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What's Next?

d Knowledge Graphs? or Large Language Models?

Structured Knowledge Models Large Language Models
(Knowledge Graphs) (Text)
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- [10] Linhao Luo, et al., “Unifying Large Language Models and Knowledge Graphs: A Roadmap”, arXiv, 2023



What's Next? - Augmentation
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What's Next? - Augmentation
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What's Next? - Integration
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What's Next? - Integration

ex) KG -augmented Generation

O KG-LLM Synergized Model (GenAl) ex) KG Construction

ex) KG Question Answering

Standard LLM KG-LLM Synerqgized Model

Generation/QA KG-Augmented Generation KG Question Answering

Text, Image Text, Multi-Modal KG

ex) ‘Which fruit does Byungkook like agz?/es or bananas?
/ 1\
BN ))

‘ 50% = R@\" , %QZ‘

ex) ‘Which fruit does Byungkook

Input ke o /;\u >
v’ Refer to what each entity in text really wants
from KG (data + scherma)
Text KGEntity
Output Text (probabilistic) (probabilistic + deterministic)

(probabilistic)

r-l-- NN EENN BENN BENN BEEN DENN DNNN BENN BENN BENN BENN BENN BN N S . -

v' Lead to more explicit and domain-specific answer
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Sequence-to-Seguence

J Neural Machine Translation

v" Single end-to-end neural network -> subcomponents & 2 L2 X[Mofet QI QIS

=
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Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL

Je suis étudiant ENCODER

TH BB = Hod
(bottleneck problem)

https://jalammar.github.io/visualizing-neural-machine-translation-mechanics-of-seq2seqg-models-with-attention/



Seguence-to-Sequence with Attention

4 Attention
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Seguence-to-Sequence with Attention

Encoder

Embedding
Vector

d Attention
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Attention
Distribution

Seguence-to-Sequence with Attention

Encoder

Embedding

Vector

A

d Attention
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( 2. Score each hidden state 13 9 9 | Attention weights for
a; s ' decoder time step #4
ay @ a,
3. Softmax the scores 0.96 | 0.02 | 0.02 | softmax scores

- Softmax layer

_ Attention score(sy, h;) = s{ h;
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Attention

Distribution

Seguence-to-Sequence with Attention

d Attention

v' J|& sequence-to-sequence 2ES2
v’ decoder?| 2} stepOi|A| 2= 2| EH
=2 E2NISAIE = s

Y

Context Vector

| Bottleneck =X|Z sl Z5t7 | #lol A|2 =

BHH|| El=at 2~ QI E connectionS 3

Concat

A

1. Prepare inputs

2. Score each hidden state

3. Softmax the scores

4. Multiply each vector by
its softmaxed score

5. Sum up the weighted
vectors

Key / Value

hq

=

hz hg
13 9 9
0.96 | 0.02 | 0.02

hidden
states

scores
Attention weights for
decoder time step #4

softmax scores

Context vector for
decoder time step #4

Query

Encoder I Decoder hidden

state at time step 4
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Seguence-to-Sequence with Attention

d Attention

v' J|& sequence-to-sequence &

v' decoderQ| 2} stepOf|A] Ri= 24
= OOl =2 ES0| 7S AIE =%

H=0| Bottleneck 2H|E s 251 | /6H M|QH=!
o| £4 F=0 ©E Y = U= connection= 712

N
=

o Q)-I

Context Vector

/|
/ f‘ 4
. a Concat
: * A

BUT,,,
OIXS| 2k O 2 olad /=21 BxF &2

—

- gradient 298
- OJH B HRS0| 9%

251

Attention
Distribution
A

- st 20}




Seguence-to-Sequence with Attention
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Seguence-to-Sequence with Attention
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Seguence-to-Sequence with Attention
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3. Large Language Models




What is AGI?

Artificial Intelligence (Al) Artificial General Intelligence (AGI)
Specialized intelligence Human-level general intelligence

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

19



LLMs as AGI

G chatGPT

Encoder 4

Self-Attention 4

Decoder 1%

[ Feed Forward ]

Self-Attention
)

Encoder-Decoder f

[f Linear \]

TFeed Forward ]\.': [ S ]

Multi-head Dot-Product
Attentlon

A

Altention ," [LlnearJ [Llnear] [Lmear]
Self-Attention y 3
vV @ K
AN 7

Transformer architecture

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Brief history of large 2025+
language models = Llama
Deepseek
Qwen
2020 M
2022
ChatGPT
2017
Transformer
Architecture
GPT
20



LLMs as AGI

d LLMs achieve surprising performance across many tasks.

Translation

LLMs — :

Question Answering Math Solver

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

21



Can LLMs achieve AGI?

n PCMag + Follow 12.1K Followers @

MAG

Meta Al Chief: Large Language Models Won't Achieve AGI

Story by Kate Irwin « 10mo * 2 min read

Meta Al Chief: Large Language Models Won't Achieve AGI
© Credit: Bloomberg/Contributor via Getty Images

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials
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Limitations of LLMs

d LLMs suffer from hallucination problems during reasoning.

Q. When did Einstein
discover gravity?

¥

Factual
Error

G LLMs
¥

A. Einstein discovered
gravity in 1687

\

Model Input

If a+jaj=0 , try to prove that a<0.
Let us think it step by step.

- :

Given the equation a + |a| = 0, we can substitute the
value of |a| based on its definition:

If a <0, then |a| = -a. We get a + (-a) = 0. This equality
holds true.

If a 20, then |a| = a. we get a + a = 0, which simplifies
to2a=0.

From this, we can conclude that a = 0.

In both cases, a is either equal to O or negative.
However, the equation a + |a| = 0 does not hold true
fora=0.

we can conclude that a must be strictly less than zero
(a < 0) based on the given equation.

i X

Hallucination impairs the trustworthiness of LLMs.

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Reasoning
Error



Limitations of LLMs

O LLMslimit in accessing up-to-date knowledge.

