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https://www.sas.com/en_ca/news/press-releases/2017/january/coc-partners-with-data-analytics-powerhouse-sas.html

Ordre du jour

 Lesingrédients de I'lA?

* Beaucoup de startups vous dites!

* Sion catégorisait les fonctions IA!

 Un cadre d’automatisation IA

* Quelles sont les attentes des entreprises envers I'IA?
e Comment SAS compte vous aider?

« In God we trust; all others must bring data » W. Edwards Deming
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IA » Puissance de*traitement
« It’s the science of| training computers . . f
through|data|to perform tasks tlssage Mmac h I Bg

that typically require human intelligence
to complete. »
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100 STARTUPS USING ARTIFICIAL INTELLIGENCE TO TRANSFORM INDUSTRIES
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ENTERPRISE INTELLIGENCE

AUDID

Capio

Clover Intelligence
Expect Labs
Gridspace*
Maobwoi

Mexidia

Pop Up Archive*
Quirious

Talkig

Twilio

INTERNAL DATA
Alation®

Arimo*

Cyrorp

Digital
Reasoning

M Wiatson Kyndi
outlier

Palantir

Primer

saphe*

ENTERPRISE FUNCTIONS

CUSTOMER

MARKETING

SUPPORT AirPR
ActioniQ BrightFunnel®
Clarabridgn CogniCar
DigitalGenius* Lattice
Eloguent Labs Liftigniter
Kasisto Mintige
Preact msg.al
Wise.lo Persada
Zendesk Radius

Retention Schence
AUTONOMOUS SYSTEMS
AERIAL GROUND
Alreare AdasWorks
DJi Auro Robotics
DroneDeploy comma.al
Lily Drive.a
Pilot Al Labs Google
Shield ar* Mabiliye
Skycatch AuTeRammy
Skydio Tesla

Uber

Toox

RECRUITING
Entelo

INDUSTRIAL
Claarpath Robotics
Fetch Robatics

Harvest
Automation

Jaybridge
Robatics
Kindred*
Osaro

Rathink
Robatics

SEMSOR
Alluvium
C3 laT

GE Predix
Irniabit
KOMUX
Maana
Flanet 0%
Preferred Metworks
Sentenai
ThingWor:
Uptake

SALES|FINANCE
[0
AppZen
Auiso*

Clasi
Coblectivei]
Fusemachines
InshdeSales
Salesforce
Einstein
Zensight®

AGENTS
PERSONAL
Amazon Alexa
Apple Sirl
Google Now/
Alla

Facebook M

Microsaft
Cortana

Replika

VISUAL
Algocian

s
Clarifai
Cortica
Despamatic
Deepvision
MNetra
Orbital insight*
Planat
Spaceknow

SECURITY
Cylance
Darkirace
Desp Instinet
Demisto
Drawbri
Metworks*
Graphistry*
Leapiear
sentinglone
signalSense
Zimparium

PROFESSIONAL
Alien Labs
Butter.al

Clara

SkipFlag

Slack

Suda

Talla

wad

Zoom.al

INDUSTRIES
AGRICULTURE
Abundant Robotics
AgriData

Blue River
Technology
Descartes Labs
Mavrx*

Pivot Bio
TerrAvion

Trace Genomics
Tule*

ubDio

RETAIL
FINANCE

Affirm

EDUCATION
Altschool

Content
Technologies (CT1)
Coursera
Gradescope*
Knewton

Volley

TRANSPORTATION/
LOGISTICS

Acerta
ClearMetal
Marble
NAUTO
PitStop
Proteckt
Routific

INVESTMENT
FINANCE

AlphaSense
Bloomberg
Cerebellum Capital
Dataminr
iSentium

Kensho

Quandl

Sentient

HEALTHCARE

BIOLOGICAL DATA
Atomwise

Color Genomics
Deep Genomics*
Grail

ICarbonx
Luminist
Numerate
Recursion
Pharmaceuticals
Verily

Whole Biome

LEGAL

Blue J Legal

PATIENT DATA
Atomwise
CareSkore
Deep6 Analytics
1BM Watson
Mealth

Numerate
Oncora Medical
pulseData
Sentrian
Zaphyr Health

'étendu des startups en IA selon Harvard Business Review
The State of Machine Intelligence, 2016

MATERIALS/
MANUFACTURING

Calculario

Citrine informatics
Eigen Innovations
Ginkgo Blioworks
Sight Machine
Zymergen

IMAGE DATA
3Scan

Arterys
Bay Labs

Butt
Networ
Enlitic

Google DeepMind
Imagia
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Gartner Le continuum analytique

Analytics Human Input

Descriptive
What happened?

