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Edin Kapic

e SharePoint Master of Craft @ isolutions
Barcelona

* Cofounder and president of SUG.CAT
* MVP for Office Apps and Services

* Organizer for SPS Barcelona (October 27t")

. % SharePoint Saturday
0 @elkapic @ Barcelona

TUGA IT



Marina Amaral







==l

Colorized by
MARINAMARAL.EOM arina Amaral




S L s

S =1 349
g T

B L

/ - 7 9 r= 77
/ . 77 ?
10 - 2, —y 3 . =
\\S st g
4 = S R
u\m\ﬂ\w\v T ) o -

«

; o e A= A== — v =5 =

Tkw&\ ,\.i[\\,u s e e === R i it M«a

¢ Daws) amm) sy mml w=w) A=) Em =) B3

7 70, e e s oo e = T~ o=/

= y K> [

) vy A e avE e vl ) L, q A

wy vy Sy =y e sl el vl EA =D {
> {

! d=my fm)  fE) fi =y = [ [

S &7 &Y Y T e e \ulw‘
&Y & F7T e e e )

.\1 ]
~ -

T T
— Y

T T Iy AL
Ty 3 -
T

B LB es L

— T

o )
[ =7

v 77 vy sy vy o ,
il il s .

VI (T (e [y [y Vi 8/ o)

http://www.marinamaral.com/portfolio-2/



http://www.marinamaral.com/portfolio-2/

— o —
e —,

”\“\u ny swy ey sy vy sy el pevel
L

sy e [y [y [y [y [ [

[ SR
2 ry

sl ¥ AW B A fa ;

i,.‘\'.\\!.\lllu a2 I 4 ~

VI [ [y [ny [y [fevey (Pl

4 y ammy ) s
.\)\.\\\fl\!!.\l\.n“‘l e A R B L

.n.\\i\!\!\li!ll;q /
Nhﬂa\\ﬂl\l!llil nafe
3 il

=y [ = [ [ [y [ [ [
[ ==

\,\Jq‘;wr\hvdxhlSw\Iiw\ll<sllﬂ,.,\
&) &~ £ ey e ) ) ek

T
Y
TUGA IT

http://hi.cs.waseda.ac.jp:8082/



http://hi.cs.waseda.ac.jp:8082/

Under the hood
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The Roadmap
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Machine Learning

* Automatically looking for patterns in the data
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Machine Learning

* Automatically looking for patterns in the data
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Machine Learning

e Automatically looking for patterns in the data

a@}oncom Recommended for You

Amazon.com has new recommendations for you based on items you purchased or
told us you own.

LOOK INSIDE! LOOK INSIDE! LOOK INSIDE!

Google Apps Google /:.!: S

2

Google Apps Google Apps Googlepedia: The

Deciphered: Compute in Administrator Guide: A Ultimate Google
the Cloud to Streamline Private-Label Web Resource (3rd Edition)
Your Desktop Workspace
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Types of Machine Learning

SUPERVISED UNSUPERVISED

Regression

_ Clustering
(how many sales am | making?) |Tﬁ (what groups of customers | have?)

(What is in this picture?) ®2® (\vhat song should | listen to?)

Anomaly detection
(is this account activity normal?)

[
Q Classification e e Recommendation

All examples are from https://docs.microsoft.com/en-us/azure/machine-learning/studio/algorithm-choice TUGA [T



https://docs.microsoft.com/en-us/azure/machine-learning/studio/algorithm-choice

Regression

100

* Tries to fit observed values into
a function curve

 Predicts a value (price, size, 2
number of customers...) 2
£
20
920 30 4IO 50 GIO 70 SIO 90 100

High temperature (in degrees F)
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Income (in 1000's of $)

Classification

* Splits the decision space into discrete categories and predicts them
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Anomaly Detection

e Special kind of classification that ™9
highlights outlier values 1200/
regarding training data

1000}

800

600}

400

Purchases this week (in dollars)

