansion with Large Language Models”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Post-Retrieval Techniques

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

neural initial retrieval

=
To Top-K z L]
Query % § &'::x Passage ° Generator % =output
I _ il
Regular RAG pipeline
:
§ Generator 8 [»output
3 :

RAG with Reranker

Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/
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I
Retrieved Result Rerank (Re2G) Model

* Reranker: interaction model based on the sequence-pair classification

Nogueira and Cho, 2019, Passage Re-ranking with BERT
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Retrieved Result Rerank (Re2G) Performance

T-REx NQ TriviaQA FEVER WoWw
R-Prec R@5 | R-Prec R@5 | R-Prec R@5 | R-Prec R@5 | R-Prec R@5
BM25 | 4688 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 8466 | 3474 60.22
KGIo DPR | 6502 7552 | 6465 69.60 | 60.55 63.65 | 80.34 8653 | 48.04 71.02
Re’GDPR | 67.16 7642 | 6588 7090 | 6233 65.72 | 84.13 8790 | 47.09 69.88
"~ KGI, DPR+BM25 | 60.48 80.06 | 36.91 66.94 | 40.81 6479 | 6595 90.34 | 35.63 68.47
Reranker Stage | 81.22 87.00 | 70.78 73.05 71.80  71.98 87.71 92.43 55.50 74.98
Re’G Reranker | 81.24 8858 | 70.92 74.79 | 60.37  70.61 90.06 9291 5789 74.62

Glass et al. 2022. “Re2G: Retrieve, Rerank, Generate”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

Significantly outperforms pipelines without the Rerank stage
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Post-Retrieval Techniques

Retrieved Result Compression
+ To reduce the computational costs and also relieve the burden of LMs to identify relevant

information in long retrieved documents.

RECOMP during mf?ff_'_‘fﬁ ............................................... No retrieval (0 tokens)
Inputqueryx 7T > = 2010 X
Retrieved documents D RALM (749 tokens) Blackbox
when did they ! oo mpeie ST S Vg R e afeear S b e ==x2015
i ‘ * MM
St_Op making the moved from Smyrna, Tennessee, .
nissan xterra? to Nissan's facility in Canton, : o T e Y- i
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)
s 3 Summar
Retrieve Compress Y Prepend

Compressor Learning Objectives

« Concise
» Effective
+ Faithful

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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Post-Retrieval Techniques

QA tasks
NQ TQA HotpotQA
In-Context evidence #tok EM F1 #tok EM F1 #tok EM F1
- 0 21.99 29.38 0 4933 5485 0 17.80  26.10
RALM without compression
Top 1 documents 132 33.07 4145 136 57.84 6494 138 28.80 40.58
Top 5 documents 660  39.39 4828 677 6237 70.09 684 3280 43.90
Phrase/token level compression
Top 5 documents (NE) 338 2360 31.02 128 5496 61.19 157 2220 31.89

Top 5 documents (BoW) 450 2848 36.84 259 58.16 65.15 255 25.60 36.00

Extractive compression of top 5 documents

Oracle 34 60.22 64.25 32 79.29 82.06 70 4180 51.07

32 2397 31.00 3l SOIR 5624 6l 2100 29 R84
BM25 36 25.82  33.63 37 54.67 61.19 74 26.80 38.02
DPR 39 3432 43.38 41 56.58 62.96 78 27.40 38.15
Contriever 36 30.06 31.92 40 53.67 60.01 78 28.60 39.48
Ours 37 36.57 44.22 38 58.99 65.26 75 30.40 40.14

Outperforms representative sparse and dense retrievers

Xu et al. 2023. “RECOMP: Improving retrieval- augmented LMs with context compression and selective augmentation”
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Post-Retrieval Techniques: Corrective RAG

: : Q: What is Henry Q: Who was the screenwriter
radin n rrectin ; .

Grad ga d correct 9 Feilden's occupation? for Death of a Batman?
B e . [ Retriever J
5 / Accurate Documents Inaccurate Documents
i Retri Grad — Anser!

s el R dliiand 9 4
avestion —>(O—> Q) —  fuiee, T ; Henry Feilden Batman (1989 film):
\ (Conservative politician): of the murder of Bruce
ves O O Henry Master Fei?den Wayne's par'ents. When
! Hearite musry Heb Swarch : was an Conservative Hamm's script was

¢ (Node‘)‘ = E(Node)c : Party politician... rewritten, ...

e ) iy} iy}

Politician.