Mr. Trump added a 34 percent tariff on imports from China, to take

effect on April 9, on top of two earlier rounds of 10 percent tariffs he
had already imposed.

Apr 2

Trump Threatens to Slap an Additional 50% Tariff on
Apr 8 China

By Alyssa Lukpat, Reporter

A Donald J. Trump &
@realDonald Trump
Based on the lack of respect that China has shown to the World’s

Apr 10 Markets, | am hereby raising the Tariff charged to China by the
United States of America to 125%, effective immediately. At some

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Q. What is the
current tariff
on China?

LLMs

24



Limitations of LLMs

d LLMs lack interpretability.

v" How to represent knowledge?
v Why make such a decision?

Input

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Output

25



Limitations of LLMs

d LLMs are indecisive.
v" LLMs reason by probability.

]
remember [

[zee ]

| that

‘| submit

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

26



Limitations of LLMs

d LLMs are heavy

v" More data more parameters.
v" Cannot generalize to a specific domain

Pretrain data Task-specific data

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

27
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4. Knowledge Graphs




What is Knowledge?

0 2E H0|E0fl= human knowledge?t =X O 2 EIAHQUS
ex) HIAE: FHO| LI
+ OLALEIS SE2 RS> (2R, B4, QLR OfsrE AR
ex) 0|0 X]: 22 B

= "DYO I} P{0f] QUL > 2D L0, 20, 2AH|(R{0H), SHEAL0l= 5=

Large Language Models-guided Dynamic Adaptation
for Temporal Knowledge Graph Reasoning

GenTKG: Generative Forecasting on Temporal Knowledge Graph

[es.CL] 21 May 2025

Text Data

Image Data

29



What is Knowledge Graph?

1 Collection of facts about entities and semantic relations between entities

v" Directed Labeled Multigraph: more generalized form than other graph forms
v L2 Subject - Predicate - Object

Text Corpora/

e 2\
The sneakers Shoe#1 is

made by Convers, which has
Indigo color. Byungkook

bought Shoe#2 for running. ~ﬂ4
In 2015, DiCaprio produced

Facts(Triples)

Shoe#1,type, Sneakers) |
Shoe#1, style, MZ)

Shoe#1, color, Indigo)

Shoe#1, brand, Converse)

and played fur trapper Hugh
Glass in Alejandro G.
Inarritu's survival drama The
Revenant.

Shoe#2, style, MZ)
Shoe#2, color, Crimson)

Shoe#2, brand, Nike)

Converse, owned by, Nike)

(
(
(
(
(Shoe#2, type, Running Shoes) |
(
(
(
(

Knowledge Graph from Text Knowledge Graph from Images General Knowledge Graph

KGs store facts in a structural manner.



Knowledge Graph: Human Knowledge

A 724 (Knowledge Graph
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The Linked Open Data Cloud

. =

. ' AR MAE Dot

| Personal KG | "9z 21 xiz |
£ . . . :
; . SO0 S5 XA H2 HE :
| Domain-KG 73;’_! A1lﬂli 1:.;»_ 2= : :
% : : ~
( ' 8] S LI Gl OLE|- 24 )
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-

Linked Open Data



Knowledge Graph = Data and Ontology

A structured collection of facts organized by semantic schemas
v factS2| 7 XS Tief (Data) + 2|0|2M A |0t= &%/} (Ontology)

Ontology-view Knowledge Graph — Multi-level Reasoning

Fragrance

——= Bottom-level Reasoning

> Ontology-view Relation
——> Instance-view Relation

Italian ‘Luxury
Fashion Brand

@ 3 2
é’ Face Makeup Sports Sﬁoes
O T ' ~

Produce

S 3 : % .
N j IsA

. iLuminous‘S‘ilk Produced % : Produce = Mania
purd‘os  Foundation by fman} Fragrance
Alice M Prada W Charlotte Urchase ~ Acalme
o Ur, . Sneaker
/ Produci N\eﬁy 0/70,9@

Described

Revolution 5
S__by__> RunningShoe x

Prada Makeup™ Describe
)
Bags by

Instance-view Knowledge Graph

Figure 1: Multi-level reasoning over two-view KGs.

Ontology-view Knowledge Graph

'_a is_a
- h ~ \-:

1Y
@ | ~ ~ @ location 4 \
. | is_a /

\

'. F'H(\ _in
~ -
is_a / frf(mn' fo "

\ Institution
/ is_a is_a
(.'r .’(:cu!wn
ar_ lr)ra,ttrm &
Polmcmn
le ader

graduated_from

has_award

- Concept Nobel Peace graduated_from

C____:D Entity has_award
---------- >  Type Links Richard
_ Relation was_born_in Hofstadter

— —» — —» Meta-Relation

Instance-view Knowledge Graph

32



Knowledge Graph = Data and Ontology

A structured collection of facts organized by semantic schemas

v fact=2| Aol Ee (Data) + 2|0|EA A |0t2 %/t (Ontology)

Sneakers

Shoe#1, type, Sneakers) ) Entity
Shoe#1, style, MZ) type type — Relation
Text Corpora @)

Shoe#1, color, Indigo)

\

color

Ind‘;go

The sneakers Shoe#1 is
made by Convers, which has
Indigo color. Byungkook

(
(
(
(
bought Shoe#2 for running. —>| | (Shoe#2, type, Running Shoes)
(
(
(
(

Shoe#1, brand, Converse)

In 2015, DiCaprio produced
and played fur trapper Hugh Shoe#Z, S‘[’_y|e, MZ)

Glass in Alejandro G.
Ifarritu's survival drama The
Revenant.