© Typical activity

200}
A Possible fraud

0 200 400 600 800 1000 1200 1400

Average purchases per week (in dollars) o
)
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Clustering

16000

* Group observed data into
“chunks”

14000

12000+

10000

8000 -
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4000 :

Peak household power consumption (in Watts)

2009 : ' : ' ' -
200 400 600 800 1000 1200 1400 1600 1800 2000

Average household power consumption (in Watts)
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Y
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Recommendation

e Associate input and output
values to predict by similarity

 Mix of classification and
reinforcement graphs

(m)eat, (v)egetable, meat/vegetable

oriented customer

.

|

(m)eat, (v)egetable, meat/vegetable
oriented restaurant

R—\I m v m/v m v m/v
R1 R2 R3 R4 RS R6
v a1 Yook | Kk Yook | Yok
m c2 | Yok * * *
mih | €3 Yook | dokok | Jokok
v ca * *x | Yook
m cs * | dok Yook
v c6 Yook | Fokok ook
m/v c7 Yook | dokok | K
m 8 | ook | K *x | Yok
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Confused by now?

* Azure ML Algorithm Cheat Sheet ¢ Azure ML Basics Infographic with

Examples
S

Finding unusual
data points

So, what do you want to find out?

I WANT TO:

Regression @ Estimate product demand

Discovering
structure

Three or
more

. ForecaSt the fu_tu i€ by -~- Predict sales figures
estimating the relationship

between variables. - Analyze marketing returns
Predict credit risk "'\

Detect fraud Identify and predict rare or
unusual data points.
Catch abnormal equipment readings --—"

d categories Predicting
categories

Predicting values Anomaly Detection

TWO-CLASS CLASSIFICATION

bcned.in/AzureMLCheatsheet bcned.in/AzureMLinfographic @

TUGA IT
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Predict

some
future
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Quickly do
time-
consuming
classification



C

© un
e T
> O
£ g
O o
<




React to
changes in
real time
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"~ Microsoft Cognitive
Services

Amazon Rekognition

6
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Self-service Machine Learning Models

* Pre-trained models
e AP| as a service

Speech Language Knowledge Search

Learn how Vision makes it possible for apps and services to accurately identify and analyze content within images
and videos. Try any service free—and quickly build computer vision-enabled apps and services with the following

capabilities.

Computer Vision - Face
@, g

Try for free | Learn more Try for free | Learn more

Image classification Face detection in images | Demo

Scene and activity recognition in images | Demo Person Identification in images

Celebrity and landmark recognition in images | Demo Emotion recognition in images | Demo

Optical character recognition (OCR) in images | Demo Similar face recognition and grouping in images | Demo

Handwriting recognition | Demo

TUGA IT



Self-service Machine Learning Models

Vision Services

Amazon Rekognition Image

Deep learning-based image analysis

Learn more »

Language Services

Amazon Comprehend

Discover insights and relationships in
text

Learn more »

Amazon Rekognition Video

Deep learning-based video analysis

Learn more »

Amazon Translate

Fluent translation of text

Learn more »

Conversational chatbots

Amazon Lex

Build chatbots to engage customers

Learn more »

Amazon Transcribe

Automatic speech recognition

Learn more »

Amazon Polly

Natural sounding text to speech

Learn more »

-
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SHAREPOINT PICTURE LIBRARY
KEYWORD EXTRACTION
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Ristor torante 4

Microsoft ML Studio

Amazon SageMaker
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Azure ML Studio / Azure ML Experimentation
Service

e Platform for ML models and experiments

Gallery

Binary Classification: Twitter sentiment analysis Properties >

4 Experiment Properties

Saved Datasets

= Data Format Conversions InDraft

None
Data Input and Output

. . — 4 Summar
Data Transformation B ¥

:::]
R ul

This experiment demonstrates the use

4 Q Feature Selection

Selection, Feature Hashing modules
Filter Based Feature Selecti... election, Feature Hashing module:

n a text sentiment classification

Fisher Linear Discriminant ...