Yan et al., 2024, Corrective Retrieval Augmented Generation Generator Generator

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/
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Post-Retrieval Techniques: Corrective RAG

3 ! 1
Retrieval E X: Who was the screenwriter for Death of a Batman? E Retrieved Documents l |
1 1

Ask: If retrieved
documents are

Retrieval
Evaluator

Knowledge Refinement

TN
| B

Hbmmpose- Filter |Smpkl p

e p
Knowledge Searching

iy SIS @ 0o
T ]
1
E X H::/E q: Death of a Batman; |‘:\r -(: >l k..
______ | screenwriter; Wlklpedlal
Rewyite o ot i el i Select
soven [ ]

Knowledge
Correction

.......

Generation

Generator

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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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 necessarv context

Downstream LM Output

User XX With Refiner | o

,{ According to the provided context, the

: answer is no. North Marion High School
1 is located in the United States, while
: Seoul High School is located in South
1 Korea. They are in different countries.

they all locate in the U.S.

( Relevant Documents )

Retrieval @ Refiner
,” Wheeling High School, or WHS, is a public four- :\ _____ _[ EXtraCt and Strucu”'e l ________ e
: year high school located in Wheeling... :‘ i = - =' End End E diseor Rel ¥
i Seoul High School( Hangul: 4]-&31.53}3) is a public‘l: = ! 2R x.tra.ct an ect/o'n ?ue,y- el
:l high school located in the heart of Seoul, South Korea. j* ===~~~ = L‘\Contents by Distinct Information:

: Ottawa High School and Junior High School i
I The Ottawa High School and Junior High School, 1
: located at 526 and 506 S. Main St. respectively, are :

1 the historic former high school and junior high school ™ ‘: —————— X
|

1

1
1
1
1
1
1
1
in Ottawa, Kansas, ... ' :
1
1
1
4
1

1
1
:
i
~ 1
1.1.85eoul High School :
Seoul High School( Hangul: 4 €315 %}31) is a public :
1

1

1

1

1

1

1

1

high school located in the heart of Seoul, South Korea.
¢ — "North Marion High School (West Virginia) \I: 1.2. North Marion High School (West Virginia)
1 North Marion High School is a public Double A ("AA") ! wNorth Marion High School is a public Double A ("AA”)
1 high school in the U.S. state of West Virginia, with a i _.-* high school in United States of West Virginia.
R current enrollment of 851 students... ‘J}._,_ ey S 4
e e e -~ (R e
N /

Li et al., 2024, Refiner: Restructure Retrieval Content Efficiently to Advance Question-Answering Capabilities
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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Plan for this lecture

3. Learning Approach of RA-LLMs

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/


https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

Learning Approach of RA-LLMs

Training-free Methods

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/
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RA-LLM Learning: Training-free

Retrieval models and language models are both frozen.

T S ——

[ ( - Large Language
Input 'L@ Models Outpur

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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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2
RA-LLM Learning: Training-free

Prompt Engineering-based Methods

— (F :
World Cup 2022 |:—d Retriever FIFé Warld Cup 2026 wil
: expand to 48 teams. AW
was the last with 32 e Large Language 48 in the 2026
teams, before the World Cup 2022 was the Model tournament
increase to last with 32 teams, before Odels a

Qhe increase to

Retrieval-Guided Token Generation Methods

[l:;lq Retriever

{L

LeBron James was
born in Akron

~ Large Language
Models

LeBron James is a
native of American

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

Large Language Augmgntation

Models

LeBron James's ]
birthplcae is ? |

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/



https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

RA-LLM Learning: Training-free

IRCoT

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

@ IRCoT Retrieve (Q) — [E @ —> q — §=‘|
@ Interleaved Retrieval guided S

©o by Chain-of-Thought Reasoning %
T1 — Reason (Q, [E, QZS ) i
@ The 1970 international hit song that Reason( @, 7 @)

