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Guest lecture introducing the course: “Advanced databases” (DAT475 | DIT930)




Which area is most glamorous?

A. High-performance computing
B. Computer graphics
C. Machine learning

D. Databases
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Financial Times Survey: November 27 2001

“Data integration and management is an area with less glamour than
high-performance computing ...”

“... but, probably, more practical relevance for the biotech industry.
Researchers need to organise and integrate information about genes
and proteins from many different sources, in many formats and file
types, so that they can uncover patterns and associations."
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organise and integrate information

uncover patterns and associations
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“We Don't Need Data Scientists, We &
Need Data Engineers”, January 2021

* “There are 70% more open roles at companies in data engineering as compared to

data science. As we train the next generation of data and machine learning practitioners,
let's place more emphasis on engineering skills.”

 “Data scientist. Use various techniques in statistics and machine learning to process and

analyse data. Often responsible for building models to probe what can be learned from
some data source, though often at a prototype rather than production level.”

 “Data engineer. Develops a robust and scalable set of data processing tools/platforms.

Must be comfortable with SQL/NoSQL database wrangling and building/maintaining ETL
pipelines.”

Senior Machine Learning Scientist @ Amazon Alexa Al

https://www.mihaileric.com/posts/we-need-data-engineers-not-data-scientists/ 2023-02-22
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“Data science is different now”, e

February 2019

» “What do you think of when you read the phrase ‘data science’? It's probably some
combination of keywords like statistics, machine learning, deep learning, and ‘sexiest job of
the 21st century’. Or maybe it's an image of a data scientist, sitting at her computer, putting
together stunning visuals from well-run A/B tests. Either way, it's glamorous, smart, and

sophisticated.”

Machine learning engineer at Tumblr

https://vickiboykis.com/2019/02/13/data-science-is-different-now/ 2023-02-22



https://www.hiringlab.org/2019/01/17/data-scientist-job-outlook/
https://www.hiringlab.org/2019/01/17/data-scientist-job-outlook/
https://vickiboykis.com/2019/02/13/data-science-is-different-now/

UNIVERSITY OF
GOTHENBURG

“Data science is different now”, e

February 2019

» “What do you think of when you read the phrase ‘data science’? It's probably some
combination of keywords like statistics, machine learning, deep learning, and ‘sexiest job of
the 21st century’. Or maybe it's an image of a data scientist, sitting at her computer, putting
together stunning visuals from well-run A/B tests. Either way, it's glamorous, smart, and
sophisticated.”

* “I recommend learning SQL for everyone, regardless of whether their ambition is to be a
data engineer, ML expert, or Al superwhiz.”

« “SQL is not sexy, ... But for all intents and purposes, in order to understand how to access
data, chances are extremely high that you'll come across a database somewhere that will
require you to write some SQL queries and get an answer.”

7 https://vickiboykis.com/2019/02/13/data-science-is-different-now/ 2023-02-22
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* Given for the first time in 2022
 Study period 4
7.5 credits

2023-02-22



An aside ...



