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Plataforma
moderna de dados

PLATAFORMA MODERNA DE DADOS
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Feature Stores

Conceito

Uma plataforma que permite a
criacao/autoria, catalogacao,
processamento,
armazenamento,
monitoramento e
disponibilizacao de features
para uso em produtos de
machine learning, apoiando
tanto na fase de
desenvolvimento destes
produtos, mas também no
ambiente produtivo.
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Feature Stores

Propositos e vantagens

= Promove colaboracao, atraves do compartilhamento de
features entre membros do time

= Garante mais confiabilidade, com recursos de
versionamento e monitoramento de features

= Entrega mais consistente, com processos automatizados
de calculo e processamento de features

= Reducao de tempo de iteracao, seja durante o processo
de experimentacao quanto no deployment para producao




Feature Stores

Arquitetura

= Servir

= Armazenar

= Transformar / Processar
= Registrar

= Monitorar

Feature Store
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Feature Stores

Arquitetura
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Feature Stores

Arquitetura

=  Armazenar Storage
= Offline (Treinamento)
=  Point-in-time (Historico)

= DW / Data Lakes Model
foorree ™ Ssewing
= Online (inferéncia)
= \ersao mais atual anw'e
- NoSQL ata
Model
u Estrutura Feessees L Tralnlng

= Entidades + Timestamp

= Feature Sets / Groups

= Training Sets

Fonte: Tecton.ai



Feature Stores

Arquitetura

= Transformar / Processar
=  Tipos
= Batch
=  Streaming
=  On-demand

= Estratégia
= Processamento externo
= Processamento interno

= Recursos

= SQL ou Outras
Linguagens
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Application data
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e.g. {user_ip; "X.x.%.x"}

Feature Vector

"item clicks last 5 mins":6, :
"user current location":"US_NY",
"user_spend_last_30_days":"$1.10"




Fe at u re S t O res Feathr In Feathr Feature Store, you can manage and share features. Learn More

Data Sources

 Features Lineage feathr_getting_started_xiaoyzhu

All Nodes Source Anchor Anchor Feature Derived Feature
Jobs

Monitoring

= Registrar

feature_product_price
anchor_feature_v1

= Categorias

productProfileData product_anchored_features
source_v1 anchor.v1 . |
feature_product_guantity |
anchor_feature_v1
purchase_history_data aggregationFeatures feature_user_totla_purchase_in_90days
source_v1 anchor_v1 anchor_feature_v1
feature_user_age
. . anchor.feature_v1
= Funcionalidades
feature_user_gift_card_balance
anchor_feature_v1
userProfileData anchored_features
source_v1 anchor_v1 .
| feature_user_purchasing_power |
feature_user_tax_rate derived_featurev1
anchor_feature_v1
feature_user_has_valid_credit_card
+ anchor_feature_v1




Feature Stores

Arquitetura

= Monitorar
= Meétricas / Logs
=  Performance

= Uso

= Qualidade /
Observabilidade

= Training-Serving Skew
= Drift

=  Processo

> Models

Random Forest
Deu BI85 &




Feature Store Milestones

Feature

Stores
for ML
DECEMBER
APRIL THE FIRST
LOGICAL CLOCKS global feature store
launches the mechip
managed version of IGUAZIO FEBRUARY
SEPTEMBER DECEMBER Hopsworks on AWS launches its feature
s LOGICAL CLOCKS JUNE
~ UBER LOGICAL CLOCKS FEBRUARY TECTON announces RonDB
introduces the introduces receives USD 35M AWS as the managed ITERATIVEAI
u concept f)f feature Hopsworks, the first KASKADA investment to announces the Online Feature Store receives USD 20M
stores with open source feature launches a develop a feature Sagemaker Feature for Hopsworks to develop a
Michelangelo store Feature Store store Store feature store

! 2008 | 2019 l l l 2021 l l
ercaao . —o— .
2017 T 2020
]
JUNE JANUARY MARCH NOVEMBER JANUARY MAY OCTOBER
I n a O e m p O AIRBNB GO-JEK FEATURESTORE.ORG TECTON SPLICE MACHINE DATABRICKS THE FIRST
presents its launches Feast is launched by PhD becomes a launches a Feature releases a preview Feature Store
feature store at Students at KTH contributor to the Store version of its Feature Summit
lSDer-nSrg:x(rk'Al University Feast platform MOLECULA Store
LOGICAL CLOCKS raises USD 17.6M GOOGLE
announces availability  to develop a announces general

https://medium.com/data-for-ai/feature-store-milestones-cca2bafe6e9c

of Hopsworks on
Azure

DOOR DASH
discusses using Redis
as in-house feature
store

ABACUS.AI
raises USD 22M to
develop a feature
store

feature store

availability of the
Vertex Feature Store
ALTERYX

announces a built-in
feature store



Solucoes de
Mercado

 Vertex Al

Solucgéo unificada GCP para
MLOps

BigQuery, GCS e Pandas
Dataframes - Data Sources
Bigquery - Offline

Bigtable — Online
Monitoramento

FeatureStore e Features

SageMaker

Solugao unificada AWS
para MLOps

Multiplos Data Sources
(Redshift, S3, Snowflake,
etc)

Python/SQL API
Parquet/S3 - Offline
Dynamo - Online

Lineage e Monitoramento

@ Databricks

Solucgéo unificada
Databricks para MLOps
Spark Dataframes — Data
Sources

Delta Lake - Offline

AWS Dynamo, Aurora e RDS
MySQL - Online

Python API

Lineage




Solucoes de
Mercado

£ Tecton

Multiplos Data Sources
(Kinesis, Kafka, Snowflake,
Redshift, RDS, Delta Lake)
Redshift, EMR, Databricks e
Snowflake - Process.