Diagnostic
Why did it happen?

Predictive ”
What will happen? Decision

Decision Support
Prescriptive
What should | do?

Decision Automation

CAPTEURS |A* TACHES

* Mon interprétation de la place de I'lA dans le continuum 6sas



. . Driverless cars
Diabetes prediction

Fighter drones
Credit card fraud detection
Cataract surgery
Long-term trading Spam filtering
Short-term trading
Early education support

High-frequency trading

Online advertising

« Can you entrust that decision to a robot? », Vasant Dhar, Harvard Business Review, May 17, 2016 .



« Can

THE TASKS MACHINES ARE TACKLING
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Random
PREDICTABILITY

you entrust that decision to a robot? », Vasant Dhar, Harvard Business Review, May 17, 2016 .

€099 Sure thing

Gsas



THE DEC'S'ON AUTO"AT'ON "AP « Can you entrust that decision to a robot? », Vasant Dhar, Harvard Business Review, May 17, 2016 .
High

Low PREDICTABILITY High



« Can you entrust that decision to a robot? », Vasant Dhar, Harvard Business Review, May 17, 2016 .

THE DECISION AUTOMATION MAP OF THE FUTURE
High

Low PREDICTABILITY High




THE DECISION AUTOMATION MAP OF THE FUTURE

« Can you entrust that decision to a robot? », Vasant Dhar, Harvard Business Review, May 17, 2016 .
High
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Pl il —I i Spam filtering

Low PREDICTABILITY




Expectations

Gartner Hype Cycle for Emerging Technologies, 2017

‘ | Connected Home
Virtual Assistants | (Deep Learning Plateau will be reached in:
loT Platform .~ Machine Learning @ lessthan 2 years
N ;
SmartRobots .~ "\ Autonomous Vehicles @ 2to5years
Edge Computing . [ Nanotube Electronics )
\\\ Cognitive Computing . S0 e
Augmented Data. ™\ Blockchain /\ more than 10 years
Discovery \\

Col ial UA
Smart Workspace mmercial UAVs (Drones)

Conversational

Brain-Computer User Interfaces Cognitive Expert Advisors

Interface Volumetric
Quantum —— Displays
Computing Digital Twin

Serverless
PaaS

5G

Human
Augmentation

Neuromorphic

Enterprise Taxonomy
Hardware

and Ontology Management

Deep Reinforcement Virtual Reality

Learning Software-Defined

Artificial General Security
Intelligence

Augmented
Reality
Smart Dust
As of July 2017
2 Peak of
In%]qvatlon Inflated Di '_I'Ir;ou'gh gt Slope of Enlightenment pPIa;ea;{ ok
rigger Expectations isillusionment roductivity
Time

gartner.com/SmarterWithGartner

Source: Gartner (July 2017)

© 2017 Gartner, Inc. and/or its affiliates. All rights reserved. Ga rtners



Expectations

Gartner Hype Cycle for Emerging Technologies, 2017

| Coniogias e IA |C|!

Ueep Learning

‘ Virtual Assistants -

Plateau will be reached in:

loT Platform . T, Machine Learning @ lessthan 2 years
Smart Robots % N Y\ Autonomous VE'“' cs @ 2to5years
Edge Computing . ™. i '
\\ Cognitive Computing . it S
Augmented Data. ™\ Blockchain /\ more than 10 years
Discovery X

Col ial UA)
Smart Workspace mmercial UAVS (Drones)
Conversational

Brain-Computer /\ User Interfaces Cognitive Expert Advisors

Interface AA Volumetric
Quantum — Display
Computing Digital Twin

Serverless
PaaS

5G

/\ Human
Augmentation

Neuromorphic

Enterprise Taxonomy
Hardware

and Ontology Management

Virtual Reality

Deep Reinforcement
4‘ Atificial General
Qg /\ Intelligence

e Et sous sa forme plus avancée: « Strong Al » !

Software-Defined
Security

Augmented
Reality

Smart Dust /X

As of July 2017
2 Peak of
In;]qvatlon Inflated Di '-I'Ix;ou'gh o t Slope of Enlightenment PPIadtea:{ otf
rigger Expectations isillusionmen roductivity

Time

gartner.com/SmarterWithGartner

Source: Gartner (July 2017)

© 2017 Gartner, Inc. and/or its affiliates. All rights reserved. Ga rtne’;
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SAS est le leader 1Q2017 selon Forrester Wave:
pour ses solutions d’analytique predictive et d’apprentissage machine

Strong
Challengers Contenders Performers Leaders

Strong

“SAS reimagines its data science
Statistica | © portfolio”

Angoss

Salford Systems @ ®Alpine Data

B . 3 “A key challenge is that SAS has a
Gurent y o target on its back by the open
source zealots that summarily and
wrongly dismiss SAS as old school.”

