K KONKUK

UNIVERSITY

U Q o3 N 3 (Part2)

w/ Graph & Language Intelligence

Byungkook Oh (4 d)

Department of Computer Science and Engineering

bkoh509@gmail.com/ bkoh509@gmail.com
https://bkoh509.qgithub.io
https://gli.konkuk.ac.kr

2025-11-04


https://bkoh509.github.io/
https://gli.konkuk.ac.kr/

CONTENTS

1. Today




What's Next?

- [10] Linhaod s m* cr _j , *

C Knowledge Graphs? or Large Language Models?

Structured Knowledge Models
(Knowledge Graphs)

Explicit knowledge
Latest/Expert knowledge
Domain-specific knowledge
Accuracy

Determinateness
Interpretability

< <K<K

.

Incompleteness
Lacking language
Understanding
Unseen facts

S,
O
S,
O

2Sl gdwgl e

J

_pec

—)

complementary
relationship [

J |l es_ec akmié23 g _I b

Large Language Models

(Text)

4 ™

V  Generalizability
V General Knowledge
V Language Processing

R w
i T
& Implicit knowledge
(& Hallucination
(O Indeterminateness
(& Black-box
(& Lacking domain-specific Knowledge
(O Lacking new knowledge
" "y
Il mujcbec Ep_nfqgs8

?

P¥h bl



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) KGaaugmented Generation

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

ex) KG Question Answerng

Standard LLM KG-LLM Synerqgized Model

Generation/QA KG-Augmented Generation KG Question Answering

Text, Image Text, Multi-Modal KG
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Seqguence-to-Seguence

C Neural Machine Translation

V Single end-to-end neural network ->subcomponents " "Ew "E Ob4.
V 2k RNNX "Eduit O Sequence-to-Sequence mode] T

A 20143 A 4 \J Oencoder-decoder &b @1

A TD n n ,A." L 3 I (1)[

Neural Machine Translation
SEQUENCE TO SEQUENCE MODEL

Je suis eétudiant j|—» ENCODER DECODER

BUT!” "A .r,] o B :!: “E
(bottleneck problem)

https://jalammar.github.io/visualizing -neural-machine-translation -mechanics-of-seg2seq-models-with -attention/



Seguence-to-Seguence with Attention

C Attention
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Seguence-to-Seguence with Attention

C Attention
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Attention

Distribution
A

Seguence-to-Seguence with Attention

C Attention
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Attention

Seguence-to-Seguence with Attention

C Attention
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Seguence-to-Seguence with Attention
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Seguence-to-Seguence with Attention
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Seguence-to-Seguence with Attention

C Transformer
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C Transformer
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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

Brief history of large

2025+
GPT-4
@ ChatGPT language models lama
Deepseek
Qwen
2022
Self-Attention 4 ChatGPT
Decoder % ,[r Luear \]
& \: [ Concat ]
Encoder 1 [ e ] ' [Multl -head Dot- ProductJ 2017
[ Feed Forward ] Encoder-Decoder | s Attentlon Transformer
; Attention ! Architect
' [Linear] [Lmear] [Lmear] renitecture
Self-Attention Self-Attention A :;
" S P\Yy «d K w, GPT

Transformer architecture

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

C 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
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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

C LLMs suffer from hallucination problems during reasoning.

Q. When did Einstein
discover gravity?

¥

G LLMs
¥

A. Einstein discovered
gravity in 1687

Factual
Error

- ED

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.

Ifa 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.

' 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

C LLMs limitin 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

C LLMs lackinterpretability .

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

C LLMs are indecisive.
V LLMs reason by probability.

]
remember [

| to

[zee ]

| that

g
o}

‘| submit

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

26



Limitations of LLMs

C LLMs areheavy

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?
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What is Knowledge Graph?

C Collection of facts about entities and semantic relations between entities

V Directed Labeled Multigraph: more generalized form than other graph forms
V ds :Subject - Predicate «Object

Text Corpora/

e 2\
The sneakers Shoe#1 is

made by Convers, which has
Indigo color. Byungkook

(
(
(
(
bought Shee#2 for runnin .~~>| (Shoe#2, type, Running Shoes) |
(
(
(
(

Facts(Triples)

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

Shoe#1, color, Indigo)

Shoe#1, brand, Converse)

In 2015, DiCaprio produced
Shoe#2, style, MZ)

and played fur trapper Hugh
Glass in Alejandro G.
Shoe#2, color, Crimson)

Ifrritu's survival drama The
Revenant.