AWS S3 (Delta Lake) -
Offline

DynamoDB e Redis — Online
PySpark / Spark SQL API
Monitoramento

FeatureStore e Features

x' Iguazio

Multicloud e On-Premises
Multiplos Data Sources
(AWS S3, ADLS2, GCS
Bigquery, Dataframes)

Usa MLRun, Nuclio, Spark e
Dask como frameworks de
apoio

Python / PySpark - API
AWS S3, ADLS2,GCS e
V3IO - Offline

Iguazio KV Store - Online




Solucoes de
Mercado

@ Feast

Literal Feature Store com
Suporte GCP e AWS
Processo de Transformacéao
fica fora do Feast
Snowflake, BigQuery,
Redshift, Spark,
PostgreSQL, Azure
Synapsis e Azure SQL -
Offline

Redis, DynamoDB, BigTable
Cassandra - Online

Python APl e SDK

Featureform

= \Virtual Feature Store

= BigQuery, Snowflake,

PostgreSQL e Spark AWS -
Offline

= Cassandra, DynamoDB,

Firestore e Redis — Online

= Python APl e SDK

= Monitoramento

FeatureStore e Features

com Prometheus e React




2 Hopsworks m Feathr

Solucoes de

= Open Source, Cloud, = Open Source (Deploy Azure
M d Serverless e On-Premises ou Databricks)
erca o » Hudi (Default), Snowflake, » Azure Data Sources + Kafka

BigQuery, Redshift, = Snowflake, ADLS2, AWS,
Databricks and JDBC - Azure SQL DB, Azure
Offline Synapse - Offline

= RonDB - Online = Redis, CosmosDB - Online

»= Pandas, Spark, Flink e SQL = Python APl e SDK

API






Pensamentos finais

= Feature Stores “conversam” com a abordagem Data
Centric Al

= As Features Stores atuais possuem uma anatomia muito
similar, permitindo comecar com uma arquitetura mais
simples aproveitando os pipelines atuais e ir evoluindo pra
plataformas mais robustas

= Mais do que tecnologia, € necessaria uma disciplina das
pessoas no uso das Feature Stores ou demais elementos
de uma stack de dados




Links uteis

=  www.featurestore.org

= https://www.castordoc.com/blog/what-is-a-feature-store

=  www.madewithml.com

» https:/medium.com/data-hackers/o-que-é-feature-store-29e35c60dada

= https://www.cienciaedados.com/o-que-sao-feature-stores-e-por-que-sao-essenciais-na-escalabilidade-

em-data-science/

» https://towardsdatascience.com/do-you-really-need-a-feature-store-e59e3cc666d3

» https://www.amazon.com/Machine-Learning-Design-Patterns-Preparation/dp/1098115783 - Livro

explicando o Design Pattern Visitor com Feature Stores



http://www.featurestore.org/
https://medium.com/data-hackers/o-que-%C3%A9-feature-store-29e35c60dada
https://towardsdatascience.com/do-you-really-need-a-feature-store-e59e3cc666d3
https://www.amazon.com/Machine-Learning-Design-Patterns-Preparation/dp/1098115783




Obrigado

Duvidas ?

m https://www.linkedin.com/in/fulviomascara/

@O https://medium.com/@fulvio.mascara
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Sagemaker .

E . Centralized Feature Store
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Vertex.ai

Data Feature Training/ ; Understanding/ Model Model
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Tecton

Visao Arquitetura

Real-time Sources

Batch Sources
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Feature Platform for ML
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Iguazio
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Feast

Visao Arquitetura

FEAST

F Offline Store )|7Feast Materialize

(Spark, SQL)
A

[ Create Features ]

Get Historical Features

Y
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Feature Repo

Feast SDK

Model Training

" Online Store \
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Feast Apply
y
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Get Online Features
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Product Backend




Featureform N
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Featureform
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Hopsworks

Enterprise Data Enterprise Feature Store

Feature Engineering

Enterprise Al
ea MLOps
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Feathr

Visao Arquitetura

Feathr Ul (HA built-in with webapp) Feathr REST API (HA built-in with webapp)

Access control (‘
R |
feature metadata @

Feathr Feature Registry:
- Apache Atlas (Azure Purview)

Feathr Python Client - SQL Databases Feathr Python Client

P P Python APIs

Get online features

Feathr Offline Store: APAcHE J\Z feature materialization
Object Storage/HDFS SPQ’-K :;

- Azure BLOB Storage
- Azure Data Lake Storage

- S3 Feathr Ingestion and Compute Feathr Online Store:
- Delta Lake Engine: Apache Spark - Redis (Azure Redis Cache)
- Cosmos DB
- Databricks

Q E - Azure Synapse
L
DELTA LAKE

Feathr Offline Store:

Get offli t ith:
SQL Database/Data Warehouse ehofine featugsiy

- Point-in-time join correctness
- Multiple sources at once

- MysQL
- SQL Server
- Snowflake J b
> A
Feathr also support Azure
. Key Vault to store credentials
Streaming Sources in a secure way.
- EventHub
- Kafka Streaming Features from a
Stream Source to Online
— Store (using Spark) Data Flow

-
- % kafka —* Metadata Flow

e &
Jupyter
S’

Model Training:
Machine Learning Platform

- Azure Machine Learning

- Jupyter Notebook
- Databricks

Model Deployment

Python APIs ! Model Inference

Model Inference
Machine Learning Platform

- Azure Machine Learning
- Kubernetes




