


Amazon Sa
.2|-_9_ St I:l-o

NENE:|
Al/ML A0 AZ|AE
INVAS

QWS SUMMIT
~—7 ONLINE

2

eMaker Al

AV



Agenda

Amazon SageMaker 27|

HAl2ld upskXHE 2|5t S8 IDE Amazon SageMaker Studio & Notebook
HO|E MME|E 2Tt Amazon SageMaker Processing

sts Job 2E|= ?TF Amazon SageMaker Experiment

oty oEfE EE|EE ot7| ¥t Amazon SageMaker Debugger

HIO[E A e ets ¥els HE, JETHK[ ZO0rAl Amazon SageMaker
AutoPilot







Amazon SageMaker 2! 24

Prepare

Build

L|
o

Train & Tune

©O O
= 7

- .
ot

=
=

Deploy & Manage

Web-based IDE for machine learning

Automatically build and train models

HOIH Z2 MY &
0l=d

101011010

010101010
000011110

Collect and
prepare
training data

Choose or build an
ML algorithm

ExperimentsS £ of
JobS H|u % A2z}

o s

Set up and manage Train, debug, and
environments tune models
for training

Manage training runs

3 o S ZnE 2 el 3
ASHME X paagits AL S S =SS,
QEAAYY  xfzoz 7| 20l 20§ 75% 2

)
@ =

Scale and manage

Deploy Monitor Validate
model in models  predictions  the production
production environment




Prepare

Build

Train & Tune

HE=elF{l=
IET‘Ol_l-E

Amazon SageMaker {4l 24

Deploy & Manage

Web-based IDE for machine learning

Automatically build and train models

HOIH Z2Md &
o 0l=¢

101011010

010101010
000011110

Collect and
prepare
training data

o= H Do n
28 Lt ESE SR H
L O = 0
nds gigs 2
C
ol

=1
E=/

Choose or build an
ML algorithm

environments
for training

Set up and manage Train, debug, and

tune models

ExperimentsE £9
Job= H|u 5! A[Zf2}

g 5

Manage training runs




Amazon SageMaker
Hil 28 efs= ?leh At MH| A

[ O
% — | S

Al 2{LS 9st - \ Toa
A z=o| 2 S S8 ol MEe 2N F=X gl s CiH g, 24 X 81
7fiE 2H4 (IDE) ;‘ H| D &l= Al *'04 23| A|AHE Amazon SageMaker
Amazon SageMaker . Amazon SageMaker Debugger
Studio R Experiments g
e AR 3 242 ehsst 7hA 4 9 & O
BECE IS E o F Tals 152 20 ML 2
LEE A 2 HE|% KHE A A
P G| Of E 7‘WEI ol O AMX|L| o
Amazon SageMaker Amazon SageMaker
Notebooks Amazon SageMaker Autopilot

(Preview)

Processing




Amazon SageMaker Studio &
Notebook



Amazon SageMaker Studio2f 4/t Notebook A{H| A= 2ff?

=1

2

ithub = & Soll &4
QF
FEE H}

Dependenc

= @

=
HFO A A
— — L




Amazon SageMaker Studio

. Amazon SageMaker Studio= A& © {2 ALEXAIE X[ &
2 = AMESIY ArEX}

. AWS Single Sign-On(SSO) E== IAM €2 (Role)

Amazon Sc

Amazon SageMaker

Amazon SageMaker X
Amazon SageMaker StUdiO (Available in Preview)

Amazon SageMaker Studio

Al 2
AN A ZHS}7|
Amazon SageMaker Studio0f| A| SSO(Single Sign-On)E AIE&SIEF A%
50 ALBRIZ 7 Bl 4

Ground Truth
ZVEER

HO[E MEO 20|&

SSOS At2otH X T 23 2 53l Amazon SageMaker StudioOff 4 M| A8} 1 AF2 X}

NS
A LICT

glo|=a ol
01&2 2= | ssoz Axt l
SSO TH =4 [4

Es
SHX| EAHLE ZZ|0AM SSOE ALE

| &
| Ck.

IAMES AFE3tE S Amazon SageMaker StudioZ T&& U H 7kX| Mot Art O] HEEL|CE LIS O
2{™ Amazon SageMaker Studio T3S APA| S0 CRA| 24 d 5 OF & L|CF.

