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L1 Netflix &5

Metrics

Atlas TSDB
17 TB Time Series Each Day
With 2 week retention

Logs
Errors
Events

Insight Logs
3 PB of Logs Collected Each Day
with 2 week-6 month retention

1 200% YoY

Tracing

NfDT
3 PB of Logs Collected Each Day
with 2 week-6 month retention

1 230% YoY
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Observability 1.0
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Observability
1.0 - 2.0

“Three pillars.” Single source of truth
metrics, logs, traces wide structured logs




Observability 2.0
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Observability 2.0
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Data lake Data lakehouse
e Fixed compute and storage capacity e Data in open file and table formats

e Mostly on-prem e No need to copy and move data
e Harder to use and manage e Multiple best-of-breed processing engines

teradata, (N/weTezza ORACLE 3G server S snowlok Cdremio (& X

1980- 2010 2015-2023 2023 - ...

Enterprise data warehouse Cloud data warehouse Data lakehouse 2.0/Data mesh

e Fixed compute and storage capacity Scale storage and compute independently e Autonomous (Al) semantic layer

e Mostly on-prem Must load data into proprietary system e GitHub for data: “Data as a Product”
e Harder to use and manage Limited to one processing engine

Cost prohibitive

AWS re:Invent 2023 - 3-phased approach to delivering a lakehouse with data mesh (ANT106)
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Can we do all of this with the same data
governance and open standards?

Can we decouple
storage from compute
and support diverse ‘
consumers?

Can we deliver E2E
Governance?

DATA
WAREHOUSE

Can we bring the open
source flexibility to the
data warehouse?

Can we bring
the performance
and strong ACID

properties of
data warehouse

2
Can you deliver best to data lakes:
price/performance?
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Simplicity &
Maintenance

Data quality
and
consistency

Data
security

Lakehouse $&& T warehouse

ACID Complex

DWH

Serverless

Data Layout
optimized

Mutable

data lake FRZHIEE

Machine
learning
models

Streaming
Data Source

Low cost
storage

Data Lake

Open file
formats — open
eco-system

Semi/
unstructured
data

Compute and
storage
separation

Big data
frameworks
integrations

Low cost &
Flex

compute

options
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Big data platform architecture
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https://www.youtube.com/watch?v=jMFMEk8jFu8

Open Table Formats

Open table formats (OTFs) provide transactional support and
simplify data lake optimization and management

T

Apache Hudi Apache Iceberg Delta Lake




Open Table Format Benefits

ACID Scalable Meta Data Handling Schema enforcement & Time-Travel
Compliance Evolution Support
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Why Lakehouse?

N\
ETL ETL %
pipelines pipelines —

Data sources Data lake(s) Data warehouse(s) Clients

SaaS apps Multi-cloud On-prem BI: Al/ML:

On-prem apps Hybrid Cloud Custom apps Self-service
Custom apps Multi-engine Data marts Self-service DV Generative Al
Enterprise data bus OLTP and OLAP Data extracts tooling

loT data Departmental vs. COE Apps: Custom
Third-party data

Data lifecycle and management remains complex, especially for large organizations
Duplicative copies, “expert” ETL, “dark data,” governance complexity, not self-service

AWS re:Invent 2023 - 3-phased approach to delivering a lakehouse with data mesh (ANT106)
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Uber's lakehouse stores GPS traces, ride events,
driver behavior data, and operational metrics from
millions of rides daily

«  Dynamic Pricing: Real-time adjustment of ride prices based on
weather, traffic, and demand

. ETA Predictions: Instant calculation of estimated arrival times

using live traffic data U B E R

Fraud Detection: Real-time identification of fraudulent activities
across the platform

Performance and Cost Savings

« With this approach, we are able to decrease the pipeline run

time by 50% and also decrease the SLA by 60%. Ref: https://wwintBE

TW/blog/ubers-lakehouse-architecture/
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Migrates Hive legacy HDFS to Iceberg on S3

«  Event data ingestion benefited particularly from Iceberg's
flexible partitioning configurations

« Internal optimizations for CDC ingestion and performant
physical deletes for selective deletion.

Performance and Cost Savings

« Allinall, Airbnb experienced a 50% compute resource-
saving and 40% job elapsed time reduction in its data
ingestion framework with Iceberg and other open source
technologies.

Ref: https://medium.com/airbnb-
engineering/upgrading-data-warehouse-
infrastructure-at-airbnb-a4e18f09b6d5
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Tools for Building Lakeho

aws
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S3 Tables

Fully Managed Apache Iceberg Tables in S3

Improved query performance based on
optimized data layout

Simplified table security controls

Automated storage cost optimization based
on compaction, snapshot management and
unreferenced file removal



Amazon S3 Tables architecture <>

S3 Tables Glue Data Catalog

A new type of S3 Bucket
specifically designed to store data in Parquet files and [

=

be used with Iceberg format
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