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Agenda

What is Amazon SageMaker?

Amazon SageMaker key capabilities

Demo Amazon SageMaker Studio notebooks
Demo Amazon SageMaker Canvas

Why do customers use Amazon SageMaker?

Thomson Reuters’ perspective on Amazon SageMaker

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
)



Five year of Amazon SageMaker

Data Wrangler
JumpStart

Feature Store

Distributed training

Pipelines

Edge Manager
Unstructured data

preparation Clarify
2018
2020
2017 2019 2021
Easily build machine World's first IDE No Code ML with
learning models with Canvas
performance-optimized Studio notebooks
algorithms
Experiments
Fast, fully managed training Autopilot

. Debugger
Deploy models into

production with one click

Model Monitor

aws

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
S



Massive scale

DATA LABELING 1M+ labeling tasks/day
SINGLE CUSTOMER DEPLOYMENT Million+ models
MODEL TRAINING Billions of parameters
PREDICTIONS 100B+/month
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Business Data

analysts scientists

Make ML predictions Prepare data and

using a visual build, train, and
interface with deploy ML models
Amazon SageMaker @ with Amazon

Canvas SageMaker Studio

Amazon
SageMaker

Infrastructure, tools,
visual interfaces,
workflows, orchestration,
and collaboration

MLOps
engineers

Deploy and manage

models at scale with

Amazon SageMaker
MLOps
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Fully managed, sharable Jupyter notebooks
Run notebooks on elastic compute resources

Built-in algorithms
Many built-in algorithms available in prebuilt
container images

Build ML models

Prebuilt solutions and open-source models
Over 150 popular open-source models

Fully managed
shareable notebooks

&5
on Amazon EC2
AutoML
Automatically create ML models with full visibility

Support for major frameworks and toolkits
0% Optimized for popular deep learning (DL) frameworks
K% such as TensorFlow, PyTorch, Apache MXNet, and
Hugging Face
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Experiment management and model tuning

o ; s

{@{2& Save weeks of effort by automatically tracking training
runs and tuning hyperparameters

: Debug and profile training runs
EE"@ Use real-time metrics to correct performance
problems

Train ML models

Fast and cost-effective
ML model training

Distributed training
Complete distributed training up to 40% faster

Training compiler
Accelerate training times by up to 50% through more
efficient use of GPUs

&
Managed spot training
Reduce the costs of training by up to 90%
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Wide selection of infrastructure
70+ instance types with varying levels of compute
and memory to meet the needs of every use case

Single-digit millisecond overhead latency
For use cases requiring real-time responses

Asynchronous inference
Supports large models with long-running
processing times

Fully managed deployment for L .
. ost-errective deptoymen
inference at scale Multi-model/multi-container endpoints, serverless
inference, and elastic scaling

Built-in integration for MLOps
ML workflows, CI/CD, lineage tracking, and catalog

Deploy ML models

Automatic deployment recommendations
Optimal instance type/count and container
parameters, and fully managed load testing
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Objective: Detect bees in images
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Training data?
i N at ura I iSt 0 rg ‘Naturalist ©) exlore | Your Observations | Communityv Identify ~ More v

C d | [ fO rnia Po PPY (Eschscholzia californica)

dbatalov

4 observations

Observed: Submitted:
Apr 21,2019 - 5:37 PM PDT Apr 21,2019 - 6:36 PM PDT

=+ Map Satellite

\ 4

Map data ©2019 Google ; Terms of Use Report a map error

Q 1115 N The Strand, Manhattan Bea... S
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INaturalist.org

How It Works

Record your observations Share with fellow naturalists Discuss your findings

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
S




INaturalist.org allows export of a dataset

500 images of bees under Creative Commons CCO license
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https://creativecommons.org/share-your-work/public-domain/cc0/

Amazon SageMaker Ground Truth to label data

&
8@ & &

Ground Truth Notebook Training Inference

Set up and manage labeling jobs for Availability of AWS and SageMaker SDKs  Train and tune models at any scale. Create models from training jobs or
highly accurate training datasets using and sample notebooks to create training  Leverage high performance AWS import external models for hosting to
active learning and human labeling. Jobs and deploy models. algorithms or bring your own. run inferences on new data.
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g Amazon SageMaker X bee_detector... (auto-H) - J -4 -+

# d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupyter/default/lab/workspaces/auto-H/tree/demo/bee_detector.ipynb .
¢ Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug
bs 1t (W] bee_detector.ipynb X %

B + X OO » m C » Code v B © et 2VCPU +4 GiB Cluster Python 3 (Data Science) Share ()
Filter files by name Q

o B / demo / -

Nams ’ SageMaker Bee Detection Demo \
0 B images

o _ Table of contents

[ validation.manifest

= [ train.manifest e STEP 1: Review of labeled dataset
« [A] bee_detector.ipynb e STEP 2: Training an Object Detection model

..5., % e STEP 3: Deployment and testing of model

STEP 1: Review of labeled dataset

b

In this workshop we will use a dataset from the inaturalist.org This dataset contains 500 images of bees that have been uploaded by
inaturalist users for the purposes of recording the observation and identification. We only used images that their users have licensed under
CCO license. For your convenience, we have placed the dataset in S3 in a single zip archive here: http://aws-tc-largeobjects.s3-us-west-
2.amazonaws.com/DIG-TF-200-MLBEES-10-EN/dataset.zip

The dataset has already been labeled with SageMaker Ground Truth, which means we have an augmented manifest file that contains the
results of labeling.