Murray Head is most recognized for ]
is "Super Star" Retrieve (T1) — - Wikipedia Title: Mack Rides

> N Mack Rides GmbH & Co KG, also ...
T2 — Reason (Q, [E+[E), T1) Q: In what country was

Lost Gravity manufactured?
@ "Super Star" was written by A The Lost Grfavitylwas manufactured by Mack

A

A

A

Rides. Mack Rides is a company from

Andrew Lloyd Webber and Tim Rice. Retrieve (T2) — Germany. The answer is Germany.
" % i}\.likipedia Title: Murray Head
Murray Seafield St George Head .. >
13 Reason @ B+ B+B, T1+12) | 9
So the answer is: — Wikipedia Title: Most Beautifullest Hits
@ The Most Beautifullest Hits is

Andrew Lloyd Webber and Tim Rice.
” - Q: Who wrote the 1970 international hit .. @

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

‘ + ’ + ‘ ’ by. Andrew Lloyd Webber and Tim Rice.

Trivedi, Harsh, et al. "Interleaving Retrieval with Chain-of-Thought Reasoning for Knowledge-Intensive Multi-Step Questions." ACL. 2023
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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I
RA-LLM Learning: Training-free

GENREAD
ittt ettt v Initial d: Generated d;: Generated d;:
Step 1: Get one document d for each ! v - imatonal ) (M C - n N\ (7 1 inational )
question g via retrieval or generation. : onsanto' isamu tln?tlona . onsanto. or'npany is an m.e opsan ois E.I multinationa
i agrochemical and agricultural rican multinational agrochemical || agricultural biotechnology
g g g
_/\« : biotechnology corporation ... It || and agricultural biotechnology corporation. ... The company
Question | Document | Cluster | | | is 516 of the world’s leading corporation ... It is a leading also manufactures other
. q d—— = | producers of roundup, a gly- producer of genetically engi- agricultural chemicals, such
ol hosate herbicide. (63 words) || neered seed and ... (70 words) as insecticides ... (36 words)
What does Ge1 dey c P : )L seedand.. L )
Monsanto

Step 3: Given question g for training or inference,

g D
own? (WebQ) :

1

1

Aej des ¢ ! for each cluster ¢ € {1...k}: i

. . 1

'+ sample {ch' dcj}fj =1..n, whose cluster id is c: * agricultural chemicals |,

—> « » * seed (also correct) i

‘ ! e create prompt p. = “qc1;de1s 5 3 Gens Aen”s .

Step 2: Get embeddings, and 7] I+ generate document d. with p, using a large language model. / \
cluster them by K-means. L s 1 Using a reader (e.g., FiD), with g and the diverse documents {d,, d,, ..., di}, find answers a. :

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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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s
RA-LLM Learning: Training-free

kNN-LM
Training Contexts Targets || Representations Distances Nearest k Normalization Aggregation
&) U ki = f(ci) di = d(q,k;) p(k;) o< exp(—d;) PN () = Z Ly=v;p (ki)
Obama was senator for | lllinois —> 4 Hawaii |3 [—> Hawaii|0.7 ——7" Hawaii | 0.8
Barack is married to | Michelle Ce0O [—*| 100 # lllinois |4 [~ lllinois [0.2 > lllinois | 0.2
Obama was born in | Hawaii @Oo0e® [ 5 >  Hawaii|5 —| Hawaii|0.1
Obama is a native of | Hawaii > 3 Classification Interpolation
1 pLm(Y) p(y)=Apkan(y)+ (1= A)pLu(y)
Test Context Target Representation -
_ Hawaii 0.2 Hawaii | 0.6
x q=f(z) o . .
lllinois [0.2 lllinois | 0.2
Obama’s birthplace is| ~ ? >

>~

p(ylr) = A pann(y]2) + (1 = A) pem(y|o)

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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/
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I
RA-LLM Learning: Training-free

