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"Data is the new Oil"

(Dados sao 0 novo petroleo)



INNOVATION

DataIs The New Oil -- And That's A Good Thing

@ By Kiran Bhageshpur, Former Forbes Councils Member.

for Forbes Technology Council, COUNCIL POST | Membership (fee-based)

Published Nov 15, 2019, 08:15am EST, Updated Apr 14, 2022, 02:04pm EDT
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INNOVATION > Al

Data as The New Oil Is Not F-nough: Four Principles
For Avoiding Data Iires

By Nisha Talagala, Contributor. ® Entrepreneur and technologist in Aland Al L... v [ Follow Author |

Published Mar 02, 2022, 05:48pm EST, Updated Mar 04, 2022, 05:05am EST
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INNOVATION

Stop Thinking Of Data As The New Qil

@ By Juan Carlos Santiago, Forbes Councils Member.
for Forbes Technology Council, COUNCIL POST | Membership (fee-based)

Published Jul 09, 2025, 09:45am EDT
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SMALL BUSINESS

It Data Is The New Oil, Decision Science Is The
New Retinery

By Chris Chambers, MBA, Forbes Councils Member.
for Forbes Business Council, COUNCIL POST | Membership (fee-based)

Published Oct 07, 2025, 08:15am EDT
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Dados

"Data is the new Oil".
 Frase de Clive Humby no inicio da decada de 2000.

e Ficou popular na década de 2010.

Na foto: Clive Humby. Fonte: Retailer Insider &
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"Data is the new Oil"

The ETL process

Dados geram valor para
organizacoes que conseguem:

e Explora-los

e Refina-los. Extract Transform Load
. . d ~ Retrieves and verifies data Processes and organizes Moves transformed data
Na Imagem' Processo de Extragao, from various sources extracted data so it is usable to a data repository

Transformacao e Carregamento de Dados.
Fonte: Fivetran &
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il
|

"Data is the new oil" B

 Biblioteca de Alexandria (século 3 AEC)
e 40.000 a 400.000 textos/pergaminhos
(~100.000 livros).
e ETL (extract, transform, load) por humanos.
 Single point of failure.
e Infelizmente, sem backup. e P ‘ A “”

vzf}f‘n'" Il'l’l

T 2 el llmmlm (il
Fonte: Wikipedia & R f"l"' mu

l
“l nhfl

Na imagem: Biblioteca de Alexandria pelo artista Von Corven.
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"Data is the new oil"

e Geracao massiva de dados
por maquinas e humanos.

e GenAl pronta para
destronar os pilares
competitivos da Internet.

e ETL automatico (pipelines
manuais e baseados em
agentes)

Na imagem: Report da DOMO @ Data
Never Sleeps, 12a edicao.
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"Data is the new oil" (Sera?)

Varios problemas com essa frase. Dados sao:
e (virtualmente) infinitos
» faceis de replicar
e faceis de transportar
e podem perder valor facilmente
Mas, assim como petroleo:
e valor &€ dependente do contexto
o demanda energia e recursos finitos

e motivos de disputa

Na imagem: Bernard Marr. Fonte: bernardmarr.com &
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Written by

Bernard Marr is @ world-
renowned futurist, influencer
and thought leader in the
fields of business and
technology, with a passion
for using technology for the
good of humanity. He is a
best-selling and award-
winning author of over 20
books, writes a regular
column for Forbes and
advises and coaches many
of the world’s best-known
organisations. He has a
combined following of 5
million people across his
social media channels and
newsletters and was ranked
by LinkedIn as one of the top

5 business influencers in the

Bernard Marr & Co. = Eng
ore - Basinoss - Succost Q = Endlsh v

It's a claim you've probably heard multiple times — “Data is the new oil!”

Now it's true, that in some ways, the analogy fits - it's easy to draw parallels
due to the way information (data) is used to power much of the transformative

technology we see today — , automation and advanced,

predictive

However, in many ways, it's also lazy and inaccurate — and while it's handy


https://bernardmarr.com/heres-why-data-is-not-the-new-oil/
https://bernardmarr.com/heres-why-data-is-not-the-new-oil/
https://bernardmarr.com/heres-why-data-is-not-the-new-oil/
https://bernardmarr.com/heres-why-data-is-not-the-new-oil/

IA moderna acontece em um cenario heterogeneo de
sistemas de informacao empresariais (ERP), data
lakes analiticos, gateways de loT...