Furthermore, the dataset has already been downloaded and unzipped inside the notebook under the images folder. The archive contains
the following structure: 500 .jpg image files, the already mentioned augmented manifest file output.manifest and 10 test images
inthe test subfolder.

Let's review results of the previously completed labeling job called bees-500 using the provided augmented manifest. This file contains

Simple (0] 1 {8 0 Python 3 (Data Science) | Idle  Kemnel: Idle | Instance MEM @ D Mode: Command & Ln1,Col1 bee_detector.ipynb




g Amazon SageMaker X bee_detector... (auto-H) - J -4 -+

# d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupyter/default/lab/workspaces/auto-H/tree/demo/bee_detector.ipynb
@ Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help R  Reportabug
1t (W] bee_detector.ipynb X &

=
o
®

b

B + X OO » m C » Code v B © et 2VCPU +4 GiB Cluster Python 3 (Data Science) Share ()

Filter files by name Q

B / demo / -
— : SageMaker Bee Detection Demo
= e : Table of contents
[ validation.manifest
[ train.manifest e STEP 1: Review of labeled dataset
« [A] bee_detector.ipynb e STEP 2: Training an Object Detection model
% e STEP 3: Deployment and testing of model

Simple

STEP 1: Review of labeled dataset

In this workshop we will use a dataset from the inaturalist.org This dataset contains 500 images of bees that have been uploaded by
inaturalist users for the purposes of recording the observation and identification. We only used images that their users have licensed under
CCO license. For your convenience, we have placed the dataset in S3 in a single zip archive here: http://aws-tc-largeobjects.s3-us-west-
2.amazonaws.com/DIG-TF-200-MLBEES-10-EN/dataset.zip

The dataset has already been labeled with SageMaker Ground Truth, which means we have an augmented manifest file that contains the
results of labeling.

Furthermore, the dataset has already been downloaded and unzipped inside the notebook under the images folder. The archive contains
the following structure: 500 .jpg image files, the already mentioned augmented manifest file output.manifest and 10 test images
inthe test subfolder.

Let's review results of the previously completed labeling job called bees-500 using the provided augmented manifest. This file contains

(0] 1 {8 0 Python 3 (Data Science) | Idle  Kernel: Idle | Instance MEM @ D Mode: Command & Ln1,Col1 bee_detector.ipynb
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] g Amazon SageMaker X bee_detector... (auto-H) - Jup X +

@ d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupyter/default/lab/workspaces/auto-H/tree/demo/bee_detector.ipynb @ " Y ow 8 % 0O 9'.1 Update EY,',',I

Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug
" o 1t (W] bee_detector.ipynb X O
B+ X O 0O » = C » Code v B © it 2VCPU +4 GiB  Cluster Python 3 (Data Science) Share () |

Filter files by name Q |
Let's review results of the previously completed labeling job called bees-500 using the provided augmented manifest. This file contains

¢ O B SR

d
o i 500 lines, each of which contains JSON descriptor of the results of labeling one image. Let's look at the first one.
Name v .
B images [2]: augmented_manifest_file './images/output.manifest’ AM"d & F B

) [alidation manHest labeling_job_name 'bees-500"

[ train.manifest import json
(W] bee_detector.ipynb . , 2
P file en(augmented_manifest_file, 'r')
O json_line  json.loads(file.readline())

nt(json.dumps(json_line, indent 4))

L]
.-‘@
}
]

"source-ref": "s3://sagemaker-remars/datasets/na-bees/500/10006450. jpg",
"bees-500": {
"annotations": [

{

b

"class_id": 0,

"width": 95.39999999999998,
"top": 256.2,

"height": 86.80000000000001,
"left": 177

%,}

"image_size": [

{
"width": 500,
"depth": 3,
"height": 500
}

23] ]
Simple (0] 1 {8 0 Python 3 (Data Science) | Idle  Kernel: Idle | Instance MEM @ O Mode: Command & Ln1,Col1 bee_detector.ipynb




etector.ipynb

¢ Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug

B ‘ + 1+ (%] bee_detector.ipynb X OQ
B+ X O 0 » m C » Code v ®© =it 2VCPU +4 GiB  Cluster Python 3 (Data Science) Share ()
Filter files by name Q
o I / demo /
0 Name v
B images

[ validation.manifest

[ train.manifest

* [A] bee_detector.ipynb

;)
~®

b

N

Simple 0 1 {8 Q} Python 3 (Data Science) | Idle  Kemnel: Idle | Instance MEM @ D Mode: Command & Ln1,Col1 bee_detectoripynb



@ @ g Amazon SageMaker X bee_detector... (auto-H) - Ju X +

& d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupyter/default/lab/workspaces/auto-H/tree/demo/bee_detector.ipynb

(.
¢ Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug
B ‘ + ] 1t (%] bee_detector.ipynb X Y
B + X OO » m C » Code v B © e 2VCPU +4 GiB  Cluster Python 3 (Data Science) Share () |
Filter files DJJ name O\ TaWi LLTE JOUIIa UUIIPD \ LLHT]) ‘
o f.write('\n")
B / demo /
S rint(f'training samples: {num_training_samples}, validation samples: {len(lines) num_training_samples}')
‘} I images training samples: 400, validation samples: 100

[ validation.manifest

B G e STEP 2.2 Upload training and validation manifests to S3

* [A] bee_detector.ipynb

Next, let's upload the two manifest files to S3 in preparation for training. We will use the same bucket you created earlier.