Market presence
-
") Full vendor participation
» | Incomplete vendor participation . ;
P particip The Forrester Wave™: Predictive Analytics

Strategy ——— = Strong And Machine Learning Solutions, Q1 2017

™ is copyrighted by Forrester Research, Inc. Forrester and Forrester Wave are trademarks of Forrester Research, Inc. The Forrester Wave is a al representation

th exposed scores, weightings, and comments. Forrester does not endorse any vendor, product, or service depicted in the Forrester Wave. Inf ation is based on best ('\
change. ):Sas




i Les essentiels de IApprentlssage l\/lachme
REL et du Deep Learnmg ’
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. o e [V Lower Cost and

etter Results uto viagic Increase Revenue Human Interfaces
* Lessassumptions * Throwdataatit ¢ Machinesdothework <« Better Ul:Zero Code
* Better math * Automate the * Provides a lift from e Betterinteraction

*  More data
e Traceable and .
interpretable

process current situation * Add speech, text and
Remove Bias * Business Benefits images
Responsiveness

. Gsas



Quel est le role de SAS en IA?

iR S

Support our customers on Embed Al into our own Provide our customers with
the factors that will make solutions, making them more extensible capabilities to
them successful in Al: data, effective and enhancing user help them meet their own

compute, skillset experience Al goals



Exemple d’application SAS utilisant la NLI: AWS Alexa et la Plateforme SAS

Section 2: Marketing User Interaction

Voice interface to SAS data




Algorithmes d’apprentissage profond et d’apprentissage machine

Maive Bayes
i .
/ SSES .'_, Averaged One-Dependence Estimators (ADDE)
Bayesian Belief Network (BEN)

/ §sas Bayesian
/ Gaussian Naive Bayes

/ \.__Multinomial Naive Bayes
"-\_ Bayesian Network (BN)
Classification and Regression Tree (CART)

Deep Boltzmann Machine (DBEM)

Deep Belief Networks (DBN) | _
N - Deep Learning
Convolutional Neural Network (CNN) \
| \
Stacked Auto-Encoders / '

Random Forest

[ Ierative Dichotomiser 3 (ID3)

C4.5

P
' C5.0
Chi-squared Automatic Interaction Detection (CHAID)

| Gsas

Decision Tree

Gradient Boosting Machines (GEM)
Boosting / SSGS

Bootstrapped Aggregation (Bagging) L Ensemble
AdaBoost |

\.__ Decision Stump
Conditional Decision Trees

Stacked Generalization (Blending) /|
|

Gradient Boosted Regression Trees (GBRT) /
Principal Component Analysis (PCA)

§sas
Perceptron |
— —_ Neural Networks
Back-Propagation
_Tdck-rropagation g

Hopfield Network
Ridge Regression /Ssas
e e /o

Least Absolute Shrinkage and Selection Operator (LASSO) | / /
~,_Regularization ./ I’
Elastic Net ¢ - l S i
- | / 1

Radial Basis Function Network (RBFMN)
Partial Least Squares Regression (PLSR

| A _'I V'
B - /' Sammon Mapping
Multidimensional Scaling (MDS)

“Machine Learning Algorithms

-
! Projection Pursuit

| —rajection rursal

Principal Component Regression (PCR)
Partial Least Squares Discriminant Analysis

Mixture Discriminant Analysis (MDA)

e

' Quadratic Discriminant Analysis (QDA)

Least Angle Regression (LARS) /
Cubist \/gsas

-
One Rule (OneR) |
i _Rule System /

Zero Rule (ZeroR)
_LETo RUe \LErOR]

\ Regularized Discriminant Analysis (RDA)

)
I\ Flexible Discriminant Analysis (FDA)

A%

Linear Discriminant Analysis (LDA)

/ SS&S k-Mearest Neighbour (kNN)

Learning Vector Quantization (LVQ)

Repeated Incremental Pruning to Produce Error Reduction (RIPPER)

Linear Regression
near Reoression -/ Gsas

Ordinary Least Squares Regression (OLSR) \ X
= / \
Stepwise Regression | / ' Instance Based |-
—— | Regression / ——%.__Self-Organizing Map (SOM)
1
\_ Locally Weighted Learning (LWL)

Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS) y

Logistic Regression /

/SS&S ~ k-Means
[ k-Medians

\. Clustering |~
‘——————__ Expectation Maximization
1

\ - - -
\.__ Hierarchical Clustering

Gsas



«We noticed a couple of
years ago, that we were
not getting enough
statistical lift from our
traditional credit scoring
methodology.»