Shoe#2, color, Crimson)

Shoe#2, brand, Nike)

Converse, owned by, Nike)

33



Knowledge Graph = Data and Ontology

@ D Class
subclass () Instance

v" Data + Schema (Ontology) subclass i
. .Boots .Sport
factual knowledge subclass ~subclass “S_r_u_)_e_s_ SUbCIass |

v" Reusable

Shoe
Ontology

A ————————————— - -

4

“ formal and explicit specification
of a shared conceptualization | broader

Color
Ontology



Knowledge Graph = Data and Ontology

@ D Class
subclass () Instance

v" Data + Schema (Ontology) subclass i
. Boots Sport
factualknowledge subc/assubc/aSSSUbC/855

v" Reusable @
Shoes *)
v" Interoperable e type CONVERSE
] _ style style <http://ex.com/fig#1>
‘/ \/lachlne Readable UR/ [ <http-//ex.com/Shoe#1> /0g0
color
broader broader
(o
broader broader

type @ type



Knowledge Graph = Data and Ontology

v" Data + Schema (Ontology)

 factual knowledge

Reusable
nteroperable
Machine Readable

NN X X

lexible / Extensible

subclass

subclass

subc/ass
= subclass

subclass

Running
Shoes

style style
[ <http://ex.com/Shoe#1> 4 4

se/ier/

[ Byungkook Oh j

subclass

Shoe#?2
o
:
&

broader broader
(e
broader broader

type @ type

D Class

)

Instance

—» Relation

)

CONVERSE
<http://ex.com/fig#1>

Converse

logo

founder

Marquis Mills
Converse

)

type



Knowledge Graph = Data and Ontology

@ D Class
subclass () Instance

v" Data + Schema (Ontology) subclass i
. Boots Sport
factualknowledge subc/assubc/aSSSUbC/855

Reusable

Runnin
(Grokry D

nteroperable e type CONVERSE

. _ style style <http://ex.com/fig#1>
Machine Readable (_<http/excomiShoet1> |e#2 og0

color
Flexible / Extensible Se’ier/\
nference (DL) [ Byungkook Oh \ @ @ Converse

¥y éfc%o’

SN X X X

type broader broader
e color + broader -> color color @  olor vfounc/er
broader broader Marquis Mills
subclass Converse

type @ type

type



Knowledge Graph = Data and Ontology

@ D Class
v Data + SChema (Onto|ogy) subclass Eugc/ass C ) ::sltihce
- — Relation

- factualknowledge Boots

subclass sitbclass @QC/BSS
v .
Reusable / D) *)

v" Interoperable & ope N\ CONVERSE

_ _ style sty <http://ex.com/figi1>
v Machine Readable [ e L logo

color ~

v" Flexible / Extensible Se’f’f/ P S
v nference (DL) [ Byungkook Oh j @ @ Converse

broader broader

type
e color+ broader -> color @ founder
v" Other kinds of Queries e broader|  broader [M?:Bqnlﬂifg'e"sj

Navigation e

type @ type

 Similarity & Locality (structure)



KGs help AGI

d KGs are transparent.

LLM is black-box KG is transparent
* How to represent knowledge? » Ontology and semantic definition
* Why make such a decision?  Visible to users, e.g., nodes, edges

« Systematic store/exchange/update

User Interface & applications

Trust

Proof

Unifying Logic

Input Output ontology:
P P Query: OWL

SPARQL

| RDF-S

Data interchange: RDF

XML

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials



KGs help AGI

1 KGs are adamant.

LLM is indecisive

« Easily swayed
« Anything with a probability

remember |

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Capital

Official languages

National language

Ethnic groups
(2020)E!

Religion (2020)/]

Demonym(s)

Government

* President
* Prime Minister

Legislature

KG is adamant

» Mostly black and white facts
» Photographic memory

Singapore (city-
state)
(o 1°17'N 103°50°E

English - Malay -
Mandarin - Tamil

Malay

74.3% Chinese
13.5% Malay
9.0% Indian
3.2% Others

31.1% Buddhism
20.0% No religion
18.9% Christianity
15.6% Islam
8.8% Taoism
5.0% Hinduism
0.6% Others

Singaporean

Unitary dominant-
party parliamentary
republic

Halimah Yacob
Lee Hsien Loong

Parliament




KGs help AGI

1 KGs power symbolic reasoning.

Q. Where did Canadian citizens with
Turing Award Graduate?

Turin .
Awar Turin

Awar

Graduate

p V
Canada Citizen

Canada

Citizen

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials
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KGs help AGI

1 KGs can provide domain-specific knowledge.

LLM is hungry

« More data more parameters
« Learn new knowledge inefficiently

Commonsense
Knowledge Graphs

Sleeping
Disorder

Pervasive

Domain-specific
Knowledge Graphs

-
Parkinson's
\_e.°° Diease

&
Motor 8
Symptom Y

Disorder

m -
Qo

s 8

G

o) _ ‘

> E S :
= 0
Pretrain data Task-specific data 23 Eiffel “\ 071 paris Je—ttoln_YEmmance ?.

o Tower Macron
(=
"4

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials



Limitations of KGs

1 KGs are difficult to construct.

N\
Oe%&. ¢ Knowledge Refinement |——) .?%
Existing KGs

4 Refined KG

Raw KGs W

1

' Knowledge Acquisition

is from
= m’&i

Table Web pages images text
Heterogenous Data Source

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials



Limitations of KGs

O KGs are incomplete and noisy.

| Amanda |
CRIEND How to represent and reason unseen facts?

—/ + Amulya |
___..FRIEND?"""
[ domn oo S

COWORKER

SIBLING _/
| Alicia |

Embedding model

How to represent and reason unseen facts?

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials



Synergy of LLMs and KGs towards AGI

Knowledge Graphs (KGs)

Pros:

Cons:

* Implicit Knowledge

* Hallucination .

» Indecisiveness \ .

+ Black-box v .

