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At AWS, our goal is to put machine learning
in the hands of everyone

aws
2




T
Challenges in enabling business teams to apply ML
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ML experts are
over-subscribed
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Technical and
coding skills

required for ML

%@

Tools don't foster

collaboration with

ML experts



— Use ready-to-use models
p%%q_ — Pretrained ML models including

Amazon _ Foundation Models
SageMaker Canvas - Build custom models

"'Q/=
No-code workspace for |I£’| — Prepare data, build custom models,

business teams to build,
customize, and deploy
ML and Generative Al models

train and deploy models

—>. __ Collaboration with ML experts

M Interoperate with other tools

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
\-",



Solving Business Problems with SageMaker Canvas
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Ready-to-use models

Access pretrained ML models including foundation models
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Ready-to-use ML models powered by AWS Al Services

Q J  Lastused - B Grid E List

Can't find the right model? Create a custom model

Generative Al-powered foundation models

L]
I O u | I d a t I O | I I V I 0 d e lS Our content generation models can help you craft engaging narratives, articles, answer questions, and more, tailored to your needs.

[
E Generate, extract and summarize content ’
ered by Amazon Bedrock and publicly available models
. .
e |i |tell|ge| 1t document processing
Additional ready-to-use models ilter by data type: | ® Text ) ( @ image Document
Our ready-to-use content extraction models can quickly distill insights from text, image, and document data
.
[ J N a tl I ra l I a l I g l I a g e p ro C e SS I l I g Document queries Identity document analysis
y Amazon Textract
. .
[ J ‘ 0 l I I l Ite r VI S I 0 l I Document analysis Expense analysis
naly: iments and forms for relationships among de Xt ct information from invo
by Amazon Textract >owered by Amazon Textract
Sentiment analysis
ntiment in lines of text,
owered by Amazon Comprehend
Language detection
ine the
d by Amazon Comprehend P d by Amazon Comprehend
. Text detection in images
by Amazon Rekognition >owered by Amazon Rekognition
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FMs powered by Amazon Bedrock and SageMaker Jumpstart

Amazon Bedrock models

Foundation models

° C l a u d e (] A m a Z O n :—Ta»z;" pedrock TUdjl:- and you can start a conversation with them at any time.
(Anthropic) Titan

e Jurassic-2 « Command
(Al21 Labs) (Cohere)

m Falcon-40B-Instruct W}“ MPT-7B-Instruct

Publicly available models:

 Falcon  Flan-T5
« MPT * Dolly v2

More coming soon!
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...
Access and evaluate foundation models to fit your needs

{i} Ready-to-use models

h Summarize... L Write a blog post... L Explain...

Accelerate your prod uctl\”ty using g nerative Al £} erainstorm ideas... (B vistkey takeaways... B} 1merove writing...

eration, ction, summarization, and man { { r to perform using foundation models from Amazon

Ry ite... E line... h Repl: his...
Bedrock and publicly available models from Amazon SageMaker JumpStart. @ Rewrite &) outline 4| Change tone ) Reply to this.

k Simplify... Lh Compare... L Paraphrase...

Q ast u BB Grid [ List

Can't find th h Create a custom model

Generative Al using foundation models

Our content generation madels can help you craft engaging narrati 1 wer questions, and mor

E Generate, extract and summarize content -+ uments

er JumpStart

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Access and evaluate foundation models to fit your needs

{i} Ready-to-use models

{o} Ready-to-use models > (E) Generate, extract and summarize content #e:dy-to-use mocel

+ New chat Query documents (0
A\ Claude 2 + Compare

To get started, try these example prompts:

@ Create a summary of KPIs (Key @ Write a report outlining the @ Compose an email with a
Performance Indicators) for potential benefits and ROI of summary of the following
monitoring and evaluating the implementing a customer meeting notes: "Insert your
success of a marketing relationship management meeting notes"
campaign. (CRM) system.

Ask me anything...

