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What's Next?

Large Language Models
(Text)

Structured Knowledge Models
(Knowledge Graphs )

V Explicit knowledge
V Latest/Expert knowledge
V Domain-specific knowledge
V Accuracy
V Determinateness
V Interpretability

- [10] LinhaoJsm* cr _j,* ²Slgdwgle J_pec J_les_ec Kmbcjq _lb Ilmujcbec Ep_nfq8 ? Pm_bk_n³*arXiv, 2023

Implicit knowledge
Hallucination
Indeterminateness
Black-box
Lacking domain-specific Knowledge
Lacking new knowledge

Incompleteness
Lacking language
Understanding
Unseen facts

V Generalizability
V General Knowledge
V Language Processing

Ç Knowledge Graphs? or Large Language Models?

complementary .
relationship [10]
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What's Next? «Augmentation

Ç ḁ  ꜙ    ҏ Ἓ ҷ◌¦  ◕ⱠᾧḮ  Ҏ  ә 
▐  ҷ  ҍᶾⱠ  ᶋ  ʊҹ  ᾨ
V ֥    : Query  ҍ  ▐  chunkὭ  ҟ‴ Ἓ ҷ◌  ֥ẋῄ Ỵῄ♄ ӨἎ ⁫ṯ
▐ ӍⱠ   ᾯ
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What's Next? «Augmentation

Ç ḁ  ꜙ    ҏ Ἓ ҷ◌¦  ◕ⱠᾧḮ  Ҏ  ә 
▐  ҷ  ҍᶾⱠ  ᶋ  ʊҹ  ᾨ
V   (Global Understanding)

V ḁ  (Multi-hop) Ἕ

V ύớ Ӎ

V ⁬ ұ ῳ ӨⱠ
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What's Next? «Integration

Ç ḁ   ᾍ ᾧḆ◕ⱠᾧḮ(Ắᶷ / ◄  ᾧḮ)  ⁫ḁ ᾤ
Ӏ  ּב ḻἜ  ʊҹ  ᾨ
V ֥    : ⁬  ῄ  ḻὗ Ӏ ♅  ֥ ἑӀ 

ԃ Ԃ Ḅ Ӌ Ԃ( 1)  -ᾍ ᾧḆ ◕ⱠᾧḮ  ἩⱠ ῳ ҍᶾⱠ ◄   ֚ Ủ  Ԃ  ֥ Ὼ  ◄
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What's Next? «Integration

Standard LLM
Generation/QA

KG-LLM Synergized Model

KG-Augmented Generation KG Question Answering

Input

Text, Image Text, Multi -Modal KG

V Refer to what each entity in text really wants
from KG (data + schema)

Output
Text

(probabilistic)

Text
(probabilistic)

KG Entity
(probabilistic + deterministic)

V Lead to more explicit and domain -specific answer

Ç KG-LLM Synergized Model (GenAI)

cv' ²Ufgaf dpsgr bmcqByungkook  like,  apples or  bananas?

cv' ²Ufgaf dpsgr bmcq @wsleimmi

like,              or                  ? 

ex) KG «augmented Generation
ex) KG Construction
ex) KG Question Answering
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Sequence-to-Sequence

Ç Neural Machine Translation
V Single end-to-end neural network -> subcomponents ‴Ἓ ẁἛ  ҍ 

V 2ҟ  RNN Ἓ ԂⱠṎ Sequence-to-Sequence model  

Á 2014ᵹ Ԃ֞   Ṏ encoder-decoder Ԃ  ᾧḮ

Á ҍ″ ֩  ῄ  Ἅ  ҍᶾ Ӏ  ᾧḮ

https://jalammar.github.io/visualizing -neural-machine-translation -mechanics-of-seq2seq-models-with -attention/

Ἅῄ Ḅ ‡ Ἓ
(bottleneck problem)

BUT,,,
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Sequence-to-Sequence with Attention

