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> + BuzzWord

> “DataOps is an automated, process-oriented methodology,
used by analytic and data teams, to improve the quality and
reduce the cycle time of data analytics.” Wikipedia

> "DataOps Is about more than speed and quality. With a
culture of continuous Improvement, organizations can
deliver data analytics solutions more efficiently, releasing
valuable team members for more valuable activities, such
as building innovative new products.” Eckerson Group
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Onde ja ouviu falar sobre DataOps e MLOps?
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Hype Cycle
Hype Cycle for Data Management, 2019

Data Catalog

Data Classification
File Analysis

Time Series DBMS

Data Hub Strategy

Data Fabric Augmented Transactions

Event Stream Processing In-Memory Data Grids

Augmented Data Management Data Virtualization

Data Preparation

SQL Interfaces to Cloud Object Stores

Multimodel DBMSs Content Migration
ion St hip Appl

Private Cloud dbPaaS

Database Encryption
Machine Learning-Enabled

Data Quality
Ledger DBMS

Metadata Management Solutions

Analytical In-Memory DBMS
Graph DBMSs Data Integration Tools

Operational In-Memory DBMS

expectations

DataOps

i Document Store DBMSs
Applx:::e[:ﬁ‘ Wide-Column DBMSs
Blockchain

Logical Data Warehouse
SQL Interfaces to Hadoop

iPaa$S for Data Integration
In-DBMS Analytics

Data Lakes

Distributed Ledgers
Spark

Master Data Management As of July 2019
Innovation 55;]‘:‘(:)(: Trough of Slope of Plateau of
Trigger Expectations Disillusionment Enlightenment Productivity
time
Plateau will be reached:
QO lessthan2years @ 2toS5years @ Sto10years A morethan10years @ obsolete before plateau

Source: Gartner
ID: 369950
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DataOps Manifesto

The DataOps Manifesto

Through firsthand experience working with data across organizations, tools, and
industries we have uncovered a better way to develop and deliver analytics that we call
DataOps.

Whether referred to as data science, data engineering, data management, big data, business
intelligence, or the like, through our work we have come to value in analytics:

Individuals and interactions over processes and tools
Working analytics over comprehensive documentation
Customer collaboration over contract negotiation
Experimentation, iteration, and feedback over extensive upfront design
Cross-functional ownership of operations over siloed responsibilities

dataopsmanifesto.org/



DataOps Manifesto

> Principios do DataOps

>
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1.
. Valor do trabalho analitico
. Abrace a mudanca

. E um esporte em equipe

. Interacdes diéarias

. Auto-organizacéo

. Reduza o heroismo

. Reflita

. Os cobdigos

© 00 N O O & W DN

Satisfaca continuamente o seu cliente
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v v

% Lakers
The Big Data Company

10. Orgquestracéo

11. Facatudo ser reproduzivel

12. Ambientes descartaveis

13. Simplicidade

14. Andlise de dados é manufatura
15. A qualidade é primordial

16. Monitorar a qualidade e o
desempenho

17. Reutilizar
18. Melhorar os tempos dos ciclos



Genesis of DataOps

-
People,
Process, -
Organization
—
g—
Technical —

Environment

Agile
DevOps > DataOps

/ DataOps combines
Agile development,
Lean DevOps and statistical
. process controls
Manufacturmg and applies them
to data analytics

<
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Desafios de Data Analytics

Objetivos de negocio movem-se rapido
Dados vivem sem silos

Formatos de dados n&o otimizados

Dados errados

Dados ruins Relatorios ruins

Gestéo do Pipeline de dados nunca termina
Processo manual esgotado

A armadilha da "esperanca e heroismo"

© N Oh WDNPRE



Desafios de Data Analytics

Pesquisa Gartner - apenas 22% do tempo em novas iniciativas,
56% em execucao operacional.

MNew Features & Data
For Customers
Percentage
Time Team =
Spends Per
Week

Errors & Operational

Tasks

!

Copyright 2020 by DatakKitchen, Inc.

Proportion of Time Spent on Digital Management Tasks
Average Proportion

B Cxecution 100%
B Enablamant
W Innovation

Delivering on data management
requirements using its own resources for
implementing and maintaining production
initiatives.

20%

Facilitating and educating the business on
data management practice. Supporting data
managemeant functions in the business.