[6]: import sagemaker

;)
~®

BUCKET sagemaker.Session().default bucket()
PREFIX 'reinvent-artifacts’

b

pfx_training PREFIX '/training' if PREFIX else 'training'

s3_train_data_path 's3://{y/{}/{}"' . format(BUCKET, pfx_training, augmented_manifest_filename_train)
s3_validation_data_path 's3://4y/{}/{}" . format(BUCKET, pfx_training, augmented_manifest_filename_validation)

aws s3 cp train.manifest s3: BUCKET pfx_training
aws s3 cp validation.manifest s3: BUCKET pfx_training

pload: ./validation.manifest to s3://sagemaker-us-west-2-187004457496/reinvent-artifacts/training/validation.manif

[ upload: ./train.manifest to s3://sagemaker-us-west-2-187004457496/reinvent-artifacts/training/train.manifest
est

STEP 2.3 Configure and kick off training job \
\

We are now ready to kick off the training job. Since we will use a built-in object detection algorithm, you can do the following steps via
Simple 0 1 = Q} Python 3 (Data Science) | Idle  Kemnel: Idle | Instance MEM @ O Mode: Command & Ln1,Col1 bee_detector.ipynb J



] ¢ Amazon SageMaker X bee_detector... (auto-H) - Ju X +

8 d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupyter/default/lab/works 1to etector.ipynb
@ Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug
e |
B \ L 1+ (W bee_detector.ipynb X O ‘
B + X OO » m C » Code v ® st 2VCPU +4 GiB  Cluster Python 3 (Data Science)  Share ()
Filter files by name Q oot ‘
(u) \
I / demo / |
= STEP 2.3 Configure and kick off training job
0 B images We are now ready to kick off the training job. Since we will use a built-in object detection algorithm, you can do the following steps via
[ validation.manifest SageMaker Console Ul, but since we are already in the notebook, we can just run the following code with SageMaker Python SDK.
= [ train.manifest _
. 24]: |import boto3 N VvV & F i
. bee_detector.ipynb [ T
. B bee_ i client - boto3.client('sagemaker"')
"o"
role = sagemaker.get_execution_role()
® sess - sagemaker.Session()
.—l

training_image - sagemaker.image_uris.retrieve('object-detection', boto3.Session().region_name, version-'1")
s3_output_path 's3://{}/{}/output’.format(BUCKET, pfx_training)

b

@odel sagemaker.estimator.Estimator(
training_image,

role,

instance_count 1,

instance_type "ml.p3.2xlarge",
input_mode "Pipe",

output_path s3_output_path,
sagemaker_session sess,

|
|
|
|
model.set_hyperparameters (
base_network "resnet-50",

use_pretrained_model 1,
num_classes 1,

|
Y
Simple 0 1 &8 Q} Python 3 (Data Science) | Idle  Kernel: Idle | Instance MEM @ O Mode:Edit & Ln10,Col1 bee_detector.ipynb J



¢ Amazon SageMaker X bee_detector... (auto-H) - Ju X +

@ d-tkgawvhidkzo.studio.us-west-2.sagemaker.aws/jupy efault/lab/works actor.ipynb
é}} Amazon SageMaker Studio File Edit View Run Kernel Git Tabs Settings Help & Reportabug
|
-+ { % (W] bee_detector.ipynb X a
| | * . Py %
Filter files by name Q L A Y S S BIM_ G iy S S )

B + X O [0 » m C » Code v ® sit 2VCPU +4 GiB  Cluster Python 3 (Data Science) Share () ‘
i "w |
|
i

)
o B / demo /
train_data = sagemaker.inputs.TrainingInput(
’> Name b s3_train_data_path,

B images distribution-"FullyReplicated"”,
content_type-"application/x-recordio",
record_wrapping "RecordIO",

[ train.manifest s3_data_type "AugmentedManifestFile",
attribute_names ['source-ref', labeling_job_name]

[ validation.manifest

« [A] bee_detector.ipynb

.. )
"o"
validation_data = sagemaker.inputs.TrainingInput/(
_® s3_validation_data_path,
d distribution-"FullyReplicated",

content_type "application/x-recordio",
record_wrapping "RecordIO",
s3_data_type-"AugmentedManifestFile",
attribute_names ['source-ref', labeling_job_name]

b

)

@ data_channels = {"train": train_data, "validation": validation_data}

All configuration is done and we are now ready to kick off the training job!

