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Learn From Amazon, Execute at AWS
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“Many of our customers are transforming their worlds as well.”

Werner Vogels
Amazon Web Services, CTO
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Mobile = 10T? No...and Yes.
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Wearables Home Automation Industrial Control Equipment Companion
Apps Apps

Connect 94
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Online to Offline
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New Computer Age?l| T 2f

CAFEOAM AOLEE, O K| &= Mobile FirstOf| A Next Computing A|CH 2

PC-Computer Smart Phone Frictionless
Computing

I

No Display!

No Keyboard/Mouse!
No Touch!

Only Recognition!

Z A http://ben-evans.com/
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Machine & Deep Learning
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Sensors

Machine learning

Smartphone, or
cheap smartphone
components

Speech recognition, Action
computer vision
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J@f loT : Data Collection through loT
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Big Data : Capture, Storage, analysis of Data

@ Al : Data-based Learning (Machine/Deep Learning)
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loT M’d2]: Intelligence, Cloud-Orchestration, Things
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Sense & Act Storage & Compute Insights & Logic — Action
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AWS loT

ﬁﬁ Analytics
Kinesis
EMR

@ Artificial Intelligence
Elastic Map Reduce
Machine Learning
Rekognition

=] Database
Redshift

|| Management Tools
CloudWatch

Things Cloud Intelligence
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loT Customer Momentum
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Big Data Evolution

Batch mmp Real-time mmp Prediction

Reports Alerts Forecasts




Machine Learning
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Machine Learning from AWS

Amazon Machine Learning is a service that makes it easy for
developers of all skill levels to use machine learning technology.

Amazon Machine Leaming
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Deep Learning — Advanced ML

Where traditional machine learning focuses on feature
engineering, deep learning focuses on end-to-end
learning based on raw features

Neural Networks :
A collection of simple, trainable mathematical units that collectively learn complex functions

. Hidden layers

A o’ i S L
Input ee— bk . Ty ) v Qutput

Neural network



Deep Learning Use Cases

Significantly improve many applications on multiple domains

image understanding speech recognition natural language processing

~ AR ezch | 3+

Ieamlngﬁ =

olm|x|/A|ZtK 2|

“deep learning” trend in the past 10 years



Deep Learning — Flow

Train .
. Training dataset Solver

Neural network Train

Solver

- —
- Network
Dashboard

— Deploy

Feedback
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Classification

| Detection

Segmentation



When Jobs/Tasks will be taken over by Machines

2016 2026 2036 2046 2056 2066

M Beat humans in new levels of Angry Birds Q
W Master poker enough to win World Series of Poker ';
™ Fold laundry —
® Transcribe speech \;"~—~ ;
® Assemble any LEGO Q
m Outperform Atari game testers on all games i
® Read text aloud -
® Write a high school essay

<~y

= Generate a Top 40 pop song 3

B Drive a truck \ o

W Beat the fastest human in a SK race ‘'@
® Translate a new language with Rosetta Stone 'n:.
M Retail salesperson .':..
® Write a NYTimes Best Seller -
m Perform surgery
M Research math 8
 All human tasks
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A few Al application today

TH2 N2 S o5

AT E HIA i
A lot of number crunching oTrT -I | L Vision

Auto tech and drone

Business Intelligence . . .
Collision avoidance

loT Predictive Maintenance E-Commerce Search
Search Recommendation Pick and Place robots

Forecasting Models Healthcare Diagnostics

A K2

Language Processing

Chatbots

News & Media
Content Creation

Smart home voice
interfaces

Text Analytics
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Our deep experience with Al/ML differentiates our services

OlOIE2 EH
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1995

Product Robot-enabled New
recommendation fulfillment product
engine centers categories
= 2k = L
g5 FH =FAE M M
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A 3}
Amazon has invested in Al/ML since our inception, and we share our

knowledge and capabilities with our customers

i

clate mostL|r}.

o2 o -

2017

ML-driven supply

Checkout-free

Natural language processing-

chain and shopping
capacity planning supported contact centers using deep learning
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Consumer Product &
Service

Commerce Intelligence

Personalization and Recommend
Fulfillment management
Fast delivery and shipping

Alexa, Video, Music, Audible
Drone, Store, etc.
Customer facing

Inside Amazon Al

s
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=% H o
e S of 12

Platform &

Infrastructure

Cloud Computing to Power Al algorithms.
Provide full stack from AWS
(Al service/platform/framework/infrastructure)
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What is preventing the industry from moving ahead?