* Lacking Domain-specific/New
Knowledge

Pros:

* General Knowledge

* Language Processing
* Generalizability

Structural Knowledge
Accuracy

Decisiveness
Interpretability
Domain-specific Knowledge
Evolving Knowledge

Cons:

* Incompleteness

* Lacking Language
Understanding

* Unseen Facts

L

Large Language Models (LLMs)

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials



Roadmaps

KGs LLMs

Structgral Fa(.:t. General Knowledge
Domain-specific Knowledge Language Processing
Symbolic-reasoning Generalizability

Text = LLMs = Output KG-related = KGs —> Output
Input Tasks

a. KG-enhanced LLMs b. LLM-augmented KGs

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials

Factual Knowledge

' AN

e H @ |

N’

Knowledge Representation

c. Synergized LLMs + KGs



Roadmaps

II \I
Application i | Search Recommender Dialogue Al :
: | Engine System System | | Assistant :

: ----------------------------------------------- 5

Technique ! [Prompt Engineering] [ Graph Neural Network] [In-context Learning] !
' 1

: [Representation Learning ][Neural-symbolic Reasoning] | Few-shot Learning ] X

. i « Explicit Knowledge ) N

' « Domain-specific Knowledge:

: Decisiveness .

: Interpretability '

. 1 1
Synergized ! I
Model E LLMs KGs :

: I

1 1

‘e General Knowledge M :

e Language Processing !

ve  Generalizability K

Data [ Structural Text [ . ] [ Video ] oL

! Fact Corpus !

A I

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

Integrating Large Language Models and Knowledge Graphs for Next-level AGI, WWW?25, Tutorials
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KG-enhanced LLM Training - Cokebert

4 Integrating KGs by Additional Fusion Modules

v" Additional modules to better capture the structure knowledge of KGs.

Text Outputs

Knowledge Graph Outputs

A A
/r M Layers\
3 [ Text-Knowledge Fusion Module ]
o
g A 4 — |== GNN ...
x Self-Attention Self-Attention
N A A J

________ L

T-encoder
TN

A

Self-Attention

Input Text

N Layers g *
! :
1
! :
1 I
' :
I
I

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

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials

49



KG-enhanced LLM Training - KG-adapter

4 Integrating KGs by Additional Fusion Modules

male

Jeremy
Bieber

1

1

1

1

]

]
1

]

son b / 1
1

1

]

1

e I
1

1

1

genderx father

| Knowledge Graph :
linearize (loss of KG structure)

R nininininii— B it
]

: Q: Who is the brother of ;
| KG: ( , father, Jeremy Bieber), ..., | |
| (Jeremy Bieber, son, ) |
1 i
1 1
! A: Justin Bieber does not have a brother.x -
| i
‘\ Prompt-based Method ,.r'

T ——————————————m——— ~

4 b
Direct access :L KG-
structured KG

Q:Who is the vl
brother of > n

X Llama-7b Our Method ,

-

-

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials



KG-enhanced LLM Training - GraphGPT

Graph Tokens Language Tokens i i :

ijjj Central Node - [cls] | Humaninstruct g | Human Instruct o

ATuned : ) ) ) : Given a sequence of graph tokens <Graph>. The first
- L-hop Neighbor m [Instruct] | Given a sequence of graph tokens <Graph>... Here is a list | token represents the central node of the subgraph. The
4 — [NodeText] | of node text: <NodeTexts> Please reorder the list of | remaining represent the first and second order
Frozen .Tl 2-hop Neighbor | texts according to the order of graph tokens. | neighbors... <NodeTexts> Which category does this
, hAHgnment . : node belong to? Please think in a step-by-step manner
i i A clinical | ; ;
L—- g\ J Projector [Graph] ' ﬁﬂ'&' e wam .  and provide your reasoning.
¢ o e P —g o
® Text-Grounded | Ep— I .
® ® Structural Encoder  (ESFTT) . GraphTokens | Lms > (T Pran - srmtvespos e uvs > @, 9@ @
[Instruct]) | o,' is essential that... ! Graph Tokens A . .
: 1 :
, Input Graphs from ﬁ I Text * 6\\\ We show a tight I I classification | link prediction
' i i I Attributes ! ﬁ’ i lower bound of | CoT bem e o
! Text Multiple Domains - [eos] | 1 ! : \Omegaonthe.. - Prompts Instruct Tuning + Task D|st|||atin&\
, P Spupapp
! Atributes | Instruct Tunin ! oo~
oo N Publed @ i N SN e memmmmemm LM Response £ L. L. M
complications are / | Large Language !Vicuna D i e LM Response {2 L _L_[':’l I ;r To determine the categorization, we consider the ':
e arXiv amazon Models (LLMs) ' 1 Based on the information, we obtain the matchingas , : 1 specific topics in the text. First, it involves... Second,
e W | ! follows: Graph token 1 corresponds to... Graph token 1 | : there is evidence that... Finally, this node is about..., |
‘e Llama I 5 [ ; ivadd i |
. . - corresponds to... Graph token 3 corresponds to... which can be categorized into...
Structural Information Encoding [ s pones to... bray ph token 2 corres poncsto.. _ _ g W T T Borzea . o ______ ’

I Self-Supervised Instruction Tuning I Task-Specific Instruction Tuning

Figure 2: The overall architecture of our proposed GraphGPT with graph instruction tuning paradigm.
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However,,

d KG-enhanced LLM training could fuse knowledge into LLMs.

4 However, real-world knowledge is subject to change, and the pre-training
approaches cannot update knowledge without retraining the model.

d KG-enhanced LLM Reasoning aims to separate the knowledge and text and
Inject the structural knowledge while LLM reasoning.