To check the progess of the training job, you can refresh the console or repeatedly evaluate the following cell. When the training job status

|
|
[25]: model.fit(inputs data_channels, wait False)
|

reads 'Completed' , move on to the next part of the tutorial. |

r271s +rainina infn rliant dacecriba t+rainina inh{TraininalabNama mndal 1atact +rainina inh nama)

Simple 0 1 {8 0 Python 3 (Data Science) | Idle  Kernel: Idle | Instance MEM @ O Mode:Edit & Ln19,Col1 bee_detectoripynb



@ 3 @ Amazon SageMaker X 33 bee_detector... (auto-H) - Jup X [ + v

< C @& us-west-2.console.aws.amazon.com/sagemaker/home?region=us-west-2#fjobs/object-detection-2022-11-22-04-10-53-813 @ M W Y vw B % 0O 9|<Update 3)
|
(11 - 5 ‘
ss: Services Q. Search [Option+S] |
' |
35.0 |
0.280 :
: : 0.500
Amazon SageMaker X
04:10 04:15 04:20 04:25 04:30 04:35 04:10 04:15 04:20 04:25 04:30 04:35 04:10 04:15 04:20 04:25 04:30 04:35

Getting started

train:smooth_l1 validation:mAP b3 train:progress

Control panel

Studio 0.262 80.00
0:70 0.250
Studio Lab [4
60.00
Canvas 0.60
RStudio { %200
: 40.00
050
SageMaker dashboard D 0350 2000
Images 11-22 04:30
04:10 04:15 04:20 04:25 04:30 04:35 04:10 04:15 04:20 04:25 chiaser 04:35 04:10 04:15 04:20 04:25 04:30 04:35
Lifecycle configurations 2022-11-22 04:30 UTC
Search 1. @ validation:mAP 0.26812103943

» Ground Truth

» Notebook

» Processing

» Training
Output

P Inference

» Edge Manager .
S3 model artifact

Feedback Looking fo ge selection? Find it in the new Unified Settings [/} © 2022, Amazon Web Services, Inc. or its affiliates. Privacy Terms Cookie preferences
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12
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b

@ g Amazon SageMaker

Filter files by name Q

B / demo /

Name v
B images

[ validation.manifest
[ train.manifest

« [A] bee_detector.ipynb

File Edit

actor.ipynb

View Run Kernel Git Tabs Settings Help

(W] bee_detector.ipynb X

B + X OO » m C » Code v ® it 2VCPU +4 GiB  Cluster Python 3 (Data Science) Share ()

3Lz

Simple 0 1 & 4 Python

AMPUrt MdlpPpLlOLLID.PYypPLUL @5 pLL 114
endpoint_name bee_detector.endpoint_name
runtime_client - boto3.client('sagemaker-runtime')
: ns (runtime_client, endpoint_name, img_path):
with open(img_path, 'rb') as f:

payload = f.read()
payload bytearray(payload)

def

response runtime_client.invoke_endpoint(EndpointName endpoint_name,
ContentType 'application/x-image’,
Body payload)

result = response['Body'].read()
result  json.loads(result)
return result

for test_image in test_images:
result get_predictions_for_img(runtime_client, endpoint_name, test_image)
confidence_threshold .2
best_n 3

predictions.sort(reverse True, key = lambda x: x[1])

show_annotated_image(test_image, bboxes)

predictions [prediction for prediction in result['prediction'] if prediction[1] confidence_threshold]

bboxes [prediction_to_bbox_data(test_image, prediction) for prediction in predictions[:best_n]] q
|

[ Report a bug

e

:

T Vv & ¥ =0

pr. - 4 Enr.., . )|

3 (Data Science) | Idle  Kernel: Idle | Instance MEM @ D Mode: Edit &

Ln 25, Col 15 bee_detector.ipynb



Business Data

analysts scientists

Make ML predictions Prepare data and

using a visual build, train, and
interface with deploy ML models
Amazon SageMaker @ with Amazon

Canvas SageMaker Studio

Amazon
SageMaker

Infrastructure, tools,
visual interfaces,
workflows, orchestration,
and collaboration

MLOps
engineers

Deploy and manage

models at scale with

Amazon SageMaker
MLOps
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é‘\%ﬁ’ Quickly access and prepare
L@@ data sources for ML

accurate predictions

Generate ML predictions
— no code required

Share ML models with data science teams
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Colorectal cancer survivability
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ece #f. SageMaker Canvas x 4+

= C @& d-pdovgdwnoubl.studio.us-west-2.sagemaker.aws/canvas/default/datasets

Amazon SageMaker

Datasets
¢ Canvas
(’.) Models
Name
= Datasets

D canvas-sample-loans-part-2.csv
canvas-sample-maintenance.csv
canvas-sample-diabetic-readmission.csv
canvas-sample-shipping-logs.csv
canvas-sample-housing.csv
canvas-sample-product-descriptions.csv

canvas-sample-sales-forecasting.csv

0O 000 o0 o0 o

canvas-sample-loans-part-1.csv

@ e

5 Log out

Source

53

53

S3

53

53

53

S3

53

Columns

16

12

10

19

Rows

1,000

1,000

1,000

1,000

1,000

120

1,000

1,000

Cells

5,000

9,000

16,000

12,000

10,000

600

5,000

19,000

Q, Dataset

Created

10/29/2022 2:50 PM
10/29/2022 2:50 PM
10/29/2022 2:50 PM
10/29/2022 2:50 PM
10/29/2022 2:50 PM
10/29/2022 2:50 PM
10/29/2022 2:50 PM

10/29/2022 2:50 PM

Status

Ready

Ready

Ready

Ready

Ready

Ready

Ready

Ready

LR 1T
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# SageMaker Canvas x  +

& d-pdovgdwnoubl.studio.us-west-2.sagemaker.aws/canvas/default/models/My%20Model

My Model

Select Build Analyze

Select a column to predict

Choose the target column. The model that you build predicts values for
the column that you select.