Driving data management in support of data
innovation, data moneatization and enhanced
analytical insights.

0%

<
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DataOps beneficios

Unaware Data Demanding Data

Pruwd:—:rs CUETurr'ers @ @ @

DataOps
W

Satisfied Supportive Stable Data
Data Data Production
Consumers Providers Operators
Critical Data
Production
Operators

> Um dos principais beneficios de DataOps € entregar aos times, ferramentas
gue auxiliem no controle e gestao do processo de pipeline de dados
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DataOps beneficios

vV WV V V

Reduzir o tempo para analise de dados (insight)

Melhorar a qualidade de dados

Reduzir o custo marginal de perguntar para o hegdcio a proxima pergunta
Aprimorar a capacidade de integracéo e comunicacgao do time

Promover maior eficiéncia do time através de processos ageis, reuso e
deploy
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Internal Tabular Data
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DataOps Framework
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Internal Tabular Data

Sisgs

Copyright 2020 by Tamr
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DataOps Framework

Internal Tabular Data

SSS
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External Tabular Data
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Feedback & Usage
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Storage & Compute

Governance & Policy
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DataOps Framework

> Processo
> Agile - modelo de entrega incremental
> Tecnologia
> Arquitetura - selecao de ferramentas que compdem a cadeia de ingestdo de dados
> Infraestrutura - selecao de plataforma para suportar arquitetura
> Organizacéao
> Funcdes - divisao do trabalho entre equipes de habilidades mistas
> Estrutura - modelo de trabalho para projetos em equipes técnicas e de negocios
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DataOps Framework
Getting Started - Processos

> Agil é a chave
> Se ainda néo estiver 14, escolha um modelo que funcione (Scrum, SAFe)

> Avaliar projetos para entrega de produtos de dados
> Pontuacéo na disponibilidade de dados x valor da solugao de um problema

> Definir projeto de alto valor e rico em dados que exigira uma solugao complexa
> Implementar o processo para garantir a funcionalidade de ponta a ponta
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DataOps Framework

Getting Started — Tecnologia

> Identifigue o caminho para uma arquitetura de servico moderna e modular

> Criar projeto para a proxima geracdo de plataforma de gerenciamento de dados
> Revisitar a estratégia de migragédo na nuvem (cloud first)

> Separar processos monoliticos

> Encapsular componentes em APIS, expor como Servigos

> Comece a construir com novas tecnologias

> Escolha um subconjunto de ferramentas para prova de conceitos para substituir a tecnologia antiga, se existir
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DataOps Framework

Getting Started — Organizacao

> Equipe atual
> Identificar as principais fungdes existentes
> Encontre os melhores candidatos para novas fungdes

> Criar equipe multifuncional
> Data consumers
> Data Engineer
> Data Analyst
> Data Architect

> Escolha o seu modelo operacional
> Iniciar com servigos compartilhados para o primeiro projeto

> Garanta o alinhamento executivo
> CDO ou equivalente
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MLOPS - AJ

MACHINE LEARNING OPS Experiment Develop Operate

Data Acquisition Modeling + Testing Continuous Delivery
Business Understanding Continuous Integration Data Feedback Loop
Initial Modeling Continuous Deployment System + Model Monitoring

Fonte: Azure ML
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MLOps, Machine Learning Ops
> MLOps surgiu em 2015 pela primeira vez com a crescente discussao dos
cientistas de dados em como melhorar seus processos de treinamento de

modelos, o qual exige constantes execuc¢des do modelo, com a preparacao de

datasets, configuracao de servicos e coleta de resultados.

Sculley ,Google, 2015 "Hidden Technical Debt in Machine Learning Systems"



MLOps, Machine Learning Ops

The MLOps lifecycle - Google
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MLOps: End-to-end workflow

M |
L Sevgsopment & Data & model management

Training
operationalization

'

=0 Continuous
monitoring

The MLOps lifecycle — Google
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MLOps, Machine Learning Ops

Machine Learning & Production Engineers
A
[ \
Data Engineers Data Scientists & Researchers
! L

Data Model :

. o Live System
Processing Training

« Historical 1 1 « Datavisualization « Model selection « Pipelines, not just  « Predict given new