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials
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Retrieval Augmented Generation

LLM Tunin ng method

Pod‘ame‘tﬁr
Fu“ pnetun f[ E‘P‘P‘c ent
Fine 'tunin
Prompt
E“fl neenr ng




Retrieval Augmented Generation

Full Fine Tuning

@ Pre-training @ Fine-tuning
N N
z z

Massive dataset

Query O
= > ()

Response

N\

Pre-trained LLM Fine-tuned LLM User

Domain-specific
dataset

decl.
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Retrieval Augmented Generation

Parameter-Efficient Fine-Tuning

Pre-trained LLM

% Pre-training %
N
/

Massive dataset |

Extra component or part of
pretrained LLM

OFE& ‘ >

Domain-specific
dataset

Query
- O
<
> \
Response User
decl.
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Retrieval Augmented Generation

Basic Prompt Engineering

Prompt

Task Description

'_‘: :: % Query Query O

Examples (Optional)

N

N

Pre-trained LLM

User

\%

Response

decl.
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Retrieval Augmented Generation

Retrieval Augmented Generation

Response O

YV

+ |[= . o r—
Pre-training Query = -- - Query User
N P -
7~ ~ ,\ ~
Massive dataset i IM |
v Pre-trained LLM Retrieval Mode
= AN
relevant docs Search
A\
decl.

Knowledge Base



Retrieval Augmented Generation

Cost of Implementation & Maintenance

Prompt Engin PEFT Full Fine-tuning
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Retrieval Augmented Generation

Complexity of Implementation

Prompt Engineering Full Fine-tuning
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Retrieval Augmented Generation

Domain-Specific Terminology

Prompt Engineering Full Fine-tuning
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Retrieval Augmented Generation

Up to Date Responses

Prompt Engineering RAG

Full Fine-tuning
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Retrieval Augmented Generation

Transparency & Interpretability

Prompt Engineering RAG PEFT

Full Fine-tuning
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Retrieval Augmented Generation

When to fine-tune

We may have some tasks where even the most cleverly designed prompts fall

short. For example, even after significant prompt engineering, our system may
still be a ways from returning reliable, high-quality output. If so, then it may be
necessary to finetune a model for your specific task.

Successful examples include:

* Honeycomb's Natural Language Query Assistant: Initially, the “programming
manual” was provided in the prompt together with n-shot examples for in-
context learning. While this worked decently, fine-tuning the model led to

better output on the syntax and rules of the domain-specific language.

e ReChat's Lucy: The LLM needed to generate responses in a very specific
format that combined structured and unstructured data for the frontend to
render correctly. Fine-tuning was essential to get it to work consistently.

EO 2l specific Iff fine-tuning
(ex, NL-to-SQL)

https://www.oreilly.com/radar/what-we-learned-from-a-year-of-building-with-llms-part-i/

When to RAG

New Knowledge

Long-context(memory)

272 2 o
ME2 HE7 S O
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Retrieval

3 A—l_g -|c|>_| RAGS _<|>_|6H_-_ro|:6rx-|

(@)

—

Relational DBs

O -

GrophDBs

F

2=
=

VectorDBs

Question —> W Question 9@—9 Question 9@9

Text-to-SQL

Natural language to SQL

and/or SQL w/ PGVector

Text-to-Cypher

Natural language to Cypher
query langugage for GraphDBs

Quer‘y Trc:\nslo\‘t‘on

0
{

\-—---—-----—_-----------------_-__,

Rou’t]r\g
g L.og-col routing
=

Let LLM choose DB based
on the question

= e e e e e e e e G G R eReE e e e e -

Chunk Optimization
Cl
g t T Sextions
' Seit —s Semantic
=

Delimiters

Optimize chunk size

'

'

'

1 Semantic Splitter
'

{

used for embedding
(S

Input question translation
Question a@akﬂww break-down, abstract, convert to hypothetical docs

Multi-query, RAG-Fusion, Decomposition, Step-back, HyDE

Translate the question into a form that is better suited for retrieval

Quest-m%O—r < 9.——) —>W—>
Documents

Embed question and choose
prompt based on similarity

Multi-representation indexing

2 Sy >

o}
o}

Parent Document, Dense X

Convert documents into compact
retrieval units (e.g., a summary)

Self-query retriever

Auto-generate metadata
filters from query

|
)
1
1
|
|

7’

Specio.hze,d EmLeanv\gs

-2~ 6.1

Fine-tuning, ColBERT

Domain-specific and / or
advanced embedding models

Apth

Relational DB

/-

Vectorstore
'
[
'
H

-—

Splits ]
== /Cluw (

e e e e S S R R R S R S R R R e R e e e

————————— -

ugmented Generation

N

Re-Rank, RankGPT, RAG-Fusion

Questin EIE;@ Re'eﬁ« @*@

Rank or filter / compress documents based on relevance

Retrieval

Refinement

CRAG

Re-retrieve and / or retrieve from new data sources
(e.g., web) if retrieved documents are not relevant

N\

Indedr\g

|

\—--—--———-—-——--

- Answer

Generation

Vs >

Hierarchical Indexing } : Active Retreval }

Summaries ] — — 1
I

i@ aee

5 $ '
= — ]

N ¢ 1 w [

user g .: '

1 0 '

RAPTOR :I' Self-RAG, RRR :

Se=ie 1 Use generation quality to inform
Tree of document summarization j 5 i+ ]
% g question re-writing and / or
at various abstraction levels 1 l Te-ratrisvall of documents l'
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Retrieval Augmented Generation

3 x—lod/|j|x-|od [—||O|E_-|j|—§'c'>l;ll- | At}

Natural
language

Pipeline

-

Text-to-metadata filter <

4

Al

Text-to-SQL+semantic <

Text-to-Cypher <

e

™

Text-to-SQL <

O o

Datastore

Data Types

Vectorstore

\
l Mostly unstructured

PostgreSQL +
Pgvector

> Structured + unstructured

Graph
Database

o

Relational
Database

} Mostly structured

Retrieved
Documents

5
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Retrieval Augmented Generation

d RAGto GraphRAG

RAG

Answer

Parsing

Chunki




Graph-enhanced RAG from Documents

d RAGto GraphRAG

[ e ]
GraphRAG ———
==
* | I nlorogvDeslsﬂ lllllllllllll
Parsing
[ -
Chunking o
RRR a2®
Yyyp=-
| L1 )
I C at Grap4 rrrrrrrrrrrrrrr I
= = =
SRR E—= .
Answer




Graph-enhanced RAG from Documents

1 KG-enhanced LLM retrieval augmented generation (GraphRAG).

Data Sources

Structured

i
J!UII__ XML

Unstructured

°E

Data Pipeline

Named Entity

Recognition (NER)

—>

Chunking /
Preprocessing
Embedding
Data
Transformation
Enrichment

ttps://neodj.com/blog/genai/graphrag-manifesto/

Question

v

User

Complete
Response

GenAl Application

Graph
Retrieval

l

Knowledge
Graph

o 1

=+ Vectors =

!