DATA & Al LANDSCAPE 2019

INFRASTRUCTURE ANALYTICS & MACHINE INTELLIGENCE APPLICATIONS - ENTERPRISE
HADOOP ON-PREMISE HADOOP IN THE CLOUD STREAMING / IN-MEMORY —————————— | DATAANALYST PLATFORMS DATA SCIENCE PLATFORMS SALES MARKETING - B2B MARKETING - B2C CUSTOMER EXPERIENCE / SERVICE ENTERPRISE ——|
; : . p . " estng | PRODUCTIVITY
cloudera (AME. | AWS BE wicrosoft Azure © ecotabrios | | B8 Microsoft @pentehe alteryx iarabridks data CHWRUS RADIUS  fpAuy | 2812 @boomrocch #SendGrid | Qallis & WEOALLIA £ i B el
RS i & Google Cloud - _ 48 guavus  AYASDI o - INSIDESALESCOM peoplear | 4/ &versTame tice | P10 ACTIONIG @ suuecore | @ ctaRasaioce zendesk O ustomer g F
Pivotal T o Prstores ET7Cloud Platform " e Soomimo ) rapidminer |5 conversica e W o g, % cousoun rrenm Gimpericn | T vecss @ O v Gt gpendo | ORACLE
IBM InfoSphere' IEM InfoSphers Q[ Gty 12 hazel 5 ATTIV/O Datameer: incoda. 9) Gsas . a1 Asuso tactai [rnocrs| P tubular Amplero, & emperty [ cusnime | OMEAP @ampitude < Wi i ) @1 GURU lumiata
N Bighsighis  Dsien striim - lahazelcast  riggainz inter|ana. JM{rops ENDOR ARAGoNDAT - oL Aate sl 5 GAGIO mitir © ' | ©®Simon Lt [PERSADO] | DisialGenius ASAPP @ ade (UTOMAT afiniti | @ iFFaoT ©) clera
jethro e CAZENA ) GIGASPRCES ', wattaroon: N7 1 A " o — . fuse|machines P eest i | knoTcn mpe Sreieih: CaDesk “natomi ¥se. eframeai B K.
o / % fallaroo s FAS & . MathWorks* -t nesh talla® Kasisto
SISU switchboard 3! Surburst KNiME 4\
HUMAN CAPITAL — LEGAL REGTECH & — FINANCE — BACK OFFICE SECURITY
NosQL DATABASES NewSQL DATABASES — GRAPH DBs— MPPDBs — CLOUDEDW — SERVERLESS | g; pjarroRms VISUALIZATION MACHINE LEARNING —— | /acle ®pmmers | RAVEL == | COMPLIANCE | znaplan | AUTOMATION&RPA | @Tanium & CvL ANCE €zscaler © stackatn [illumio
D Gogleciux 203, | % chutis o (i@neod | T, | s Pz oker @ AWS | i +ableon A @ ocsre @ | 7500 | 800 5 o ZUOKQ | U] I cooeez @R Ny, Wouncnace ANOMALI 1 Dbt
= ivotal \mazon Neptune 2] i w mya ira = e o % Threateltc
ORACLE g wicrosoft Arure AmazonNeptune | bt © Googe Clowd A _ ~ i e Qanyo Q(exmy JUDICATA textIQ Gometoge | ST7SAHANA | blueprisni SVECTRA .42 5 Suardian B DATAVISOR s siftscience
' iy ) - oo T v | ETY © GoogleCloud | @ETE o i (FaEv) RADESHIFT | \/[DADO 4aps
mongolt Markdogic | \eusaL @ infuxaeie | ORACLE | @@ction | BEMaosotare | g o g e 22 Bt Bell PARTNERSHIPS 7 ) e | @Workcusion workato | = PI79"0P 2z €x3beam s ey i Sentmelone 65 seeatyseons § socuse
© Coubase 0ATASTAYY | Fopuroschins B | “Oienos i | Bognitio | Pivotal Erp atscate & Qlik@ | celonis O w®  gamdlon @ entelo omoneran | ZHIBEM CotzracTon| RO @Ot ) | Fodesears Bbitglass 4 Buemon i B ooz © BITSIGHT
@ rocson: BYEY | vouros splice @imy | 4mmesan | EXasOl | oo muclio G wisgmatin ¢ birst | zept Zorom p.l;ll‘., ViSENZE ELEMENT" ROSS ; | betkeeper "“‘f"f“? Cvon | AN O e Gpremonemens popreg riskecon ) as i
