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o A Lunar Cat production...
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A Machine Learning # Artificial Intelligence

@ Artificial Intelligence

© Pational agent that perceives its environment and taHes actions that
maximize its chance of success at some goal

® GSolve Problems

©®- Make decisions (@and do actions) NOT based on previous human
programming

@ Machine Learning

@ GSub-field of Artificial Intelligence

@ Gtudy and construction of algorithms that can learn
from and make predictions on data.

® Pattern recognition (find patterns. in data)

® Predict things

Machines Are Learning, You Should Learn ML Too: An Azure Story / André Melancia I©




&

& Supervised (YOU provide the result)
® Linear regression
® Classification
® Unsupervised (WOU don't provide the result)

® Llustering
® imaging (e.g. Neural networks)
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A | was told workflow was here. Could | see it, please?

Machine Learning typical workflow.

I=.
a.
3.

m -

7.

Let datasets
Llean, prep. feature engineering
Training (Choosing Algorithm and Hyper-

Farameters) 0 et

Pegression, Llassification (2-class, multi-
class), Clustering, Anomaly Detection. etc.

Ueep Learning, Neural Networks, etc.
Scoring/ Testing
Evaluating
Ueploying predictive webservices (inference)
Il retrain bachl

fi elscsy

Score Model
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@ Learn by finding a linear pattern in data

©® https.//en.wilipedia.org/wiki/Linear regression

G Predict numeric values

(linear or not) "
® Trends

& Weather

® Economics a0l
® Biology
o [...]

60+

20F

0 L L L
20 30 40 50 60 70 80 90 100
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https://en.wikipedia.org/wiki/Linear_regression

A Algorithm. Regression

Multi-dimensional linear regression

X1

Temperature in Celcius

Polynomial Ridge Regression

MSE: 70.95
25
-
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A Algorithm. Regression

The inability for a machine learning a0
method (like linear regression) to Regression line
capture the true relationship is 25 |
called bias.
) 201
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A Beware of the statistics monsters. ..

Datasaurus
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® Llassify in 2-class model

® Learn by finding a binary | 33
pattern in data

® Either the positive or the negative (ar
A and B)

® Returns a numeric value (e.g.
percentage, where U7 is most liHely
false and 1007 is most likely true)

O African

A European

Type of swallow

A A A A
®  https.//en.wikipedia.org/wiki/Logistic_regression T
25

3.0 35

1.5 2.0
Airspeed velocity (in m/s)
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https://en.wikipedia.org/wiki/Logistic_regression

A Uata Scientist driven torture...

If you torture the data long enough,
it will confess.




&

18000
@ Multiple algorithms for ]
. %16000-
clustering : o
® H-means. etc. % ooo.
® Find grouping patterns
in data g 4 :
©® Shopping trends : oonoy
® Social network analysis g °
@ Er‘mE anah‘lsis (f‘raL“j dEtEEtlnn) 200800 460 GLI'JU 860 10IDO 1200 1400 1600 1800 2000

Average household power consumption (in Watts)

®  https.//en.wikipedia.org/wili/H-means_clustering
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https://en.wikipedia.org/wiki/K-means_clustering

A Algorithm. Clustering with H-means

Before K-Means

&
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A Algorithm. Clustering in N-dimensions

Explanation + code : https://stanford.edu/~cpiech/cs221/handouts/kmeans.html



https://stanford.edu/~cpiech/cs221/handouts/kmeans.html

A Human statistics seen by aliens...

STATISTICS

THE DISCIPLINE THAT PROVES
THE AVERAGE HUMAN HAS
ONE TESTICLE

BT
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® E.g.Multi-class model
® Both for numerical and

categorical data. .m.mmm.l.
® Londitions explained by \

simple Boolean logic. g ,\,Nk,m,b,,d
® Easy to expand the tree if Ye

more detail is needed ahamster apengum
©  nhttps.//en uibipedia. org/uiki/Decision_tree learming It farm animal” g

N R
a goat an elephant a squid a spider
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https://en.wikipedia.org/wiki/Decision_tree_learning

A Uecision tree in the wild (since the | 94H0s)

o http//20Q .NET

Q20. | am guessing that it is a Kitty cat?
Right, Wrong, Close

ML P]du 3“@ 19. Is it striped? Sometimes.

18. s it brown? Sometimes.

Q3. Will it eat almost anything? = ! :
Yes, No ,Unknown, Irrelevant, Sometimes, Maybe, About'Us I ometimes.

Probably, Doubtful, Usually, Depends, Rarely, Partly Swrsii 15. Can it growl? Yes.

14. |5 it considered valuable? lrrelevant.

: . 13. Would you give it as a gift? Yes.
2. Can it scratch? Yes. More':: 12. Is it black? Sometimes.

1. ltis classified as Animal . 11. Does it live in a burrow? No.

10. Does it dig holes? Rarely.

Is it killed for its fur? No.

Is it white? Sometimes.

Does it eat cheese? No.

Is it used with animals? Irrelevant.
Can you see it in a zoo? Doubtful.
I5 it a wild animal? Sometimes.
Does it have teeth? Yes.

Is it small? Yes.

It is classified as Animal.

