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Genealogy of DBMS
- History of :

1974 1976

: Database S
atabase Systems ™,
. ~ 5 1963
. " &2 u= GEO A/40] 1964
N _ 48 DBMS IDS 7l IBM ISAM ZH(Systermn/360)
4 >
H \ ?”7
i Oracle >
“— ; 1962 1968 ‘&
Commercial i Computer i 7" ] Ingres LR e e e =
§ ¢ {  CA-0S P ga 1 970 4 W op A0 S
INGRES | A t . Ny A ofX A0 HEY
IN_‘?.E ss7oaa = core T DB IMS/DB 7t

Britton-Lee P' Sybas

SQL Server
Microsoft

1976
223 At 2-(sbL)
ORACLE

;"""“““"”‘““T" 1 974 -
~>» Greenplum Ingres TREE Alzk- .

i
i
i
— A

1977

i | [ m—— - (interactive graphics and retrieval systerm)
Y Postgres '_P‘ Postgres95 b‘ PostgreSQL ;’ B SOl ,“.n,;, 1 0t0]Lf Oracle Version 1 74
Enterprise 1979
DB 1 2 2|0} x| 44217
= CBO 7Hig

J 1984 G .

> . E AEP| 418 DBMSE MVCCR X4 3t

LH ’ R WAEIQI Sybase DB YE-

EE—

Maria DB .ﬁ i MysoLS

[ ]
PERCONA 1996 1995 1992

PostgreSQL 7% MySQL Version 122t .
L] 2006 InnoDB 2t & ofo| Oracle Version 7 25

Rdb/EL ; Q. 2007 2008
L __J\): InterBase NoSQL ZC|H| WE -NoSQL ZHateet etm 2010 . .
e -P2P 24t DB E8H|2I Y& NoSQL 71 2A|H[0] 2

source : Andrew Mendelsohn, Rich Niemiec
https://en.wikipedia.org



W\@L\X/eData Lab

History of DBMS
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RDBMS, NoSQL, VectorDB %1%t

RDBMS

Q

Oracle Database
MySQL

Microsoft SQL Server
PostgreSQL

SAP HANA DB

NOSQL

‘.J

MongoDB

Cassandra (Apache)
DynamoDB (Amazon)
Couchbase

Redis

VectorDB

Q

Milvus (Zilliz)

Faiss (Facebook Al)
Pinecone
Weaviate

Qdrant
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=X : Latent Space in Deep Learning | Baeldung on Computer Science



https://www.baeldung.com/cs/dl-latent-space
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Al HE 2}

T\ :J—’._’ [0.003530, -0.8187 ,..., 0.09633) C ;

index

Vector Database

@< [-0003530,-0.0109, .., 0.00633] )

/_/:_':,.44-0.003530,-0.3137, -000633 [ > [ ]
_ I
create query e
Vector DOtObose \1.. [0.472409,-0.4287,..,009731) [ ||-» [ ]
( @) — | 10003830,00109,.., 000633 [ Compare Pick the n
all entries most similar

|
' Process with Ilm
|
|

/
:'“ , +@) — | [0.472409,-0.4287, ..., 0.09731) |
a LLM -
chunks

embed

embedding original

The returned values can now fit in the LLM
vector chunks radvonid

=X - httos//aithub com/kem?26/1 anaChain-for-11 M-Application-Develonment/blob/main/imaaes/vector database 1 nona


https://github.com/ksm26/LangChain-for-LLM-Application-Development/blob/main/images/vector_database_1.png
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#2 EAS 21T Q1A (Index)

O E} C|O|E{Of CHoH HE & gﬁ e BN
CH8 2 HEOf ChHot & LE']

20l CH-& (Fault Tolerant) #

H B 2 XFSHquantization) 7|8 &3 D
( Ol : round(3.12410389) = 3 )

Jaccard Similaity
Cosine Similarity

Distance

3 Pearson Correlation
Manhattan Distance (L1 norm)

W"\@L\X/eData Lab

wWorkPlow

Vector Database

AR
\

Results Retumed

Query
Convert

to

Vectors

Encoding data into vectors:

3
Text T
ML Model
~
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=X : https://levelup.gitconnected.com/beyond-traditional-databases-a-look-at-vector-databases-for-machine-learning-643910fe5393
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Relational Database (SQL)

