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def h(theta, x):
"""logistic function"""
return 1. / (1 + np.exp(-x.dot(theta)))

def grad_ascent(x, y, alpha=0.001, epochs=1000000):

mmnn mmn

Gradient ascent.
theta = np.zeros(x.shape[1]).T
for 1 in range(epochs):

theta += alpha * (y - h(theta, x)).dot(x)
return theta






def h(theta, x):

‘ ‘ ‘ """Logistic function"""
return 1. / (1 + np.exp(-x.dot(theta)))

def grad_ascent(x, y, alpha=0.001, epochs=1000000):
"""Gradient ascent."""
theta = np.zeros(x.shape[1]).T
for i in range(epochs):
theta += alpha * (y - h(theta, x)).dot(x)
return theta




Assumptions

Artificial intelligence is the
defining technology of the 21st century.

Al will affect all scopes of life.

At present, except for a few enlightened ones,
Al is a mystery to most of us.




Al Training & Schools

Can we train concepts of Al in schools”? (not coding)
At which levels?

How?
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H] height n0 n1 n2 n3
hldan True True True True
origin
type
1 238 0.227888 0.114663 1.04502 0.966626 0.23655 0.0312
2 219 0.139923 0.111241 1.34602 0.235106 0.424284 0.0112
3 225 0.164146 0.705206 0.419701 0.703639 0.670237 0.0327
4 243 0.225345 0.221296 0.404263 0.372397 0.104614 0.0802i
b 188 0.630233 0.101799 0.533562 0.175556 0.027291 0.0135
6 209 0.450743 0.202172 0.318949 0.505032 0.155198 0.138&
7 236 0.465259 0.158482 0.222262 0.494528 0.374608 0.0541!
8 177 0.0215298 0.205826 0.341256 0.150828 0.276771 0.0424!
9 212 0.249248 0.195387 0.245239 0.0952234 0.208555 0.0245
10 227 0.206475 0.168053 0.82562 0.274429 0.264415 0.114
n 225 0.103662 0.0833464 0.228245 0.409944 0.206696 0.1M
12 B 217 0.0555655 0.436552 0.0286173 0.454649 0.274221 0.0160
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Al Training & Schools

Can we train concepts of Al in schools?
At which levels?

How?
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Partnership with Google.org

20 elementary and high schools in Slovenia
Design ten different two-hour workshops
Carry out 40 workshops

Train-the-trainer workshops

Long-term support of trainers
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Virus
Human-SARS-CoV-2
Human-SARS
Human-MERS
Human-HCoV-0C43
Human-HCoV-229E
Human-HCoV-NL63
Human-HCoV-HKU1
Bat-CoV MOP1
Bat-CoV HKUS8
Bat-CoV HKU2
Bat-CoV HKU5
Bat-CoV RaTG13
Bat-CoV-ENT

Hedgehog-CoV 2012-174/GER/2012

Pangolin-CoV MP789
Rabbit-CoV HKU14

Sequence
ATGTTTGTTTTTCTTGTTTTATTGCCACTAGTCTCTAGTCAGTGTGTTAATCTTACAAC...
ATGTTTATTTTCTTATTATTTCTTACTCTCACTAGTGGTAGTGACCTTGACCGGTGCAC...
ATGATACACTCAGTGTTTCTACTGATGTTCTTGTTAACACCTACAGAAAGTTACGTTGAT...
ATGTTTTTGATACTTTTAATTTCCTTACCAACGGCTTTTGCTGT TATAGGAGATTTAAA...
ATGTTTGTTTTGCTTGTTGCATATGCCTTGTTGCATATTGCTGGTTGTCAAACTACAAA...
ATGAAACTTTTCTTGATTTTGCTTGTTTTGCCCCTGGCCTCTTGCTTTTTCACATGTA...
ATGTTATTAATTATTTTTATTTTGCCTACAACATTAGCTGTTATAGGTGATTTTAATTGTA...
ATGCTTTTCATTTTATGCATTGCATTGTGTTTTAATTTTGTCAGTGCCAATATTGGTTGT...
ATGAAATCTTTACTTGTCTTAAGCCTTTTGGCCTTGTTGGCCACATTGTCTGTCAATG...
ATGAAACTTTTTATAGTTTTTGTGCTCCTTTTTAGGGTGTGTTATTGCTGTGACTATGT...
ATGATACGCTCAGTGTTAGTACTGATGTGCTCGTTAACTTTTATAGGAAACCTCACAAG...
ATGTTTGTTTTTCTTGTTTTATTGCCACTAGTTTCTAGTCAGTGTGTTAATCTAACAAC...
ATGTTTTTGATACTTTTAATTTCCTTACCAACGGCTTTTGCTGT TATAGGAGATTTAAA...
ATGATACGCTCAGCGTGTCTACTGATGTGCTTGT TAATGT TTATAAAAGCAACCCCAAG...
ATGTTGTTTTTCTTCTTTTTACACTTTGCCTTAGTAAATTCACAATGTGTTAATTTAAC...
ATGTTTTTGATACTTTTAATTTCCTTACCAACGGCTTTTGCTGT TATAGGTGATTTAAA...
ATGTTGGCAACGTTAGTTTTGTTGACGACAGTTTTGTGTGTTGCTAATCCATGTTTAAC...