Predict

Model type

SageMaker Canvas automatically recommends the appropriate model
type for your analysis.

Al

@ Target column . To see a recommended model type, specify a value for the target column.
RertuekySEER 5w = MM Y Q %Eﬂ ‘0 Extract = Remove rows by <X Replace ¥ Functions
Random sample: 20.0k rows
O Column name J Data type Missing (3) Mismatched (i) Unique (i) Mean / Mode
Year of diagnosis Numeric 0.00% (0) 0.00% (0) 18 2,000
Tumor Grade (thru 2017) Categorical 0.00% (0) 0.00% (0) 5 Moderately differenti...
Survived >5yrs Binary 0.00% (0) 0.00% (0) 2 Yes
Summary Stage Categorical 0.00% (0) 0.00% (0) 5 Localized
Sex Binary 0.00% (0) 0.00% (0) 2 Female
Race Categorical 0.00% (0) 0.00% (0) 5 White
Marital status Categorical 0.00% (0) 0.00% (0) 7 Married (including co...
|CD-Primary Site Categorical 0.00% (0) 0.00% (0) 11 C18.7-Sigmoid colon

Il Total columns: 10 = Total rows: 23,981 & Total cells: 239,810

Show dropped columns

@ Draft

-

C.J
b2

Quick build

il Data visualizer N
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#f SageMaker Canvas x  +

v
& d-pdovgdwnoubl.studio.us-west-2.sagemaker.aws/canvasfdefault/models/My%20Model @ M % LY b M 9

My Model

Select Build Analyze

Select a column to predict

Choose the target column. The model that you build predicts values for
the column that you select.

@} Target column v

KentuckySEER.csv
Random sample: 20.0k rows

O Column name Data type
Year of diagnosis Numeric
Tumor Grade (thru 2017) Categorical
Survived >5yrs Binary
Summary Stage Categorical
Sex Binary
Race Categorical
Marital status Categorical
ICD-Primary Site Categorical

b coen ’ m E ‘
\

Predict

= MM Y Q ':Erm 0 Extract

Model type

SageMaker Canvas automatically recommends the appropriate model

type for your analysis. Quick build >

To see a recommended model type, specify a value for the target column.

= Remove rows by Q Replace E Functions 1l Data visualizer ~

Missing () Mismatched () Unique (0 Mean / Mode

0.00% (0) 0.00% (0) 18 2,000

0.00% (0) 0.00% (0) 5 Moderately differenti...
0.00% (0) 0.00% (0) 2 Yes

0.00% (0) 0.00% (0) 5 Localized

0.00% (0) 0.00% (0) 2 Female

0.00% (0) 0.00% (0) 5 White

0.00% (0) 0.00% (0) 7 Married (including co...
0.00% (0) 0.00% (0) 11 C18.7-Sigmoid colon

Il Total columns: 10 = Total rows: 23,981 & Total cells: 239,810

Show dropped columns
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2

g SageMaker Canvas X + v
C @& d-pdovgdwnoubl.studio.us-west-2.sagemaker.aws/canvas/default/models/My%20Model Q M % . Y e B % 0O 9
My Model Vi) eDnft - :
Select Build Analyze Predict
@ Validate your data Validate data
It might take several minutes, depending on the dataset size.
Select a column to predict Model type
Choose the target column. The model that you build predicts values for SageMaker Canvas automatically recommends the appropriate model
the column that you select. type for your analysis.
Target column g S et dicti Quick busid 24
@_ Survived >5yrs & category prediction
Your model classifies Survived >5yrs into two categories. ’ Preview model ‘
Value distribution
KentuckySEER.csv i = MY Q ';:az‘ {0 Extract = Removerowsby <X Replace 3 Functions ‘ il, Data visualizer N
Random sample: 20.0k rows & J
Sex Abc Race Abc Marital status Abc ICD-Primary Site Abc : [0 Dpatasource 123 Appalachia Abc Age at diagnosis 123
e e _——----
= _
_ - — = _ 7135 "
I = 11.27% (2,248)
| — =
' — - il
l | ----.l‘““l ™
Categories 5 Categories 7 Categories 11 Categories 0.50 0.45 2 Categories 20.00 95.05
ale White Unknown C€18.5-Splenic flexure of colon 1 74
:male White Widowed C18.4-Transverse colon 0 0 78

Ml Total columns: 10 = Total rows: 23,981 i Total cells: 239,810

@ Previewing first 100 rows Show dropped columns



6

4

®

Cc

#h SageMaker Canvas X

Validate your data
@ Y

-+

It might take several minutes, depending on the dataset size.