1 Database
2 Table
3 Row
4 Column
5 Index
6 Select statement
7 Insert statement
8 Update statement
9 Delete statement
7 Join
10 records
> Airtable

Vector Database

Collection

Vector Space (or sometimes Collection)

Vector

Dimension

Index

Query/Search

Insert

Not typically used (Embeddings are usually immu
Delete

Not typically used (Vector operations like nearest

A . .
) Download CSV v~ View larger version

Image by the Author
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Papers on Arxiv.org that mention "similarity search” or "semantic search’

Count : t Growth from 2018 to 2022

1,000+
o UP 190%

o Up 162%

800+
490+ ’
500
360+
IIIII |
ﬂ 2014 2015 2016 2017 2018 2019 2020 2021 2022 2018 2019 2020 2021 2022
@ -ctual predicted . . @ 'similarity search’ or "semantic search” @) ALL Arxiv papers

Figure 3: Researchers are publishing more papers on “similarity search” and “semantic search”.

=X : Why are Investors Flocking to Vector Databases? (analyticsindiamag.com)



https://analyticsindiamag.com/why-are-investors-flocking-to-vector-databases/
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Vector Database Index

Weaviate [ B scorch
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Qdrant -
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vald |8

GSI Technology I

lower scare higher score



https://gradientflow.com/the-vector-database-index/
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« HNSW (Hierarchical Navigable Small World ) Layer=2
- CHE YE27 |
| 2
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g ©
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=X : Vector Indexing | Weaviate - vector database



https://weaviate.io/developers/weaviate/concepts/vector-index
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HH E-| SEEIPAAEE="E |
= S NG G T [ O
oo Tro — - EL 3 —_ ef
Hs B - ef construction e 1o
o] ol = 2
ot = EIE IR Ol == 2 . Z{A A BERSE 0|2 LES KA e =X 3
=3 M9l 5-48 . MOl Y A 0|2 EE NFoH SX 79| 37| I SR A SRl == HEH S
QIElA A T0f| 2™ EQl kS ECH . WHS I} HIE ATof 2o - offe 2t PtE2| L EE MM
2= A|ZH L XS 20| BHod . ZAM Jj40l KECHF{oF 8
- SE A7t " =0 2o
M Molgic At SEAZ Reig ef con AW AZH  SEAZH S » - Jois
16 37E 56622 X 76.1% 500 6882 8872 EX  88.1% 1000 1482 = 53.3%
NEEIES 76.1%
1000  1149% 708Uzl X 89.5% DR, 410 =
32 688% 073Uz £ 924% = ’
5000 7582l % 85.0 %
2000 19427 66.1 22| = 91.0%
48 1166% 9882l X 96.9% 7000 7882l % 89.5%
£ 698 % 10
" o I 3000 2681 59.6 22| 92.1% o R 03.40%
- TETT P H2. ef_construction g0l 2 H& HSt H T3, ef 20| I}2 M5 H3st B
EL Mzt 2 45 Wt B 256 AH9d 2HE HIE| 1002HH, M =32, iszsfgie_ﬂ% #E{ 1008 7H, M = 32, ef_con = 1000
256 X+ 2T HE 1002474, ef_construction =500, K= 1000, ef =7000

K=1000, ef=10000
EN ;5?2 Aol Hetsih BE ZM AT ANN HNSW 21025 =17 (feat. SWIG Golang) : NHN FORWARD 22
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RAG2} H{E| DB s
0l BIE| GO|E] H|o|A Him