Al/ML Building and scaling Deploying and operating A lack of cost-effective,
expertise is Al/ML technology is models in production is easy-to-use, and scalable
rare hard time-consuming and Al/ML services

expensive HE sex
HE7L Jls/2AHYHE SHA| A|ZH *!S’, f;‘f;;
HE GETS ADX/TIH|R Bl CTo
M= = ARE/TNH|E SIXIAd Ol =
-1 O O M Lo
MH|A EHE



AR
AWS offers a range of tools to make AlI/ML more accessible

AWSE= Al / ML ELC €A o8¢ += Y& CIYUst =1 E XS

Amazon AI/ML Services Machine Learning Platforms
= Amazon ML
:?*h & * ﬂ Spark & EMR
Tll"f?x Kinesis '
- Batch
Lex Polly Rekognition ECS

Deep Learning Frameworks

Usability/simplicity: = A= o = . L = Greater control:
leverages AWS Al/ML expertise OI EI J =T 'j — Do EI = O 7|- o '—I-

customer-specific models
AWS M| & 3! MH|AE 7|8t 28t}
These solutions are underpinned by proven, scalable

AWS products and services

A NN N NN N

Amazon EC2 Amazon EC2 Amazon EC2 Amazon Amazon
(P2 and G2 GPUs) (CPUs) (ENA) S3

Amazon AWS AWS AWS Greengrass
DynamoDB Redshift Lambda loT




= AEH= I.ﬂ"'l. I L] I I-
O] =450 20 T Al / ML 2B S HSotA &L ck
o = o
oo M2 UM BE Fo T I E XSt 0 | 20
o HES E7E ABE 4 Al S RYULIT
Our approach is to support all major frameworks and enable our customers to use the
best tool for the job.

Services Lex (Language) Y ¢ Polly (Speech) % Rekognition (Vision)
Platforms Amazon ML Spark & EMR Kinesis Batch ECS
AWS Deep Learning AMI |
Frameworks iti
AIC/Ip)?I(\:lZ? TensorFlow g?g;?fze Theano Keras C.?gglllt(li\,:e Torch
Infrastructure GPU CPU loT




Q&Y ofg] A 20Eo| 7| 0| AWSOHIA Al/MLE

And today, enterprises across industries run Al/ML on AWS

i Fraud.net Liberty \l§ (-“I:-M WH

Mutual ; U%S AA® PROPERTY HISTORY
\Vonage NETFLIX Stanford Zillow  @he Washington Post

Carnegie Mellon Pinterest <"~\ Mapillqry ”’ SlaCk @DZ NVIDIA.

1"‘. SAMSUNG
C-SPAN 6 Expedio bl Sn's]uartTt‘]”']gg l'ea’nefWOka

GoAnimate HubSppot m ﬁMSimple
(B iFranslate % (nte)  (gfreshdesk @’

WOLFRAM

Mg,

B SIGOPT

% American
Heart
Association.

D

MapBox

5% OhioHealth
duolingo

G twilio



Amazon Al/ML AH|A = ALE0| ZHHSE £ A & A =L CF

Amazon AI/ML Services are designed for ease-of-use

% e BN

Lex Polly  Rekognition

Amazon Al / ML AH|AQ| 7|2 71/ 24

Foundational components of Amazon Al/ML services

% |
L\

Amazon data science Amazon training Amazon models Accessibility via
expertise data and learning API
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XSE N2 F52 93 =Y 3
Frameworks to help build intelligent systems

-

Benefits:

« AWS Deep Learning AMI= H2|3t Amazon Machine Image0f A AX| &
T8 HYl 3d =& HSL L

« Apache MXNet, TensorFlow, Microsoft Cognitive Toolkit (CNTK), Caffe, Caffez,
Theano, Torch & Keras@t Z2 Zg|Q /I3 E Ataa ALY = JA&LCH

. 2 SH5S Q3 Be|Ele AA YOl AHE ZHE|= GPU 2 AHE &
g gLt
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Enhancing customer experience and uncovering insights
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LEX®?} POLLY?| Chatbot & & H

MEE MH|A - Informational Bots

= 40| 0y SH Zo|0f Ciet X AME|A

Chatbots for everyday consumer requests

H{E2|AH 0| & - Application Bots
2Bt ofS2[AH 0] M0 2ot QI Oo[A AHA
Build powerful interfaces to mobile applications