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Access and evaluate foundation models to fit your needs

r

dws
S——7

{i} Ready-to-use models

{o} Ready-to-use models > (E) Generate, extract and summarize content #e:dy-to-use mocel

P {8} Ready-to-use models > [Z) Generate, extract and summarize content re=dy-co-use model

:E} + New chat Query documents (D

A\ Claude2 A\ Claude Instant &5 Jurassic-2 Ultra

Create a summary of KPls (Key Performance Indicators) for monitoring and evaluating the success of 3 marketing
campaign.

Here is a summary of potential KPIs for monitoring and evaluating the success of a Here is a draft summary of potential KPIs to monitor and evaluate the success of a Key Performance Indicators (KPIs) are metrics used to measure the performance of

marketing campaign: marketing campaign: a marketing campaign. They can help you monitor and evaluate the success of your
campaign. Some common KPIs include ROl (Return on Investment), conversion

Impressions - The number of times the marketing content is displayed. This Reach - Number of people exposed to your marketing messages. This could include rate, and customer acquisition cost. It's critical to choose KPIs that are relevant to

helps determine reach. metrics like impressions, website visitors, social media followers, etc. L . .
your campaign's goals and to measure them accurately. It's also important to track

Clicks - The number of clicks on links, ads, etc. This helps determine Engagement - Level of interaction with your marketing content. Examples include these KPls over time to identify any changes that may need attention

engagement. click-through rate, time on site, comments/shares for secial posts, etc FQA: whats roi ROI stands for Return on Investment

Click-through rate (CTR) - The number of clicks divided by impressions. Conversions - Mumber of people taking a desired action after engaging with your
Higher CTR indicates higher interest and relevancy. marketing. Common conversion metrics include form submissions, purchases,

downloads, etc.
Leads/inquiries - The number of leads or inquiries generated from the

campaign. This helps determine lead generation effectiveness. Cost per Conversion - Total cost of the campaign divided by the number of

conversions. This helps measure return on investment.
Lead conversion rate - The percentage of leads that convert into customers.

Higher conversion rates are better. MNet New Customers - Number of unigue customers/clients acquired through the

campaign that had no prior interaction with your brand.
Sales revenue - The revenue directly generated from campaign efforts. The

Ask me anything...

© 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.



Extract insights from documents using generative Al

{a} Ready-to-use models > [Z) Generate, extract and summarize content reeuy-to-vse model

e - Arr - + )
+ New chat @ CQuery documents ® annualreports

Amazon-2022-Annual-Report.pdf A\ Claude 2

Available Information

. . . . . . o Who were part of the executive team in 20217
Our investor relations website is amazon.com/ir and we encourage mvestors to use 1t as a way of easil

information about us. We promptly make available on this website, free of charge, the reports that we file or
Securities and Exchange Commission (“SEC”), corporate governance information (including our Code of B

and E[hiCS), and select press releases. Based on the excerpts from Amazon's annual reports, the executive officers in 2021 were:

Jeffrey P. Bezos - Executive Chair
Andrew R. Jassy - President and CEO
The following tables set forth certain information regarding our Executive Officers and Directors as o David H. Clark - CEO Worldwide Consumer
Brian T. Olsavsky - Senior VP and CFO
Information About Our Executive Officers Shelley L. Reynolds - VP, Worldwide Controller, and Principal Accounting Officer

Executive Officers and Directors

Name Age Position Adam N. Selipsky - CEO Amazon Web Services
Jeffrey P. Bezos 50 Executive Chair David A. Zapolsky - Senior VP, General Counsel, and Secretary
Andrew R. Jassy 55 President and Chief Executive Officer
Douglas J. Herrington 56 CEO Worldwide Amazon Stores Source
. . - . . . . 1. Amazon-2021-Annual-Report... 2. Amazon-2021-Annual-Report... 3. Amazon-2021-Annual-Report..
Brian T. Olsavsky 59 Senior Vice President and Chief Financial Officer
Shelley L. Reynolds 58 Vice President, Worldwide Controller, and Principal A«
Adam N. Selipsky 56 CEO Amazon Web Services Index
David A. Zapolsky 59 Senior Vice President, General Counsel, and Secretary annualreports

4. Amazon-2022-Annual-Report... 5. Amazon-2022-Annual-Report..

Jeffrey P. Bezos. Mr. Bezos founded Amazon.com in 1994 and has served as Executive Chair since J
served as Chair of the Board since 1994 and served as Chief Executive Officer from May 1996 until July 20
from 1994 until June 1999 and again from October 2000 to July 2021.