IAMO = A|Zl

aig

—



Amazon SageMaker Studio

Amazon SageMaker Studio 24

aws MHA «  glAA1E2 o

> Amazon SageMaker il S3 @Y AWS DeepRacer & Ama

Amazon SageMaker Amazon SageMaker Studio

NESTN]

After you provide basic information to enable AWS Single Sign-On (SSO) for your AWS account, we configure Amazon
SageMaker Studio for your using default settings. AMA[5| 02| [4

#et

D= ALEALO] CHet 2l o XHﬂ | °’OFE7I 2
Amazon SageMaker Stud

Ama’zonSageMakerFullAccesspohcy (“1)

SageMaker S3

Notebook resource configuration -@_*75’/ Atgt

Recommended defaults have been selected for you. Atrenvironment snapshot contains packages and scripts you've used to run and
reproduce a notebook. Notebook resource includes artifacts such as cell output, reproducible environment, and Git Repositories.
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AmazonSageMaker-ExecutionRole-20200203T144606 [4




Amazon SageMaker Studio

Amazon SageMaker Studio 24

aws MHla v 2A20F v Amazon SageMaker il S3 &% AWS DeepRacer @& Ama

)

Amazon SageMaker Amazon SageMaker Studio

NESTN]

After you provide basic information to enable AWS Single Sign-On (SSO) for your AWS account, we configure Amazon
SageMaker Studio for your using default settings. AMA[5| 02| [4

D= AFE XA CHet &2l A XpA|3] 2ot 7| [4
Amazon SageMaker Stud Sagel r 53 %

AmazonSageMakerFullAccess policy O|(7})

Notebook resource configuration -@_*75’/ Atgt

Recommended defaults have been selected for you. Atrenvironment snapshot contains packages and scripts you've used to run and
reproduce a notebook. Notebook resource includes artifacts such as cell output, reproducible environment, and Git Repositories.

HEYI U AREX| - H5 A

B - A5 A

v Notebook resource configuration - 75/ AfZ}

Recommended defaults have been selected for you. An environment snapshot contains packages and scripts you've used to run and
reproduce a notebook. Notebook resource includes artifacts such as cell output, reproducible environment, and Git Repositories.

Shareable notebook resource

To share notebooks reate and share snapshot

XAI5] EOotE 7| [4
@ Enable notebook resource sharing
S3 location for shareable notebook resource

. XEAIS] 20FE7| [A

s3://sagemaker-studio-421681955370-4ko8m7f8fdk/sharing

Shareable notebook resource encryption key - 275 Afgf
We us nanaged KMS 53 to ur notebo

MER XS =2t 8

Notebook cell output sharing preference

1 also share

F the

When sharing

© Allow users to share c[?ll output

N
Disable cell output sharing
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Amazon SageMaker Amazon SageMaker Studio

NESTN]

After you provide basic information to enable AWS Single Sign-On (SSO) for your AWS account, we configure Amazon
SageMaker Studio for your using default settings. AHA|5| 20t 7| [4 ¥ L-“ E_?__I 3 le AE EI xl " /Ii'/ g/’/ /(/L g/-

VPC - AEf AfSS

D= ALEXLO] Cieh A A2 XpMIS| ZOLE Y| [4

AmazonSageMakerFullAccess policy Ol

Notebook resource configuration -{ﬁﬁf‘i’/ Argt

Recommended defaults have been selected for you. Atrenvironment snapshot contains packages and scripts you've used to run and
reproduce a notebook. Notebook resource includes artifacts such as cell output, reproducible environment, and Git Repositories.
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Hello Jihye Seo,

Your Al
o AFR AL mE 0 ¢i s (550
H:?' HOl| A A Of Lt O = 2| | 0] M off Chi gt AFE & ' Your administrator has invited you to access the Single Sign-On (SSO) user
SLCh RPA[S] Hote 7 ) user account so that you
Click on the link below to
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[

S Organization (AWS Account #701028509984) uses AWS Single Sign-On

) to provide access to A accounts and business applications

dWS

Please choose a new password
Accessing your AWS SSO User Portal
After you've accepted the invitation, you can acce > SSO user portal b)
g ; 7 74 ‘
ArE X} 015 using the information below

Username
bonayaing@gmail.com Your User P°"‘a' u .
- 7 vsapps.com/start
jihys@amazon.com

Confirm new password
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Amazon SageMaker Amazon SageMaker Studio

Amazon SageMaker StUdiO (Available in Preview)