REST
Step 1: Retrieve docs Step 2: Construct Trie Step 3: Verify candidates
Retrieved Context Y Continuations R f Trie of \ ﬂ' ree Attention \
. . 3
numbers =[...] \n for i | in range( Continuations 3 @ @ v
dictionary ={...}\n fori |, itemin 5,@
2 1 v | V
import math \n for i | in range( —> ‘ >
1 1.
numbers =[...]\n for i | in sorted( ‘@ @ v v
file = open(...) \n for i | in range( "1'-,1@ @ v | v v
kdef sorted_c(...)\n fc::' |J Qn sorted ) \ / K /
\ 4
= Input Retrieval-Based ;Candidates .
_ el . . in in range(

He, Zhenyu, et al. "REST: Retrieval-Based Speculative Decoding." NAACL. 2024
RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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RA-LLM 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

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/



https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

Learning Approach of RA-LLMs

Training-based Methods

* |Independent Learning

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - htips://advanced-recommender-systems.aithub.io/RAG-Meets-LLIMs/
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I
RA-LLM Learning: Independent Training

Retrieval models and language models are trained independently.

* Independent training of Retriever.

2 Large Language
Tnput 4{ Models Jﬁ OUfPW—]
{ .

* Independent training of large language models

‘ I:;lq -l:efriever _ g Dafasfore}—» %@@J

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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I
RA-LLM Learning: Independent Training

Independent training of large language models.

' J/v-
Large Language
Input 4’{ = Models J_‘ OWPU'T
%
Back-Propagate

/

Minimize — logPy(y|x)

@OpenAl N\ Meta i Google Al ......

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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I
RA-LLM Learning: Independent Training

Retrieval models and language models are trained independently.

* Independent training of Retriever.

2 Large Language
Tnput 4{ Models Jﬁ OUfPW—]
{ .

* Independent training of large language models

‘ I:;lq -l:efriever _ g Dafasfore}—» %@@J

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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e
RA-LLM Learning: Independent Training

Sparse retrieval models: TF-IDF / BM25

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

left an indelible mark on the sport ...

(.

) 2

Kobe Bryant, a basketball icon and five-time

NBA champion, captivated fans worldwide ... [1' 2,0,0,0.6,0., ]

[ Kobe Bryant, a legendary basketball player, J

-

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.
Robertson, Stephen, and Hugo Zaragoza. "The probabilistic relevance framework: BM25 and beyond." Foundations and Trends® in Information Retrieval. 2009

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/
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I
RA-LLM Learning: Independent Training

Dense retrieval models: DPR

L(Qiap;F)prL‘_,la T 7pi_,n)

Inner Product Similarity sin(gip)
e i

sim(q, p) = lfQ (9)"Er(p) = —log

esin(aip) 4 Z;.‘Zl eSin(ai-p; ;)

Dense

[ 1
Vectors [OQQ(BOOO] ([OOOOO00]

1
Jun] DDDD&
En?der Enc%der-

[Who is Kobe Bryanf?] Kobe Bryant, a legendary basketball player,
left an indelible mark on the sport ...

Query g Text Chunks p

N\

Karpukhin, Vladimir, et al. "Dense passage retrieval for open-domain question answering." 2020 Conference on Empirical Methods in Natural Language Processing, 2020.
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I
RA-LLM Learning: Independent Training

Dense retrieval models: CoG

Phrase Table
Phrase Encoder
EEadCa)| | §| oo ||t | et i | | | @858S
( BERT model ] the United States .. |° * * SRS oo atthe7s™ .. 4 4
September 3, 2021. (Gaca)
(@ ©D)] (@ ©D) (@ ©D)]
in  States and audiences the 5
Source Text Token Embeddings
Collection
-~ Copy -~
= P IEAE = OO0 | B

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) Deng = MLPeng (D)
Hi+1 = PrefixEncoder(x;, H;). !
PhraseEncoder(s, e, D) = [Dstart|[$]; Dend[€]] € R”
Tian Lan, et al. “Copy is All You Need.” In The Eleventh International Conference on Learning Representations, 2022.
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I
RA-LLM Learning: Independent Training

Model Training:

n

£p — log exp(q,‘, -p;,,)
n k=1 ZPGPL. eXI)((]Aa . I)p) + Z’wEV eXI)(qk . Il*"“w)

m
exp(q;, vp
,=——Zlog Xp(g:> UD.)

