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Data Science

Data Mining

Programming

Jens Dittrich, VLDB 2017 (invited talk: “Deep Learning (m)eats Databases”



“I am convinced that the crux of
the problem of learning is

“2C0OUrsi 10 =10 JIISIIIL

Carta a Alan Turing, 1954.

Christopher Strachey
(1916-1975)

apud M. Nickel, K. Murphy, V. Tresp and E. Gabrilovich, "A Review of Relational Machine Learning for
Knowledge Graphs," in Proceedings of the IEEE, v. 104 (1), pp. 11-33, 2016.



Analise de Dados

Como relacionar dados ?
Como seguir os relacionamentos ?

LLLeey

SELECT ENAME, SAL
FROM EMP,ASG, PAY
WHERE DUR > 12

]

Paris projects
Paris employees
Paris assignments
Boston employees

Montreal —i
New .
L1 Montreal projects
York Paris projects

R R R R R R R R Ry,

AND EMP.ENO = ASG.ENO

AND PAY.TITLE = EMP.TITLE Communication
Network

Boston projects

Boston employees
Boston assignments

Boston projects New York projects
New York employees with budget > 200000
New York projects Montreal employees
New York assignments Montreal assignments

Bancos de Dados Distribuidos e Paralelos




Ter dados # Analisar dados

Como relaciona-los?

LinkedIn Pinterest YouTube
foursquare

Instagram \ .

http:/lwronghands.wordpress.com © Jokn Atkinson, Wrong Hands



Seguir ligacdes # Analisar dados

Fonte: 7 Reasons Why You Need a Database Management System
By David Scott Brown , May 26, 2016



https://www.techopedia.com/contributors/david-scott-brown

What Data Management can do:
data modeling, replication, partition, indexing,
joins, concurrency, consistency, fault tolerance

SELECT ENAME, SAL
FROM [EMP,ASG, PAY
WHERE DUR > 12

AND EMP.ENO = ASG.ENO

Paris projects
Paris employees
Paris assignments

Boston employees
Boston employees

Boston assignments
/ Montreal —i
New
i Montreal projects
York Paris projects

AND PAY.TITLE = EMP.TITLE Communication

Network

Boston projects

Principles

Boston projects New York projects
of Distributed New York employees with budget > 200000
Database New York projects Montreal employees
Systems New York assignments Montreal assignments

Third Edition

From M. T. Ozsu & P. Valduriez “Principles of Distributed Databases”, book by Springer



Big Data — Geréncia de Dados

Super Eficiente Database Management Systems

percepcdao humana ~25ms

SELECT ENAME, SAL

TPC-C: executa ~” meio milhao de  rrom
t ~ d WHERE
ransacoes por segundo .

AND

com controle de concorréncia, cai
para algumas centenas de
milhares; ainda é muito rapido

uma busca simples em um indice,
tipo tabela hash, sao 20 milhoes
de operatcdes por segundo

EMP, ASG, PAY

DUR > 12
EMP.ENO = ASG.ENO
PAY.TITLE = EMP.TITLE

Boston projects
Boston employees

Boston assignments
/ Montreal
Bl New .
o Montreal projects
York Paris projects

Paris projects
Paris employees
Paris assignments
Boston employees

Communication
Network

Boston projects New York projects
New York employees with budget > 200000
New York projects Montreal employees
New York assignments Montreal assignments



Dados Relacionados

EMP ASG
ENO ENAME TITLE ENO| PNO RESP DUR
E1 | J. Doe Elect. Eng. E1l P1 | Manaser 12
E2 | M. Smith| Syst. Anal. E2 | P1 Annl\':t 24
E3 | A. Lee Mech. Eng. E2 | P2 | Analvet 6
E4 | J. Miller | Programmer E3 | P3| Consultant 10
E5 | B. Casey |Syst. Anal. E3 | P4 | Engineer 48
E6 | L. Chu Elect. Eng. E4 | P2 | Programmer 18
E7 | R.Davis |Mech. Eng. E'.f P2 | Manager 24
ES | J. Jones [Syst. Anal || E6| P4 Manager 48
71 P3| Engimeer 36
71 P5 | Engineer 23
E8 | P3| Manager 40
PRO.J PAY
PNO PNAME BUDGET TITLE SAL
P1 | Instrumentation | 150000 Elect. Eng. 40000
P2 | Database Develop] 135000 Svst. Anal. 34000
P3| CAD/CAM 250000 Mech. Eng. 27000
P4 | Maintenance 310000 Programmer| 24000




Exemplo de uma consulta

Quais os funcionarios com registro > 4000 e 1dade menor que 40?

Funcionarios

o Tree_Lnane_Lnee_

RH1 0962 Jane
RH2 7658 John 45
RH3 3589 Jim 20

RH4 5523 Susan 52



E se a tabela for muito grande ?