Target column

Survived >5yrs

©

KentuckySEER.csv
Random sample: 20.0k rows »*

Year of diagnosis 123 :

2000.00 2012.35

2005
2012
2012
2010
2008
2013
2000
2010
2006
2000

2004

Il Total columns: 10

= Total rows: 23,981

my q 2

Tumor Grade (t... Abc
———
==

==

=

I

5 Categories

Poorly differentiated; Grade Il

Moderately differentiated; Grade II
Poorly differentiated; Grade IlI

Moderately differentiated; Grade I
Poorly differentiated; Grade Il

Moderately differentiated; Grade I
Moderately differentiated; Grade I
Moderately differentiated; Grade I
Moderately differentiated; Grade II
Moderately differentiated; Grade I

Moderately differentiated; Grade Il

0 Extract =

@ Survived >5yrs

@ d-pdovqdwnoubi.studio.us-west-2.sagemaker.aws/canvas/default/models/My%20Model

® 2 category prediction

Remove rows by

Abc

2 Categories

Yes

No

No

Yes

Yes

Yes

Yes

88 Total cells: 239,810

@ Previewing first 100 rows

<X Replace

Summary Stage  Abc

5 Categories

Localized

Localized

Localized

Regional

Localized

Distant

Blank(s)

Localized
Unknown/unstaged
Blank(s)

Localized

Show dropped columns

3 Functions

Quick build v ‘

Change type
" il, Data visualizer ‘ b4

Sex Abc : Race
= o

B -

I °
f

2 Categories 5 Categories

Female White

Female White

Female White

Male White

Male White

Female White

Male White

Male White

Female White

Male White

Male White

1 —
7 —
T —

v s a0

Validate data

Preview model

Model recipe

Drop column Data source

Remove rows by values greater
than or equal to 2014 from
Year of diagnosis

b
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#b SageMaker Canvas x  +

& d-pdovgdwnoubil.studio.us-west-2.sagemaker.aws/canvas/default/models/My%20Model

My Model

Select Build

Analyze

Model status

81.386"

The model predicts the correct Survived >5yrs 81.386% of the time.®

Overview Scoring

Column impact (i)

Q

@ Summary Stage

2 Age at diagnosis

3 Tumor Grade (thru 2017)

4 Sex

5 Marital status

6 Year of diagnosis

@ KentuckySEER.csv I Total columns: 10

50.988%

24.244%,

9.318%

3.93%

3.355%

2 194%,

= Total rows: 23,981

Predict

Impact on prediction

8 Total cells:

Yas » | 1.00.. .-L
e
-1.75
No -3./5- Localiz...
239,810 @ Survived >5yrs

Vi ® Ready ~

e
1 Y bu M gll Update : )
® Add version : :

Impact of Summary Stage on prediction of Survived >5yrs

b

e

Regiona...

Summary Stage

Q 2 category prediction

K-

Distant

Unknown...
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#b SageMaker Canvas x  + v

& d-pdovgdwnoubil.studio.us-west-2.sagemaker.aws/canvas/default/models/My%20Model @ M 1 Y bu M g

My Model V1 ® Ready ~ ® Add version : . :

Select Build Analyze Predict

Model status

81.386" R

The model predicts the correct Survived >5yrs 81.386% of the time.®

Overview Scoring

Column impact ( Impact of Marital status on prediction of Survived >5yrs

Yes v | 0.13. ‘-L
1 Summary Stage il
50.988% .5 T
. . < -0.06...
2 Age at diagnosis o r-| m v
24.244% E L_l
: L
3 Tumeor Grade (thru 2017) £ -0.21..
— 9.318% a
E
4 sex N S I PO
- 5.93% No -036.. Single ... Widowed Divorce... Unknown Separat...

@ Marital status
- 3.3550%

6 Year of diagnosis
= 2 194%,

Marital status

B8 KentuckySEER.csv Il Total columns: 10 = Total rows: 23,981 & Total cells: 239,810 @ survived >5yrs Q 2 category prediction m



Business Data

analysts scientists

Make ML predictions Prepare data and

using a visual build, train, and
interface with deploy ML models
Amazon SageMaker @ with Amazon

Canvas SageMaker Studio

Amazon
SageMaker

Infrastructure, tools,
visual interfaces,
workflows, orchestration,
and collaboration

MLOps
engineers

Deploy and manage

models at scale with

Amazon SageMaker
MLOps

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Automate ML workflows to
scale model development

5] Build CI/CD pipelines for ML to
® accelerate model deployment

Amazon SageMaker
MLOps

Streamline the ML lifecycle @ Track lineage for troubleshooting
and compliance

Catalog model versions, metadata, metrics, and
approvals for traceability and reusability

Maintain accuracy of predictions
after models are deployed

s
Enhance governance and security

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
N7



Machine learning at Thomson Re

N Using AWS services, like Amazon SageMaker,
we can create our own customized solutions
while tapping into core ML functionalities. !’

Maria Apazoglou
VP, Al/ML and BI Platforms

Thomson Reuters

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved
N7



History of machine learning at Thomson Reuters

1992 1996
History Assistant

WIN (Westlaw Is Natural)

"Try the only legal
research
service that lets
you search in
plain English!"