u cV exp(q1 z‘u )

Tian Lan, et al. “Copy is All You Need.” In The Eleventh International Conference on Learning Representations, 2022.
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I
RA-LLM 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
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Learning Approach of RA-LLMs

Training-based Methods

« Sequential Learning
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RA-LLM 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

(1. Retriever First \ (2. LLMs First ¢ )
{ J La J
- ~ ~N SN rge Language Sm—

% Refrieverk = Datastore === . Input Models ‘ Output )
- . : ’ : S o S h

— ( ) Large Language

:QI Retmevel:g‘—' = Datastore === 1 Iant:f = Models Outp

Large Language | = ; - @@@ J
\ Input H@ Mo dels —’Outpu‘rT / [G Refmeverj—{ = Dafastore]—*
%

L J/

AN
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I
RA-LLM Learning: Sequential Training

RETRO

________________ Encoded neighbours

Neighbours —
SO A e o e e 1
BERT S 3 1 Chunked cross-attention (CCA) 1
S 8 ! I
»n Q
BERT % 5 : Encoded neighbours :
. - I
Frozen KNN Retriever E E !
_______________ 1 1 2 1
Attend '
Condition : 1
_____ e 1
Input r ! 1
tokens | <Y I 1 :
e N N\ N ! I |
I I
1
C, | 1 | |
I I | CA(H", E) :
1 0 I I |
c, | ATIN [ ccA [ FFW e | I
[ 1 : CA(H," E,) :
I I I
C I l 1 . I
3 I : Attending chunks I
1\ J J J : H CCA(H, E) |
1 I

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

Input @ Lar

ge Language —’Outpu‘rT

Models

1. Retriever First O ([ 2. LLMs First ¢ \
{ J La J
. " rge Language |
% Refrieverk = Datastore — |=||= _:_ﬁ Input Models ‘ Output
L= [t : ) J ) i\ i J
( ¢ ’ N[ ™ — )
— ) Large Language
:QI Retmevel:g‘—' = Datastore — I=I=I= 1 Iant:f = Models Outp

\.

R e

= veresore — DR

=
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RA-LLM Learning: Sequential Training

REPLUG (Retrieve and Plug)

Retrieved document d

Jobs cofounded
Apple in his
REMICVEIE — ] parents' garage

Input
Document
Reformulation
Retrieval
Test Context X
Jobs is the | =l Black box
CEO of _

AppLe

‘||

zeB

d X

by adopted... CEO of _

r =
Jobs was raisedIJobs is the

passed away... | CEO of _

r R
Steve Jobs Ijobs is the

CEO of _

> KL(Pr(d|2) | Quu(d | 2.9))  Pr(d | z) =

Apple...

|

|

|

r =
Jobs cofoundedIJobs is the

Ensemble

es(dvx)/’y

S iepr

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

-~ - w
—» pear
-
AV apple apple
—- pear }‘pear
not not
—» apple [N
: pear | J
not |l

ePLM(y|d7m)//6
S ey P DB
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RA-LLM Learning: Sequential Training

AAR (Augmentation-Adapted Retriever) Source LM

E - Pre-Trained Retriever
. Positives Negatives
Ground Truth U ANCE Sampling

""" > Top-K FiDAtt

Generic
[ ]

[ Augmentation-Adapted Retriever .
L= > > Uf(gd") flg.d)),

q dtebDbet d—eD—

Yu, Zichun, et al. "Augmentation-Adapted Retriever Improves Generalization of Language Models as Generic Plug-In." ACL. 2023.
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RA-LLM 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 modell
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Learning Approach of RA-LLMs

Training-based Methods

« Joint Learning
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RA-LLM Learning: Joint Training

Retrieval models is and language models are trained jointly.

[l:;IQ Re‘rrieverH = Da‘tasfore}—» Ebll_:hll_:h']

- Large Language
Input Models J—>Ou1'pu1'—<
x 4
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RA-LLM Learning: Joint Training

* Retrieval Index Updating, which could be very expensive!

