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About Me

| pursue knowledge-driven Al capable of human-like thinking
because it is vital to the future of AGL.

d My Research Topics: Neuro-Symbolic Al
Graph Representation Learning

Recommender Systems

Natural Language Processing

SN X X

Synergizing LLMs and Graphs

d Contact
v" Homepage: https://bkoh509.github.io/
v" Email: bkoh@konkuk.ac kr
v" Office: Engineering Hall C384-2
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About Graph & Language Intelligence Lab
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O Approaches
v" Graph Representation Learning (Z2{ Ho15ks)
v" Large Language Models (CH Y102 &)
v Synergizing LLMs and Graphs (322 - 0|22 551

d Applications
v" Natural Language Processing (Xf10{X{2|)
v' Recommender Systems (Z=FA|AE)

v Graph Analytics and Prediction (J2HZ £A-0§|%)
=  Graph Anomaly Detection (O['&EX]) 5



About Graph & Language Intelligence Lab
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2. Knowledge Graph




What is Knowledge?

0 2E H0|E0fl= human knowledge?t =X O 2 EIAHQUS
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Large Language Models-guided Dynamic Adaptation
for Temporal Knowledge Graph Reasoning

GenTKG: Generative Forecasting on Temporal Knowledge Graph

[es.CL] 21 May 2025

Image Data

Text Data



What is Graph?

 Graph-Structured Data
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Many Types of Data are Graphs

Information Networks:
Web & Citations

Graph-Structured Data

v’ Compactness
v’ Intuition
v’ Management




Many Types of Data are Graphs
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Databases are Graphs
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v’ Compactness

Many Types of Data are Graphs v inition
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v’ Management
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v’ Compactness
v’ Intuition

Many Types of Data are Graphs
v’ Management
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Heterogeneous Graphs

d A heterogeneous graph is defined as

AN NN RN

Nodes with node typesv; € V

G = (V,E,RT)

Edges with relation types (v, 7, v;) € E

Node type T (v;)
Relationtyper € R

Nodes and edges have attributes/features

- nonmetal
- atomic #1

- 1 valence elec'rrons@

- 6 valence electrons

- nonmetal
- atomic #8

- single bond - single bond

- covalent bond - covalent bond

- 1 valence electrons

- nonmetal
- atomic #1

15



Many Graphs are Heterogeneous

1 Graphs can be either:

v" Heterogeneous — composed of different types of nodes
v Homogeneous — composed of the same type of nodes

.‘" Breast Neoplasms ’ m— bral
Neoplasms by Site 1S.A . g",_,_’f / , ha::::nl: 9 cite
doere W TN, 3 i O
A anAﬂ»"“ i’ el X "fgﬁam 7p:e&:hritis @ Adverse event pubWhere hasTtile
BIRC2 / X e z‘ e Protein Conference [« Title
X pulmonary \ A Pathways
J;’?::ﬁ,. Author Year
Biomedical Knowledge Graphs :
& P Academic Graphs
Example node: Migraine
Example edge: (fu%vestrant Treats, Breast Example node: ICML
Neo lgsms)g ' ’ ’ Example edge: (GraphSAGE, NeurlPS)
P : Example node type: Author
Example node type: Protein .
. Example edge type (relation): pubYear
Example edge type (relation): Causes

16



Recap: What is Knowledge?

0 2E H0|E0fl= human knowledge?t =X O 2 EIAHQUS
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What is Knowledge Graph?

 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 ”’l (
(
(
(
(

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)

bought Shee#2 for running.
In 2015, DiCaprio produced
and played fur trapper Hugh
Glass in Alejandro G.

Ifrritu's survival drama The
Revenant.

Knowledge Graph from Text Knowledge Graph from Images General Knowledge Graph



Knowledge Graph: Human Knowledge

A 724 (Knowledge Graph
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Knowledge Graph: Human Knowledge

QA X|AJ2ZHE (Knowledge Graph)

= Google : Knowledge graph 7|t Semantic

Search

- 500B facts about 5B entities by 2020
- Enhance search engine’s results

and answer direct spoken

questions in Google

Assistant/Home

¥ Google acquired Metaweb

in 2010 that developed
Freebase (open, shared
database of the world’s
knowledge) in order to
improve search answers

Thomas <
Jefferson

3rd U.S. President

Thomas Jefferson was an American statesman,
diplomat, lawyer, architect, musician, philosopher, and
Founding Father who served as the third president of
the United States from 1801 to 1809. Wikipedia

Born: April 13, 1743, Shadwell, Virginia, United
States

Died: July 4, 1826, Monticello, Virginia, United States
Party: Democratic-Republican Party

Presidential term: March 4, 1801 — March 4, 1809

Children: Martha Jefferson Randolph, Madison
Hemings, MORE

Vice presidents: Aaron Burr (1801-1805), George
Clinton (1805-1809)

People also search for Vie

w 10+ more
n

» Microsoft : LinkedIn service H S-St

HMEda 217k 2tAHE Knowledge Graphik

- Recruiter search and recommendation,

insight extraction such as the # of members
who have a given skill in a given location
and the # of job hires requiring a given skill
in that same location

e

2

ai' LINKEDIN
N

= Amazon: #Z Knowledge graph &2

Sl M-8R R=YE &4F dM/FH

- Answer any question about products and
related knowledge in the world

- Search for the best products that fit user's
need and help customers use greater

variation in search terms
% for example, bathing suit or swimsuit, tomato or tomahto

=product
!-pgraph



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

21



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)

22



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)



Knowledge Graph
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Graph Representation Learning

=> How can we develop neural network
that are much more broadly applicable?