NLP system that analyzed
case law documents to
find historical
relationships between
court decisions

aws

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
N7

Today

REUTERS

_, Trends in privacy & data security: Looking
* back at 2021 and ahead to 2022

Deep learning center in Boston

Gender and Racial Stereotype Detection
in Legal Opinion Word Embeddings
In Proceedings of AAAI Conference on

Artificial Intelligence (AAAI-2022)



Need for an Al platform

Why?
* |ncrease of Al use cases
« Teams with different skills and toolsets

« Evolving regulatory requirements
* Need for reproducibility and collaboration

Amazon

What? SageMaker

 Access to a secure environment

Hands-On
Machine Learning
with Microsoft
Excel 2019

« Availability of cloud resources at speed

« Seamless model governance integration

* Collaboration using a centralized model repository

« Best practices on code development ##, S:,':;’:?'é.“""“

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

N7



Why Amazon
SageMaker?

Breadth of services

Continuous co-innovation

Machine learning at scale

Flexibility to go from native to custom

Great partnership

aws
~—

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Breadth of services that empowers our vision

. AWS Glue CloudFormation
@ AWS CodeBuild
Amazon EventBridge E Model monitor ﬁ

Training
Notebooks

</>
AWS Lambda @ SageMaker AWS CodeDeploy
~ | Clarify BIAS and
Models explainability

Amazon S3 </>

AWS Step Functions T AWS CodePipeline

Amazon Elastic
Amazon EMR  container Registry
(Amazon ECR)




Al platform powered by AWS

Al PLATFORM STANDARDIZES THE FRAMEWORK TO ENABLE MODEL GOVERNANCE

8 Single Pane of glass for Govenance

Data Sgientist |
Data Governance Office ML Er{qmeer — =

Experimentation Training Dcploy Monitor

: Data Data Model Model Model
f Deplo:
ML Project Gathering Processing Bud‘> \ Training Artfact:> ploy > Montor>

Al Platform

| Gathers Data
|

Gather Data Workspaces Central Model Registry Deployment Model Monitoring

— ——— N\ S,

. " ey Model
/ | | ViewManage | Data Quality | /
|
View/Manage Deploy Inference | Metric Quality Model BIAS

Models | | Endpoints ‘ Evaluation Memg Evaluation
| | Evaluation

Gather Provision View
Data Workspace Workspaces

Data Service

o AR Read data
all V2ANY from Internal

repositories

for
experimentation

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Al platform powered by AWS

Al PLATFORM STANDARDIZES THE FRAMEWORK TO ENABLE MODEL GOVERNANCE

A

aws
~—

ML Project

A

Data Stientist

['Gaine?s’baxa

Experimentation

®
P

Data Governance Office

Training

Single Pane of glass for Governance

ML Er{qmeer

Deploy

Monitor

v
\ Data

Gathering

Data
Processing

Model Model
Training Artifact

Monitor

Gather Data

Gather
Data

Al Platform

Workspaces

Provision
Workspace

View
Workspaces

Central Model Registry

View/Manage
Models

Deployment

)

|
| View/Managel
Inference |
Endpoints J
|

Data Quality
Metric
Evaluation

Model Monitoring

Model

Quality Model BIAS

Metric Evaluation
Evaluation

4

Data Service

Read data
WA from Internal
repositories
for
experimentation

Workspace

= B

Creates Sagemaker Studio with associated

S3, IAM Role, KMS Key..etc

Sagemaker Training Pipeline

Preprocessing

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Sagemaker




Al platform powered by AWS

Al PLATFORM STANDARDIZES THE FRAMEWORK TO ENABLE MODEL GOVERNANCE

& '. Single Pane of glass for Governance 8
Data Sgientist -

| Data Governance Office ML Er*gmeer

 E—
| Gathers Data St Training | Deploy Monitor

v v

. Data Data Model Model \
: A4 Deplo
ML Project Gathering Processing Training Atifact > piay Monitor

Al Platform

Gather Data Workspaces Central Model Registry Deployment Model Monitoring

Model

Quality Model BIAS

Metric Evaluation
Evaluation

— —J — e

ﬁ‘ View/Manage | Data Quality !
Inference | Metric
Endpoints | Evaluation I

Gather Provision View

View/Manage
Data Workspace Workspaces 7 9

Models

: Central Model Registry
Data Service

Read data
from Internal
repositories Workspace
for

experimentation @ - 3 f

Creates Sagemaker Studio with associated
S3, IAM Role, KMS Key..etc

E Sagemaker
Registry

. Automatic synchronization between
Sagemaker Training Pipeline Workspace registries and Central

Registry
S8 ERL
f_]['__~]

Preprocessing Hain Sagemaker

Reglstry

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.