Ç Attention
V ֥  sequence-to-sequence ᾧḮṯ  Bottleneck ῄ ὗ Ӎ  ֥  Ṑ

V decoder  Ҏ step ♄ Ἅῄ ₐₒ ° ḻἜ connection בּ ±  ҍ

Á ӨⱠ  ᶋ   ҍ ὗ ᶋ  
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Sequence-to-Sequence with Attention

Ç Attention
V ֥  sequence-to-sequence ᾧḮṯ  Bottleneck ῄ ὗ Ӎ  ֥  Ṑ

V decoder  Ҏ step ♄ Ἅῄ ₐₒ ° ḻἜ connection בּ ±  ҍ

Á ӨⱠ  ᶋ   ҍ ὗ ᶋ  

decoder
Ҏ step ♄
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Sequence-to-Sequence with Attention

Ç Attention
V ֥  sequence-to-sequence ᾧḮṯ  Bottleneck ῄ ὗ Ӎ  ֥  Ṑ

V decoder  Ҏ step ♄ Ἅῄ ₐₒ ° ḻἜ connection בּ ±  ҍ

Á ӨⱠ  ᶋ   ҍ ὗ ᶋ  

Ἅ ῄ  
 a ₒ  ḓ  
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Sequence-to-Sequence with Attention

Ç Attention
V ֥  sequence-to-sequence ᾧḮṯ  Bottleneck ῄ ὗ Ӎ  ֥  Ṑ

V decoder  Ҏ step ♄ Ἅῄ ₐₒ ° ḻἜ connection בּ ±  ҍ

Á ӨⱠ  ᶋ   ҍ ὗ ᶋ  QueryKey / Value
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Sequence-to-Sequence with Attention

Ç Attention
V ֥  sequence-to-sequence ᾧḮṯ  Bottleneck ῄ ὗ Ӎ  ֥  Ṑ

V decoder  Ҏ step ♄ Ἅῄ ₐₒ ° ḻἜ connection בּ ±  ҍ

Á ӨⱠ  ᶋ   ҍ ὗ ᶋ  

דּ Ἓ Ἅ/ Ἅῄ ὣ
- gradient ₔ
-  ῄ  ⁫ṯ  
-‾Ἇ  ə ҍ
- ...

BUT,,,
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Sequence-to-Sequence with Attention

Ç Transformer
V Attention ‾Ἇ ▐     ҍᶾ  Ԃ   ᾧḮ

Ἅ ῄ דּ  Ἓ ᵭ ♄ 
h1, h2, h3  context vector ὗ ◕Ⱡ  ә

Ἅῄ Ἓ ὣ
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Sequence-to-Sequence with Attention

Ç Transformer   Ӧ

Y²ꜜ Ῠ²* ²³* ²ᶞԂ ᾞ², 
² ²* ²⁷²* ב²ּ ²* ²=³[

Y:QMQ<* ²ꜜ Ῠ ³* ²Ԃ♠ּב ᾞ²* ²ⱢӔ ә²* ב²ּ ²* ²⁷ ²* ²Ώᶷḁ"]

Y²ꜜ Ῠ ³* ²Ԃ♠ּב ᾞ²* ²ⱢӔ ә²* ב²ּ ²* ²⁷ ²* ²Ώᶷḁ²* ³:CMQ<³[

Masked attention  weights

SOS
ꜜ
Ῠ

Ԃ
בּ♠
ᾞ

ⱢӔ
ә
בּ ⁷Ώᶷ

ḁ
<EO
S>

SOS
ꜜ Ῠ

Ԃ♠
בּ ᾞ
ⱢӔ
ә

בּ

⁷

Ώᶷḁ

<EOS>



17

Sequence-to-Sequence with Attention

Ç Transformer  Ἕ Ӧ

Y²ꜜ Ῠ²* ²³* ²ᶞԂ ᾞ², 
² ²* ²⁷²* ב²ּ ²* ²=³[

Y:QMQ<* ²ꜜ Ῠ ³* ²Ԃ♠ּב ᾞ²* ²ⱢӔ ә²* ב²ּ ²[

²⁷ ³
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What is AGI?