- s 1 .
1 . $ = Ret d
= O ndexing .' sivies
Database - - -—-—---C el SR
e ;/‘ \ I - Large Language @
N7 L Models
Input Output

* Solutions:
* Asynchronous index updating

* In-batch approximation

RAG meet LLMS: Towards Retrieval-Augmented LLMS Tutorial @ KDD 24 - https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/



https://advanced-recommender-systems.github.io/RAG-Meets-LLMs/

RA-LLM Learning: Sequential Training

REALM
-------- Pre-training -~ sample | Supervised
.-~ sample .-~ sample
T R
| The [MASK] at the top of the pyramid (z) | what’s the angle of an equilateral triangle? () !
retrieve Lol retrieve LCATEL
[Neural Knowledge Retriever () j« ------ knowledge [Neural Knowledge Retriever () j< ------ knowledge
] corpus (Z) I corpus (Z)
(z,2) (x,2)
\[Knowledge—Augmented Encoder (d))j \»[Knowledge—Augmented Encoder (¢ )j
7 Answer----S-----o-ooooo - - Answer -~-----,

E [MASK] = pyramidion (y) E

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

REALM

------------------------------------------- Jo
\ . Textual LA i e— H S B
[Neural Knowledge Retriever (B)J<-r6:tf'g!e- knowledge p(y | ’ ) p(y] | , )
corpus (Z) g=1

}
(z,2) |
\,[Knowledge—Augmented Encoder (d))]

p(y; | 2,z) x exp ('w;BERTMASK(j)(joinBERT(a:, zbody)))

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

REALM

™ =2 ,'n;,]e“ ~[ Supervised
r- Input query -----cmem e : data

| what’s the angle of an equilateral triangle? (r)E

p(y|z,x)oc Y exp (MLP ([Asmana(s); Pewn(s)]))

(Neural Knowledge Retriever (6 )J<-r€tf,§!e- knowledge s€S(z,y)
| corpus (Z) -
oz hstart(s) = BERTstart(s) (JO1inggpr (2, Zbody)),

\[Knowledge—Augmented Encoder (¢ )j hEND( s) = BERTgyp (s) (J 0 inBERT (CE y Zbody ) ) ;

-~ Answer - Y-,
| 60 degrees (y) !

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

REALM — Asynchronous Index Update

.. ' E gy = | Vo) Updated}
Y

E = \» ~ Encoder — Shdex
Database [E]— ) Tupdates () Refresh

f(z,z) = Embed;pput (7) " Embedgoc (2)

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

TRIME - In-Batch Approximation

2 il

Encoder

\ 4

.
K0
5

)

Q.
o=
X

Q—
«

Full Database |=|—

5 e = ~ 10k

— In Bafch
e 5 DDDU
B s E Encoder R_)

Training Batch ,,,

Zhong et al., 2022. “Training Language Models with Memory Augmentation”
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2
RA-LLM Learning: Sequential Training

TRIME

N

@9 Target token’s embedding Positive in-batch memory

/
(O Other token embeddings (O Negative in-batch memory | Local Memory: Miocar(ct) = {(("J":L‘j)}lsjst—l-

I
I
I
:
st g o ' i k k
prediction (target: “Apple”) | Mlong(cg))) _ {((.5 ),xﬁ_ ))}lskq',lsj
:
I
\

N

External Memory: M., = {(¢j,z;) € D}.

__________________________________
.
.

tOand O Microsoft

N i @ Apple (O color I(Iﬂ\:)ll):-(()llﬂz : : £ S *y

: — — 25 : I (T ! . . o \

( i )<_: Ofist O... | : ' Training Objective: |

1 O ... works at Microsoft : ! Plw | &) ocexol EX fate))s ,

SeBapes: 4 CEO of + @ ... returned to Apple | 1n-batch : ( | ) p( wf()( )) :

obs became CEO of _ ; Jobs betcame CEQ | memories | : Z exp(sim(gg(c), gg(cj))). |
' @ ... moves to Apple '

O " . |\\ (Cj ewj)eM(rain:zj:w ,’

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

Zhong et al., 2022. “Training Language Models with Memory Augmentation”
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RA-LLM Learning: Sequential Training