H

CH

L Vector : Released - Billion-scale vector Approximate Nearest | LangChain :
Listing Databases Type : .| support Neighbor Algorithm Integration :
N Open-Sourced
. Managed / Self-hosted vector database / Chroma 2022 No HNSW Yes
<~ Weaviate | Weaviate
Open source s : :
Milvus 2019 Yes FAISS, ANNOY, HNSW
. ) | Qdrant 2020 | No HNSW -
3 Pinecone | Pinecone Managed vector database / Close source = : :
Redis 2022 No HNSW
©> milvus | Milvus Self-hosted vector database / Open source ;| Weaviate 2016 . No HNSW. -
- Vespa . - 2018 -+ Yes- . -Modified HNSW- . . . -
B Not Open-Sourced
Chroma Buyer-based open source
‘| Pinecone 2021 i Yes Proprietary Yes i
*Note: the information is collected from public documentation. It is accurate
a Vespa Vespa Managed / Self-hosted vector database : : : as of May 3, 2023.
- O Vector Databases v | Python API v Java API v Qther API's
ﬁ Vald Vald Self-hosted / Open Source
1 Milvus Python SDK Java SDK Go SDK, ©
2 Pinecone Python SDK No No
‘dra Nt | Qdrant Open Source 3 Faiss (Facebook Al Similari... Python SDK No C++
4 Weaviate Python SDK Java SDK Go SDK
e zilliz Zilliz Cloud Open Source 5 Qdrant Python SDK No Rust SDK

=X : https://levelup.gitconnected.com/bevond-traditional-databases-a-look-at-vector-databases-for-machine-learning-643910fe5393
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Dedicated vector databases Databases that support vector search

i@ en ‘
gl 2 chroma i
ot o8 £ 1A I. ke e i | TS
. S @vespa o S OpenSearch |1, ciagiouse
Al Anno 5 S | E B
"t “ 5 Qdrant |
s 55 | W Eaneenb PostgreSQL J—
3 {® Milvus e
S | U v
o _ - elasticsearch .
85 | redis
% g “ Weaviate
g 5 . IROCKSET]
35 *? Pinecone ,
QO SingleStore
\. A

=X - Why You Shouldn't Invest In Vector Databases? | by Yingjun Wu | Data Engineer Things (det.life



https://blog.det.life/why-you-shouldnt-invest-in-vector-databases-c0cd3f59d23c

ELROP (ezis for LLM RAG Orchestration Platform)

| Solution for managing and controlling LLM for optimizing performance
2= HI0|H 0 Lt chunking, Embedding, vector DB2} £ E{ LLM Z2|7HX],

LLM O{Z2|AH|0| 2] d&& ZHetst7| flot EFHYULICH LLM Z=20f Tt 2ap™ el 22 & M 07t 7ts gL Ct.
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H|o|E “§E| DB} In-Context Learning LLM S &
Q1= |0|E{of| CistH SIZIBIALS XA EX O GPT, Gemini2t Z-2 APIRE
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SHE{DB2} K| X| CHSH Foundation ModelOf|

Chot A2 X| &
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ELROP (ezis for LLM RAG Orchestration Platform)

| Solution for managing and controlling LLM for optimizing performance
T2

+ RAG(Retrieval Augmentation Generation) &Al2 S 22t HAAHX HE

ShZtod 4 . ——y —
x| A3} o EHO| CHot |2 HIO|He =X HA|
« 22 EMo| HESt chunking, EmbeddingS E3f LLMO| Y&tst 20 x|&
Al - HE M FAXE|, HEIDBZY, LLM HATX| LLM Application?| 2= S ¢
End-to-End o AN BHE{GIO[E{H|O|A Rl 0|82 St H|E H
T2
e o ALEX} HOldE fleh At 0f Z|uk BEIDB 2L{HE 7|5 X[&
« Do ol =Y MEH Al Orchestration layer 74
70 o= . . - "
Eﬂ&i&‘?% « 2EY LM FEHA(API 0| 3) 1t HMH(=E LLM) 75 Y4 & CHEet 735
o
- HH 27AIR0| S Hust ZEZE 1 XY
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LLM RAG Orchestration Platform

: 1. Question(AEXt H &2 i
S | . Question (Mg oo > Server (Linux Docker)
== - 1
(User) 4. Response(E'H) 11
Prompt
LLM
3. Retrieval-Augmented Generation Knowledge
(FME HHEE HIgo 2 2 E0f st BHH M)
[
#ﬂ
2. Searching Documents(H#E L8 ZHAM) : ;
. Vector
Unstructured Data - Embedding Model -
Database
A
I
|
@ -> Web Searching - Web Documents
Web Tool
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LLM RAG Architecture
| Architecture

4 ) 4 R " R 3 i

i RS Ao S

Web-Searching Indexed User — Chatbot Generate Answer
Reference Documents Communication (In-Context Learning)
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