NEURO SYMBOLIC Al
o~ 4

NEURAL NETWORKS KNOWLEDGE GRAPHS
-4

SPIKES

) -
QZ ) ) EXPLANATION

< mansrem

e
g (SPIKES OR CROWN) AND (CAPSID)
oy, =» CORONAVIRUS
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Graph Representation Learning

d Modern deep learning toolbox is designed for simple sequences & grids

Patterns of Local [EFaaranis
Contrast el g

Face Wl
Features

O =) O

K<Y »
SN 7 Ve
:g.#}gec £ O
XN N @ - y
D .’

Images a

Hidden Layer 1
Input Layer

Hidden Layer 2

Output Layer

Jal

TextlSpeechW oo oo A |
&
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Graph Representation Learning

 Networks are complex.

v" Arbitrary size and complex topological structure (i.e., no spatial locality like grids)
v" No fixed node ordering or reference point
v" Often dynamic and have multimodal features

' VS. '
Text

Networks Images

New frontiers
beyond classic neural networks
that learn on images and sequences

32



Graph Representation Learning

d need to obtain node features from a graph,
while preserving graph-structured information and node/edge attributes

v" Feature engineering
v" Graph representation learning

Input Structured
Graph Features

Graph representation learning
(node-level, edge-level, graph-level features)

Automatically learn the features!

-eR AT sdes | A
)

Learning

Algorithm —> Prediction |

Downstream
prediction task

Qo | -SEoloEER 22

(Sd/83Hs

- L EEO| HALE| 24

prediction, oy (RIOI0I ZRIAER)
Graph - XY [AE
generati

1oF/ 214X I

-l Cha ATl 33



Graph Representation Learning

d Graph representation learning o) 2
Zy
v 2R 1RO L ES MARE 52 2= THE <\\/“'\ encode nodes |
= J2HT XRQL L E/OHIX|O| A M2 HIES} St \/ I SORE
v 2 J|Aieks 2XIE HIE 2210 88 = original network embedding space
G=()
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encode R B . LC 22
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Graph Representation Learning

Q Intuition: Find embedding of nodes to d-dimensions so that “similar” nodes
In the graph have embeddings that are close together.

A B
- @ |
~0.6 » 11
o -0.8 :. ® o® o "
-1.0 e ®

1 | | 1 1 L | |
-1.0 -05 0.0 0.5 1.0 1.5 2.0 2.5
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EX) DeepWalk

4 Estimate probability of visiting node v on a random walk starting from node
u using some random walk strategy R

d Optimize embeddings to encode these random walk statistics

Probability that u
ZTZ ~ and v co-occuron
u = a random walk over
the network

PR(U U)

v Need to maximize this conditional probability

36



EX) Graph Convolutional Network

1 Idea: Node's neighborhood

Output Matrix

v'Goal is to generalize convolutions to graphs

37
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Overview

d The Journey from Data to Knowledge-enhanced Applications

‘;3{; Knowledge Graph £ KG Embedding

......................................................................... -®: Knowledge Enhancement

Deep Learning-based Knowledge Representation

39



Overview

Albert Einstein was a German-born theoretical
physicist, widely acknowledged to be one of the
greatest physicists of all time. Einstein is known
widely for developing the theory of relativity, but he
also made important contributions to the
development of the theory of quantum mechanics

a b
o A8 =
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(Albert Einstein, Bornln, German Empire)
(Albert Einstein, SonOf, Hermann Einstein)
(Albert Einstein, GraduateFrom, University of Zurich)
(Albert Einstein, WinnerOf, Nobel Prize in Physics)
(Albert Einstein, Expertln, Physics)

(Nobel Prize in Physics, Awardln, Physics)

(The theory of relativity, TheoryOf, Physics)
(Albert Einstein, SupervisedBy, Alfred Kleiner)
(Alfred Kleiner, ProfessorOf, University of Zurich)
(The theory of relativity, ProposedBy, Albert Einstein)
(Hans Albert Einstein, SonOf, Albert Einstein)
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Overview
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Overview
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Recommender System
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Graph-based Recommender System
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Graph-based Recommender System

O User/ltem?e| IZBNEHE 1T FASHA 012

V' “The world is more closely connected than you might think!”