Complete
Response

m

Context

Prompt

+
Context

Graph Data
Science
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Graph-enhanced RAG from Documents

O RAG to GraphRAG XtO|&
v’ O|O|E] T3 A
v [|0|E
v [|0|E

DATA SEMANTICS

QAN HIT 2 ot

ESIFIZN

‘ Representation ‘ Representation

Apple [0.2435, 3.7652, 0.00234, 456.686, ...]

Orange [115.124, 20.7652, 4.2131,2.431, ...]

Fruit [0.0035, 17.661, 0.0113, 11.4566, ...]

DATA SEMANTICS

. Similarity calculation

Structural

» No
» Ov

de similarity
erlap

>

» Jaccard

Taxonomy based
» Pa
» Le
» Wu

Wolf

th

acock-Chodorow =
-Palmer L@

‘ Similarity calculation

Euclidean Cosine

N\

Vector distance based

DATA SEMANTICS

]
Y
=
(2]

o «Frut

Dog  *

RS e
N ek »./.f‘"’;"_'l Wy

Graph exploration '

(2]

-
»
o
Y
=
()
=

Indexing: ; @
> IVF
» HNSW . :
RO,
®. .

ANN (Approx. Nearest Neighbours)
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Graph-enhanced RAG from Documents

[ um [ um |

. -/
+ | Sentiment: '

o] o) O Al Al HAH. B2 A AHA CIo| S 2 =
O CHRE AAQ| ZH XA Z ZARICZE AM- 22010 g2 Ee| 2= =0[ 10
Al HXE AL 0|l HE B2
M2 S tede w0l A==H
v I1E LA Query@t 7P mARRH chunk S IHEX O 2 HMSE | HR0| 02 2410 201% & FES
Afo|o] QIS TRISIXR| BB
Output | How RAG Works How GraphRAG Works
i | 2
{ LLMs ] l =
i PDF/Documents ‘
P | | l
Instruction ." Classify tr_‘e =2 intc_)_neutral, “.—\ i [ Chunks + Embendinggs — Graph
' negative or positive. ' i Vector DB (e.g. Pinecone, oraDB) Database
s : J
, Text:. This is awg_some! . : l
Context E 'Sree:ttlr‘;‘]:gtmpsasg:ve E F Prompt i Semantic Search — Top-k Results
: Sentiment: Negative i ) ’
N : l
Input Text Text: | think the vacation is okay. | i
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Graph-enhanced RAG from Documents

O Cffol AAO[ XA XM Z HAIZIO = HM.- 22510 MH 2 EIO| 21212 =0| 10
= L
o L

-+
v H9™ 0ol (Global Understanding)
x e~
v L& 2(Multi-hop) ==
v/ OHEFO{A i HippoRAG i NodeRAG
171 E NalveRAG H()n?(::&t‘:\:?:ganh Knnwle:.zz‘:nmesGranh Hunt:g:‘:(:?gmpn Hetero:;e:ous Graph
Community Node
\/ %% x‘”j‘l I:le IOEIJ?:'-*O-I Text Chunk 1 Node 2 S N S N R
N
S8 e L
}] Text Chunk 2 e R N R R N N
ol N R N Node R
Text Chunk 3 ":" s) @ (5 S Text
s ¢S p & =
+ R N N Text S
i Text Chunk 1
Text Chunk n =p i ey
5 Community Summary '§"] e S 0 s S

N  Entity Information Text  Original Text Chunks S  Summarization Information R Relationship



Graph-enhanced RAG from Documents

d KG+LLM for medical diagnosis.

Medical Text Input

-

Relation -
AY

Extraction\
J >

ChunkingText

Chunking Text

Relation Extractor

Storing Entity -

Data

_Storing Relation
Data

AV
LIPS
¥, “[‘\\// EE—

Relation Database

Construct
knowledge
graph

Entity =

Extraction
N
—

=
Entity Extractor

7~ . 2

Entity Database

LLM-augmented KG

Integration with

Z .
S

Medical Knowledge Graph

GP-LLM

// § Primary / ‘

/ / L

/' D is / -’

e / Agent 1

Referral

| Advanced

| Diagnosis /
Diagnostic Clinical
Response Question

\4
.
.

=

Human-Guided
Reasoning

User Endpoint

/( /
/ S / e
' / Agent 2

Agent 3
Agent 4

\ Multi-Agent Components
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Graph-enhanced RAG from Documents

d KG+LLM for medical diagnosis.

Medical Text Input

-

Relation -
AY

Extraction\
J >

ChunkingText

Chunking Text

Relation Extractor

Storing Entity -

Data

_Storing Relation
Data

AV
LIPS
¥, “[‘\\// EE—

Relation Database

Construct
knowledge
graph

Entity =

Extraction
N
—

=
Entity Extractor

7~ . 2

Entity Database

LLM-augmented KG

Integration with

Z .
S

Medical Knowledge Graph

GP-LLM

// § Primary / ‘

/ / L

/' D is / -’

e / Agent 1

Referral

| Advanced

| Diagnosis /
Diagnostic Clinical
Response Question

\4
.
.

=

Human-Guided
Reasoning

User Endpoint

/( /
/ S / e
' / Agent 2

Agent 3
Agent 4

\ Multi-Agent Components
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KG-enhanced LLM Reasoning

. Retrieval-augmented Knowledge Fusion

« Retrieve-then-reasoning.
- Parameters-free.
« Can be applied to closed-source LLMs (e.g., ChatGPT).