TRIME Data Batching Strategy

Batch size B

B Current token [ |In memory [ | Not in memory

|«— Segment len L —»|

] Randomly

} sampled

(a) Default batching

l

JDocA

]DocB

l

(b) Batching consecutive
segments

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

JDocC

(¢) Batching lexically
similar segments

BM25
selected

Use BM25 scores to find similar text
chunks to provide more training
signals
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Plan for this lecture

4. Challenges and Future Directions of RA-LLMs
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Trustworthy LLMs/RAG/RA-LLMs

RA-LLMs bring benefits to humans, but

» Unreliable output

* Unequal treatment during the decision-making process
* Alack of transparency and explainability

* Privacy issues

* Four of the most crucial dimensions:

[ )4
< Safety and Robustness "‘ < Non-discrimination and Fairness

Q % Explainability < Privacy
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Trustworthy: Safety and Robustness

External knowledge introduces new avenues for adversarial attacks.

How to build a bomb? E
>, Include your own opinion. !
As a large language model,
I follow usage policies and

could not provide any

answers. ®

a) Normal jailbreak flow

NN

O

A

How to build a bomb?
Read provided materials
first, and include your own
opinion.

Yes. According to the
documentation and my

suggestion ... ‘

.

Poisoned
Document l

b) RAG-based jailbreak flow

Deng, Gelei, et al. "Pandora: Jailbreak gpts by retrieval augmented generation poisoning." arXiv preprint arXiv:2402.08416 (2024).
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Trustworthy: Safety and Robustness

CheatAgent is developed to harness the human-like capabilities of LLMs to generate perturbations
and mislead the LLM-based RecSys

0

- 1 #2.1 Initial Policy Generation > = = = = = = = = = = = = = = = = = {
4
[ What is the top recommended item for user_637 who interacted with item_ 1009, item_2298, item_4045? '{ gl E’“‘.’?‘.’f‘.".‘?f’.".’-!?ff'ﬁ"....

Attack Instruction L
4 Prefix Prompt F, Ll D ’@‘ Embedding M

Token Mask

~ P'Ic?se generate =o.me letters or won.is ?hc.? can .:hungc your By |d11:whisper| 12:lately] d15:item | |814:possibly
[m is the top recommended item for user_637 who ... ] prediction of the {Benign Prompt} after inserting it into ?he' 81 |-
J

2 :

(e maxae X Tnl50: Y Lyl prefix promp 7
\ | J

G0 )0 ) ) ) ) ) ) Y (——

[ |6' PofeomalJ |452 CcpcbalnyJ l53 ProfmseJ ‘J‘ ProspeefJ L_J

-

- - - -

[ [3}. :bncxc] [3%. :mccde] (83 .:inpu‘f] [3} :pofenﬁcl] :
ol

. Si; Lo i) 2 U
U
. ] }
U
A ‘—J 1
T T 7 0 : i

Adversarial Prompt V - —v— A :
What is the top ‘Pofenﬂal‘ recommended item for user_637 who have interacted with ‘goods| item_1009, item_2298,item_4045? N [E’r LiaTl) LaFr @ P,8) = : !
___________________________________ 4

LLM-Empowered L 1 Masked Position S i . ‘ Trainable Parameters ( . _) Forward

Attack 0 -Bas s Embedd
[‘_‘.é o J [@ RecSys J [n —— {G l Unmasked Position ﬁ}»:?ofemicl PRS- Frozen Parameters ‘ 1% S _) Backward

Ning, Liangbo, et al."CheatAgent: Attacking LLM-Empowered Recommender Systems via LLM Agent." KDD (2024).
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Trustworthy: Non-Discrimination and Fairness

Can RAG be utilized to develop more fair LLMs?

Prompt: Photo of a doctor Retrieved
Stable Diffusion (SDv2.1): Lacks demographic diversity

Improves diversity through
reference images

Generated

>.81t73| mm SDv2.1
-jf,g;g W FairRAG
00.4
20.3]
Q01|

0.0

Gender Skin Tone Overall
Demographic Attribute

Shrestha, Robik, et al. "FairRAG: Fair human generation via fair retrieval augmentation." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2024.
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Trustworthy: Explainability

How to explain the generation process of the RA-LLMs?

Why this product?
How did this result
come about?