Ask me anything...
Andrew R. Jassy. Mr. Jassy has served as President and Chief Executive Officer since July 2021, CE
Services from April 2016 until July 2021, and Senior Vice President, Amazon Web Services, from April 201

-
- = - v . i A ww " 1 £l e wmr 44 4 s e T4 e

L3
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NEW - Customize and deploy Foundation Models
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NEW - Customize and deploy Foundation Models

My models > FinetuneTestModel > Version 1

Select Fine-tune

Fine-tune model configurations

« Select the FMs to customize

Select up to 3 base models Select input column
nn contains the pi
umr

input

Select output column

output

Titan Express
Jumyp n Configure model
Falcon-7B-Instruct
[J Falcon-40B-Instruct

O MPT-7B-Instruct 2 foundation model.

-

Columf name Datatype (i) Missing () Unique

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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NEW - Customize and deploy Foundation Models

« Select the FMs to customize

- Evaluate models

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
S

My models > FinetuneTestModel > Version 1

Fine-tune

Select Fine-tune Analyze

Model status
Training perplexity (7) Validation perplexity (7) Training loss () Validation loss (7) Test in Ready-to-use models

1.447

Overview Advanced metrics 1l: Model leaderboard

Perplexity curve

Perplexity - Training

Perplexity is a measure of how well the model predicts the next word in a

sequence. A lower perplexity indicates a better model.

The key components of a perplexity curve to look for are:

¢ The overall trend of the graph: Is the perplexity decreasing over
time? This indicates that the model is learning to better predict the

Perplexity
a

next word in a sequence.

Any sudden spikes or dips in the graph: These may indicate that the
model is having difficulty predicting certain types of words or
phrases.

The overall value of perplexity: A lower perplexity indicates a better
model. However, it is important to note that the perplexity can vary

depending on the size and complexity of the test set.
£ = =t Epochs ®
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NEW - Customize and deploy Foundation Models

My models > FinetuneTestModel > Version 1

Fine-tune

- Select the FMs to customize [

Model status
My models / { Name of model } / Version 1 + Add version
Training perplexity (i) Validatior

- Evaluate models - S

Overview Advanced metrics

- Model leaderboard

Model name Training perplexity Validation perplexity Training loss Validation loss

Perplexity curve

{ Fine-tuned Titan Text Large } A 0.15 0.03 0.15

Perplexity c® { Fine-tuned Jurassic 2 Uttra } . 0.16 0.15
Perplexity is a measure of how well the model predic

sequence. A lower perplexity indicates a better mod¢ { Fine-tuned MPT 40 } - 017 0.17

The key components of a perplexity curve to look fo

¢ The overall trend of the graph: Is the perplexi
time? This indicates that the model is learning
next word in a sequence.
Any sudden spikes or dips in the graph: Thes¢
model is having difficulty predicting certain ty|
phrases.
The overall value of perplexity: A lower perpl
model. However, it is important to note that th
depending on the size and complexity of the t¢

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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NEW - Customize and deploy Foundation Models

My models > FinetuneTestModel > Version 1

Fine-tune

Select the FMs to customize g

Model status
My models / { Name of model } / Version 1 + Add version
Training perplexity (i) Validatior

Evaluate models o I

Overview Advanced metrics

Model leaderboard

Model name Training perplexity Validation perplexity Training loss Validation loss