Username

bonayaing@gmail.com

jihys@amazon.com

Please log in with your d-9a673dc992 credentials
AHEf

© InService

Username

———— Password
sextHA | MR
— ecccsscse
1 &
0o &
bonayaing@gmail.com

jihys@amazon.com Forgot Password?
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ﬂ‘} Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help

£ i * Cc & Amazon SageMaker Studio X
2/
o Name - Last Modified

Welcome to Amazon SageMaker Studio

©

Launch new experiments and easily organize,

® A Build and train Cx) Deploy and monitor

A Spin up sharable Jupyter Notebooks in seconds to Deploy your models with auto scaling, and
build ML models or generate models automatically monitor for drift in production

LXc automatically with Amazon SageMaker Autopilot. using SageMaker Model Monitor.

i

track, and compare iterations using Amazon DERCySnE oIECRREE
SageMaker Experiments. Run distributed training,
and troubleshoot models with Amazon SageMaker

Debugger.

Create a Notebook



Amazon SageMaker Notebook O

File Edit View Run Kernel Tabs Settings Help

+ > B+ X 00O »a= Markdown ~ Python 3
' / notebool
Name 1 :

- In Depth: Linear Regression
= audio
images Just as naive Bayes (discussed earlier in In Depth: Naive Bayes Classification) is a good starting point for classification tasks, linear regression models are a good starting point for

Altairipynb regression tasks. Such models are popular because they can be fit very quickly, and are very interpretable. You are probably familiar with the simplest form of a linear regression model

[ (i.e., fitting a straight line to data) but such models can be extended to model more complicated data behavior.

Data.ipynb
o [7 Fasta.ipynb

In this section we will start with a quick intuitive walk-through of the mathematics behind this well-known problem, before seeing how before moving on to see how linear models can be

generalized to account for more complicated patterns in data.
o A Julia.ipynb

[A] Linear Regression.ipynb Webeginw ' File Edit View Run Kemel Tabs Settings Help

=[] Lorenz.ipynb I Launcher 7 Altair.ipynb

@ lorenz.py smatplotl B <his<font
@ Notebook Seattle Weather: 2012-2015
0,

import ma color="#f37626">pyt</ font>hon
o [ Ripynb import se not<font
D untitled.dio import U @)  color="#f37626">e</font>book</h1>

[ untitledt.dio E
0 untitedz do Simple @ = sice e A @ @ @
[ untitled3.dio

We will stat
Python 3

Tomperature (C)

O untitleda.dio
O untitieds.dio
O untitleds.die

Raw NBCon
where @ is|

Maximum Dai

Consider tk
Advanced Tools ..

Cell Metadata Julia 110

{

Mar 01

drizzle

B cossole
Notebook Metadata

€
"kernelspec': {

“display_name": “Python 3", @ @

: "python", FaweT] Cas1p Cai17

" Julia.ipynk X Lorenz.ipynb | Ripynb

anguage_info": { B + X @ [ » ® C Makdown v Jial B + X B [ » = Markdown ~ Python3 ¢ B + X [
"'codemirror_mode":

Julia python notebook R

python'',
using RDatasets, Gadfly
plot(dataset("datasets","iris"),
*%natplotlib inline

—
python from ipywidgets import interactive, fixed

pygments_lexer":
ipython3",
We can use "version
} ’ equations:
toc-autonumbering
oc-showcod . ‘ T oy = x)
& Python 3 | Idle "'toc-showmarkdowntxt" L . 20T px—y—x

1=—flr+xy

We explore the Lorenz system of differential

from skle
o

Let's change (o, §, p) with ipywidgets and
examine the trajectories.

eigen(x) from lorenz import solve_lorenz

Eigen{Complex{Float64},Complex{Float w = interactive(solve_lorenz,signa=(0.9,50.
64}, Array{Canp Lex{F Loat64}, 2}, Array{Co w
mplex{Float6a},1}}
eigenvalues:
10-element Array{Complex{Float6a},1}:
793881566545466 + 0.0in
—0.04450706590580R _+ 0. aim

6 {3 Python3|Idle Mode: Com

JupyterLABO|| Sagemaker™ & plug-ing &7

interactive(children=(Floatslider(valu
=10.0, description='sigma', max=50.0), Flo
atslider(value=2.666666666666..
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Source: https://jupyter-kernel-gateway.readthedocs.io/en/latest/
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Amazon SageMaker Experiments