Shoe#2, brand, Nike)

Converse, owned by, Nike)

Knowledge Graph from Text Knowledge Graph from Images General Knowledge Graph

KGs store facts in a structural manner.



Knowledge Graph: Human Knowledge
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Knowledge Graph = Data and Ontology

C A structured collection of facts organized by semantic schemas

V factt & O  (Data)+ 0 E

Ontology-view Knowledge Graph — Multi-level Reasoning

——= Bottom-level Reasoning

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

) e 2
%] Italian Luxury EODIE Shoss
g1 = Face Makeup Fashion Brand Fragrance P i
§ r - Produce
Q IsA Is A

‘Luminous Silk - Produced Produce

o ‘ Mania
urd‘os - Foundation by

Anan) ‘Fragrance
~ Acalme
. Sneaker

Alice Mention Charlotte

: tion
Prada M—e—ﬂ"

y>
ol Yre
/ Produc N\e(\“ “hase
Prada Makeup™ Describe Described
s ft

Revolution 5
Bags by e S__by__> RunningShoe x

Instance-view Knowledge Graph

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

O°E

(Ontology)

Ontology-view Knowledge Graph
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- h ~ \-:

1Y
@ | ~ ~ @ location 4 \
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l » (.'r .’(:cu!wn
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< ‘ b
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- Concept Nobel Peace graduated_from
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---------- >  Type Links Richard
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— —» — —» Meta-Relation

Instance-view Knowledge Graph
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Knowledge Graph = Data and Ontology

C A structured collection of facts organized by semantic schemas
V factt & O (Daa)+ OE ° "QE (Ontology)

Sneakers

Running
Shoes

(Shoe#l, type, Sneakers)

() Entity

—» Relation

(Shoe#1, style, MZ) bype
Text Corpora (Shoe#1, color, Indigo) @)

\
The sneakersShoe#lis

made by Convers, which has
Indigo color. Byungkook -
boughtShoe#2for running.——| (Shoe#2, type, Running Shoes)
In 2015, DiCaprio produced
and played fur trapper Hugh (Shoe#z’ Sty|e’ |\/|Z)
Glass in Alejandro G.

If@&ritu's survival drama The

(Shoe#1, brand, Converse)

(Shoe#2, color, Crimson)

I,?evenant.
Z (Shoe#2, brand, Nike)
6. . (Converse, owned by, Nike)

33



Knowledge Graph = Data and Ontology

subclass W subclass

V Data + Schema (Ontology)
A factual knowledge

\VV Reusable
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() Instance
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A ————————————— - -

4

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

b

2 dmpk_ _J I b cvnj gag

1gdga_r gml

md gf pcb aml PEE rgml 2

Color
Ontology



Knowledge Graph = Data and Ontology

@ D Class
subclass () Instance

V Data + Schema (Ontology) subclass e
Boots Sport
A factual knowledge subc/assubc/assSU s

\VV Reusable

Runnin
Sneters *)
e bp

e CONVERSE

V' Interoperable

. _ Style style <http://fex.com/fig#1>
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Knowledge Graph = Data and Ontology

V Data + Schema (Ontology)

A factual knowledge

V' Reusable

V' Interoperable

V' Machine Readable
V' Flexible / Extensible

subc/asssubc/ass

subclass

Sﬁort
Shoes
subclass
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Running
Shoes

e e
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se/f/
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broader broader
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)

Instance

——» Relation
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)
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A
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Knowledge Graph = Data and Ontology

@ D Class
subclass () Instance

V Data + Schema (Ontology) subclass o
—> elaton
Boots Spo”
A factual knowledge Subc/assubdass e
\/ Reusable @
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V' Interoperable CONVERSE
. szj//e szj//e <http://fex.com/fig#1>
color
\/  Flexible / Extensible Se’i‘/\ faoa Yo
V' Inference (DL) == Crmson) | {Comerse
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A color + broader -> color color @ color founder
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Knowledge Graph = Data and Ontology

V Data + Schema (Ontology)
A factual knowledge

Reusable
Interoperable
Machine Readable
Flexible / Extensible
Inference (DL)

A color + broader -> color

V' Other kinds of Queries

A Navigation
A Similarity & Locality (structure)

< < < < <
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KGs help AGI

¢ KGs aretransparent .