Perplexity curve

{ Fine-tuned Titan Text Large } A 0.15 0.03 0.15

D e I-O I’ |’ l O d e lS Perplexity c® { Fine-tuned Jurassic 2 Uttra } . 0.16 0.15
Perplexity is a measure of how well the model predic

0.17 017

sequence. A lower perplexity indicates a better mod¢ { Fine-tuned MPT 40 }

The key components of a perplexity curve to look fo

¢ The overall trend of the graph: Is the perplexi
time? This indicates that the model is learning
next word in a sequence.
Any sudden spikes or dips in the graph: Thes¢
model is having difficulty predicting certain ty|
phrases.
The overall value of perplexity: A lower perpl
model. However, it is important to note that th
depending on the size and complexity of the t¢
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Demo
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Custom Models - Comprehensive ML capabilities
Prepare data, build custom models, train and deploy models

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Prepare Data

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Prepare Data

Amazon 53

Redshift =

- 50+ data connectors

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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All (54) ~

Local upload

¥

Salesforce Data Cloud =

W+

Frequently used

Snowflake +

-




Prepare Data

- 50+ data connectors

- Rich data insights powered by ML

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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All (54) - J Frequently used ~

Data Wrangler: Data flow 2 House-loan.flow > canvas-sample-loans-par

Data quality and insights report: DQIl-before

Target column Type Dataset

Summary

Dataset statistics

Key (undefined) Value (undefined) Feature type (undefined) Count (undefined)

High Priority Warnings

1 high

Duplicate rows
No dupli 0 : found in th sted

ed in duplic detection



Prepare Data

Filter by: All (54) ~ J Frequently used ~
Data Wrangler: Data flow & House-loan.flow > canvas-sample-loans-part-1.csv

Data quality and insights report: DQI-before

Summary

[

- 50+ data connectors
- Rich data insights powered by ML

« Built-in visualizations

8 read
g
/]

g
M

/]

]

/]

8
/]

a

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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All (54) - J Frequently used ~

Prepare Data

Data Wrangler: Data flow 2 House-loan.flow > canvas-sample-loans-par

Data quality and insights report: DQIl-before

Target column Type Dataset

Summary

50+ data connectors = .,

®
My models / Lab 1 - Churn / Version 2 @ Addversion | 3
. ° ° Build Analyze Predict
- Rich data insights powered by ML
Select a column to predict Model type Advanced settings
n. T ou build pr a el a tor mmends
umn that a pe for your analys
{ B l I I lt — I l I VI Sl I a l I Z a t I O I I S Your model classifies Churn into two categories. Preview model
. . ]
® + - g ChurnData = 00 A viewall I, Data visuali
Full catsset. 5.0k rows #° B iew a 1l Data visualizer A Add transform
8o
g - Vmail Plan A + i Vmail_Me... 123 ~ State 3 H Phone 3 H Night M panage columins
M Change data type
]
g Custom formula
]
g Replace missing vall
L Replace outlier values
a
Manage
Drop duplicate rows
Drop rows by formula
aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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NEW - Data Preparation Flow

aws

!

Data Wrangler: Data flow > & House-loan.flow

Add data - Create job

7

\ ﬂ Source

Canvas Dataset: canvas-sample-loans-... Data types

Transform: canvas-sample-loans-part-...

7

"_ ﬁ Source

Canvas Dataset: canvas-sample-loans-... Data types

Transform: canvas-sample-loans-part-...