»  Experiment : Trial2| &1} (Pre-procession jobs, training jobs, batch transform jobs)
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-xperiments & Trials

from import
with Tracker.create(display_name="Preprocessing",
sagemaker_boto_client=sm) as tracker:

Tracker tracker.log_parameters({
NS "normalization_mean": 0.1307, "normalization_std": 0.3081,
o O

)

tracker.log input(name="mnist-dataset", media_type="s3/uri", value=inputs)

from import
. mnist_experiment = Experiment.create(
EXperIment experiment_name="mnist-hand-written-digits-classification",
DS description="Classification of mnist hand-written digits",
O O sagemaker_boto_client=sm)

cnn_trial.add_trial_component(tracker.trial_component)
cnn_trial = Trial.create(
trial_name=trial_name,
experiment_name=mnist_experiment.experiment_name,
sagemaker_boto_client=sm,)

0Z

Trial %

0

estimator.fit(
inputs={'training': inputs},
job_name=cnn_training_job_name,
estimator.fit() SEEIme Corig=]
"TrialName": cnn_trial.trial _name,
"TrialComponentDisplayName": "Training",
},wait=True,)

EXPERIMENTS

0 row selected

>»

Create Experiment

Name Last Modified

Unassigned trial components 8 minutes ago

mnist-hand-written-digits-c... 32 minutes ago

TRIALS

0 row selected

Name

cnn-training-job-5-hidden-chan...

cnn-training-job-2-hidden-chan...

cnn-training-job-10-hidden-cha...

Last Modified
41 minutes ago
45 minutes ago

50 minutes ago

v


https://aws.amazon.com/ko/blogs/aws/amazon-sagemaker-experiments-organize-track-and-compare-your-machine-learning-trainings/

Trial{F Metric H| 1

@ Amazon SageMaker Studio  File

- ﬂ Trial Component List x

Edit View Run Kernel Git Tabs Settings Help

L Trial Component Chart X

TRIAL COMPONENTS 5 rows selected. Select rows to toggle chart visibility.

®
000 e e *

a
g || 1CHART
3

0.4

Experiment & | Trial & | Trial Component Type
customer-churn-predi...  Trial-9 Training job
customer-churn-predi...  Trial-8 Training job
customer-churn-predi...  Trial-7 Training job
customer-churn-predi...  Trial-6 Training job
customer-churn-predi...  Trial-5 Training job
train:loss_last with 1-minute aggregation %

\ T~
N
S

——

—— 0.3
-
w
=
]
"
4B 802
g
'®
i-]
0.1
0.0

: Mo @

Add Chart

¢

Training time 4
~6 minutes
~5 minutes
~& minutes
~4 minutes

~4 minutes

Actions

CHART PROPERTIES
Data type

O Time series

® Summary statistics

Chart type

@ Histogram
O Line

X¥-axis dimension

@ Epoch
® Time
O Periods from start

X-axis aggregation

O 1-minute
® 5-minute
® Go-minute

Y-axis

train:loss_last ¥

e

Trial Component Chart
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H|O|Ef ZHZ S EDA(Exploratory Data Analysis

Correlation matrix

fixed acidity [ ]
||

volatile acidity

citric acid - non-null floats4
non-null floats4
non-null floats4
non-null floats4

residual sugar -1 o cidity 188
chlorides - ‘ : ri 4898 non-null floatsa
free sulfur dioxide 71 d 4892 non-null -tluatﬁa
! a non-null floats4

total sulfur dioxide non-null floate4

non-null floats4
density .

non-null floats4
non-null floats4
pH n-null intéd

n

sulphates

alcohol

quality
% of Numerical Values Mean

citric acid
chlorides
sulphates

age 100.0% 40.0005 . . 98.0

fixed acidity
volatile acidity
residual sugar

duration 100.0% 257.23 8. 4918.0

free sulfur dioxide
total sulfur dioxide

campaign 100.0% 2.57517 2.0 56.0

pdays 100.0% 963.225 999.0 999.0
previous 100.0% 0.171533 0.0 7.0

emp.varrate 100.0% 0.0815781 1.1 ’ 14

cons.price.idx 100.0% 3.573 93444 92201 94.767

statistics

cons.confidx 100.0% -41.8 -50.8 -2
euribor3m 100.0% 3.6223 4857 0.634

nr.employed 100.0% 5167.15 51910 4963.6

0.00

Images from


https://towardsdatascience.com/exploratory-data-analysis-8fc1cb20fd151
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- Null 2x XA
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- Class W= FX[2 HE
- One-hot encoding