71 MAPS 2 — Enterprise Productivity Bots
71go| BFOoIM dihd et g7 g0l X[
Streamline enterprise work activities and improve efficiencies

loT & - Internet of Things (IoT) Bots
ClHIO|A M2 XHZ0|M CIHEO|AE St L2l EE)7ts
Enable conversational interfaces for device interactions
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Pinterest Lens
Netflix Recommendation Engine

Q Search ‘

TV Shows [ suecewes  ~ |
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Strawberries



Al 2 HEf - Approach

1. Business before Technology
: - Business Service Model
2. Scenarios to Pattern, Prototype
A —> Dialogue and Workflow
Learning Model 3. Learning Model & Algorithm
- Modeling and Data Learning.

Platform 4. Leverage Platform
- Data Lake, Learning Framework, P2 instances,
Connect to IoT & Mobile, etc




2016 Letter to Shareholders

amazon.com
T

Jeff, what does Day 2 look like™”

That's a question I just got at our most recent all-hands meeting. I"ve been eminding people that it's Day | for a
couple of decades. [ work in an Amazon building named Day 1, and when [ moved buildings, [ took the name
with me. T spend time thinking about this lopic.

“Diay 2 is stasis. Followed by i_mle\-'alm. Followed by excruciating, painful decline. Followed by death. And D a y 1 !

shar is why it is afwayy Day 1.7

To be sure, this kind of decline would happen in extreme slow motion. An established company might harvest
Day 2 for decades, but the final result woald still come.

I'm intersted in the question, how do you fend off Day 27 What are the techniques and tactics? How do you
keep the vitality of Day 1, even inside 2 large organization?

Such a question can’t have a simple answer. There will be many elements, multiple paths. and many traps. I don’t 1 _' 7 H x * I Ar _I__l i
know the whole answer, but | may know bits of it. Here's a starter pack of essentials for Day 1 defense: customer I
obsession, a skeptical view of proxies, the eager adoption of external trends, and high-velocity decision making. ° = 3 (=] True CUStomer 0bsess'°“

True Customer (hsession

‘Thers are many ways to center a business. ¥ou can be competitor focused, you can be product focused, you can

be technology ﬁ_:»:uscd. you can he bus'm?ss model fl:(l.l.!‘d._ and there are more. But in my view. obsessive | e e . .
«customer focus is by far the most protective of Day | vitality. 2. EFg o}Er_T'_ n I : aml EH °|_I- _O_I *nl RESISt Prox'es

Why? There are many advantages 1o a customer-centric approach, but here’s the big one: customers are ahways
beautifully, wonderfully dissatisfied, even when they report heing happy and business is preat. Even when they
don’t yet know it, customers want something betier, and your desire to delight customers will drive you to invent
om their behalf. No customer ever asked Amaron 1o create the Prime membership program, but it sure turns out
they wanied it, and I could give you many such examples.

Staying in Day | requires you to experiment patiently, accept failures, plant seeds, protect saplings, and double
down when you see cusfomer delight. A customer-obsessed culture best creates the conditions where all of that
«can happen.

Resist Proxies

As companies get larger and more comples, there's a iendency (o manage to proxies. This comes in many shapes

and sizes, and it's dangerous, subtke, and very Day 2. 4. tl _ﬁ_'é'l. 2' AI.

A common example is process as proxy. Good process serves you 50 you can serve customers. But if you're not
watchful, the process can become the thing. This can happen very easily in large organizations. The process
becomes the proxy for the result you want. You stop looking at outcomes and just make sure you're doing the
process right. Gulp. It's not that ram to hear a junior leader defend a bad ouicome with something like, “Well, we
followed the process.” A more experienced beader will nse it as an opportunity to investipae and improve the
process. The process is not the thing. It's always worth asking. do we own the process or does the process own
us? In a Day 2 company, you might find it's the second.

-Jf- Embrace External Trends
74
=

™ Hi

gh-Velocity Decision Making

Another e xample : market research and customer surveys can become proxies for customers — something that's
especially dangerous when you're mventing and designing products. -five percent of beta testers report
being satisfied with this feature. That is up from 47% in the first survey.” That's hard to interpret and could
umineentionally miskad.
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Learn and be Curious
Invent and Simplify



2016 Letter to Shareholders

M=ot O|AIAH High-Velocity Decision Making
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Bias for Action