& ArngiDB SCYLLA. pwadoms g O Q:':Zﬂ Infoworks W Fition e MicroStrategy /A Keen 10 CHARTIO Fluvcun voco deepsensed & casetext = RERLBLC pilot ALKYI 8 BLuEHExAGON Semmie @) ossou 3 axomus @ armarblox
APPLICATIONS - INDUSTRY
DATA DATA INTEGRATION DATA GOVERNANCE -1 MGMT / MONITORING o i) Aol ADVERTISING EDUCATION 1 REALESTATE -} GOV'T INTELUIGENCE 7 FINANCE - —  FINANCE - LENDING INSURANCE —
i Microsoft Azure pion it O Google Cloud % N
TRANSFORMATION SAP Data Services {3 normstics ‘) Informatica aWs O NewRelic actifio L - @5V Watson Cortana. EER Y0 o9 N 88 Liishuo REDFIN OPENGOV OPalanti NVESTING N s Inetromil
(@ Matesont TEACILM ®@SailPoint | . O APPDYNAMICS Q sentient Qemamnae - g OEBS © S Palantir KENSHC ondeck ffirm 5 Lomonade
otalend ‘@pentsho | Maasesiphign | 5o robrik N9 . darifai g | N Voyage narrative@<ciorcc A semantioiachine criteol. @. iobegral oo | Opendoor | marka3 & Dataminr VIANPU.AI  Kreditech AV AN T ;
enigma g e Sk xAd" @ Integr £ of & Quantopian
snaplogle enige Securiy Clou -y (0ynatrace I WAVEFRONT . - ) . pRoSHESE i . VTS | [ e CYENGE
alteryx Q@ TRFACTA | 2 supnene i arrumizy collbra o E Senlbx .0 SEVERA @ deepomatic | :) Affectiva - g FE O ot g FREEF Rpenx Clever i ® e Quid Faroosean e @inance A Upstart
 sogrent I ATTONITY Soruva Westories x
. P DIAON e, | splunks D revolo Atwentybn | oy, e B soundhioung nc. |V PRIMER  thelradeDesk [ ] .| @eclara S| PRIMER QUIQ ZLEARBANC 3 uporade
omr FPaxata | £, ZALSN import.io o u Moogsoft pagerdhity v 2 uslauiTYs AIEE N ST e e g = lidaptfie | e FEspoit iSENTIUM .
2 © e e [ IEEES OKERA | o ey 5 “dscmotos i ﬁ;‘@m naniogics "WROBAL 05 A Aol = dstillery g - 43 reonomy smartprocure | FIOIRGE % 100credit @ Welab wecashinmas
St scauva YiTu X i " &
ysueanses g SNOWPLOW 4 MATILLION . dataworia 20158 0TS v ynthila @,i: W o] s snsrinc LAY unsbe PolyAl B Sknowre @hcff,ffxf“ STREETLIGHTDATA i Truenceord (@) Moneytion G5 i
agradescope | i, APAGAYA aire  cghif
STORAGE CLUSTERSVCS 1 DATA GENERATION 1 Al OPS GPUDBs & HARDWARE — | SEARCH LOG ANALYTICS -1 SOCIALANALYTICS - WEB/MOBILE/ ——— | yea|THCARE LIFE SCIENCES TRANSPORTATION AGRICULTURE 1 COMMERCE - INDUSTRIAL ————
aws o 2 s &LABELLING atsorrmHmia | CLOUD Google TPU QIFM 2 | omeas Splunk‘> G Hootsuite 7 Cll)h;MER:iA"':}"'CS #g fiatiron Clover «7700s @ oo | Wi v | UBER TssLE 0 | @ s | Ainstacort | AvavA siEMENS BT
comel = ) rvioia. cesar @sumologic _ _ oogle Analytics . C wavwo . . x UPTAKE
Mes=hizrn -.’ ! EZ‘R:::: | e ‘ %ankg Balgolia  coveo ‘g NETSASE: . ETA8I0TA Gingerio Glow @babyion | geeyoienial Verily | @eiearearn CLUISC nurg & | £ cranular PRE:‘ - ™
© purestorce Vertaai 4. 24 P vrhie solarwinds © . mixpanel AcampLituoe 30Med B o - | T o | @ oo @ Hitfne 4
A wasabi @uson brytl ) Lok ATIIVIC o & synthesio tracx | °* . Ezebia @ra O\ WinecODE £ (Qroerons driveal @ sawsest 4, GERER £ scorrex 0w
A m?ng;':n,i@ == n M gy onans s | | e e s > Airtable RE5CI TEMPUS enisiieme €) AiCure insitro @- S ) WIMHES Aurora | RBLUERIVER ~