- F=X| gX Scaling

B
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e 0 4 06 n A W N =

age

73

58

18

10

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

1.0

class of

worker

Not in

universe

Self-

employed-

not

incorporated

Not in

universe

Not in

universe

Not in

universe

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0
0.0
0.0
1.0
0.0
0.0
0.0
0.0
0.0
0.0

detailed
industry
recode

0.0
0.0
0.0
0.0
1.0
0.0
0.0
0.0
0.0
0.0

detailed

occupation

recode

(0]

34

(0]

0o

(0]
0.0 0.0
0.0 1.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 1.0
0.0 0.0
0.0 0.0
0.0 0.0

education

High
school
graduate

Some
college
but no
degree

10th
grade

Children

Children

0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 1.0
0.0 0.0
1.0 0.0
1.0 0.0

0.0 0.0

wage

per
hour

0.0
0.0
1.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0

enroll
in edu
inst last
wk

Mot in
universe

Not in
universe

High
school

Not in
universe

Mot in
universe

1.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0

marital
stat

Widowed

Divorced

Never
married

Never
married

Never
married

- 0.0
. 0.0
- 0.0
. 0.0
- 0.0
- 0.0
- 0.0
o 0.0
- 0.0

o 1.0

major
industry code

Mot in
universe or
children

Construction

Mot in
universe or
children

Not in
universe or
children

Mot in
universe or
children

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

major
occupation
code

Not in
universe

Precision
production
craft &
repair

Not in
universe

Not in
universe

Not in
universe

0.0 0.0
0.0 0.0
1.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0

country of
birth
father
United-
States
United-
States
Vietnam
United-
States
United-
States
1.0 0.0
0.0 1.0
0.0 0.0
0.0 1.0
0.0 0.0
0.0 0.0
0.0 1.0
0.0 1.0
0.0 1.0
0.0 1.0

country
of birth
mother

United-
States

United-
States

Vietnam

United-
States

United-
States

0.0
0.0
0.0
0.0
1.0
1.0
0.0
0.0
0.0
0.0

country
of birth
self

United-
States

United-
States

Vietnam

United-
States

United-
States

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

0.0

citizenship

MNative-
Born in the
United
States

Native-
Born in the
United
States

Foreign
born- Not
a citizen of
us

Native-
Born in the
United
States

MNative-
Born in the
United
States

0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0
0.0 0.0

0.0 0.0
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# Built-in Scikit Learn Container

from sagemaker.sklearn.processing import SKLearnProcessor

processor = SKLearnProcessor(framework version='0.20.0',
role=role,
instance_type='ml.m5.xlarge',
instance count=1)

# Your Own Container
from sagemaker.processing import ScriptProcessor
processor = ScriptProcessor(image uri='123456789012.dkr.ecr.us-west-2.
amazonaws.com/sagemaker-spacy-container:latest’,
role=role,
instance_count=1,
instance type='ml.m5.xlarge')

from sagemaker.processing import ProcessingInput, ProcessingOutput
processor.run(
code="preprocessing.py',
inputs=[ProcessingInput(
source="'dataset.csv',
destination="'/opt/ml/processing/input')],
outputs=[ProcessingOutput(source="'/opt/ml/processing/output/train'),
ProcessingOutput(source="'/opt/ml/processing/output/validation’),
ProcessingOutput(source="'/opt/ml/processing/output/test’)]

s3://bucket/path s3://bucket/path
/to/input_data /to/output_data

opt/ml/processing/inp /opt/ml/processing/out
t put

Processing
Container

Instance 1

Cluster
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Amazon SageMaker Debugger &2 4]

@ Amazon SageMaker

-
C& Action - Stop the training

Amazon CloudWatch
Event

Action - Analyze using
Debugger SDK

ining in progre: / Analysis in

% progress
Training @

Container % N Rules
Customer’s S3 Bucket Containers

Amazon SageMaker
Notebook

Action = Visualize Tensors
using charts

Amazon SageMaker
Studio Visualization

« Tensor O|O|E= LXIZ Locald GIO|H YXt ME= 2XtZ S3 bucketd]| A&
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Early Stopping
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e CloudWatch Event 2} ¥ A =l LambdaE £ 23 Job=S HA| &= S

Training job

-Q

Debugger
job

Loss value Write the job stop code
in advance
Status AWS Lambda

InProgress IssuesFound
I

Detect state changes Lambda function

Amazon CloudWatch




Debugger Built-in Rules

from sagemaker.debugger import Rule, CollectionConfig, rule_configs

157l O| A9 Built-in Rule X3 N

(12 7= 187H)

