Beam: ETL Agnostico
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Roadmap
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> Dataflow model
» Apache Beam aka Dataflow
» Google Dataflow
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The e-Invoice is ; @
transmited in real time
to the government '"’;9 buyer authorizes {\l’qt::‘\"el
= 0 access e-invoices issu
Government ‘
Wekasrvices by all of their suppliers

CATERPILLAR arquivei

The supplier company simply
issues the e-Invoice to the goverment

Arquivei automatically fetches,
stores in the cloud and analyses
v the e-invoices in real time
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The buyer company must simply
have an Arquivei account
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Democratizando a Informacao
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Temos vagas: arquivei.com.br/vagas



Os varios dataflows
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Dataflow
model
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» 2003 - GFS

» 2004 - MapReduce

» 2006 - Hadoop

» 2009 - Spark

» 2010 - Apache Flume

» 2013 - Google MillWheel
» 2015 - Dataflow model



Dataflow » 2003 - GFS
mode! » 2004 - MapReduce
» 2006 - Hadoop
» 2009 - Spark
» 2010 - Apache Flume
» 2013 - Google MillWheel
» 2015 - Dataflow model
» 2019 - Palmeiras continua sem mundial
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Apache > Implementag¢ao do modelo
Beam .
» Linguagens
oJava
oPython
oGo (experimental)
oPortability Framework
> |/Os prontos
oGCP
oAWS
oElasticsearch, Kafka, etc
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Google
Dataflow
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> Produto GCP
> Cluster gerenciado
» Autoscaling



Google > Produto GCP

Dataflow

Google

google dataflow vs i |

(=

google cloud dataflow vs aws
google cloud dataflow vs kinesis
google cloud dataflow vs nifi
google cloud dataflow vs talend
google cloud dataflow vs kafka
google cloud dataflow vs dataprep
google cloud dataflow vs spark
google cloud dataflow vs dataproc

google dataflow vs spark
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google dataflow vs dataproc

Pesquisa Google Estou com sorte
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Dataflow
model

¢w arquivei

» Akidau
» Bounded: batches
» Unbounded: streaming



Dataflow
model
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» Akidau
» Bounded -> Unbounded
» Unbounded -> Bounded



Dataflow » Akidau

model » FlumedJdava (batCh)
+

> MillWheel (streaming)
» Batches existentes
oAlta laténcia

» Streamings existentes
oTolerancia a falhas, escalabilidade, laténcia
oComplexidade (janelamento)
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Tempo
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» Event time
» Processing time



4 dimensdes » Quais resultados computados?
> Onde serao computados?
oem event time
» Quando serao materializados?
oem processing time
» Como refinar dados recentes mais
tarde?
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O que?



Primitivas

arquivei

»ParDo == Map
» GroupByKey == Reduce
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Onde?



Windows
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» Divisao do dataset para processamento
» Event time
» Dois tipos
oAligned
e se aplica a todo dataset
oUnaligned
e se aplica a um subset
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Windows

e Janelas de tempo

Key 1 Key 2 Key 3

-------

Key 1 Key 2 Key 3

Sliding

Key 1 Key 2 Key 3

Sessions




Primitivas
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» AssignWindows
» MergeWindows
» GroupByKeyAndWindow



Primitivas

(kl, 1, 13:02, [0, OO)),
(kz, va, 13:14, 0, 00)),
(k1,vs,13:57,[0,00)),
(k1,v4,13:20, [0, 00))

(kl, V1, [13202, 13232)),
(k2, V2, [13:14, 13:44)),
(k1,vs3, [13:57,14:27)),
(kl, V4, [13120, 1350))

¢w arquivei

AssignWindows(
Sessions(30m))

(k1,v1,13:02,[13:02,13:32)),
(ka, va, 13:14, [13:14, 13:44)),
(k1,vs,13:57, [13:57, 14:27

(k1 va, 13:20, [13:20, 13:50)

| DropTimestamps (k1,[(v1,[13:02,13:50)),

| GroupByKey
GroupAlsoByWind

(1, [(v1, [13:02, 13:32)), | GroupAlsoByWindow

(vs, [13:57,14:27)),

(va, [13:20, 13:50))]),

(ka, [(ve, [13:14, 13:44))))

(k1, [([v1, va], [13:02,13:50)),
([vs], [13:57,14:27))]),
(K2, [([va], [13:14, 13:44))])

| EzpandToElements

MergeWindows(
Sessions(30m))

(k1, [v1, v4], 13:50, [13:02, 13:50)),
(k1, [vs], 14:27, [13:57, 14:27)),

(vs, [13:57, 14:27)), (ka, [v2], 13:44, [13:14, 13:44))

(v4, [13:02,13:50))]),
(kz, [(v2, [13:14, 13:44))])

<@
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Quando?



Triggers » Determina quando um GroupByKeyAndWindow
ocorre
» Emite um Pane
oWindow processada
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Triggers » Determina quando um GroupByKeyAndWindow
ocorre
» Emite um Pane
oWindow processada

> Late data
oAtraso: event time vs processing time
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Tipos de
Triggers
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» Baseado em Processing Time
» Baseado em conteudo

» Baseado em sinais externos

» Triggers compostos
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Como?



Accumulation » Descarte

modes oresultados futuros ndo dependem de dados

passados

» Acumulo
oresultados futuros dependem de dados
passados

» Acumulo + Retracao
oresultados futuros dependem de dados
passados
oresultados passados dependem de dados
futuros

& arquivei Q)



34

Como usamos
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Kafka+Dataflow
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FAQ > Bibliografia
oAkidau, 2015
oDesigning Data-Intensive Applications
» Cddigos: github.com/arquivei
» Contatos:
o@leonardobarbie (twitter)
oleonardo.miguel@arquivei.com.br
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