S nimblestorag wienanoms | pG girom Movidius Kexaien it 11 ereach — I to @ avorve 7 i PLOTA | Gramerseage TACHYUS £\
Frare— o Datarmiond o wnvE - jphasense. MAANA | KIBGNQ ity Osimilarued BISIGOPT ) granify IR i frume @ Coartobs fracnome | CNaUER By | s OTHR ——— |
COHESITY &crctecioup LIONBRIDGE LT < | o S R omnizus  SINEOUA $logzio 4 Osimilared | ctora e BIEEEE onmnenss | 4R NIO OPTMYS ®@moovit m FaAr?l;;.sol;'s A S aaper R
enttc ™ erTRINE” | (7 fiexar Kodiak comma-ai | iipapanis | e B O SOIERN ROXEVER
Quentus akicis 1M A G EN WORAR A s | A @ | o | Sveocns duetio @ M
[ @ oomeo PAGE EETSNEE @ Bnes K netradyne semmnin CMIMGES & oy, terpiion | ® Electric @ zinizr
= 1 = =
WS ) Google Cloud [ Microsoft BT towenesaae §GSS 101ODATA vmware TIBC' Terapah ORACLE Fllnetaps $5YMCSOT MAPR cloudera E.. Binnovaccer fu (T)uciorsrmonst WLerTot | Fowkm @ thine INRIX Oprospera | s
OPEN SOURCE
FRAMEWORKS QUERY / DATA FLOW DATA ACCESS & DATABASES ORCHESTRATION & MGMT —  STREAMING & STATTOOLS & AIOPS Al/ MACHINE LEARNING / DEEP LEARNING SEARCH LOGGING & MONITORING ——  VISUALIZATION |  COLLABORATION | SECURITY ——{
) MESSAGING LANGUAGES &INFRA e B p P )
“p Spoik’ Soaik’ SQLﬁ Ommongons @ redis stalend iﬁhm 20 i Frensorrion  [CIER WL @@ Caffe Hiooor WE | LS K matpltiib - Apache Ranger
& 200@ e cosandra Spa nifié Ifiow ) " TOX
A, B | ) Fodmmhus s | BOGBE Bocte W | v | o Bl theano @ oo Festers | o | g Qreners | | KNOX
@ik YARN T L O o | @i B oee I @suwdio 6~‘~» DC . i = \g
wy B .. 23 GraphaL omere KSoIDB | R Apoche it @ iesos §G kafka 5D sror Ssciy julia <2 seLoon BRI VELES ¥ € ONNX 4 Taeens | Y enton Whvents DCrofana [ Boren] { Sentry
& docker QCDAP -
@ rdtiat R HELX _.._.@_.. @ik " SRR oetcd & kong Apache RocketMQ opwen 2| neon™ M %2 manouT Aerosolve B8 ANACONDA Lo
DATA SOURCES & APIs DATA RESOURCES
HEALTH 101 FINANCIAL & ECONOMIC DATA AIR/ SPACE / SEA . PEOPLE / ENTITIES LOCATION INTELLIGENCE OTHER DATA SERVICES INCUBATORS & SCHOOLS RESEARCH
2 vauioic @ GE Digital Bloomberg ¢ i THomson ReuteRs [ | DOW JONES O omatmn (planet &8 | acxiem sSiperion | FOURSQUARE O ‘E ’ELAEEUV b5} orra @ © m yalvanize o;ﬁu facebook research
. M e AIRGBATIES A spire " © £ v PLURALSIGHT
practice fusion $ thingworx | 1D Ebmaio E3CBIcons GGran ooy B S ® . P sy ersiton | g insideView’ |  senseséo o e bl £ e . > MIRI
X o £°8 Crimson Hexagon Place esri % factual N DataCamp 74 DataClite -
itbit GARMIN @ relivm @ somsara | g @ Qestimize " PREMISE Quandl A ewensns 7 ® SI0EY (] tellusiaos el quanlcas( B & P e s fractabes k299l ° 7 vecroR 5 [ Ja<]
. est " | winDWARD () oronedspior LI BXE Awaitory T8 CRUX DEEEEE X DataKind | "INSIGHT, @2 Thedatoneubator - o
hinsa o Steckwits Xignite earnest predatd | g P L. Blawrecnars | o bl ARadar Komswwwe | gutuio B noroxus' K2 5T e
July 16,2019 - FINAL 2019 VERSION © Matt Turck (@mattturck), Lisa Xu (@lisaxu92), & FirstMark (@firstmarkcap) mattturck.com/data2019 FIRSTMARK