(Tudo isso geralmente desconectado)
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Dados Insulares

DOI:10.1145/3448247

Industry experiences on the data challenges

» Solucoes Isoladas: A IA e frequentemente of Al and the call for a data ecosystem
. 0 " for industrial enterprises.
Implementada em "ilhas".

o Extracoes de dados especificas para casos
de uso e modelos customizados. Th
o Sem diretrizes de metadados e bancos de ere
dados isolados I N AI
en AL O
e O Custo da Ineficiencia: Casos de uso identicos WI h
sao muitas vezes recriados do zero, gerando u
cargas altas e redundantes nos sistemas de D t

BY CHRISTOPH GROGER

o Dificuldade de reuso e de escalabilidade.

origem criticos.

Na imagem: GROGER, Christoph. There is no Al without data.
Communications of the ACM, v. 64, n. 11, p. 98-108, 2021. &'
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Rumo a IA "Industrializada”

o Estabelecer um ecossistema de dados abrangente.
e Problema socio-técnico: Atores, sistemas e culturas heterogéneos.
e Pilar de Gestao de Dados: Resolve a modelagem unificada e silos de metadados.

e Pilar de Democratizacao: Foca em transformar a descoberta e engenharia de dados
em capacidades de autoatendimento para todos os usuarios.

e Pilar de Governanca: Estabelece papéis formais como Data Owners para garantir
conformidade e provimento agil.
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Figure 3. Core elements of a data ecosystem for industrial enterprises.

Enterprise Data Marketplace Data Catalog Data Engineers
| 288
Enterprise Data Lake Edge Data Lakes Data Stewards

e
Data Sources Enterprise Data User-Generated Data IoT Data Web Data o

= - . " Data Roles
Data Producers Processes  @s3 Products 57 People ,g\_,},\ 3 Parties  « 2

Data Platforms

GROGER, Christoph. There is no Al without data. Communications of the ACM, v. 64, n. 11, p. 98-108, 2021. &
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Escalar a IA em larga escala exige um design colaborativo
de sistemas de dados e modelos inteligentes.
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Pilar de Co-Design &

Explorar a sinergia entre modelos de IA e
sistemas de dados (DBMS @).

Analise é realizada fora do banco de dados.

e Acesso aos dados é geralmente um gargalo.

Mova a analise, nao os dados

Fonte da imagem: This is Engineering via Unsplash @@
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Exemplo

Em varias aplicacoes, objetos de interesse
sao raros em dados massivos.

e Como encontrar uma agulha num palheiro.

Exemplo: Encontrar turbinas eolicas em
imagens de satelite.

e Objeto dificil de descrever em SQL.

e Facil de conseguir exemplos (imagens).

19/37  Prof. Dr. Denis M. L. Martins | martins.denis@usp.br




Exemplo

Podemos anotar alguns dados e treinar um
classificador (e.g., CNN) com IA.

C2 feature maps

C1 feature maps

N P2 feature maps
P1 feature maps

) Convolution
Convolution Convolution

Pooling Pooling Full connection

Com o classificador treinado, podemos
aplica-lo ao banco de dados completo para
encontrar os objetos de interesse.
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Considere executar uma CNN 17 bilhao de
patches de imagens...

(Vai por mim. Vai demorar)

21/37



Co-Design: Usando indices

A busca tradicional exige escanear S— |
todo o banco de dados 4>
Data L indexes

e |Ineficiente Features cee

Offline Preprocessing

e Ignora o potencial do DBMS. Query Processing

] Index- Inference via

Co-design de indices user query 5 feaure _+[ e H Fange } objerts
A . . L assifier ueries

multidimensionals e modelos de IA. B

Features

Fonte: LULF, Christian et al. Fast search-by-classification for
large-scale databases using index-aware decision trees and
random forests. arXiv preprint arXiv:2306.02670, 2023. @
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Co-Design: Usando indices

Treinar modelos baseados em arvores de decisao.

[ 1]
User Quer el La,mi, @ =
Q » . :o . ?'i o .o..' Inference

Training o] me s 1._ "H .,
4 - ) = —
—_— . o . i (Indexing)

Database
X1

Fonte: LULF, Christian et al. Fast search-by-classification for large-scale databases using index-aware decision trees and random
forests. arXiv preprint arXiv:2306.02670, 2023. &'
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Co-Design: Usando indices

Index-aware: Modelos — SQL sobre indices
pré-existentes, transformando a inferéncia
em consultas de intervalo.

Pense que a arvore de decisao vira a clausula
[WHEREJ de uma consulta SQL.

