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What is a Knowledge Graph?
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What is a Knowledge Graph?
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What is a Knowledge Graph?

Semantic Web
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What is a Knowledge Graph?

Title

Book1

Book2

Author

Author1

Author2

Turtle format = & &l

@prefix ex: <http://example.org/> .
@prefix rdf: <http://www.w3.0rg/1999/02/22-rdf-syntax-ns#> .
@prefix foaf: <http://xmlns.com/foaf/0.1/> .

ex:Bookl rdf:type ex:Book ;
ex:title "Book 1" ;
ex:author ex:Authorl .

ex:Book2 rdf:type ex:Book ;
ex:title "Book 2" ;

ex:author ex:Author2 .

ex:Authorl rdf:type foaf:Person ;

foaf:name "Author 1" .

ex:Author2 rdf:type foaf:Person ;

foaf:name "Author 2" .

RDF style

csv format F=|' él

Title Author

Book 1 | Author 1

Book 2 | Author 2

LPG style

Rel
H#Ht
Hith

-Turtle2 #X35t= OIOIHE Jt=s4d
Z E8otI| FIE S

-ex:, rdf:, foaf: 22 UL AHOIA
&S A= RDF GI0IE 2
JtHI2lE XIHGtHL AHEIEl E2

ZZMHEIE H8ol=0 288.



What is a Knowledge Graph?

pP.S Ct A
o O —_ O
AJ|0F ASEIK [0, A0 - °
o El X E G| RS E0I0fl XAl S0l ﬁfiﬁufgg;(ﬂm et
([ —tg go|3g|.l ( |;§)E OHTO'|O|: =

A3 009k X Z €I 0f X 0L, BIOIE]
< 8 A0l IO/ E1 &2 X G OIEf
O12) COIEIS HE 2H2I5t010f o S
= Z XILIOf GIOIEf 240t S ol
=R o Bl e O AH KIS S TF 2 B4 XI5101 B O/

ip
roh



Market Trends

'SIHIOIE HEHZ
AS M, HIOIE 2
=LA JHXIE &&0t 1)




Market Trends

[Adde|xE] FIM F= Msd AlBEEE

HAOIE 74

SNy, 2

o XIx| 28 S8t HEIZ 70| H(LLM) 7HE!
¢ SILIZEBE7IEH ANZH MEII &)
o Ui =3t o YRl SHLI2E 2t AlF Sof 2

« BIZHH0IE| KAt FB0ITH0| KB

« LG AISi78IT S810|2H A 9I3t 7L
- ofato] 2 ST (2 NHIA 231 G A
« 72 HIE, 3GPT 5 283 0A0(RY 4

o SHIE Al 28 2t A7t HA 2
o HHY Al 7IHE FAUF AR MH|A £Q| 12

ot 284 'ZfokztMl  2023-07-25, FoP I|A} MAAMZ

to
all

all

1%
10

Y
e
o
It
n

fol

10

0x

>
J

i

N[l

i


https://www.etnews.com/20230725000158
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Market Trends

Cons:

Knowledge Graphs (KGs)
Pros:
Implicit Knowledge + Structural Knowledge
Hallucination e » Accuracy
Indecisiveness { \ + Decisiveness
Black-box * Interpretability

Lacking Domain-
specific/New Knowledge

+ Domain-specific Knowledge
Evolving Knowledge

Pros: Cons:
» General Knowledge * Incompleteness
+ Language Processing * Lacking Language

* Generalizability

: Understanding
~__A * Unseen Facts

Large Language Models (LLMs)

e2sde 20l ANZs oA @EHL AFAOl Ofd
FEE M4E & Y= FLRE Jt2TLICH
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Pan, Shirui, et al. "Unifying Large Language Models and Knowledge Graphs: A Roadmap." arXiv preprint arXiv:2306.08302 (2023).



Market Trends

Model 4 Average B
kyuiinpy/KoR-0Oxca-Platypus-13B 50.13
A2MARU/GenAl-11lama2-ko-en-platypus 49.81
krevas/LDCC-Instruct-llama-2-ko-13B-v4 49.58
Wistra .78 LLaMA2:130 50 Mistral 78 LLaMA 2 138 kyujinpy/Kol-platypus2-13B 49.55
W LlLaMA 2 7B LLaMA 1 34B H == LLaMA2 7B LLaMA 1 34B
70
20 \or jyoungl05/ko-platypus2-collective-13b 47.94
~ "] - » ..
K60 8 i kyuiinpy/KQ-Platypus2-13B 479
g 230
© © kyuijinpy/Korean-OpenQrca-13B 47.85
=1 ]
g3° g
< <20 sixyuon/KOEN-13B 47.84
40 kiyoonyoo/ko-platypus-13b-control 47.66
10
30 ) A2MARU/GenATL-1lama-2:-ko-en-instruct vl 47.28
MMLU Knowledge  Reasoning Comprehension AGI Eval Math BBH Code
** https://mistral.ai/news/announcing-mistral-7b/ ** KoLLM leaderboard
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https://huggingface.co/spaces/upstage/open-ko-llm-leaderboard

Market Trends

. Retrieval Augmented Generation
e o

Prompt Engineering RAG PEFT Full Fine-tuning

@ Pre-f trumlng ‘% ey ' Query User
Avoiding Hallucinations Massive dataset Prestrolied LLM Retrieval Model
relevant docs ]\ l Search

=55

o
Knowledge Base

Prompt Engineering RAG Full Fine-tuning

HEHHE2YES P=0t= HE 4Dt 28 S 1.82 840 2H6t1, 2. 78 SETI 2
RAG(Retrieval Augmented Generation)Jt =2 & .