EARLY STAGE VENTURE CAPITAL



11

UNIVERSITY OF
GOTHENBURG

@

CHALMERS

Data and Al landscape

* For several years Matt Turck has published a graphical overview of the Big
Data and Al landscape, and the lecture slides include a recent edition. Only
some technologies and companies are featured in the (2019) picture,
selected form a list of 1335. A more recent (2020) picture is based on a list

of 1479 technologies.
* It would be impossible to try to introduce so many technologies in a course.

« Even gaining meaningful hands-on experience with seven different
databases in these few weeks would be difficult.

* http://dfkoz.com/ai-data-landscape/

2023-02-22


http://dfkoz.com/ai-data-landscape/

Th
Pr ema‘[ic
ograrminers

Seven Databases
in Seven Weeks

A Guide to Modern Databases
and the NoSQL Movement

Eric Redmond
and Jim R. Wilson

Series editor: Bruce A. Tate
Development editor: Jacquelyn Carter

A book about NoSQL systems
that features 1 relational DBMS
and 6 NoSQL systems:

* PostgreSQL

* Riak

* HBase

* MongoDB

e CouchDB

* Neo4)

* Redis

A good book for learning about
some NoSQL systems, but the

“Advanced databases” course is
not only about NoSQL.
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Course contents:
« database management system architecture and implementation
 concurrency and recovery
* indexes
* query processing and optimization
- Semantic Web; RDF; RDF Schema; SPARQL
* ontologies
* NoSQL systems; aggregation-orientation; CAP theorem
* querying graph databases
 database applications

UNIVERSITY OF
GOTHENBURG

CHALMERS
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Learning outcomes

Knowledge and understanding
* describe concepts relating to the implementation of database management systems

« compare and contrast features of relational and non-relational database management systems

Skills and abilities
« construct Web ontology language statements corresponding to an Entity-Relationship diagram

« construct RDF (Resource Description Framework) triples that contain data for a given domain
 implement a graph database for a given domain
* retrieve data using declarative query languages for graph databases

Judgement ability and approach
» discuss advantages and disadvantages of different database design decisions

* discuss advantages and disadvantages of alternative query plans

» « discuss suitability of different database management systems for various tasks 2023.02.22
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Not only new stuff

- Database management systems have been around for over 50 years.

* For most of that time relational database systems have been dominant, but
different kinds of non-relational systems have been in and out of fashion
throughout that time, and today many applications are better supported by a
variety of non-relational systems that have appeared in recent years.

* While we will look at some recent and emerging technologies in this course,
we shall also look back at some influential ideas and trends since, to
understand today’s DBMS landscape, and to be prepared for future
developments, it's useful to understand how we got here.

15 2023-02-22



The prerequisites for this course
include at least 7.5 credits in
databases — why?

*It is assumed that you are familiar with relational databases.

* Relational database management systems serve as a useful
point of reference for discussing and comparing other non-
relational systems.

« Our undergraduate databases course also includes data
modelling using the Entity-Relationship (E-R) data model, and it
is useful that you are familiar with this before taking this course.

16 2023-02-22
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Deeper into relational database
management systems

*Very simple model
- Familiar tabular structure
*Has a good theoretical foundation from mathematics (set theory)

*Industrial strength implementations, e.qg.
 Oracle, Sybase, MySQL, PostgreSQL, Microsoft SQL Server, DB2 (IBM mainframes)

*Large user community

2023-02-22



Genealogy of Relational Database Management Systems

¥60.1585 ASK Group (1990)  CA(1994) _ Ovennaits 20,1597 83,2004

90,2006
L

V10200 Actian (renamed 2011)

Ingres vs.x, 15705 RTI DABA (Robotron, TU Dresden) O

Ingres Corp. (2005) VectorWise (Actian)

Monet Database System

O
% MonetDB (CWi)
(Data Distilleries)

Postgres.