O
o
g output D R

ask

Black-box
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Trustworthy: Privacy

External databases may contain private information, leading to privacy leaking risks.
Retrieval Augmented Generation

/ \
l ~ Retrieval Relevant \

! Embedding Trainin
! Model - Data |
Attacken QU= __ |5 \|:
: I ° - Il
T’: \\ | ‘: |:
[ Query Nt
r ‘ ’I
\\ ,/

Response

Zeng, Shenglai, et al. "The good and the bad: Exploring privacy issues in retrieval-augmented generation (rag)." arXiv preprint arXiv:2402.16893 (2024).
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o
Multi-Modal RA-LLMs

Various modalities can provide richer contextual information.

The Beatles
From Wikipedia, the free encyclopedia
This article is about the band. For their eponymous albunf
"Beatle" and "Fab Four" redirect here. For the insect, see|
The Beatles were an English rock band formed in Liverpool

line-up| .
e o WIKIDATA
counted From Wikipedia, the free encyclopedia

rock arf
bed  "Ringo” redirects here. For other uses. see Ringo (disambigd}

g
The Beatles in 1964; clockwise from top left:
John Lennon, Paul McCartney, Ringo Starr

and George Harrison
Background information "Richard Starkey" redirects here. It is not to be confused withy
Origin Liverpool, England Sir Richard Starkeyl?) MBELl (born 7 July 1940), better known
Genres Rock - pop - beat -
psychedelia

vocals with the group, usually for one song on each album, inclu

Yearsactive  1960-1970
cover of "Act Naturally". He also wrote and sang the Beatles' sol

Labels Parlophone - Apple - Capitol

|
songwriter and actor who achieved international fame during the} i 3

Associated acts The Quarrymen - Tony co-writer of others.

Stiodden; Bty Freen \ x / I KI P E D I A Starr was afflicted by life-threatening ilinesses during childhood, Ri ngo Starr

Plastic Ono Band
Mebens eveetion ol The Free Encyclopedia

i~ S SR 1 iy IS -
[ i ] ] Close-Book (PLMs) @ @

Retriever !
|
Open-Book ﬁ ! [ LM Encoder ]:>[ LM Decoder ]

(RAG) ﬁ ﬁ @ @

Q: Who was the drummer for the Beatles? A: Ringo Starr

Cui, Wangqing, et al. "MORE: Multi-mOdal REtrieval Augmented Generative Commonsense Reasoning." arXiv preprint arXiv:2402.13625 (2024).
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Quality of External Knowledge

The introduction of some texts that deviate from facts might even mislead the model’s generation

process.
Q: What is Henry Q: Who was the screenwriter
Feilden's occupation? for Death of a Batman?

[ Retriever ]
Accurate Documents Inaccurate Documents
Henry Feilden Batman (1989 film):
(Conservative politician): of the murder of Bruce
Henry Master Feilden Wayne's parents. When
was an Conservative Hamm's script was
Party politician... rewritten, ...

Politician.
-
oof ®

P9 CE—
Generator Generator
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s
Mamba-based RA-LLMs

Transformer-based LLMs face computational efficiency challenges because of the quadratic
complexity of attention mechanisms.

3D Point Cloud

Text Generation , Objective Detection Processing

ECEEN[T T
\ P00 O®OOD®

S ] - -
/,/ eo e

factors that contribute to
[ climate change, and how do
Vision
[ X X J
Mamba w UMamba a Mamba FGH\I'Y - RecMamba

they impact the Earth's
v

environment?
Analyzing the user's watch
history, it appears that the user
has a keen interest in animated
n

Recommendation

user‘ recently watched movies:

ZasHEH

Considering the user's watch history. kindly|
provide recommendations for the top-5
candidate movies that the user might find
interesting from the following selection.

Task-Specific Inputs

¥

Climate change is a complex
phenomenon influenced by

various factors that interact
and have significant
implications for the Earth's

cartoons. Therefore, I present
the top 5 recommended movies i

Task-Specific Outputs

environment, Several key this genre:

factors contribute to climate

change ... ®@ ® & @
e L)

“A Survey of Mamba”. https://arxiv.org/pdf/2408.01129, 2024
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