Peter Maynard, Senior Vice
President of Global Analytics
at Equifax

Challenge
Modern machine-learning approaches such as deep neural networks,
promised more accurate results but...

« They were not interpretable and are considered a «black box»

Solution
«We developed a mathematical proof that shows that we could generate
a neural net solution that can be completely interpretable for regulatory
purposes. »

Benefits
Modern machine learning tools provide greater access to credit.
Analyzing two years’ worth of U.S. mortgage data, Equifax determined
that numerous declined loans could have been loaned safely.
Increasing access to credit via approved mortgages.
Peter Maynard reports that the neural net has improved the predictive
ability of the model by up to 15%.

Gsas


https://www.forbes.com/sites/gilpress/2017/02/20/equifax-and-sas-leverage-ai-and-deep-learning-to-improve-consumer-access-to-credit/#d2e195b5a39f

|A en Action
Application Chatbot pour les ressources humaines

eee00 vodafone NL = 15:42 7 3 86% )4

< Back

e A R L Example Al application powered by SAS

humbly serve you. | can help

oL if ekt ipTe S Here's what the application did:

questions and general

.1l Questions yod * We collect the input from the chat
left? . .
e Extracted the text into its
You have 936.0 hours of
Hi, l'rg Sir :)Bcétsal_otof- m{aternal/parental leave left for com ponents.
roup Services > is year!
e * Predicted the question using these
Name ” PR . .
£ text entities and Machine Learning.
D * Delivered an automated response

back to user.

From what | gather you have a
ight t ta L f .
% 5000 ourcs por monthy, Source: SAS FSS Solution, July 2017

>
= Gsas



eseeee KPN NL 4G 19:40 3} -

Hi, I'm Sir Botsalot

Nathan

Lets chat!

©0000 KPN NL = 14:54 %

® ® ® @3

Lets chat!

Hello... How can | help you?

| had an accident

Is everybody safe?

Yes

Are you at the scene of the
accident?

Yes

Are you impeding traffic?

Okay... let's start the claims

(e ) ()
@Jme

!

®e000 KPNNL = 16:14 % -

< Back

® ®

®

Lets chat!

Okay... let's start the claims
procedure.

Is somebody else involved in
the accident?

Can you give the name and
the license plate of the other

party involved?
Bob 34-GUR-324
o @




ee000 KPN NL =

< Back

®

14:54 4 -

Lets chat!

Are you driving the car with
the following license plate
number? HCB1 IXJ

Can you send a photo of the

damage?

Tap the symbols in the input
field to select or make photo

v @

00000 KPN NL

< Back

®

14:58 L.

Lets chat!

Can you send a photo of the
damage?

Tap the symbols in the input
field to select or make photo

Can you still reach your
destination?

©00c0 KPN NL =
< Back Lets chat!
@ Uber Ride?(On the house)

14:58 F

Please click on the button
below to open the Uber App

Request an Uber

We gathered all you
information for this claim.
Would you like to add any
notes?

Thank you for using our chat

service. We will send you an

email with all details about the
claim.

Have a nice day! - =

ve @




Vous souvenez-vous du processus analytique?
'automatisation ajoute de la valeur

DATA DISCOVERY DEPLOYMENT

Feature o

——  AUTOMATE AND ORCHESTRATE ——————*

Better
Insights =
Increased Better

Better

Analytics =
Better

More

Iterations Productivity Business

9sas




Sport loT Experiment
Performance Improvement

SAS VDMML . Predlct Fatlgug and recoverY and food
_ intake pause time of a solo rider
Viya 3.2 Forecast finishing time of the solo rider

FINAL TIME: 34 h 40 min 20 s
Improved by 2h43min over last Silver
State 508 with 2 295m more elevation
Limit Power to around 200 Watts
~Aerobic Threshold
Longer better rest after 6 hours of riding

CRANKSETS .
WITH POWER METERS 6sas




Fans, Family, Team and Participants CX

« Where is my teammate, friend, family member, preferred athlete and support vehicle ? »