PostgresQL 1555 w1957 12000
FIS CRCH F

Berkeley Ingres Red Brick
Empress Embedded lustra

. S

Informix

Vectorbise

\

Netezza

Morst08

0 -

18M

Greenplum ~ PADB (ParAccel)

Actian

Netezza
Redsiift

Creenpum

Redshift (Amazon)

8,2005
1

(P(‘// EMC wa.200  Pivotal
i

PostgresgL

v90,2000 1BM Informix v10,2005 V11,2007 v1170,2010
i 6 i 1 1

nzigz03 o e

v1L0,19805 V40,1990 50,1992 60,1994
i i i i

—

1BM Red Brick
rehouse

Informix
V1191998
i

w0109  v10,1093 Vi1 1996
i i i

Sybase SQL Server 130,198 b

BAY AREA PARK V10,1987

0 O
O
baand Sybase ASE O
Expressway 103 Sybase 10 w1555 w1009 | 2010 wzsoon
O O J i

H-Store
CStore

Vertica Analytic DB

DATAllegro

C :< EVuI!DB

Mirosoft QL Server

N\, =
-

HP.

Vertica

V1251,2003 1150,2005 sap
L i

1602012
i

CODD RIVER Watcom SQL saL Anyvmere\

Powersoft Sybase

Sybase ASE

Sybase 0

Microsoft SQU Server

Microsoft Access

11992 12,1993
i i

N\

151999
1DM 500 (Britton Lee) L

11989

ws2000y | |
|

V02001 11,2003 12,2007 14,2010
L i i i

SQUAnywhere

FoxPro

N e e
D

VisualFoxPro (Microsoft) el

V61994
i
Oracle

V82000 19,2005 V10,2008 '\
i i i

i1, 2012
i

Access

J

msQL V81997 v8i.1999
V1983 va1s84 V51985 V51,1986

V11897 13211998
21979 4 A

V1992 MysQL

VeL2001  v10g,2003  v1OgRZ2005 vl 2007

V3232001 V42003 vA1,2004 52005 ¥51,2008
i i i i

Paradox (Ansa)

O

InnoDB (Innobase)

“11g82.2008  Infobright

Oracie
iz 2013
Infobright

Oracle

4552013 ¥57,2015 MysoL

MarkaDB

11983
1

DBC 1012 (TeladEl5) Oracle

Corel

T T
85,2010 vi0,2013

TimesTen

BN

Multics Relational Data Store

=

N

Paradox

Orace O l

(Honeywell) ROS (DEC) 1BMS  TimesTen

NCR
ShareBase

Teradata 1319.2010

Aster Database

oz Teradata Database

V12004 V60,2005 62,2006 V12,2007 ¥130,2009
i 3 i L i

N\

V611957 81,1998
i i

w102 2008 |
i

Empress Embedded
=

DB2MVS

O

062 for series

T
y -

21093 v, 1995 Cloudscape!

BAY AREA PARK

QU400 RELATIONAL CREEK  DB2/400 151997 Informix

'
DB2 UDB for iSeries

Derby  Apache Derby 16,2008

"
18M

% Al

y4 N\

T T T
1,188 v2,1992 va,1992 e

(s
DB2 2/05 17,2001 V8, 2004 v.2007
g W 1 i i

O
DB2 for VSE & VM \

Solid DB V5,199
i

N\,

082 for 2/05

‘52 for VSE & VM
Smminey

SystemR (1BM)

1183 V2,198
i i

T
61999

DB2 UDB 3, va,
Q oszw50m wim S

T T T
V1,200 v8,2003 v9,2008

AN

18M

/msmo_"m
—

System/38 0B2

Transbase 1]
(Transaction Software), Q l / é

EXASolution

REDABAS (Robotron)

AN /.

Exasolution

A s

- dBae

e 1561 Borland

aBase, 1984 Base1v.1988
L 1

dBaseinc. InfinDB
IBM IS1 dBase (Ashton Tate) O o

t 1

Firebid

InterBase
O

Ashton Tate |

Firebird
O

v1,2003
Groton Database Sys(ems(/ 1

15,2004
L

V2,2008
1

V202010 dBase LLC DB for LUW
i

18M Peterlee
Relational Test Vehicle "l

Cullinet
Allbase (HP)

Turbolmage (Esvel)

v
v\s}oute

N

HSQLDB

4

V16,2005,
CODD RIVER

T
v2,2012

NDBM

PeopleSoft,
Turbolmage/XL (HP)

O

DBM

Gamma (Univ. Wisconsin) HSQLDB

1
Mariposa (Berkeley) 15,200

SQite
Tableau

VON/RDS DDB4 (Nixdorf)

Siemens

P g e pnpg P*TIME

O

MaxDB

per
SAP HyPer (TUM)
HANA L

b /\/-C
FileMaker Nonstop SQL

Trafodion

Nonstop SQL

(Nashoba) (Tandem) 11,1087 12,1989 AdabasD (Software AG) Compaq He

V1.2008
i

V8,2005
i Neoview

V] [ il 2 V3, 1997
71905 Clrs (Apple) 111590 FileMaker Pro 12,1552 131955 16,155

P g~

V5,199
i

FileMaker Inc.