- e e

Scope of Validity Built-in Rules X %oDI- o |-—T|— X|- Ol‘
Deep learning frameworks (TensorFlow, Apache MXNet, and PyTorch) DeadRelu aAI-E ch _9_'

ExplodingTensor

PoorWeightInitialization

SaturatedActivation —

VanishingGradient

WeightUpdateRatio
Deep learning frameworks (TensorFlow, MXNet, and PyTorch) and the XGBoost algorithm Allzero -

ClassTnbalance import sagemaker as sm

Confusion sagemaker_estimator = sm.tensorflow.TensorFlow(

Losstiotbecreasing entry_point="'src/mnist.py’,

3::;m@ role=sm.get_execution_roleQ),

i LarAchoseRUNS base_job_name="'smdebug-demo-job',

Tensorvardance train_instance_count=1, —

UnchangedTensor train_instance_type="ml.m4.xlarge", Training Job E 2|
Deep learning applications CheckInputImages -F ramewo ':'k_Ve rsion= " 1 O 1 5 " ’

NLPSequenceRatio py_Ve rsi On="py3 " y

_ # smdebug-specific arguments below

XGBoost algorithm TreeDepth

)

sagemaker_estimator.fit() :}__ TTahﬂng\kﬂ)éééﬁ



Debugger Custom Rules

from sagemaker.debugger import Rule, CollectionConfig

—— Default tensor emitting interval Step = 500

"save_interval": "500", «———
import sagemaker as sm
improper_activation_rule = Rule.custom( sagemaker_estimator = sm.tensorflow.TensorFlow(
name="'1improper_activation_job"', entry_point="'src/mnist.py’',
image_uri="'552407032007.dkr.ecr.ap-south- role=sm.get_execution_role(),
1.amazonaws.com/sagemaker-debugger-rule- base_job_name='smdebug-demo-job"',
evaluator:latest', train_instance_count=1,
instance_type="ml.c4.xlarge', train_instance_type="ml.m4.xlarge",
volume_size_in_gh=400, framework_version="1.15",
source="'rules/custom_rules.py', py_version="py3",

# smdebug-specific arguments below

)

) sagemaker_estimator.fit()



Debugger Custom Rules (22 T E hook 24 )

def train(batch_size, epoch, model):

def main():
%ode1 = ResNet50(weights=None, input_shape=(32,32,3), classes=10)
# Create hook from the configuration provided through sagemaker python sdk
opt = tf.keras.optimizers.Adam()
# wrap the optimizer so the hook can identify the gradients
mode1.compi1e(1os§=icategorica1_crossentropy',
optimizer=opt,

metrics=["'accuracy'])

# start the training.
train(opt.batch_size, opt.epoch, model)
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Amazon SageMaker Autopilot &4 &4
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Raw data Automatic model creation Full visibility and control Model leaderboard Deploz and monitor

Load tabular data from Select target column The correct algorithm is Full visibility with Select the best model for your the model
Amazon S3 to train for prediction chosen, training and model notebooks needs from a ranked list of
the model tuning is done automati- recommendations
cally for the right model

Choice to optimize and retrain, to improve model quality

NER IS 25 28
 XGBoost * Linear regression
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“ Simple to get started

Settings Help

riment i

Last modified
1 min ago

5 min ago
24 min ago
1 hrs ago

2 hrs ago

1 day ago

1 day ago

1 week ago
1 week ago
1 week ago
1 week ago
1 week ago
1 week ago
2 weeks ago
2 weeks ago
2 weeks ago
2 weeks ago
3 weeks ago

4 weeks aao

& Create AutoML experiem... X

Create SageMaker Autopilot experiment

JOB SETTINGS

Experiment name

Entor namo
cnter name

Constraint text...

S3 location for the input data
Provide the S3 location of your input data for training. To find a path, go to Amazon S3 (4

‘ 25 patn

Target attribute name
Provide the attribute name that you want Auto-ML to predict.

Fnter attribiite naome
cnter attripute name

This input is case-sensitive. Incorrect input will cause the experiment to fail.