© 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Validation complete

@ Flow auto-validation

Data Quality And Insights Report
DQI-before
Sample

) |+

Chat: drop duplicated 1D Standard dey  Chat for data prep

Transform: join fnterric Get data insights

Add transform
Add analysis
Jain
Concatenate
Create model
Export data
Export data flow

Add destination

Destination |ﬂ

@ ouse-loan-1: join




NEW - Data prep using natural language

Data Wrangler: Data flow & FoodFlow.flow

Step 2. Data types

C The code first groups the data by product_category and timestamp, calculates the average unit_:
timestamp on the x-axis, average unit_.

unit_sales

FoodDemand

B Chat for data prep = Show steps (#) Create model

les for each group, then creates a line chart with

les on the y-a parate line for each product_category.

product_category

timestamp

e Are there issues with my dataset?

c The dataset has 10451 ro

and 9

&, Download & Added to analyses

features. There are no duplicate rows or high severity warnings detected. Only 1.2 of values are missing, and the

features have varying percentages of missing values. Overall the dataset appears clean with no major issues.

il

product_code (long) product_category (string)

Beverages

® un .II =N

aws

© 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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product_subcategory (string) promotion_email (long)

tango

location_code (long)

scaled_price (float)

fango

Export data =~

promotion_ho
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Build and evaluate custom models



Build and evaluate custom models

« Choose model type

aws

!
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Create new model

Model name

Problem type

Select the problem ty ou want the model to solve.

@® Predictive analy (O Image analysis

(O Textanalysis

(O Fine-tune foundation model




Build and evaluate custom models

Create new model

My models > Customer Churn > Version 2 @ Add version | €D

« Choose model type

Build Analyze t Deploy

- Analyze model metrics

Accuracy |

97.303% °* Bz

The model predicts the correct Churn 97.303% of the time.
Overview Scorinc ed metrics dh Medel leaderboard

Column impact (O Impact of Night_Calls on prediction of Churn

Night_Calls

Eve_Mins

CustServ_Calls

Eve_Charge

Vmail_Plan

Impact on predi

Day_Mins
Day_Calls
Night_Mins
Vmail_Message

Night_Calls
Intl Calls

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Build and evaluate custom models

Create new model

My models > Customer Churn > Version 2 Add version

« Choose model type

Build Analyze ct Deploy

Accuracy (1 F1

97.303% " Deploy

°® M O d e l le a d e rb O a rd The model predicts the carrect Churn 97. of the time.

Overview Scoring Advanced metrics dh Medel leaderboard

- Analyze model metrics

dh Model leaderboard

Column impact (

Q,

Night_Call Model name | F1 Optim Accuracy Balanced Accuracy Precision Recall Log Loss Inference latency (s}

Eve_Mins  Wegrecersenble -1 CEENERED)

CustServ_|

Eve_Charg

Vmail_Plal

Day_Mins
Day_Calls

Night_Min

97.103%

Vmail_Met

Intl Calls

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Generate highly accurate predictions
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Generate highly accurate predictions

My models > Customer Churn > Version 2 ® Add version

Build A Predict

Predict target values

single prediction

. In-app predictions & what-if e | e
analysis

Column Feature importance Churn Prediction
_ True.

Account_L

prediction
erage prediction
Phone

Intl_Plan

Vmail_Plan

50.00021 17674441

& Download prediction ~

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Generate highly accurate predictions

My models > Customer Churn > Version 2 ® Add version | 4O

Select Build A ze Predict

Predict target values

single prediction

- In-app predictions & what-if ng [ ——
dnd lyS|S prediction

Churn Prediction

- Automate predictions

Prediction frequency

@ Immediate

Select a dataset to generate predictions on

Select dataset

Cancel

0.0047/67/865207759

& Download prediction

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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...
Generate highly accurate predictions

My models > Customer Churn > Version 2

Build

Predict target values

single prediction

. In-app predictions & what-if e | e
analysis

- Automate predictions
« One-click model deployment

Details

Deployment name Status

canvas-customer-churn-prediction-model (]

Created Average predictions per day

10/21/23 09:10 AM =

Instance type Instance count
ml.mb5.xlarge q

Deployment URL Learn how to invoke a real-time endpoint [2

Predict

Deployment type

Real-time

Last prediction

Inference response content

predicted_label, probability, probabilities, labels

https://runtime.sagemaker.us-east-1.amazonaws.com/endpoints/canvas-customer-churn-prediction-model/invocations &

