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About Me

C | pursue knowledge -driven Al capable of human-like thinking
because It is vital to the future of AGI.

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

Recommender Systems

Natural Language Processing

< < < <

Synergizing LLMs and Graphs

¢ Contact
V  Homepage: hitps://bkoh509.qgithub.io/
V  Email: bkoh@konkuk.ac. kr
V  Office: Engineering Hall C384-2
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About Graph & Language Intelligence Lab

https./gli.konkuk.ac.ki/

C Approaches
V  Graph Representation Learning (| U )
V Large Language Models@d A A @)
V Synergizing LLMsand Graphs( U A A T )

C Applications
V Natural Language Processing( N A @
V RecommenderSystems( =~ )
V  Graph Analytics and Prediction ([ U o #'A )
A Graph Anomaly Detection( <« )
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What is Knowledge?
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What is Graph?

C Graph-Structured Data
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Many Types of Data are Graphs v ion

V  Management

Information Networks:
Web & Citations
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Many Types of Data are Graphs

V Compaciness
V  Intuition
V  Management
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Databases are Graphs

customers

customer_id integer

customer_phone varchar(12)

customer_email text

order_id integer )
orders_items
order_date date K
order_id integer
customer_id integer ) -
item_id integer

items

item_id integer
item_name varchar(100)
item_price numeric

Commerce

"] UserSettings v

UserID INT
> NotiicationsNewsletter ENUM (on',off)
NotificationsFollowers ENUM (on'/off)
NotificationsComm ents ENUM(on'/off)
» NotificationsMessages ENUM (on'off)

card
card_id|int
disp_id|int
type varchar
issued |date
trans
Toan trans_id |int v
oanzia it order account_id|int
ccoanidlint order_id [int date date disp
— account_id|int type varchar disp_id int
date date - - - -
T it bank_to [varchar operation |varchar client_id [int
- - account_tofint amount  [int account_id|int
duration |int - -
- amount decimall balance |int type varchar
payments: jdedima k_symbol |varchar k_symbol |varchar
status varchar _Sym _Sym
bank varchar
account [int
account client
account_id|int client_id |int
district_id |int gender |varchar
frequency |varchar birth_date|date
date date district_id |int

Finance

\
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district
district_idfint
A2 varchar
A3 varchar
A int

Graph-Stuctured Data

|
|
| @ Usero v
j = ; ) FirstName VARCHAR(45)
ExternalAccounts
i | & Lasthame VARCHAR (45)
» FacebookEmail VARGHAR(45) TR b ;ummﬁr >\|
| | Gender Tocations
| v
 TwitterUsername VARCH AR(45) | : | 0ce oare | | poportons
| | & Ocaupation vaRGHAR(as) | | | Loceon
\ | | » City VARCHAR(45)
1 | b 1.5 state vaRGHAR(45)
T | > DateUpdated DATETIME o~ 5
5 = ZipCode VARCHAR(35)
USL Im - Country VARCHAR(45)
FollowingRelationships v
:Flo' . e » UserName VARCHAR(45)
";)"Z:‘" ol Pim | oEmal varaumes)
Y ey Password VARCHAR(45)
& FolowingID INT Bl P R e i
\ PasswordSalt VARCHAR (45)
» DateFollowed DATETIME | |
> DateRegistered DATETIME |
il UserType VARCHAR(45) :
| AccountStatus VARCHAR(45) *
|
: % ] PostComments ¥
| £ PostCommentlD INT
| @ PostiD INT
* 1 Posts b r < & CommenteID INT
PostiD INT | | > comment TeXT
v
] Postfavorites @ UserID INT == DateCommented DATETIME
PostFavaritelD INT L‘ 14| 9 Tite VARCHAR(45)
4T
y 5:{“;; ‘:’T Content TEXT
N
» Status VARGHAR(45) [
) DateFavorited DATETIME ‘ i ST Jpoststats v
PostiD INT
I > ) ViewCount INT
I
[ A
Tras v ] Postrags ¥ ] PostCategories v
TaglD INT fresn PostTagID INT PostCategorylD INT by ] Categories v
»Tag VARGHAR(4S) | =< 4 postip INT & PostiD INT L — ] 7 CategorytD INT
TagID INT @ CategoryiD INT ) Category VARGHAR(45)

Social

V Compaciness

V Intuition

V  Management

] UserProfiles v
UserProfilelD INT

Media
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V Compaciness
V  Intuition
V  Management

Many Types of Data are Graphs
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Heterogeneous Graphs

C A heterogeneous graph is defined as

1 T

V Nodes with node types 0 N w

V Edgeswith relationtypes OhR N 'O

V' Node type "YU -6 valnce electrons
V Relationtypei ™ 'Y ot

V Nodes and edges haveattributes/features 1 1

- single bond - single bond

- covalent bond - covalent bond
- 1 valence electrons - 1 valence electrons
- nonmetal - nonmetal
- atomic #1 - atomic #1

15



Many Graphs are Heterogeneous

C Graphs can be either:

V Heterogeneous -~ composed of different types of nodes
V' Homogeneous - composed of the same type of nodes

Breast Diseases
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Biomedical Knowledge Graphs :
g P Academic Graphs
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Example node type: Protein N~
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Example edge type (relation): Causes
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Recap: 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/
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made by Convers, which has
Indigo color. Byungkook

bought Shee#2 for runnin; .~ﬂ4
In 2015, DiCaprio produced
and played fur trapper Hugh
Glass in Alejandro G.
Ifrritu's survival drama The
Revenant.
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Knowledge Graph: Human Knowledge
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Knowledge Graph: Human Knowledge

C . U (Knowledge Graph)
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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
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s ft

Revolution 5
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Instance-view Knowledge Graph

Figure 1: Multi-level reasoning over two-view KGs.
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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
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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)
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Knowledge Graph = Data and Ontology

subclass W subclass

V Data + Schema (Ontology)
A factual knowledge

\VV Reusable
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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

subclass

Running
Shoes

e e
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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
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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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Knowledge Graph
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Graph Representation Learning
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=> How can we develop neural network
that are much more broadly applicable?
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Graph Representation Learning

C Modern deep learning toolbox Is designed for simple sequences & grids

Patterns of Local [S i ants
Contrast el g
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Graph Representation Learning

C 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.
ﬁ PAIPIPAIPS
Text

Networks Images

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

C 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
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Graph - XY [AE
generati
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Graph Representation Learning

C Graph representation learning
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Graph Representation Learning

C Intuition: Find embedding of nodestod -bgkcl ggml g gm rf _r
In the graph have embeddings that are close together.

A B
>
—0.6} PY .‘
o -0.8} :. i L °® o
-1.0} - - ]

—1.2L . .
—1.4}

—1.6}

—1.8}L

1 | | 1 1 L | |
-1.0 -05 0.0 0.5 1.0 1.5 2.0 2.5

35



EX) DeepWalk

C Estimate probability of visiting node o on a random walk starting from node
¢ using some random walk strategy =|

C 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

C Gbc 8 neighimrbabd

graph convolution

\TLU

/

dro%

[/

graph convolution

softmax

class

—( 7

V Goal is to generalize convolutions to graphs

Output Matrix
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Overview

C The Journey from Data to Knowledge -enhanced Applications

Data Knowledge -enhanced Applications

Deep Learning -based Knowledge Representation
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verview

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
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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, Expertin, 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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Recommender System
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Graph-based Recommender System
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Graph-based Recommender System
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Graph-based Recommender System

C Ultillizing Structured Knowledge Graph
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Graph-based Recommender System

C Additionally Utilizing Multi -Modal Structured Knowledge
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