User-user Connections
(social networks)

user-user social graph
Users

User-ltem Interactions

user-item graph
(purchase, click, add-to-cart, etc.) Bl

[tem-item Connections

item graph
(substitutes/complements; external knowledge) =
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Graph-based Recommender System
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Graph-based Recommender System

4 Utilizing Structured Knowledge Graph
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Graph-based Recommender System

d Additionally Utilizing Multi-Modal Structured Knowledge
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Natural Language Processing

1 Sentence Classification

That was a great movie

I O B

5 8 3 120 35

I B
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A

i
|

Input

TextVectorization

Embedding

Bidirectional

Dense

Classification

wait
for
the
video
and
do
nt
rent
it

n X k representation of Convolutional layer with Max-over-time
sentence with static and multiple filter widths and pooling
non-static channels feature maps

Fully connected layer
with dropout and
softmax output
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Graph-based Natural Language Processing

d agraph using documents to capture co-occurrence relationships between
words and documents

d Canimprove the classification performance by incorporating contextual
information about how words and documents co-occur

P o

Hidden Layers
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R{O219)
L= 0226 - R(0225) @
. » \

Word Document Graph Word Document Representation Document Class
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Multimodal Unstructured Data Processing

v EIAE QIH[EIAERL 2 21 T HIE X1, YSIY BA LA S
d Ciet RFe| 74 84 2t 20X A8 2|Z 1ot X|4] ==0| ERE
v X[A9| BO[et F A, Ea A AISO| 71S0I=E AR Bl e r8da =2 -~ Uo{oF &
v ZMEFgot= BIAE, O|0|X|, H|0]E 2te| 2HAIE et
= I ~ ! Graph Neural Network
DEo IHsl FE XF BER 4mm 1 AE 1501/ RIT U BE TeXt : . : : :
;];: HEE 2208 O/F HH BB KHBHV) : Pre'tralned : : : /—\
o1 420 3 9= g wn #: Language :# ! : S~
e . Model i
= | [Roex s e R L] ! = Knowledge
o | : Graph
- i DL-based i i
. — — =P Visual =P
- LT . Model :

57



Multimodal Unstructured Data Processing
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Multimodal Unstructured Data Processing
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Anomaly Detection

d Anomalies
v" Not conform to a notion of normal behavior.

d Anomaly detection

v" we try to distinguish anomalous samples
v" Deviate from normal samples.

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

Value
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Anomaly Detection

d Application of Anomaly Detection
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Anomaly Detection

d Graph Anomaly Detection

Y= label

X = graph data

i\

\ &
/f
PH ..O
(A S
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Graph-based Anomaly Detection

d Graph Anomaly Detection

v" Graph information often plays a vital role in identifying fraudulent users or activities.
v" For example, transaction records on a financial platform.

(A
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® / e\
Fosly 1 200\ Nomal Object
e \ . ormal Objects
[ 209 Conventional \ 09,0/ :
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e p

D— Abnormal Relations /

Transaction Network



Graph-based Anomaly Detection

O Exist Problemin Graph Anomaly Detection

v"overlook the inherent connections among different object types of graph anomalies.
v Amoney laundering transaction & an abnormal account.

Graph Anomaly Idenﬁﬁfy =

Detection

Graph Anomaly Identlfy ﬁ ﬁ

Malicious Users Detection

Malicious User Group

i = 2 T T ST e R ST ]

G3

Graph Database
i ‘gj Identif @
Graph Anomaly Identify ;“)_l @ Graph Anomaly > ¥
Detection > norma Detection G2
Relation Anomalous Graphs
I

i
|
i
:
i
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Graph-based Anomaly Detection

O How to unify multi-level formats?
v" Node-level, edge-level and graph-level models exist inherent differences.

v" large language models (LLMs) or graph prompt tuning.

L
Literature

Category
Description f ™

S

!
Molecule
Etoperty }_' LLM

Description
-

Relation :i‘ i
Type ! - ‘."
I

Description

graph prompt
BUT they not specifically tailored to anomaly data,
resulting in inappropriate node selections that ‘erase’ critical anomaly information.
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5. What's Next?




What's Next?

d Knowledge Graphs? or Large Language Models?

Structured Knowledge Models Large Language Models
(Knowledge Graphs) (Text)
i N i k
V' Explicit knowledge v G oy
y ~ eneralizability
5 Latest/EX e((kn owledge v’ General Knowledge
Domain-specific knowledge v Language Processing
v’ Accuracy 3 }
v' Determinateness
v /i H i ™
- Interpretability ) O Implicit knowledge
- - | complementary O Hallucination
O Incompleteness relationship [10) (O Indeterminateness
(O Lacking language (O Black-box
(O Understanding (O Lacking domain-specific Knowledge
O Unseen facts O Lacking new knowledge
o . ., "

- [10] Linhao Luo, et al., “Unifying Large Language Models and Knowledge Graphs: A Roadmap”, arXiv, 2023 67



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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