LLM is black-box

* How to represent knowledge?
* Why make such a decision?

Input Output

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

KG is transparent

« Ontology and semantic definition
 Visible to users, e.g., nodes, edges
« Systematic store/exchange/update

User Interface & applications

Trust

Proof

Unifying Logic

ontology:
Query: OWL
SPARQL

| RDF-S

Data interchange: RDF

XML




KGs help AGI

C KGs areadamant.

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

C KGs powersymbolic 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

McGill



KGs help AGI

C KGs can provide domain-specific knowledge .

LLM is hungry

« More data more parameters
« Learn new knowledge inefficiently

Commonsense
Knowledge Graphs

= ‘%‘ o
@rkinson's
N Diease
&
Motor 8

Sleeping
Disorder

Pervasive

Domain-specific
Knowledge Graphs

Disorder

Pretrain data Task-specific data ?.
Tower Macron

Multi-modal
Knowledge Graphs
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Limitations of KGs

C KGs are difficult to construct .

N\
Oe%&. ¢ | Knowledge Refinement |—) 0?%
Existing KGs

4 Refined KG

Raw KGs W

1

' Knowledge Acquisition

is from
= xi’ﬁi

Table Web pages images text
Heterogenous Data Source
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Limitations of KGs

C KGs areincomplete and noisy.

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

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

COWORKER

SIBLING _/
| Alicia |

Embedding model

How to represent and reason unseen facts?
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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

~ -

Large Language Models (LLMs)
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Roadmaps

KGs LLMs
o Structural Fact e General Knowledge
» Domain-specific Knowledge » Language Processing
 Symbolic-reasoning « Generalizability
L ]

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

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

VAN

e ][ @ |

N’

Knowledge Representation

c. Synergized LLMs + KGs



Roadmaps

Application Search Recommender [Dialogue][ Al ]
A

Engine System System ssistant

P e
L —

Technique | !
i [Representation Learning ][Neural-symbolic Reasoning] | Few-shot Learning ] X

. i « Explicit Knowledge ) N

' « Domain-specific Knowledge:

: Decisiveness .

: Interpretability .

. 1 1
Synergized ! !
Model | LLMs J [ KGs :

\ I

1 1

‘e General Knowledge M :

e Language Processing !

v Generalizability /

Data [ Structural Text [ . ] [ Video ] oL

! Fact Corpus :

A I
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KG-enhanced LLM Training - Cokebert

C Integrating KGs by Additional Fusion Modules

V Additional modules to better capture the structure knowledge of

Text Outputs Knowledge Graph Outputs
A A
/r M Layers\
§ [ Text-Knowledge Fusion Module ]
Q
S A A
i Self-Attention Self-Attention
o A 4[ J
g N Layers :' -------------- “\'
E Self-Attention ! :
@ ' :
— A ! |

Input Text —>\_ Knowledge Graph ,

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

Generative Recommendation Models: Progress and Directions, WWW25, Tutorials

KGs.

==> GNN ...
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KG-enhanced LLM Training - KG-adapter

C Integrating KGs by Additional Fusion Modules

male

Jeremy
Bieber

1

1

1

1

]

]
1

]

son b / 1
1

1

]

1

e I
1

1

=l :

genderx father

| Knowledge Graph i
.| linearize (loss of KG structure)
il A Zminisisisiieisisisiliei
]
: Q: Who is the brother of ;
| KG: ( , father, Jeremy Bieber), ..., | |
| (Jeremy Bieber, son, ) |
1 i
1
i A: Justin Bieber does not have a brother.x -
| i
‘\ Prompt-based Method ,.r'
e ~
! Direct access :L KG- H
| structured KG Adapter |
1 @ 1
1 i
i Q:Who is the > vl E
: brother of > n !
I I
% Llama-7b Our Method /

-
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KG-enhanced LLM Training - GraphGPT
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