393
1l Like
Share

“The 200 is 50 good
at guessimg, its

almost scary.™
Stephen Cass
“IEEE Spectrum”,

SRNWRmo oD
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https://en.wikipedia.org/wiki/Decision_tree_learning

A Algorithm techniques: Neural Networhs

@ E.g.lmaging, Ueep Learning
® Slowest but most accurate

©®  https.//en.wikipedia.org/wiki/Artificial_ neural network
®  https.//en.wiklipedia.org/wiki/Oeep learning

Simple Neural Network Deep Learning Neural Network

@ Input Layer () Hidden Layer @ Output Layer



https://en.wikipedia.org/wiki/Artificial_neural_network
https://en.wikipedia.org/wiki/Deep_learning

Machine Learning Algorithm Cheat Sheet

This cheat sheet helps you choose the best machine learning algorithm for your predictive analytics solution.
Your decision is driven by both the nature of your data and the goal you want to achieve with your data.

Text Analytics

Derives high-quality information from text
Answers questions like: What info is in this text?

Unsupervised topic modeling,
group texts that are similar

Creates a dictionary of n-grams
from a column of free text

Converts text data to integer
encoded features using the
Vowpal Wabbit library

Performs cleaning operations on text,
like removal of stop-words, case
normalization

Converts words to values for use in
NLP tasks, like recommender, named
entity recognition, machine
translation

Regression
Makes forecasts by estimating the

relationship between values
Answers questions like: How much or how many?

Predicts a distribution

Extract information from text

What do you want to do?

Predict
values

Discover structure

Generate recommendations

Predicts what someone will be interested in
Answers the question: What will they be interested in?

Hybrid recommender, both collaborative
filtering and content-based approach

L ———

Predict between

]

Predict between
two categories

Collaborative filtering, better performance
with lower cost by reducing dimensionality

several categories

Predicts event counts

<— Fast training, linear model

<«— Accurate, fast training times

Linear model, small data sets

Accurate, long training times

Separates similar data points into intuitive groups

Answers questions like: How is this organized?

_(— Unsupervised learning

Find unusual occurrences

Anomaly Detection

Identifies and predicts rare or unusual data points
Answers the question: Is this weird?

Classify
images

large memory footprint

© 2021 Microsoft Corporation. All rights reserved.

’Machines Are Learning, You Should Learn ML Too: An Azure Story O,/ André Melancia

Accurate, fast training times,

Under 100 features,
aggressive boundary

Share this poster: aka.ms/micheatsheet

- e

B Microsoft Azure

Mu ss Classification

Answers complex questions with
multiple possible answers
Answers questions like: Is this A or B or C or D?

Fast training times,
linear model

Accuracy, long training times

Accuracy, fast training times

Depends on the
two-class classifier

Depends on binary classifier,
less sensitive to an imbalanced
dataset with larger complexity

Non-parametric, fast
training times and scalable

Two-Class Classification

Answers simple two-choice questions,
like yes or no, true or false
Answers questions like: Is this A or B?

Under 100 features,
linear model

TIIITT

Fast training, linear model

Accurate, fast training

Fast training, linear model

Accurate, fast training,
large memory footprint

Accurate, long training
times

3
o
Q
L]
a
@
wn
Q
=
o
3

Classifies images with popular networks
Answers questions like: What does this image represent?

Modern deep
learning neural
network




A Humans. ..

Lsing Machine Learning in the [Microsoft
Liniverse doesn't require Uata Science
bachground)

Anyone can do it
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!l "This is the world now. Logged on, plugged in, all the time."

l.

Azure [Machine Learning

SUH Includes a lot of stuff (RutolllL, HyperUrive, Model registry, SUH support far
Webservices in containers, etc.) — Supports Python. B (incomplete). MCFow, etc.

2. HAzure Uatabrichs (Spark clusters, SO0, Python, B, Scala) Magic is in the libraries,
3. Hzure HOInsight SparH not the languages!

L. Azure HUOinsight F Server

5.  Hzure Synapse Analytics (with SOL or Spark — SO0, Python, B, Scala, .Net)

E. S0L Server 2016 (500, Net or B Services)

7. 8B0L Server 2017/2019/2022 (500, Net, ML Services using B or Python)

8. Any platform with Net Core and lioraries for [T Net

H.  Hzure Cognitive Services + Bots (managed webservices) + [M36B5 Power Virtual Agents
10. Etc...

4 Some of these include their own noteboohs (dupyter, Zeppelin, UBEC, etc.)

and you can use your tools like Azure Oata Studio, etc.

Machines Are Learning, You Should Learn ML Too: An Azure Story / André Melancia IQ
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ONE DOES NOT'SIMPLY

} ' . ‘“ ’.'
- A
v ; -
. : .
| . _ “ i .
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gAY

Vielen Danke!
Oyxe asakyio!
Bbnarogaps!
Thank you!
Obrigado, pa!
iMuchas gracias!
Yo gdiq

Hvala vam!
R0 AB
Euxaplotw!
Merci beaucoup!
Terima kasih!
Grazie mille!
Dakujem!
Multumesc!
Labai aciu!
Dziekuje Wam!

" Mockrat dékuju!
The unknown future rolls toward us. Ménge takl

| face it for the first time with a sense of 5:;:1' .
yrir!

hope, because if a machine, a Terminator, pankuwe

Takk! 4 .
can learn the value of human life, Dank je! André Melancia

maybe we can, too." e s vSiey o0 8, Andy.PT
y \""} . K6szonom!
1 Go raibh maith agaibh! @’ LunarCat.PT

Diolch!
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