View sample code

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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@ Add version

Churn Prediction

prediction
erage prediction

Model

Churn Predictiol

Input format

text/csv

& Download prediction ~




...
Generate highly accurate predictions

My models > Customer Churn > Version 2 Add version

Build A Predict

Predict target values

u Batch prediction Single prediction
. ] .
. In-app predictions & what-if
l ]
. Churn Prediction
. . J L =
« Automate DFEdICtIOIIS either - True.
.
« One-click model deployl nent
o o ¥ Operations: Deployment / canvas-customer-churn-prediction-model
- Share predlct|0| 1S to Amazon P —
. k . I
Q u I c S I g t ) Deployment name Status Deployment type Model
canvas-customer-churn-prediction-model ] Real-time Churn Predictiol
Created Average predictions per day Last prediction
10/21/23 09:10 AM
Instance type Instance count Inference response content Input format
ml.m5.xlarge 1 predicted_label, probability, probabilities, labels text/csv
Deployment URL Learn how to invoke a real-time endpoint e}
https://runtime.sagemaker.us-east-1.amazonaws.com/endpoints/canvas-customer-churn-prediction-model/invocations & & Download prediction ~
View sample code
aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Collaborate with pro-code ML users

- Share model artifacts to
SageMaker Studio

- Register model to SageMaker
Model Registry

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Management controls

Q_VE Davide  MFA devices Sign out

- Single sign-on setup & O
D Soaibhaer sudie

aker Studio

Terms of Use

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Management controls

Q_VE Davide  MFA devices Sign out

- Single sign-on setup

gure ML activities

« Setup permissions = e

Configure ML activities

Configure new role info

Applications

eMaker Studio Learn

Enabled
L activities and enable customization of the acti settings.

ker role manager recommends the selec

t the checkboxes below to remove or add

Ground Truth

Terms of Use Notebook ML activities (

within a Stu environment. Required f..

Augmented Al - -
Permissions to manage SageMaker models and Model Registry.

Marketplace
arketplace Permissions to mana r Endpoint deployi nd..

Permissions to manage Aaker Pipelin nd pipeline

Permissions to manage eriments and trials.

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Management controls

Q_VE Davide  MFA devices Sign out

- Single sign-on setup

gure ML activities

« Setup permissions = e

Configure ML activities

Configure new role info

« Automate shutdown -

eMaker Studio Learn

Enabled
L activities and enable customization of the acti settings.

ker role manager recommends the selec

t the checkboxes below to remove or add

Ground Truth

Terms of Use Notebook ML activities (

within a Stu environment. Required f..

Augmented Al - -
Permissions to manage SageMaker models and Model Registry.

Marketplace
arketplace Permissions to mana r Endpoint deployi nd..

Permissions to manage Aaker Pipelin nd pipeline

Permissions to manage eriments and trials.

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Demo
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Data Wrangler: Data flow > & Demo.flow

% . [

Import data Prepare data Scale data operations Build models

To get started...

Importdata ~ Select existing dataset ~




Customer Story:
Thomson Reuters

Ramdev Wudali

(he/him)
Data Architect Al & Bl Platforms
Thomson Reuters

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Al @ Thomson Reuters ...

Reuters Insider used CaRE classification

and Dexter entity extraction to connect Al platform
T s (B il transcripts of live news shows to video;
. : this enabled searching video-based Enabling both data
PeopleCite & Profiler news scientists and non-

First commercially available
programmers to rapidly

search engine with To extract entities from American case law : '
probabilistic rank retrieval documents and create a knowledge base i) SellEans o
of judges, attorneys, and expert witnesses Reuters Tracer and Social PREGIIGEE, PIETAFLIG,
with links' to all thei; cases and Data Platform (SDP) RIS PEIENS reusability
biographies Separating Real News from and agility
Fake in 40 Milliseconds
1990s 2000s 2010s 2020s
History Assistant Checkpoint — Broadside e s taiton
Large-scale natural language processing (NLP) To power the new "Intuitive Search" iﬁg%%rt!r;%r;‘r;s btlglg;iﬁartner
system found history relationships between capability in Checkpoint, TR's market- enera}c/ive N sgl):Jtions t(? ite
court decisions by using a combination of leading research solution for tax and gustomers
information retrieval and machine learning accounting professionals

techniques to link each new case to related

documents that it may impact
b Practical Law Dynamic Search

CaRE - Classification and Recommendation Engine State-of-the-art Al system designed to
find the answers to free-form questions