S3 location for the output
Provide the S3 location for storing the output. To find a path, go to Amazon S3 (4

CZ nnth
Z path
’ S3 path ‘

Select the machine learning problem type

Auto

(O Binary classification

(O Linear regression

File Edit View Run Kernel Git Tabs Settings Help

Untitled1.ipynb L

SageMakerAutopilotCandic X
B + X O [0 » m C Code v O

[14]: | input_data_config = [{
'DataSource': {
'S3DataSource': {
'S3DataType': 'S3Prefix’,
'S3Uri': 's3://{}/{}/input’.format(bucket,prefix)

}
},
'TargetAttributeName': 'y'
}
]

output_data_config = {
'S30utputPath': 's3://{}/{}/output’'.format(bucket,prefix)
}

timestamp_suffix = strftime('%d—%H-%M-%S', gmtime())

auto_ml_job_name = 'automl-banking-' + timestamp_suffix
print('AutoMLJobName: ' + auto_ml_job_name)

sm.create_auto_ml_job(AutoMLJobName=auto_m1l_job_name,
InputDataConfig=input_data_config,
QutputDataConfig=output_data_config,
RoleArn=role)

0 B 6 © conda_python3 | Idle

SageMakerAutopilotDataE: X
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1.Data Exploration notebook Input HO|E| E7 24

Amazon SageMaker Autopilot Data Exploration 1 % of Numerical Values Mean Median

This report provides insights about the dataset you provided as input to the AutoML job. It was automatically generated by the AutoML training

job: automl-banking-26-09-07-31. age 1 [:]L-}DE!':D 40[]{]’0 5 O []

As part of the AutoML job, the input dataset was randomly split into two pieces, one for training and one for validation. The training dataset was
randomly sampled, and metrics were computed for each of the columns. This notebook provides these metrics so that you can: duration 100.0% 257.23 C 0

1. Understand how the job analyzed features to select the candidate pipelines.

5 . . - . A YO . -
2. Maodify and improve the generated AutoML pipelines using knowledge that you have about the dataset. cam Palg n 1 DU.DIZ!"D 2 5?5 1 ? 2 ﬂ

We read 3295@ rows from the training dataset. The dataset has 21 columns and the column named y is used as the target column. This is

identified as a BinaryClassification problem.Here are 2 examples of labels: ['no', 'yes']. pd ays 1 DL_}OE!':SI EJE!EE 22 5 99,90

() Suggested Action Items

previous 100.0% 0.171533 0.0

e Look for sections like this for recommended actions that you can take.

emp.varrate 100.0% 0.0815781 1.1 4
Contents
cons.price.idx 100.0% 93.5736 93444 92201 94.767

1. Dataset Sample
2. Column Analysis

cons.conf.idx 100.0% -40.48 -41.8 -50.8 -2

Dataset Sample . . . o .
euribor3m  100.0% 6223 4.857 0.634
The following table is a random sample of 10 rows from the training dataset. For ease of presentation, we are only showing 20 of the 21 columns

of the dataset.

nr.employed 100.0% 5167.15 5191.0 49636

() Suggested Action Items
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2. Candidate Generation Notebook

Amazon SageMaker Autopilot Candidate Definition Notebook

This notebook was automatically generated by the AutoML job automl-banking-09-23-29-57. This notebook allows you to customize the candidate
definitions and execute the SageMaker Autopilot workflow.

The dataset has 21 columns and the column named y** is used as the target column. This is being treated as a **BinaryClassification problem. The
dataset also has 2** classes. This notebook will build a **BinaryClassification model that maximizes the "ACCURACY" quality metric of the trained
models. The "TACCURACY" metric provides the percentage of times the model predicted the correct class.

As part of the AutoML job, the input dataset has been randomly split into two pieces, one for training and one for validation. This notebook helps you inspect
and modify the data transformation approaches proposed by Amazon SageMaker Autopilot. You can interactively train the data transformation models and
use them to transform the data. Finally, you can execute a multiple algorithm hyperparameter optimization (multi-algo HPO) job that helps you find the best
model for your dataset by jointly optimizing the data transformations and machine learning algorithms.

Available Knobs Look for sections like this for recommended settings that you can change.