Artificial General Intelligence (AGI)Artificial Intelligence (AI)
Human-level general intelligenceSpecialized intelligence

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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LLMs as AGI 

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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LLMs as AGI 

Ç LLMs achieve surprising performance across many tasks.

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Can LLMs achieve AGI?

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Limitations of LLMs

Ç LLMs suffer from hallucination problems during reasoning.

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Limitations of LLMs

Ç LLMs limit in accessing up-to-date knowledge .

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Limitations of LLMs

Ç LLMs lack interpretability .
V How to represent knowledge?

V Why make such a decision?

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Limitations of LLMs

Ç LLMs are indecisive.
V LLMs reason by probability.

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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Limitations of LLMs

Ç LLMs are heavy
V More data more parameters.

V Cannot generalize to a specific domain

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials
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What is Knowledge?

Ç ᾧṭ ḫ  ʊhuman knowledgeҍ ῂ Ἓ ḋӈ
ex) : Ḅ  U

Á ² ὥ  Ṕ  ḁ²-> ҟᵻ( ῇ, ◄), ӦӨӔ,  ▐

ex) ῦ : ⱥ  

Á "ә ҍ ꜙ   ḁ²-> Ҡ (ә , ꜙ ), ӨӔ( ), ◄ (ә  ʊṅῇ)

Image DataText Data
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What is Knowledge Graph?

Ç Collection of facts about entities and semantic relations between entities
V Directed Labeled Multigraph: more generalized form than other graph forms 

V Ԃ : Subject - Predicate «Object

Knowledge Graph from ImagesKnowledge Graph from Text General Knowledge Graph

KGs store facts in a structural manner.



Knowledge  Graph: Human Knowledge

Ç ֚Ủ (Knowledge Graph)
V  ḓ    ⁫(ḫ )  ḫ  ҏ  ӨӔ

V ⁬ ҏ  Ҏ ә Ө    Ἓ 

Á ḁ  ҟᵻ, ▐ , ӨӔὗ Ἓ 

Á ὗ  ⁫ὗ ҷ◌, ◌ ῳ  ֥אלӀ ὭṰ

Linked  Open Data



Knowledge  Graph = Data and Ontology

Ç A structured collection of facts organized by semantic schemas
V factṯ  Ԃ Ṏ  (Data) + ῦἝ  ὫἛ  (Ontology)

32



Crimson

Knowledge  Graph = Data and Ontology

Shoe#1 Shoe#2

Converse

MZ
style style

color color

Indigo

Sneakers Running
Shoes

Facts (Triples)

(Shoe#1, type, Sneakers)

(Shoe#1, style, MZ)

(Shoe#1, color, Indigo)

(Shoe#1, brand, Converse)

(Shoe#2, type, Running Shoes)

(Shoe#2, style, MZ)

(Shoe#2, color, Crimson)

(Shoe#2, brand, Nike)

(Converse, owned by, Nike)

Nike
owned by

Relation

Entity

The sneakersShoe#1is 

made by Convers, which has 

Indigo color. Byungkook 

bought Shoe#2for running . 

In 2015, DiCaprio produced 

and played fur trapper Hugh 

Glass in Alejandro G. 

Iñárritu's survival drama The 

Revenant.

é

é

..

é..

Text Corpora

typetype
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Ç A structured collection of facts organized by semantic schemas
V factṯ  Ԃ Ṏ  (Data) + ῦἝ  ὫἛ  (Ontology)