Indices
Comp. Sci. - 10101 | Srinivasan| Comp. Sci. 65000
Elec. Eng. N 45565 | Katz Comp. Sci. | 75000
Finance \\ 83821 | Brandt Comp. Sci. | 92000
History \\ 98345 | Kim Elec. Eng. 80000
Music \ 12121 | Wu Finance 90000
Physics \ \\ 76543 | Singh Finance 80000
32343 | El Said History 60000
58583 | Califieri | History 62000
15151 | Mozart Music 40000
22222 | Einstein | Physics 95000
33465 | Gold Physics 87000

JNRRRRRRRRAR



E se a tabela for muito grande ?
Indices — Arvore B




Uma vez organizado e relacionado,
como acessar ?

® © °0o
0 o0 0 00
Binary Tree

Unbalanced Tree Ar_lv'g
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Estruturas de Dados fazem parte de um Sistema de Banco de Dados



Onde armazenar ?

LLLAA ALY ALY

© 14.001 The Truth about Databases Jens Dittrich - https://www.youtube.com/user/jensdit



Typical Access Times

access time

flash/hard disk




A Single-Core Storage Hierarchy

board

CPU —

capacity,
bandwidth

. costs/Byte,

flash/hard disk




A Multicore Storage Hierarchy

[o0] (=] core

Registers Registers

flash/hard disk




Non-Uniform Memory Access (NUMA)
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“One size fits al

Super Eficiente Database Management Systems

O mesmo software DBMS
Diversas aplicacoes ———

FROM EMP,ASG, PAY

Grande Volume de dados mERe D0 > 1
AND  EMP.ENO = ASG.ENO
Le|tu ra X Escnta AND  PAY.TITLE = EMP.TITLE ﬁ

Boston projects
OLAP x OLTP
Boston assignments
/ Montreal 4@
New
@ ) Montreal projects
York Paris projects

Boston projects New York projects
New York employees with budget > 200000
New York projects Montreal employees
New York assignments Montreal assignments

]

Paris projects
Paris employees
Paris assignments
Boston employees

Communication
Network



Michael Stonebraker recebeu em junho, o prémio Turing da ACM de 2014.

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

Stonebraker
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Especializacao: extremos

Tamanho Unico Sob medida




An Insatiable Need For Computing

Weather Prediction

1 ZFlops ’ p—
100 EFlops _ '

10 EFlops
1 EFlops
100 PFlops
10 PFlops Medical Imaging
1 PFlops
100 TFlops
10 TFlops
1 TFlops
100 GFlops
10 GFlops
1 GFlops Forecast

100 MFlops * : SR e
1993 1999 2005 2011 2017 2023

Exascale Problems Cannot Be Solved Using the
Computing Power Available Today

Source: www.top500.0rg ‘ i n te I )




Especializacao: extremos

“a set of special-purpose appliances”

More Perf/W
. Today’s standard, most programmable,
Flexible CPUs 1X . ; :
X good for services changing rapidly +
3 Conventional Y
g Manycore 3x Many simple cores (10s to 100s per chip), useful if programming .
= CPUs software can be fine-grain parallel, difficult to maintain.
=
£ GPUs 5.30x  ©0ood for data parallelism by merged threads (SIMD), g
High memory bandwidth, power hungry -
Alerathve
Most radical fully programmable option. Good for programming Q
FPGAs 5-30X streaming/irregular parallelism, Power efficient but T
T currently need to program in H/W languages. S
N
® Structured 20-100x Lower-NRE ASICs with lower performance/efficiency.
§_ ASICS Includes domain-specific (programmable) accelerators.
a —_— g‘mm &
Custom > q00x  Highest efficiency. Highest NRE costs. Requires high §
Ef'}',‘",'e . ASICs volume. Good for functions in very widespread use that
s are stable for many years. Source: http://bit.ly/2SDGHzT

http://www.ianfoster.org/wordpress/presentations/ (Code in Continuum)



http://www.ianfoster.org/wordpress/presentations/

Code in continuum

Globus

lan Foster
(IPDPS’2019)

https://www.slideshare.net/ianfoster/coding-the-continuum



Exascale “sob medida” ﬁi‘
* Google designed its own tensor processing

unit (TPU), designed for high throughput of
low-precision arithmetic.
— TPU accelerates their neural network

computations behind Google Search, Street View,
Google Photos and Google Translate.




Exascale — Google’s TPU
* How fast are these new chips?

— “To put this into perspective, our new large-scale
translation model takes a full day to train on 32 of the
world’s best commercially available GPU’s—while one
1/8th of a TPU pod can do the job in an afternoon,” Google
wrote in a statement.




Ciéncia de Dados

The Data Science Cake

Ingredients:

50g statistics

120g linear algebra
200g programming
1kg visualisation
300g software
engineering

Additional sKkills:
creativity

out of the box thinking
grit

team spirit

© istock.com sasilsolutions

Jens Dittrich, VLDB 2017 (invited talk: “Deep Learning (m)eats Databases”




Data Science # Machine Learning

Definition (Data Science)

Data Science =
1/3 Artificial Intelligence (D Machine Learning) +
1/3 Data Mining +
1/3 Data Management.

Venham fazer os cursos de BD (= Data Management)
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