— =<0
Cl_a

* Full Fine-Tunina. PEFT. Prompt Enaineerina. and RAG: Which One Is Right for You?



https://deci.ai/blog/fine-tuning-peft-prompt-engineering-and-rag-which-one-is-right-for-you/

Reference architecture

|Vector Database Vs Graph Database for RAG

TheAiEdge.

Vector database INFORMATION Graph database

EXTRACTION e rolational
‘/ai | e relational

information
- ———— between entities
. | is extracted by an
LLM

)
~
The datais \I I

partitioned in
chunks

INFORMATION
INDEXING

The chunks are

encoded into
vectors with an
LLM and indexed,

The resulting
knowledge
base is

io

into a vector indexed ina

database by graph

their vector database

representation
Vector database
w INFORMATION Question
RETRIEVAL about [x]? , Information retrieval
is achieved by
Embedding [X] extracting the sub-

knowledge base for

©@00¢ I D@ @®) representation of

the question

Vector
database

©@000000T- |

©0000000- ]

@0000000 to the question as
context to the

Nearest neighbors to the LLM
question

and is passed as
context to the LLM

Information
retrieval is
achieved by
providing the
nearest neighbors

Subgraph of [X]

LLMS| DS X| g8 2&56tJ| ?oll VectorDBE & E56t=H &
= sl 230N 7EE.

Linkedin, Damien Benveniste, PhD

the entity in question

Bt

—

A
=

e IISNESEH2Z &Ll


https://www.linkedin.com/in/damienbenveniste/

Reference architecture

VectorDB limitations



Reference architecture
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X..Y .. Foo

e i o .| Bar...Foo
= Chunk / & @
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Chunk o -

1
|
\
!
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Embedding Creation & Indéxing

d

Query Time

~ path could optionally involves other services

: Get embedding of e bedcits Crastion . .
—+ normal call path the Task ——SEEIFEET— Embedding Service

LM

— Tell e about Foo Get Top-N semantically
related chunks and
entities from KG
Query Knowledge from
I — Foo is .. N the related entities

Chunks &
SubGraph/Knowledge
related to the Task

NebulaGraph Launches Industry-First Graph RAG: Retrieval-Augmented Generation with LLM Based on Knowledge Graphs

01210


https://www.nebula-graph.io/posts/graph-RAG
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Business Model
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e Tomaz Bratanic Ontotext
' 6.3K Followers 11K Followers

Jesus Barrasa
& Jim Webber | | AT

Ontotext is a global leader in enterprise
knowledge graph technology and semantic

Data explorer. Turn everything into a graph.
Author of Graph algorithms for Data Science at
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Stardog
Union

Maana

Cambridge
Semantics

metaphacts
Shenqing
Information

Tech

Capsenta
Franz
PoolParty

Cubeit

** https://tracxn.com/d/trending-themes/startups-in-knowledge-graph-platforms/__

=
Company Description m Difference from Other Companies

Cloud and Al based data fabric and
knowledge management platform for
decision making

Provider of analytics and knowledge graph
platform for multi-industry applications

Data Analytics and Data management
platform

Online software for knowledge graph
management

Al company offering financial content
management and technology solutions

Enterprise Data Platform for Virtual Data
Integration

Enterprise graph, knowledge and database
management software

Al-based platform for knowledge graph
management

Content organization and management tool

Enterprise Al-based knowledge graph
management platform provider

Data graph platform, data lake acceleration, operational risk management, semantic data search.

32.5M
$ Serves financial services, life sciences, and manufacturing.

Crawls, indexes, mines, enriches, joins, classifies, analyzes, clusters, connects, and correlates data.

90.2M
$ Serves logistics, finance, oil & gas, risk & compliance, and more.

Configures a data lake for scalable graph storage, model-driven analytics, and more. Used by

8.8M
$ pharma, financial services, government, healthcare, retail, and media.

Enables knowledge workers to create and gain insight into data. Clients include Siemens, Sanofi, The
British Museum, and others.

Collaborates with data giants to provide differentiated products and services to enterprise customers
based on industry big data.

Uses advanced graph representation and semantic technologies to virtually integrate diverse data
sources. Recognized by Gartner.
Uses artificial intelligence for semantic search, builds a graph database, and provides actionable insight
Serves healthcare, defense, IT, finance, manufacturing, and pharmaceutical industries.
Provides software to manage taxonomy, ontology, metadata, and structured data. Offers tools for
information extraction, classification, content search, and semantic analysis.

Allows users to collect, organize, share, and save data. Converts data into cards, uses proprietary

3M
$ algorithm. Acquired by Myntra.

Applies reasoning to enterprise data to discover insights and opportunities. Can connect to
relational and graph databases in multiple data formats.
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http://deepreason.ai
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