Hasso
Plattner
Institut

Digital Engineering - Universitst Potsdam

Key to lines and symbols

_I Discontinued P> ranch (intellectual andfor code)

v9.2008
QO 085 name (company) ‘ O Acquisition ‘ ol Versions Crossing lines have no special semantics

\O

v9,2007
1

Trafodion ()
C <

K AdabasD
FieMaker

v3.2011

V02008 T
i V11,2011v14, 2015

Felix Naumann, Jana Bauckmann, Claudia Exeler, Jan-Peer Rudolph, Fabian Tschirschnitz

Contact - Hasso Plattner Institut, University of Potsdam, felixnaumann@hpi.de
Design - Alexander Sandt Grafik-Design, Hamburg
Version 6.0 - October 2018




19

UNIVERSITY OF
GOTHENBURG

CHALMERS

Turing Award Winners: Databases

Charles W. Bachman (1973)

 For his outstanding contributions to database technology

Edgar F. Codd (1981)

» For his fundamental and continuing contributions to the theory and practice of database
management systems.

James N. Gray (1998)

» For seminal contributions to database and transaction processing research and technical
leadership in system implementation.

Michael Stonebraker (2014)

« For fundamental contributions to the concepts and practices underlying modern database systems.

2023-02-22
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TDA357/DIT621 course book

« "Database Systems: The Complete Book, 2E", by Hector
Garcia-Molina, Jeffrey D. Ullman, and Jennifer Widom

DATABASE
SYSTEMS
he Complete Book

* In the undergraduate Databases course, we mainly look at
the “first half” of the textbook (modelling and programming
for relational databases and semi-structured data).

* The undergraduate Databases course doesn’t address
“Database system implementation” (part IV of the textbook,
almost 500 pages).

* This is reasonable, because:
* many people will use database management systems

- far fewer will implement database management systems.
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Why look at database system e
implementation in the new course?

* This course introduces several non-relational technologies (e.g. different
flavours of NoSQL system).

 To motivate why such systems have emerged, and to appreciate their

advantages and disadvantages, we need deeper knowledge about database
technology to understand how these system differ from relational database
management systems, and from each other.

» Database system implementation is a worthwhile topic for study in its own
right. A full course (or more) could be devoted to this.
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Some database system cnees

implementation topics

- Database system architecture Disk
*Block buffer Main /\
 Transactions and concurrenc iLallab v
P [rogarlreasn [ oun (ST
“Recovery - e B
= write() output() | 07000
* Indexes 000000000
0o0o0000n

* Query processing and optimisation w
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| saw relational algebra in an undergraduate ®

course — is it actually useful or important? SHALMEES

Yes!

Undergraduate database courses often introduce
relational algebra, but sometimes don’t have time to
explain its usefulness.

We’'ll see much more relational algebra in the
Advanced Databases course when we look at query
processing and optimisation.
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WHERE c¢=d AND b>10 CRENERS

Logical query plans

Suppose we have relations S(a,b,c) and T(d,e).

7Ta,b,e 7Ta,b,e 7Ta,b,e 7Ta,b,e
Oc=d A b>10 Oc=d Ne=d Ne=d Ab>10
X Op>10 T
S T b>10 S
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Hype Cycle for Emerging Technologies, 2018
‘ Digital Twin

