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Amazon SageMaker Studio - AutoML with Amazon SageMaker AutoPilot (part 1) - YouTube
« https://www.youtube.com/watch?v=gMEtgJPhgpA

Amazon SageMaker Studio - AutoML with Amazon SageMaker AutoPilot (part 2) - YouTube
« https://www.youtube.com/watch?v=WsfRAeGzgm8

Amazon SageMaker Studio - AutoML with Amazon SageMaker AutoPilot (part 3) - YouTube
« https://www.youtube.com/watch?v=KZSTsWrDGXs
Amazon SageMaker Studio - AutoML with Amazon SageMaker AutoPilot (part 4) - YouTube

. https://www.youtube.com/watch?v=vRHyX3kDstI

Amazon SageMaker Studio - Deploying a model to an endpoint - YouTube
« https://www.youtube.com/watch?v=xf46PdAjbY8
dataset.ipynb - master - Julien Simon / amazon-studio-demos - GitLab

. https://gitlab.com/juliensimon/amazon-studio-demos/blob/master/dataset.ipynb

End to end demo with AutoML on Amazon SageMaker - YouTube
 https://www.youtube.com/watch?v=DRjO0aR2prQ
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https://gitlab.com/juliensimon/amazon-studio-demos/blob/master/dataset.ipynb
https://www.youtube.com/watch%3Fv=DRjOOaR2prQ

IN XA > DN

» SageMaker Studio RA-1 >AERk (SSOBET)
+ SSO1—H &k

« SageMaker StudioDiFCE)

- DatasetdD#{

- Experiment(Autopilot)DE1T

«  TrainingfGaSROMES? - 54

» EFJ)LDDeploy

«  EndpointAN\OUIIX

. R

dWs$s



)—=,3 28R & SageMakerd >V —)LA\B&h

dWs$s



SageMaker Studiod > Y —JLICiBEh

dWs$s



1 >y_)l/ EEEIIIU

dWs$s



SSO5 I\ Z iR

dWs$s



IAM O—JLYERK

dWs$s



IAM O—JLYERK

dWs$s

10



IAM O—JU{ERkHEEE

dWs$s

11



VPC 3R

dWs$s

12



I 2w NER

© 2020, Amazon Web Services, Inc. or its Affiliates.

dWsS

13



RXA > AER

dWs$s
>

14



RAAZAERSE T

dWs$s

15



SSO1—H—Ei%

dWs$s

16



AWS Single Sigh—On BEIHI(CER

e

dWsS

17



J—Y—Flp AN

dWsS

18



D IV—T E3E

dWs$s



J—ﬁ—ﬁﬁﬁm TEEI:I'U

dWS



[1—5—{ill] EX—JVLICTAccept

Invitation to join AWS Single Sign-On

no-reply@login.awsapps.com <no-reply@login.awsapps.com>
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« Feature Engineering
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«  Model Tuning
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Amazon SageMaker Studio Walkthrough

- Experiments. Debugger. Model hosting. Model Monitor7z
J—hrIJwvO

https://github.com/awslabs/amazon-sagemaker-

—/

EX W)
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examples/blob/master/aws sagemaker studio/getting started/xgboost customer churn studio.ipynb

Amazon SageMaker FHFEE D1 R
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https://docs.aws.amazon.com/ja jp/sagemaker/latest/dg/gs-studio-end-to-end.html
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