Duck-CoV isolate DK/GD/27/2014
Feline infectious peritonitis virus ATGATTGTGCTCGTAACTTGCCTCTTGTTGTTATGT TCATACCACACAGTTTTGAGTAC...
Giraffe-CoV US/OH3/2003 ATGTTTTTGATACTTTTAATTTCCTTACCAACGGCTTTTGCTGTTATAGGAGATTTAAA...
Murine-CoV MHV/BHKR_lab/USA/icA... ATGCTGTTCGTGTTTATTCTATTTTTGCCCTCTTGCCTAGGGTATATTGGTGATTTTAG...
Equine-CoV Obihiro12-2 ATGGTCTTATTACTTTTATTTTTCCTACCTACCGCTCTTGCTGT TGTAGGAGATGTAAA...
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Velika Polana
Lendava
Crensovci
Odranci
Beltinci
Turnisce
Cankova
Rogasovci
Dobrovnik
Kuzma
Moravske Toplice
Murska Sobota
Puconci
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Teaching lessons
with a pinch of
artificial intelligence
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Domov O nas Novice Aktivnosti Kontakt
AKTIVNOSTI

Primeri aktivnosti, ki uporabljajo pristope umetne inteligence v povezavi z redno u¢no snovjo. Posamezna aktivnost vsebuje kratek opis vsebine,
povezavo z u¢nim nacrtom, podroben opis ucne ure, podatke za delo z gradivi ter videe. Dolocene aktivnosti so primerne za osnovne, druge za
srednje Sole. Uporabite filter za prikaz doloCenega tipa aktivnosti.

Vse Osnovna $ola Srednja Sola

Doloéevalni kljuéi za skupine Zivali Druzbeno-ekonomske znadilnosti drzav

ekonomske znacilnosti

| naravoslovje in tehnologija I
geografija

Utrjevanje razlikovanja med skupinami Zivali % Opazovanje drzav glede na druzbeno-

Podnebni pasovi Evrope Podobnost nareénih skupin

Raziskovanje podnebnih pasov Evrope @ Ugotavljanje podobnosti slovenskih narecnih
skupin

geografija
slovenscina
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Orange Data Mining

orangedatamining.com

Screenshots  Workflows  Download Blog Docs  Workshops

Fruitful M4 Fun

Open source machine learning and data visualization.

Build data analysis workflows visually, with a large, diverse toolbox.

Apply Domain is a mystery widget with an amazing Violin plot can tell you more than a box plot. Oh, the joy and variety of data embedding and
functionality. projection technigues!

Display a menu

An open and free toolbox for Data Science.




Orange Data Mining

1.000.000 lines of Python code
20 years of development
~500.000 users from both industry & academia

~500 universities use it for teaching data science
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Regression
Evaluate
Unsupervised
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A simple workflow with two
connected widgets and one
widget without connections. The
outputs of a widget appear on
the right, while the inputs appear
on the left.

| ecture Notes

Introduction to Data Mining September 2016

Lesson 1: Workflows in Orange

Orange workflows consist of components that read, process and
visualize data. We call them “widgets”. Widgets are placed on a
drawing board (the “canvas”). Widgets communicate by sending
information along a communication channel. Output from one
widget is used as input to another.

File and Data Table

A File widget. Double A Data Table widget.
click to open it and Double click the icon
select the data set file. to see the data in a

i spreadsheet. The output of the

Data Table to send
out any data (rows)
that are selected to
the widget.

0

File Data Table
This output is not used, hence
m f th dashed line. You can add
The output of the D’;fa".‘rg‘é“ e°w“ 13 another Data Table by clicking
File widget. g on its icon from the toolbox on
the left, connect the ouput of
Data Table to the input of new
Data Table (1) and check if the
The communication selected data from Data Table is
channel. It passes the indeed sent to the downstream
data set from the File widget. This demo works best if
widget to the Data both widgets are open, that is,
Table. their windows displayed

Awidget that has not
4 been connected to
any other widget.

Scatter Plot

We construct workflows by dragging widgets onto the canvas and
connecting them by drawing a line from the transmitting widget to
the receiving widget. The widget’s outputs are on the right, and the
inputs on the left. In the workflow above, the File widget sends
data to the Data Table widget.

[ ] & Predictions
Info

Data: 186 instances.
Predictors: 1
Task: Classification

Output

Original data
¥ Predictions
Probabilities

The measuring of accuracy is
such an important concept that it
would require its own widget.
But wait a while, there's
educational value in reusing the

widgets we already know.

Introduction to Data Mining September 2016

Lesson 6: Classification Accuracy

Now that we know what classification trees are, the next question
is what is the quality of their predictions. For beginning, we need
to define what we mean by quality. In classification, the simplest
measure of quality is classification accuracy expressed as the
proportion of data instances for which the classifier correctly
guessed the value of the class. Let’s see if we can estimate, or at
least get a feeling for, classification accuracy with the widgets we
already know.

=) et

D = Data Table Data Info

File Predictions

2
(Tl
Classification Tree Distributions

Let us try this schema with the brown-selected data set. The
Predictions widget outputs a data table augmented with a column
that includes predictions. In the Data Table widget, we can sort
the data by any of these two columns, and manually select data
instances where the values of these two features are different (this
would not work on big data). Roughly; visually estimating the
accuracy of predictions is straightforward in the Distribution
widget, if we set the features in view appropriately.

) & Distributions
Variable
120
® daua
@ diaub
@ diauc
(@ diaua
@ diaue
@ diauf

Bin continuous variables into 10 bins

Group by
@ function

Show relative frequencies

Show probabiities: ~_(None) Protess e oo

Classification Tree
Save Image




ED youtube.com

3 YouTube

using a method called hrierarchicalrlustering. |

P Pl © o041/40 a0 m OB (=2 O EI ra

Getting Started With Orange 05: Hierarchical Clustering

148,846 views * 14 Jan 2016 5 670 CJ DISLIKE > SHARE =+ SAVE

W‘ Orange Data Mining
25.6K subscribers SUBSCRIBE




Conclusion

Al Is a tool. The concepts behind it are simple.

For general audience, we should teach about its
use, not its inner workings.

Training of Al should be practical.
We need to train the teachers first.

And we need to ask them where to start.
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