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The AWS Well-Architected Framework helps you
understand the pros and cons of decisions you make
while building systems on AWS
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Operational
excellence

|dentify the end-to-end architecture
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Operational
excellence

Document ML discovery
activities and findings
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Version ML inputs and artefacts
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excellence

Establish a model retraining strategy
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Establish cross-functional teams
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Security

Restrict access to ML systems
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Security

Restrict access to ML systems
Provide data governance
Enforce data lineage
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Reliability
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Reliability

Train once and deploy across
environments
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Performance
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Optimize compute
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Define latency and network
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Use managed services to
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Use managed services to
reduce cost of ownership

Experiment with small datasets

Rightsize training and
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Use managed services to
reduce cost of ownership

Experiment with small datasets

Rightsize training and
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Account for inference architecture
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Use managed services to
reduce cost of ownership

Experiment with small datasets
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More information

The AWS Well-Architected Framework
aws.amazon.com/architecture/well-architected

Amazon SageMaker
aws.amazon.com/sagemaker



https://aws.amazon.com/architecture/well-architected
https://aws.amazon.com/sagemaker/

Thank you!

Eric Greene

www.linkedin.com/in/greene/

AWS

re | nve nt © 2020, Amazon Web Services, Inc. or its affiliates. All rights reserved.



Please complete
the session survey

re' |Nvent