Contents

Run Data Transformation Steps

Now you are ready to start execution all data transformation steps. The cell below may take some time to finish, feel
free to go grab a cup of coffee. To expedite the process you can set the number of parallel_jobs to be up to 10.
Please check the account limits to increase the limits before increasing the number of jobs to run in parallel.

automl_interactive_runner.fit_data_transformers(parallel_jobs=7)




AutopilotOf| Al Ats H3= LES

2. Candidate Generation Notebook- & 1 Z2|& I QIAEHA

dpp0-xgboost: This data transformation strategy first transforms 'numeric’ features using Robustimputer (converts missing values to nan),
‘categorical’ features using ThresholdOneHotEncoder. It merges all the generated features and applies RobustStandardScaler. The transformed

data will be used to tune a xghoost model. Here is the definition:

automl_interactive_runner.select_candidate({
"data_transformer”: {
"name": "dpp@",
"training_resource_config”: {
"instance_type": "ml.m5.4xlarge",
"instance_count": 1,
"volume_size in_gb": 5@
¥s
"transform_resource_config": {
"instance_type": "ml.m5.4xlarge”,
"instance_count": 1,
s
"transforms_label"”: True,
"transformed_data_format": "text/csv",
"sparse_encoding": False
¥
"algorithm": {
"name": "xgboost",
"training_resource_config": {
"instance_type": "ml.m5.4xlarge",
"instance_count": 1,
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2. Candidate Generation Notebook- o}0|{ I}2}0|EH F=H

from sagemaker.parameter import CategoricalParameter, ContinuousParameter, IntegerParameter

ALGORITHM_TUNABLE_HYPERPARAMETER_RANGES
"xgboost': {

"num_round': IntegerParameter(2, 512, scaling_type='Auto'),
Tree depth 'max_depth': IntegerParameter(2, 32, scaling_type="Auto'),
'eta': ContinuousParameter(le-3, 1.0, scaling_type='Logarithmic'),

' ': ContinuousParameter(le-6, 64.0, scaling_type='Logarithmic"'),
Max leaf nodes E .

min_child weight': ContinuousParameter(le-6, 32.0, scaling type='Logarithmic'),

"subsample’: ContinuousParameter(®.5, 1.8, scaling_type='Linear'),
Gamma "colsample_bytree': ContinuousParameter(@.3, 1.8, scaling_type='Linear'),
"lambda’: ContinuousParameter(le-6, 2.0, scaling type='Logarithmic'),
Eta 'alpha’: ContinuousParameter(le-6, 2.9, scaling_type='Logarithmic'),
}s

‘linear-learner': {
Lal I lbda 'wd': ContinuousParameter(le-7, 1.8, scaling_type="Logarithmic"'),
'11": ContinuousParameter(le-7, 1.8, scaling_type='Logarithmic"'),

'learning_rate': ContinuousParameter(le-5, 1.0, scaling_type='Logarithmic'),
Alpha "positive_example weight mult': CategoricalParameter(['balanced', '€.81', '1l', 'l1ee’
}s
Etc.
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aWS File Edit View Run Kernel Git Tabs Settings Help

- + L C W] sagemaker_automl_direct_m: X | &3 my-sagemaker-autopilot X Deploy model X
e / automl-preview / c
Name - Last Modified
B8 bank-additional e —— EXPERIMENT: MY-SAGEMAKER-AUTOPILOT Open candidate generation notebook Open data exploration notebook
B model 12 hours ago
o [m] sagemaker_auto... 3 hours ago Trials Job profile
TRIALS

S B F ® 0O

%

O &

0 row selected

Trial name

my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...
my-sagemaker-tuning-job-...

my-sagemaker-tuning-job-...

Status
Completed
Completed
Completed
Completed
Completed
Completed
Completed
Completed

Completed

Start time
9 hours ago
9 hours ago
7 hours ago
7 hours ago
9 hours ago
7 hours ago
8 hours ago
8 hours ago

8 hours ago

End time

Deploy model

Objective
0.9206119775772095
0.9202479720115662
0.9200050234794617
0.9195190072059631
0.9191550016403198
0.9190340042114258
0.9189119935035706
0.9186699986457825

0.9186699986457825

my-sagemaker-autopilot



B2 E20]'d Tradeoffs

Model Accuracy |Latency |[Model Size

T |G urn-xgboost-1756-013- 95% 450 msWB'/\.
q9RfN |

‘_—Lé” ]

2 churn-xgboost-1756-014-53facc2 |93% 200 ms (4.8 MB

2 churi=xgssest-1-256-015- Q2% 200-ms—4.5 VB
58bc692

4 | churn-linear-1756-016-db54598 [91% 50ms |1.3MB

5 |churn-xgboost-1756-017-af8d756|91% 190 ms (4.2 MB
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https://aws.amazon.com/ko/training/learning-paths/machine-learning/
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