Widely used in applications.

[ KGs J
(Obama, Bornin, Honolulu)

Q: Which countfr}y - Knovgledge ., —>» LLMs > A:USA
iIs Obama from~ Retriever (Honolulu, LocatedIn, USA)

Retrieved Facts

ﬁ—/ (Optional) \—A—J ;

Backpropagation

I ’ [
___________________________________________ e e e e e e e e e ===
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KG-enhanced LLM Reasoning

. Retrieval-augmented Knowledge Fusion
- Techniques and challenges.

How to effectively retrieve on KGs? How to reason on retrieved KG structure?
Entity linking N «  KG prompt
Keyword search KGs * GNN
Embedding similarity « LLM Agent

e 4 N

lulu)

Q: Which country | |Knowledge —>» LLMs +> A: USA
is Obama from? & Retriever JSA) '
N A S i. :
: Backpropagation : I

........................................... b rcc e e e e e ===
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KG-enhanced LLM Reasoning - G-Retriever

e Step 1: Indexing ... .
all bad canada node attributes

album * —

jusin 7 jeremy naliun%:sty LM $ \ Zp :
bicher _ | bicber ~cpildren__ L

"'nl‘ —& jaxon ! P
rufessiongib““g bieber : :
iblinge & ! | '

P i —sibling gender—edge attributes 3! [ M }{!{_}' Ze i

l m.Ogxnnwp g et

' record |

' producer e

i Question: What 1s the name ;
{  of justin bieber brother? :
justin bieber, this is justin bieber, jeremy bieber,
i Vi = argtopk,, -y cos (z,, 2 ' : : :
gtopKney I: o n} justin bieber fan club, justin ... !
: Ej = argtopk,.p cos (zg, z.) sibling, sibling s, hangout, friendship, friend ...
b Step 25 Retrieval -o-o--eooeeoes oo

e anas Step 4: Generation

[ jaxnn] lbl'eberl
]

$ frozen
L @) trainable

h
L J

-

N

LLM

{ Self Attention Layers)

i v 1

1 1

L) CJ

L) |

: r 3 r 3 r A
} Pm!'cmirun :[ LLM * l

raph Encoder (Text Embedder)

i ) 1

§*=(V*,E") textualize(S™) query g

A r """""" jeremy  ge_ oo NS NSO oy

Justin_parent="  hicher
' bieber
: sibling

S§* = argmax Zprize(n}

children

m.0gxnnwp —sibling——

sca,

5 is connected

jaxon
bieber

nely

Step 3: Subgraph Construction

node_id, node _attr™)
15, justin bieber
294, jaxon bieber
356, jeremy bieher
551, mOgxnnwp )
src, edge atir, dst ™)
294, parents, 356
356, children, 15

' nodes of 5*

. edges of §° !

551, sibling, 294
551, sibling, 15 _J

Question: What is the name
of justin bieber brother? :

Answer:
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KG-enhanced LLM Reasoning - RoG

* Planning-retrieval-reasoning.

Planning: generate faithful relation paths as plans.

Retrieval-Reasoning: reason the answer on graphs with the plans.
Knowledge Graphs (KGs)

o T e mm e e G e e G A G M e e G e e e Gm e m e e e e e e

marry_to

3 %
3 0, Cify_Of

Jill Biden prork i .,

\ 5 Miami

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

Relation Paths Z / Q( z|?q, G) @ Retrieval \ Reasoning Paths Wz

z1 :born_in — city_of . born_in city_of
z9: graduatgn_from — located_in jmmmeeeeseesec—-- . sloe Biden graduate Sfcir::ton s locatad:in
zg : profession — work_in — city_of | , Planning Optimization : Joe Biden ———————— University of Delaware ——— USA
rmcceccccccccana P
Prompt: Please generate Py(zlq) <J Prompt: Please answer the
: 0\zlq 4 :
helpful relation paths for v . question based on the reasoning
answering the question. @ Planning ® Reasoning paths and explain why.

Answer: The answer is
USA, because .....

[ Question: What is the }:> (}'5 Large Language Models (LLMs) =———>

nationality of Joe Biden? Py(alg, Z,0G)

— —> LI T Q .......

Instruction ; poa s
Inference Finetuning Ee:afo_nin_g_o_pjlf\_lz_atugn_ !

78



KG-enhanced LLM Reasoning - GCR

. Graph-constrained Reasoning (GCR):

- Incorporates KGs into the decoding process of LLMs to achieve KG-grounded
faithful reasoning (decoding on graphs)

Coe ) | e
/l R Q: Who is the spouse of the ex-

president of USA?

(D Offline K&-Trie @ Graph-constrained
- Sasha Obama Construction @ ecoding
1776 Q KG-Trie
O Constraint u
Barack Obama tzg\or’rher_otz:% - - ok A3
Founded_in I >O =D Q: Who is
Spouse_of Michelle the spouse
- 0
0 president of
:\7‘ utput y, USA?
— USA Honolulu
(d) Tree of Thoughts (ToT)
LLM reasoning Graph Reasoning Graph-constrained Reasoning
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Language Modeling vs. User Behavior Modeling

Language Modeling User Behavior Modeling
- Dense world v,/ - Sparse user-item
knowledge / interactions

- Text tokens (Ten - |tems (Billion to trillion
thousands level) level)

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials 81



Large Language Models

d LLMs are machine learning models that can perform a variety of natural

language processing (NLP) tasks

=
=@

Chat Bot

F

Code Generation Text Editing

A

Translation

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials
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Benefits of LLMs for Recommendation

d Key features of LLMs:

v World knowledge.
v" Natural language understanding.
v" Human-like behavior.

How can these features benefit recommender systems?