.. ROGERS ¥+ 12:36 AM SO ..
< Defi 808 Bonneville Geolocalisation des participants
o = ooz o - P
Géolocaliser des participants ! \%
(3 SONNEVRLE
1 s Nom v BB Equipe
Ssephane Roussoeou 4263 Bonnevile's Cuoens
Ssephane Chaine 4030 Sa Lacasse
hotels o ;‘ Stanon Tremblant
- : ‘ M'l m
= Stanon Arundel =
Le Kandahar s Serge Gategry 4211  Equipe Anik Armand
£ Rone Branchaas 4381 La Gang A Bob
Nick Rusciio-caissy 2130 Dream Yoam
Mathew Turcotie 2011 Powerwams Quebeoc

Residence Inn 2010 Powerwaits Quebec

4223 Crecshack

- 2
R 4372 B
: 3 » Manuel Houger 2e
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L'approche SAS a I'lA

App. ou

Fonctions |IA

BaOutils |IA

Banking

Fraud Detection

Credit Analysis

Automated
Financial Advisors

—

Government

Smart Cities

Sensor Fusion

Facial Recognition

N

Heath and
Life Sciences

%

Predictive
Diagnostics

Biomedical
Imaging

Health Monitor

N

Manufacturing
and Energy

Supply Chain
Optimization

Automated Defect
Detection

Energy Forecasting

N

Communications

Conversational
Chat Bots

Contextual
Marketing

Network Analytics

—

Pattern Recognition @ Prediction e Classification ® Image Recognition ® Motion Detection @

Speech to Text @ Cognitive Search: Recommendation Engines + Q&A System e Natural

Deep Learning

Machine Learning

Language Interaction @ Natural Language Generation @ Sentiment Analysis

Natural Language Understanding

Natural Language Processing
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«With all things being equal, the simplest
explanation tends to be the right one.»

Guillaume d'Ockham
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Jocelyn.Gascon-Giroux@sas.com

Architecte principal de solutions
514-918-7397

https://www.linkedin.com/in/jocelyngascongiroux

Twitter: @JocelynGascon

Facebook: https://www.facebook.com/jocelyn.gascongiroux

Sas.com
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Suite de I'étendu en

MACHINE LEARNING TECHNOLOGY STACK

Automat
Facebook
CommaAl

Howdy*

Avasdi
BigML
Dataiku

ATIONAL IN

Kasisto

KITT.AI
Maluuba
Octane Al

Domino
Data Lab*

RapidMiner

Loop Al Labs

Loop Al Labs

Layer 6 Al
Lobe.al

OpenAl Gym
Semantic
Machines

|A selon le HBR

Mechanical Turk
CrowdAl
CrowdFlower

DSSTNE
Apache Spark

PaddlePaddle
Caffe
Chainer

1026 Labs
Cadence

Cirrascale
Google TPU

Cogitai
Kimera

Azure ML

Microsoft DMTK
MXNet

KNUPATH

ntel (Nervana)
Isocline

DGX-1/Titan X

NNAISENSE
Numenta

Trifacta

Nervana Neon

scikit-leam
TensorFlow

Torch?

Tenstorrent
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Fans, Family, Team and Participants CX

« Where is my teammate, friend, family member, preferred athlete and support vehicle ? »
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Fans and Participants CX

Architecture Overview diagram

Remote connections
]

CAS Actions on SAS Viya 3.2 /iR SAS VA 8.1

GPSView of the GPSJOIN with

MS-1 Timing GPS data
MySQL: gpslog Scheduled

updates
every 10s

latest location participants
from gpslog information

Near-Real-Time (every 5s)
GPS Locations of 420+ riders

Web Responsive Design URL for web SAS mobile application
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Gaussian
Mixture Model

Linear SWM

Maive Bayes

YES

Machine Learning Algorithms Cheat Sheet

k-means

Prefer
Probability

DBSCAN

Data Is
Too Large

YES

Maive Bayes

k-modes

YES

Categorical
Variables

YES

Need to
Specify k

Explainable
YES
Decision Tree

Logistic Regression

SPEED

Hierarchical

Hierarchical

Speed or
Accuracy

ACCURACY

Kernel SWM
Random Forest
Meural Netwark

Gradient
Boosting Tree

START

Dimension
Reduction

-

Have
Reponses

Predicting
Numeric

W

Unsupervised Learning: Dimension Reduction

q YES YES -
Topic S Latent Dirichlet
- Probabilistic .
Modeling Analysis
Principal Singular Value
Component Decompaosition
Analysis

Supervised Learning: Regression

Speed or SPEED Decision Tree

Accuracy Linear Regression

ACCURACY

Random Forest
Meural Network

Gradient
Boosting Tree



Qui a dit que I'lA était difficile a interpréter?
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