Biochips

Smart Workspace
Brain-Computer Interface
Autonomous Mobile Robots
Smart Robots

Deep Neural Network ASICs

Al PaaS
Quantum Computing

Deep Neural Nets (Deep Learning)
Carbon Nanotube

oT Platform
Virtual Assistants

Silicon Anode Batteries
Blockchain

Connected Home
Autonomous Driving Level 4

Volumetric Displays
Self-Healing System Technology
Conversational Al Platform

Autonomous Driving Level 5 Mixed Reality

Edge Al

Exoskeleton
Blockchain for Data Security

Neuromorphic Hardware

Knowledge Graphs

4D Printing

Expectations

Artificial General

h Smart Fabrics
Intelligence

Augmented Realit
Smart Dust 9 &

Flying Autonomous Vehicles
Biotech — Cultured or Artificial Tissue

I i Peak of T h of
n_rr|9va ‘on Inflated Di ‘Iniou.g o Slope of Enlightenment
rigger Expectations isillusionment

Plateau will be reached in:
© lessthan 2 years
@ 2to5years

@ 5to10years

/\ more than 10 years

As of August 2018

Plateau of
Productivity

Time

gartner.com/SmarterWithGartner

Source: Gartner (August 2018)
© 2018 Gartner, Inc. and/or its affiliates. All rights reserved.

Gartner.



Gartner Hype Cycle for
Emerging Technologies, 2019

A
Biochip§
Al PaaS_ '
. 5G
Edge Analytics /
Autonomous Driving Level 5 {
Low-Earth-Orbit Satellite Systems. ) (’
Edge Al ™\ Graph Analytics
Explainable Al -
Personification
/] Knowledge Graphs — —— Next-Generation Memory
c Synthetic Data— " 3D Sensing Cameras
,2 Light Cargo Delivery Drones —— .
""" Transfer Learning—___» — EmMotion Al
- Flying Autonomous Vehicles — -
o Augmented Intelligence —— —— Autonomous Driving Level 4
Q Nanoscale 3D Printing
o Decentralized Autonomous ——
x 1
Organization DigitalOps
L p 9
Generative Adversarial ), Adaptive ML
Networks —
Decentralized Web —
AR Cloud -~ Immersive Workspaces
Biotech - Cultured —
or Artificial Tissue
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
Time
Plateau will be reached:
less than 2 years ® 2to5years 510 10 years QO more than 10 years @ obsolete before plateau As of August 2019

gartner.com/SmarterWithGartner

Source: Gartner

© 2019 Gartner, Inc. and/or its affiliates. All rights reserved. Ga rtnero



Hype Cycle for Emerging
Technologies, 2020

Secure Access Service Edge (SASE)
_ Social Distancing Technologies

Explainable Al

Embedded Al
Data Fabric

Composable Enterprise
Al Augmented Development

e Carbon-Based Transistors

Multiexperience _

Digital Twin of the Person
Packaged Business Capabilities .
Generative Al__

Composite Al

Adaptive ML -

Citizen Twin

Bring Your Own Identity

— Social Data

- Private 5G

. Differential Privacy

“.Biodegradable
Sensors

Health Passport

Expectations

Generative Adversarial _
Networks ™.
2-Way BMI (Brain —
Machine Interface)

Ontologies and Graphs

Self-Supervised Learning

Low-Cost Single-Board —

Computers at the Edge — DNA Computing and Storage

— Al-Assisted Design

Authenticated —
Provenance
Peak of
Innovation Inflated Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity

L]
Time
Plateau will be reached:

(O less than 2 years @ @ 5to10years A more than 10 years @ obsolete before plateau As of July 2020

gartner.com/SmarterWithGartner

Source: Gartner
® 2020 Gartner, Inc. and/or its affiliates. All rights reserved. Gartner and Hype Cycle are registered trademarks of Gartner, Inc. and its affiliates in the U.S. G a rt n e r@
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Complex data — which kind of DBMS?

Key-Value Wide Column Document Relational Graph
Key { "o{ de” “TDA357” A—L
2 "code”: “TD507”, .
i
“p "code”: “DAT475”,
] “name”; “Adv. DB”,
“program”: [
1] {“pcode”: “MPDSC"}, F
P {“pcode”: “MPALG"}, —
]
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Examples of graph databases

~*GraphDB  sNE0O4)j

* RDF triples - Labelled property graph model
« SPARQL query language * (open)Cypher query language
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https://nebula-graph.io/posts/detect-corona-virus-spreading-with-graph-database/ (2020-02-06)

HiR(9.310)

S
https://community.neo4j.com/t/fighting-fatal-coronavirus-using-knowledge-graph/14634 (2020-02-12)
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Advanced databases
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