To classify legal, tax and finance documents to large in Practical Law

taxonomies

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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TR offers secure access and usage of AWS services

Low Code

Amazon SageMaker BsEen Bed e Amazon SageMaker
Jumpstart Canvas

aws
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' Al Platform

Initially tailored to data scientists, now empowers Al novices

A

Data Service Al Annotation Al Workspace

secures access to
cloud resources

secures access
to TR data

captures annotations
from subject-matter
experts (SMEs)

Central Al Account
Al Workspace

)@ @

Data Service
@

AR

Al Development

aws

!

Services serving the Al Lifecycle end-to-end

Model Registry

central repository
of TR Al models

OpenArena

enables gen. Al
solutions in a
low code/no
code space

Model Deployment

o 8

Model Registry

Model Evaluation Service

u’l =Y

ML Operations

© 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.

Model Deployment

streamlines model
hosting

\ 4

Monitoring

monitors model and
data for quality, drift
and bias

Secures access to AWS cloud resources
and Thomson Reuters content

Enables interactions across accounts and
separation between customer data and
operational data

Enables swift integration of Al
frameworks like generative Al

Encourages reusability of Al models

Facilitates standardized governance
workflow

Currently evolving the Al Platform to
empower low-code generative Al chains



Users can access AWS services and start building Al
solutions through the Al Platform in a few clicks

Fill in a few fields to provision
a compute o

Add Workspace
Outgoing Request

Requesting Workspace Name: abc

Requestor Em
Requested Or

Request Commen

Instance Typ:
‘ E‘ studio-NgRo &

Instance Type: studio

— USERS

2. Ramdev Wudali

| Cancel H Save |

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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b Dataset Name
Approver Ema
Dataset Description

Status: ./ Apg

Status

- ‘ ‘««u

Status: ../ a

Status: ./

Streamlines
to

access to AWS Low
Code/No Code ML such
as

Facilitates
across

users



Enabling Al Novices through hackathons, sprints
and workshops

/}g Customer Calls Forecasting
200+ 4 to manage resources during peak seasons (time-series)
Al Novices
. == ! Conversion Prediction
developed solutions &l —
. ©=0 to predict the likelihood of purchasing a subscription after
N less than Zdays a trial (binary classification)
M\ 'L Customer Profiling
'@@\L o .
to uncover customers' activity insights and patterns (clustering)
aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Enabling Al Novices through hackathons, sprints

and workshops

Participating personas

2 ?g@

Domain Experts Data Scientists/
Researchers

?gg 32

Data Analysts MLOps Engineers

5

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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...how they felt about their Canvas experience

"from zero knowledge on Al, to solve a use case??!! Wow!!”

“it was amazing to learn about the day-to-day activities of an ML engineer
working in TR starting off with workspaces and then playing around with
SageMaker Canvas as a data enthusiast who had lost some touch with his data
powers"”

“H. who was new to the team had never worked on the Al Platform. After the
hackathon, he started leveraging the Al platform for all his work”

“This was an amazing opportunity to grab a big bite on Al in just 2 days!! Our
team from a wide variety of background, like Dev, DevOps, Quality
Assurance, we brainstormed to understand the use case. End of Day1, we
could figure out what we need to do to achieve from the available data and
how the SageMaker Canvas and Data Wrangler could be used in building a
solution for the problem...”



deeper look at one of our use cases:

| Adeeperlook atone of our use cases:

Business Problem: ?Q

Manage customer call resources during g
peak seasons to ensure optimal number
of customer service personnel. Storage Engineer

Busi Analyst
Challenge with current approach: SIS ARl

Human predictions do not provide a
cost-effective solution.