Al platform powered by AWS

Al

Data

W

Ny

aws
~—

ML Project

Data Sgientist

Gathers Data

Experimentation

Data Governance Office

Tralning

Single Pane of glass for Governance

|
v

PLATFORM STANDARDIZES THE FRAMEWORK TO ENABLE MODEL GOVERNANCE

ML Erl'gmeg[
Dcpm; | Monitor

\

\ Data
Gathering

Data
Processing

4

Model
Training

Model
Artifact

Monitor

Gather Data

Al Platform

Workspaces

View
Workspaces

Provision
Workspace

Central Model Registry

View/Manage
Models

Deployment

1

| View/Manage
Inference
Endpoints

Deploy
Model

Model Monitoring

Model
Quality
Metric
Evaluation

Data Quality
Metric
Evaluation

Model BIAS
Evaluation

Service

Read data
from Internal
repositories
for
experimentation

Workspace

Creates Sagemaker Studio with associated
S3, IAM Role, KMS Key..etc

Sagemaker Training Pipeline

Central Model Registry

Sagemaker
Registry

Automatic synchronization between
Workspace registries and Central
Registry

Inference Deployment 1...N

SageMaker
Inferences

Schedule via Event
Bridge

S5 ER

Preprocessing Sagemaker

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.




Al platform powered by AWS

Al

ML Project

Data Sgientist

Gathers Data

Data Governance Office

Experimentation Training

A

ML Erkj\eer

Deploy

v

PLATFORM STANDARDIZES THE FRAMEWORK TO ENABLE MODEL GOVERNANCE

Monttor

Data
Gathering

R Model

\

Processing

Model
Training

Model
Artifact

Monitor

y ¢

Gather Data

Al Platform

Workspaces

Central Model Registry

Provision
Workspace

Workspaces

Deployment

Viow View/Manage

Models

Deploy
Model

- —_——
Data Quality
Metric
Evaluation

[ \
| view/Manage |
| Inference

11 Endpoints

Model Monitoring ’

Evaluation

Model ’ {
Quality Model BIAS ]
Metric | Evaluation ‘

Data Service
Read data
from Internal

repositories
for
experimentation

Workspace

; Creates Sagemaker Studio with associated
S3, IAM Role, KMS Key..etc

1

© 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Central Model Registry

N E @

Sagemaker
Q

7

Registry

o, Automatic synchronization between
Q Workspace registries and Central
O Registry

Inference Deployment 1...N

SageMaker
Inferences

Schedule via Event
Bridge

/// Data/Model Drift and BIAS Evaluation
7

SageMaker Model
Monitor to evaluate
Data and Model drifts

SageMaker Clarify for
BIAS detection

Schedule via Event
Bridge




Deep dive on model monitoring

AMAZON SAGEMAKER MODEL MONITOR

Models and data drift as a service with the
CliCk Of a bUttOﬂ / Central Account

S3/ Snowflake

Baseline and continuous evaluation metrics

in a central repository -
Custom metrics for model evaluation \ & ;
standardization

Parametrized services for flexibility

Deployment into individual business accounts
by a central account for security and isolation

SageMaker Model Monitor to evaluate
Data and Model drifts

=0
Scheduled via Event Bridge %

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Deep dive on model monitoring

Add Monitoring Job

MODFI MONITORING

Please select one metric Date Range

Monitoring Deployment ) Monitoring  —~, Notification
(4) DataDetails ( ( 3 &
Q Metrics o Details @ ' 3) Schedule @ Details Available Metrics:

9/21/2022

\ Metric threshold
as defined by the user

OoooooDeslscoon

Add Monitoring Job

Date

#Records Processed - Inference #Records Processed - Ground Truth

i Monitoring Deployment Monitoring ~, Notification
Genera ata Details
Q Ganeral 0 Matrics Q Details Q Data Detai o Schedule Q@ Details

Frequency: * ® Monthly O Weekly O Daily

Day: 1 v

Time: * |‘ 0 PM ‘ uTc

ed

cores Pro

Historical Data Timeframe: * | 1month v C

R

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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What's next?

Model bias and explainability services
using SageMaker Clarify

Migrate legacy models into SageMaker
environment

Onboard users across business units

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Amazon SageMaker

COMMON USE CASES

Predictive Demand Fraud Credit risk
maintenance forecasting detection prediction

Manufacturing, Retail, consumer Financial services, Financial services,

automotive, loT goods, manufacturing online retail retail
Autonomous Churn
driving prediction
Healthcare, legal, Healthcare, pharma, Automotive, Media/entertainment, Retail, education,
media/entertainment, manufacturing transportation retail, education software and internet
education

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Amazon SageMaker

RE:INVENT 2022 SESSIONS

ooo

2O

& J

Business analysts
No-code ML

AIM207 Make better business
decisions with ML using Amazon
SageMaker Canvas (Breakout)

AIM337 Build better ML models for
business decisions using Amazon
SageMaker Canvas (Workshop)

aWS © 2022, Amazon Web Services, Inc. or its affiliates. All rights reserved.

N7

Data scientists
Single IDE for full-code ML

AIM322 Accelerate data preparation
with Amazon SageMaker Data Wrangler
(Breakout)

AIM313 Scalable data preparation & ML
using Apache Spark on Amazon
SageMaker Studio (Workshop)

s

MLOps engineers

Workflow automation and CI/CD

AIM321 Productionize ML workloads
using Amazon SageMaker MLOps
(Breakout)

AIM308 Implementing MLOps to
deliver high-performing ML models
faster (Workshop)



Thank you!

[waeres] Please complete the session
'8

survey in the mobile app
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