« Streaming « Feature & evaluation models data
transformation & « Versioning « Monitoring & live

engineering evaluation
Feedback Loop

Machine Learning & Production Engineers

Fonte: Google MLOps



MLOps, Machine Learning Ops

model code

data

Model Building

[)

training
code
\j
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\
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Testing
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test
data

Fonte: Martin Fowler, 2019, Continuous Delivery for Machine Learning end-to-end process
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MLOps, Machine Learning Ops
Principais objetivos com adocao do MLOps :
e Reduzir o tempo e dificuldade de publicar modelos em producao
e Melhorar a comunicacéo entre as equipes
e Auxiliar no gerenciamento do processo, rastreamento de falhas e controle de versoes
e Implementar um ciclo de vida no projeto de ML

e Padronizacao do processo de ML, facilitando melhor controle do processo de implantacao
e mudanca.






DataOps Team

BUSINESS ANALYST

DATA SCIENCE TEAM LEADER
. DATA SCIENTIST _

Mindset AN ) T
vile {ISTORIC LEADERS OF DATA

Role Mindset

Skilis & Talents e Band ¢n

Skills & Talents

SOFTWARE ENGINEERS BY TRAD

Role

Mindset

Sl . . - AT\ ARCHITECT DATABASE ADMINISTRATOR
e oo o P ‘ THE CONTEMPORARY DATA MODELLER ATABA! AKER

Role Mindset Role

Min

dset

wirhne ¥ Skills & Talents
" Skills & Talents . & recove

Languages i g i o Languages
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DataOps Team

Role Goals Tools
Citizen Use data to make business decisions Viz, CRM, Excel, PowerPoint, Word,
Web Search
2
o Analyst Deliver insights to the business, typically through dashboards and Viz, Excel, SSDP, Web Search
£ reports
?
C Scientist Deliver insights to the business, typically through models and R, Python, SAS, SSDP
o algorithms
o
Developer Build applications which leverage corporate data Python, Java, JS, SQL, REST
ginee Deliver and manage data pipelines ETL, SQL
1
. ato Ensure consumers have the data they need, in the form they need it MDM, Catalog
.
|
- ard Create policies and drive governance MDM, Catalog, Governance
Define and manage purpose, processes (data creation, consumption) | EDW, SQL, ERWin, LDAP, SAP
& users (i.e., access) of the data source
Copyright 2020 by Tamr
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DataOps Ecosystem

Data Delivery Pipeline, from Sources to Uses

Ingestion Integration Transformation Storage AJ:L‘S::: Usas:
’ S : : Solutions specific Visualization, BI,
Accessing and Bridging silos and Reformatting and : /
obtaining data merging data cleansing SEML % Big Data Makm_g the data o
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Plan QA, Monitor, & Governance

including privacy, QA between pipeline stages, versioning, etc.

Anticipating organizational data needs
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DevOps vs DataOps (e outros*Opses)

__________________________________________________________________________

Business . o . N .
Management ' Lean, Learning Origination, and W Edwards‘Demmg Principles: F, . : :
Concept

___________________________________________

Organizational
Management |
Method .- & % SRR

__________________________

~(ganizatio.

_____________________________

Teckn.cal
Environment and

? i/ f \
Process i ( ,
- = oZ ~ ModelOps ™ ' /
All MLOps / ~

~AIOps ) O~ ~




Mais conteudo

OREILLY*

Creatinga
Data-Driven Enterprise
with DataOps

ARG
AR ERAY

Ashish Thusoo &
Joydeep Sen Sarma

Methodologies and tools that reduce analytics
cycle time while improving quality.

Christopher Bergh, Gil Benghiat and Eran Strod
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T
Engineering

MLOps

Emmanuel Ra
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Concluindo....

> As empresas que desejam implementar
DataOps/MLOps devem concentrar seus esforcos
em trés areas:
> Cultura
> Processos
> Tecnologia



About me @La"efs

> Eduardo Hahn
* Founder DatalLakers Tecnologia
« Data Lover & DataOps Enthusiastic
« eduardo.hahn@datalakers.com.br
* (@eduardohahn

* /inleduardohahn3 E
[ |

Partners

cLoup=ra denodo’* )

Google Cloud Platform




Lakers

The Big Data Company

A teoria a pratica na implementacao de DataOps e MLOps

Eduardo Hahn
DatalLakers founder & DataOps Enthusiastic