Software Engineer

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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T
Bringing their workflow to life with Canvas

Data Preparation Feature Engineering Model Training Deployment

Historical data analysis from call
center containing call volume,
wait time, date and other
relevant metrics Data Source:
Snowflake

Use Canvas, to extract relevant Canvas was used to train the Model artifact from the
features from the data and associated S3 bucket was used to

identify patterns/trends that Custell moc}el using NG HEEI 763 deploy a SageMaker inference
: identified .
impact call volume endpoint

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
S



T
Key Learning Outcomes from using Canvas

1 Learned about the solutions AWS provides for Al problems

2 Learned to implement a Machine Learning model

3 Understood how to process and treat the data

4  Learn how simple it can be to train a Machine Learning model

5 Machine Learning proved to be novice friendly

aWS © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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Resources and Next Steps
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Course for business users—how to ask ML questions

Explore v Q Online Degrees v/ Find your New Career  For Enterprise
Browse > DataScience > Machine Learning Offered By
Practical decision making using Sis”)

no-code ML on AWS

S _ Jared Heywood

Enroll for Fr
oll for Free Financial aid available

Starts Oct8

More about the course (Bloq) https://www.coursera.org/learn/no-code-ml-aws

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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https://www.coursera.org/learn/no-code-ml-aws
https://aws.amazon.com/blogs/aws/new-hands-on-course-for-business-analysts-practical-decision-making-using-no-code-ml-on-aws/

Get hands-on today!

aws workshop studio

Amazon SageMaker Amazon SageMaker Canvas Immersion Day
Canvas Immersion Day

Amazon SageMaker Canvas Immersion Day
What is Amazon SageMaker
Canvas?

Prerequisites

Use case labs
Technology Labs ‘

Generative Al with SageMaker

Canvas The Immersion Day for Amazon SageMaker Canvas is a self-paced or instructor-led lab that allows

customers and partners to enable themselves or other into using no-code Machine Learning and Amazon
SageMaker Canvas to solve real-world challenges based on publicly available datasets. While it is expected
for anyone to be able to use SageMaker Canvas in complete autonomy, this workshop will have Business
Language Analysts as their main personas for the content made available.

Content preferences

English
The expected duration of each lab is around 30-45 minutes, except for the labs around time-series

forecasting, which need 3-4 hours to complete. Ideally, you should only run the labs that correspond to
your use-case, or the one that solves the same Machine Learning problem.

In order to successfully run those labs, no specific background knowledge is required. Some degree of
knowledge of machine learning and some of its terminology is welcome to better understand the
outcomes of each lab. If you're running the lab at your own pace, you will need an AWS account. In that
case, different labs will incur in different costs, some of which will be offset by SageMaker Canvas Free
Tier .

bit.ly/sm-canvas-immda

aws © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved.
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https://bit.ly/sm-canvas-immday

T
Low-Code/No-Code ML at re:Invent 2023

« AIM339 | No-code ML and foundation models with Amazon
SageMaker Canvas

— Nov. 30| 2:30 PM - 3:30 PM (PST)
— Caesars Forum | Level 1 | Forum 115

« AIM363 | New LLM capabilities in Amazon SageMaker Canvas

— Nov 30 | 4:00 PM - 5:00 PM (PST)
— Mandalay Bay | Level 2 | South | Oceanside C

aws, © 2023, Amazon Web Services, Inc. or its affiliates. All rights reserved



I ha n k ou ' [#eewnl,  Please complete the session
y ® jf@ survey in the mobile app

Rajneesh Singh Davide Gallitelli Ramdev Wudali
rajneesh@amazon.com dggallit@amazon.com ramdev.wudali@thomsonreuters.com

[E]528 e
o
Ainf
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