Fonte: LULF, Christian et al. Fast search-by-classification for large-
scale databases using index-aware decision trees and random
forests. arXiv preprint arXiv:2306.02670, 2023. &'
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Co-Design: Usando Indices

1. Indices sdo pré-definidos sobre
pequenos subconjuntos de features.

2. Decision Branches sao treinadas
nestes subconjuntos.

3. Durante a inferéncia, os indices sao
utilizados, evitando full scan.

Fonte: LULF, Christian et al. Fast search-by-classification for
large-scale databases using index-aware decision trees and
random forests. arXiv preprint arXiv:2306.02670, 2023. &
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https://arxiv.org/abs/2306.02670
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Co-Design: Usando indices

Construir modelos bottom-up para facilitar a utilizacao dos indices. (Por que?)

O | m l_. — | O
— o) o LI e | m ] ® u o ° -
n L I | m O
u u N ... . |. . y | O [ | [ ]
o e o} o |. ol o ..o .o o . ) .o
> o m ~ O [ = _ <
R le o = le O s =~ e @ o = |e ® g
| |
| |
“ @ . . L., L - - __% _._ _ - @
i me L |l. o me o me
I 1
Xi Xi Xi i)

Fonte: LULF, Christian et al. Fast search-by-classification for large-scale databases using index-aware decision trees and random
forests. arXiv preprint arXiv:2306.02670, 2023. &'
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Co-Design: Usando indices

Melhor desempenho de classificacao em
comparacao com Random Forest.

Muito mais ~200 vezes mais rapido.

Fonte: LULF, Christian et al. Fast search-by-classification for large-

scale databases using index-aware decision trees and random
forests. arXiv preprint arXiv:2306.02670, 2023. &'
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Model

train 7—query 7—1.‘01.“3/ Fl-score
DBranch 0.398 1.047 1.445 0.833
DTree  0.855|1,043.433 [1,044.288 0.829
DBEns 0.993 5.666 6.658 0.914
RForest 0.274 |1,319.688 [1,319.961 0.904
ExTrees 0.122 [1,332.026 [1,332.148 0.950



https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670
https://arxiv.org/abs/2306.02670

Mas esse processo nao é end-to-end...

(E preciso confiar nas features extraidas..)
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Co-Design: Generalizando Modelos — SQL

Objetivo: Encontrar um conjunto de hyperboxes

em um espaco multidimensional de features. As
hyperboxes devem "cobrir" objetos de interesse.

e Minimizar uma funcao de perda L.

e Facil de treinar e executar (inferéncia).

e Poder transferir aprendizado entre dominios.

Feature 2
o — [ \) (I8 =~ (@ (@) J oo

0 1 2 3 4 5 6

Feature 1
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Co-Design: Generalizando Modelos — SQL

HyperNN: Deep Learning — Hyperboxes — SQL

hp,
N
ry — — —|main —|0r
o —
_I_
xr3 —
X th, (X)
) @
Ty —>
— —man—|0r
J
HyperNN Network Structure Hyperbox Neuron

Fonte: MARTINS, Denis Mayr Lima; LULF, Christian; GIESEKE, Fabian. End-to-End Neural Network Training for Hyperbox-Based
Classification. arXiv preprint arXiv:2307.09269, 2023. &
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Co-Design: Generalizando Modelos — SQL

HyperNN: Deep Learning — Hyperboxes — SQL
Decisao da Rede Neural pode ser traduzida facilmente em SQL.

iris = @@= wine CarsS mmfpm== cCancer blood
==@== satimage letter = @ = sensit covtype 5
1 40 3 -10
- = [ BB - . . /T Py
QO.g p, SV ETRERI YRNNRE 8 307 d
3 0.8 |7 e 2 & 2
—~ U. S 10 o1
0-6 R" Bg‘ . - --:__ ,— - =®
0 10 20 30 0 10 2 30 0 10 20 30

Number of Hyperboxes (M)

Fonte: MARTINS, Denis Mayr Lima; LULF, Christian; GIESEKE, Fabian. End-to-End Neural Network Training for Hyperbox-Based
Classification. arXiv preprint arXiv:2307.09269, 2023. &

31/37


https://arxiv.org/abs/2307.09269
https://arxiv.org/abs/2307.09269
https://arxiv.org/abs/2307.09269
https://arxiv.org/abs/2307.09269
https://arxiv.org/abs/2307.09269
https://arxiv.org/abs/2307.09269

Ok. Mas e 0os LLMs...

(Como fazer esse co-design?)
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Co-Design: Embeddings + Index

Arquitetura CLIP & para text-image embeddings.
Busca tradicional + Refinamento via Decision Branches.