Permutation Feature Impor...

@ Machine Learning L

a“ OpenCV Library Modules

4 Description

&, Spit Data B
& Python Language Modules

(R’ R Language Modules — \

Z” Statistical Functions e secton A
,OE Text Analytics
@ Web Service

E Deprecated

ocumentation

i Quick Help &
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Amazon SageMaker

aws Services ~

Resource Groups ~

Amazon SageMaker Amazon SageMaker

Dashboard
: Overview
Notebook instances

Jobs

Resources
Madels
Endpoint configuration

Endpoints

*

Notebook instance

Explore AWS data in your notebooks,
and use algorithms to create models via

training jobs.

Recent activity

Notebook instances

o — i T—
G G

Jobs Models

Create models for hosting from job
outputs, or import externally trained
models intc Amazon SageMaker.

Track training jobs at your desk or
remotely. Leverage high-performance
AWS algorithms.

‘ View jobs View models

Jobs Models

3

Al Julien SIMON  ~ N. Virginia ~

°)

Endpoint
Deploy endpoints for developers to use

In production. A/B Test model variants
via an endpoint.

View endpoints

Recent activity within the

Endpoints

Support ~
Hide
last7days w
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CNTK
WinML
TensorFlow
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CNTK: Cognitive Toolkit

* Open-source deep learning toolkit by Microsoft

‘ IExecutionEngine

i
CN

B® Microsoft
Evaluate

Compute Gradient

Load

https://www.microsoft.com/en-us/cognitive-toolkit/ TUGA IT



https://www.microsoft.com/en-us/cognitive-toolkit/

Windows ML

Training Environment Add Model Reference Application Windows ML

n L L]
:*%8 = S- E B o |e

1. Load — Loads ONNX model using Windows ML API
2. Bind — Wires up inputs and outputs to model _
3. Eval — Evaluates the model and produces results 0

https://docs.microsoft.com/en-us/windows/uwp/machine-learning/ TUGA IT



https://docs.microsoft.com/en-us/windows/uwp/machine-learning/

TensorFlow

* Open-source machine learning framework

TensorFlow

https://www.tensorflow.org/

High-Level
TensorFlow APls

Mid-Level
TensorFlow APls

Low-level
TensorFlow APls

TensorFlow
Kernel

TensorFlow Distributed Execution Engine

e

TUGA IT


https://www.tensorflow.org/

ONNX: Model Interchange Format

 Open Neural Network Exchange Format
* Developed by Microsoft, Facebook and Amazon
e Gallery of models at https://github.com/onnx/models

> ONNX

TUGA IT


https://github.com/onnx/models

TENSORFLOW.JS DEMO
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Correlation != Causation
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Limitations of Machine Learning r
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ML Limitations

Predominant objects detected are:

“groom, bridegroom”, with confidence of 0.384626°
“cardigan”, with confidence of 0.02673883

“neck brace”, with confidence of 0.02176941

&4 Iris Classon
@lrisClasson

Can't stop laughing :D
Sque?zeNetObjectDetection
= ]

,T~

Predominant objects detected are:

| “"groom, bridegroom”, with confidence of 0.3846261
| “cardigan”, with confidence of 0.02673883

| "neck brace”, with confidence of 0.02176941

4:56 PM - 29 May 2018
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Ethical Concerns
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David is 11 yearé"bid.
He weighs 60 pb{(mds.
He is 4 feet, 6 inches tall.

He has brown hair.

His love is real.

A STEVEN SPIELBERG FILM

ICIAL INTELLIGENCE









/What

» Pattern recognition
 Supervised
« Unsupervised

Why

« Prediction
* Realtime
* Time-consuming

How

» Services
e Platforms
e Libraries

-

Machine Learning
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AT THE ENTRANCE AFTER THE LAST SESSION OF THE DAY

#TUGABEER sponsored by |C rea t S | @ | 0

INNOVATING LIFE
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