Knowledge  Graph = Data and Ontology

V Data + Schema (Ontology)
Å factual knowledge

V Reusable

Shoe

Boots

High
Boots

Sport 
Shoes

Running
ShoesSneakers

Relation

Shoe#1 Shoe#2

Converse NikeIndigo

Blue

Crimson

Orange

Cold Warm

Color

broader broader

broader broader

typetype

MZ
style style

color color

typetype

subclasssubclass

subclass subclasssubclass

Instance

Class

Color
Ontology

Shoe
Ontology

owned by

Data

² dmpk_j _lb cvnjgagr qncagdga_rgml
md _ qf_pcb amlacnrs_jgx_rgml ²



Knowledge  Graph = Data and Ontology

V Data + Schema (Ontology)
Å factual knowledge

V Reusable

V Interoperable

V Machine Readable

Shoe

Boots

High
Boots

Sport 
Shoes

Running
ShoesSneakers

Relation

<http://ex.com/Shoe#1> Shoe#2

Converse NikeIndigo

Blue

Crimson

Orange

Cold Warm

Color

broader broader

broader broader

typetype

MZ
style style

color color

typetype

subclasssubclass

subclass subclasssubclass

Instance

Class

owned by

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

logo
URI



Knowledge  Graph = Data and Ontology

V Data + Schema (Ontology)
Å factual knowledge

V Reusable

V Interoperable

V Machine Readable

V Flexible / Extensible

Shoe

Boots

High
Boots

Sport 
Shoes

Running
ShoesSneakers

Relation

Shoe#2

Converse NikeIndigo

Blue

Crimson

Orange

Cold Warm

Color
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broader broader

typetype

MZ
style style

color color

typetype

subclasssubclass

subclass subclasssubclass

Instance

Class

owned by

Marquis Mills 
Converse

founder

Byungkook Oh

seller

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

logo

Person

CEO

type

subclass

type



Knowledge  Graph = Data and Ontology

V Data + Schema (Ontology)
Å factual knowledge

V Reusable

V Interoperable

V Machine Readable

V Flexible / Extensible

V Inference (DL)
Å color + broader -> color

Shoe

Boots

High
Boots

Sport 
Shoes

Running
ShoesSneakers

Relation

Shoe#2

Converse NikeIndigo

Blue

Crimson

Orange

Cold Warm

Color

broader broader

broader broader

typetype

MZ
style style

color color

typetype

subclasssubclass

subclass subclasssubclass

Instance

Class

Marquis Mills 
Converse

founder

Byungkook Oh

seller

colorcolor

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

logo

Person

CEO

type

subclass

type



Knowledge  Graph = Data and Ontology

V Data + Schema (Ontology)
Å factual knowledge

V Reusable

V Interoperable

V Machine Readable

V Flexible / Extensible

V Inference (DL)
Å color + broader -> color

V Other kinds of Queries
Å Navigation

Å Similarity & Locality (structure)
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Boots

High
Boots

Sport 
Shoes

Running
ShoesSneakers

Relation
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Crimson
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MZ
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color color
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subclasssubclass

subclass subclasssubclass

Instance

Class

Marquis Mills 
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founder

Byungkook Oh
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<http://ex.com/Shoe#1>
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logo
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KGs help AGI

Ç KGs are transparent .

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



KGs help AGI

Ç KGs are adamant.

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



KGs help AGI

Ç KGs power symbolic reasoning .

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



KGs help AGI

Ç KGs can provide domain-specific knowledge .

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



Limitations of KGs

Ç KGs are difficult to construct .

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



Limitations of KGs

Ç KGs are incomplete and noisy.

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



Synergy of LLMs and KGs towards AGI

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



Roadmaps

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



Roadmaps

Integrating Large Language Models and Knowledge Graphs for Next -level AGI, WWW25, Tutorials



CONTENTS
1. Today

2. Background

3. Large Language Models

4. Knowledge Graphs

5. Graph«enhanced Training

6. Graph-enhanced Reasoning

7. LLM-based Recommendation



49

KG-enhanced LLM Training - Cokebert

Ç Integrating KGs by Additional Fusion Modules
V Additional modules to better capture the structure knowledge of KGs.

Generative Recommendation Models: Progress and Directions, WWW25, Tutorials
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KG-enhanced LLM Training - KG-adapter

Ç Integrating KGs by Additional Fusion Modules

Generative Recommendation Models: Progress and Directions, WWW25, Tutorials
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KG-enhanced LLM Training - GraphGPT