Legend:
] Positive item
[] Negative item

/\ Index on all data ® Initial Results ® Refined Results
@ Define Search i3 2 1! s 5 j ! L
" " 9 Search @ Fine-tune
leopard S ,
e.g. Top k Decision Branches

—0
=t '(J".

A

LULF, Christian et al. Clip-branches: Interactive fine-tuning for text-image retrieval. In: Proceedings of the 47th international ACM
SIGIR conference on research and development in information retrieval. 2024. p. 2719-2723. &'

s

L7XN

@ Label Results 000
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Co-Design: Eficiencia de RAG

VStream: 251-373 X melhor em eficiencia de consultas e 1.5-2.0 X menor em termos

de sobrecarga de memoria.

s N f N (
- S, \ | a @ um Cache
N < T e A R A et O L L T
. . H &}) | 5 :% State k' D'D'D-DAEHOCNC I:-l — 3
mo ) = : Memory A On-heap Objects CHHH] [. - — ™ =
Indexin,
Streaming Vectors | Vector Encoder i Vector List  Streaming Operator [-- —
P anitii)ning 1 L ! @ ; —— Vector Compressor Compressor Cache
templates oca
—PL\‘ ) Cache cctor States P B S = = Vector Compression
[ Memory Flush ’ > oo <j _ | rTompeesen
N I . AN v [ !
Vector = Indexed Vectors Searc
Partitioner - 0oa-
DPT Ii)ol:la(l WALs Data Segements ot
— et Linear address :

e ) K i

J -8 = 2'E Stopping C
— R Ny : old
P Rel.nOte DFS/Obgct Storage/Dislribulm)a;abase/... Data Segment
3 Disk = Hot-cold Seperation
— (D Dynamic Partitioner N @ Hierarchical Storage J— () Storage Optimizer —

Fonte: GONG, Shenghao et al. VStream: A distributed streaming vector search system. Proceedings of the VLDB Endowment, v. 18,

n. 6, p. 1593-1606, 2025. (4
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Perspectivas Futuras

Al-Driven Research for Systems (ADRS): "Much like an academic advisor guides a
student, the researcher of the future will act as a guide for these Al systems."

. Solution Evaluator
.| Problem Evaluation G t .
N : enerator Tests solutions and
- | Formulation Framework LLM ensemble to assigns scores & .
. ‘ generate solutions @ feedback :
Problem Evaluator + .
statement Initial Solutlon LLM :
g configs (e.g., LLMs) Paper .
Sciontist > Prompt Inner Ioop Storage Wnte-Up
Generator Stores solutions :
Creates context-rich Solution scores & .
prompts Selector feedbacks
Outer lOOp Select promising .
Observations solutions to refine

(e.g., solution, feedback)
Al-Driven Research for System (ADRS)

CHENG, Audrey et al. Barbarians at the gate: How ai is upending systems research. arXiv preprint arXiv:2510.06189, 2025. &
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Perspectivas Futuras

"In the next five years, 170 million jobs
are projected to be created and 92
million jobs to be displaced (...)."

Fonte: The Future of Jobs - Report 2025 &

Como se preparar para posicoes de
trabalho e problemas de pesquisa que
ainda nao existem?
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Future of Jobs Report 2025

Top 10 fastest growing
skills by 2030

1l Al and big data

2. Networks and cybersecurity
Technological literacy

Creative thinking

Resilience, flexibility and agility

Curiosity and lifelong learning

7. B&Y Leadership and social influence

OO - & » =

8. Talent management
9. 21 Analytical thinking

10. @ Environmental stewardship

Cognitive skils @ Self-efficacy @ Working with others Management skills

Note: Tt kil

Source: World Econon

WORLD
ECONOMIC
FORUM

T

Technology skills @ Ethics


https://reports.weforum.org/docs/WEF_Future_of_Jobs_Report_2025.pdf
https://reports.weforum.org/docs/WEF_Future_of_Jobs_Report_2025.pdf
https://reports.weforum.org/docs/WEF_Future_of_Jobs_Report_2025.pdf
https://reports.weforum.org/docs/WEF_Future_of_Jobs_Report_2025.pdf

Palavras Finais

e Industrializacao: A IA em producao exige sair da "IA
Insular" para um ecossistema robusto e integrado.

e Co-design:
o Implementacao de treinamento e/ou inferéncia
de modelos in-database.

o Gerenciamento e otimizagao de prompts
proximo aos dados que eles utilizam.

o Utilizar o potencial do DBMS ao favor da IA.

Fonte da imagem: Gery Wibowo via Unsplash &.
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