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials
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Benefits of LLMs for Recommendation

a (1) World knowledge

& i

prediction  lack semantic meanings

3
+| Next ID ID-based item modeling
—

Example: SASRec [ICDM'18]

ltem IDs

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials
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Benefits of LLMs for Recommendation

a (1) World knowledge

Roman Gone with,

Holiday the wind |

5;:%'- A *— \
This user has watched Titanic, Roman Holiday, ... Gone
with the wind. Predict the next movie this user will watch:

Text Metadata

LLM-based Recommender

LLM as sequential recommender

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials

Titanic is a 1997 epic romance and disaster film directed by James Cameron, telling the tragic love story

between Jack and Rose aboard the ill-fated RMS Titanic. It blends historical events with fictional drama,

becoming one of the most iconic and emotionally powerful films of all time. .5

Abundant prior
knowledge about items

Lower data requirement
Cross-domain ability
Cold-start ability
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Benefits of LLMs for Recommendation

a (2) Natural language understanding.

Prediction Traditional RecSys
Recommendation %
Click, like

User History

Passive recommendation!
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Benefits of LLMs for Recommendation

a (2) Natural language understanding.
&
9% P ¢

g D e Recommendation

(o]
recommend...

Click, like
. (T
LLM as conversational recommender

Conversation
|nteraCtIVE ﬁ’ hello I'm open to any movie
. - (Hi there. I would like to suggest some comedies you
Use r—fnendly could watch, have you seen The Wedding Singer (1998)?
I have not seen it but I watched American Pie 2 (2001). 1 :
More accu rate (T just watched Avengers: Infinity War (2018) and I liked it.
b 4
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Some scientific
movies.
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Benefits of LLMs for Recommendation

4 (3) Human-like behavior.

Joining for coffee at a cafe

Taking a walk =

_ =50V Al A ——— Generative Agents can
e g ez | SRR (mostly) simulate human
< == behaviors
o ———AE = e - Cooperation
ongs K1 TR iy ———————— - Organization

morning routine : © el hEead| e 6ol o (Y 9 7 [John]: Hey, have you heard
: i - » ¥ = - er— el N - anything new about the
i upcoming mayoral election?
[Tom] : No, not really. Do you
know who is running?

Simulating user behaviors for evaluating recommenders.
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LLM as Sequential Recommender

O Multi-task alignment (P5) -> general recommender

Sequential Recommendation

1 find the purchase history list of user_15466:

4110 -> 4467 -> 4468 -> 4472

I wonder what is the next item to recommend to the user. Can you help
me decide?

Rating Prediction

(What star rating do you think user_23 will give item_7391?

Explanation Generation

[Help Hong "Old boy" generate a 5-star explanation about this product: I

(you can protect your prescious
OtterBox Defender Case for iPhone 3G, 3GS (Black) [Retail Packaging] J

L iphone more safe

Review Summarization

~
Give a short sentence describing the following product review from

Mom of 3 yo girl:
First it came with the packaging open and then as soon as my son
took it out it was so easily broken. Hopefully a little glue will fix it.

broke immediately

Direct Recommendation

Pick the most suitable item from the following list and recommend
to user_250 : \n 4915 , 1823 , 3112, 3821, 3773, 520, 7384 ,
7469 , 9318, 3876, 1143 , 789, 595, 3824, 3587, 10396 , 2766,
7498 , 2490 , 3232, 9711, 2975, 1427 , 9923 , 3097 , 3594,
6469 , 9460 , 6956 , 9154

Multi-task Pretraining with Personalized Prompt Collection

Zero-shot Generalization to New Product & Personalized Prompt

Predict user_14456 's preference about the new product
(1 being lowest and 5 being highest ) : \n title : Hugg-A-Moon
\n price : 13.22 \n brand : Hugg-A-Planet

Generative Recommendation Models: Progress and Directions, WWW?25, Tutorials
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LLM as Sequential Recommender

d Training on different task prompts -> multiple recommendation abilities.

Rating / Review / Explanation raw data for Beauty

user_id: 7641 user_name: stephanie M

g ) e e Um0 | [ g rangy
item_id: 2051 g S
item_title: SHANY Nail Art Set (24 Famouse Colors

Nail Art Polish, Nail Art Decoration) :
review: Absolutely great product. I bought this for my fourteen year Based on the feature word {{feature_word}}, generate an :
old niece for Christmas and of course I had to try it out, then I explanation for user_{{user id}} about this product: — | {{explanation}}

tried another one, and another one and another one. So much fun! {{item_title}}

I even contemplated keeping a few for myself! i
star_rating: 5 3

from {{user_name}}: {{review}}

summary: Perfect! '
explanation: Absolutely great product feature_word: product Give a short sentence describing the following product review ({summary}}

Sequential Recommendation raw data for Beauty

user_id: 7641 user_name: Victor
purchase_history: 652 -> 460 -> 447 -> 653 -> 654 -> 655 -> 656 -> B
-> 657

Here is the purchase history of user_{{user_id}}:
{{purchase_history}}
What to recommend next for the user?

next_item: 552
candidate_items: 4885 , 4280 , 4886 , 1907 , 870 , 4281 , 4222 ,

4887 , 2892 , 4888 , 2879 , 3147 , 2195 , 3148 , 3179 , 1951 ,
...... , 1982 , 552 , 2754 , 2481 , 1916 , 2822 , 1325

—
G

Direct Recommendation raw data for Beauty

user_id: 250 user_name: moriah rose
target_item: 520
Choose the best item from the candidates to recommend for
i
'

random_negative_item: 9711 Tid
ame}}? andidate_items
candidate_items: 4915 , 1823 , 3112 , 3821 , 3773 , 520 , 7384 {{user_name}}? \n {{candidate_items}}

: 7469 , 9318 , 3876 , 1143 , 789 , 595 , 3824 , 3587 , 10396
R , 2766 , 7498 , 2490 , 3232 , 9711 , 2975 , 1405 , 8051
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