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Al mputing education in Finland prior to 2023

-

CT/pro%[amming integrated in math
and crafts (nene’s responsibility)

No clear approach to “Al” education

~ (some suggestions to prompting / tool use)
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!.') Generation Al

GenAlI Teachable
Machine

Make your own mobile phone
apps using machine learning

Learn about the TM

Home About

"
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Somekone

v %
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Learn about profiling and
recommendation in the
classroom using a social media
simulator

Learn about Somekone
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Little Language Machine

Train and prompt a tiny
language model in the browser

Learn about the LLM

- e & - . 5

Breakable Machine

Try to cheat an image classifier
in the classroom

Learn about the BM

& @  NewChrome available i

Profiling Game

Learn how data traces are used
to build profiles of users.

Learn about Profiling game
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!‘) Generation Al Home About )

Our teaching materials

chable Machine b 4

Create classifier apps
AI app design with Generation AI Teachable Machine

Teach students how AI systems are developed, and what are the pitfalls and

ethical issues in modern AL

Understand social media algorithms
Al literacy in social media with Somekone

Teach students how data traces become profiles and recommendations, and how

those affect our agency, identities, and polarization in society.




GenAl Somekone

(Data collection, profiling, recommendation algoritl
filter bubbles, polarization)
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Engagement 10/10

a few seconds ago

Viewed for 0.1 second(s)

a few seconds ago

Inactive for 9.8 second(s)

a few seconds ago

Shared with friends

a few seconds ago

Comment of length 29

a few seconds ago

Followed creator

a few seconds ago

Reacted with @

meturics

Profile Recommendations
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individualsports

Your engagement
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I-:lq Where it was found

Found from another image you interacted with.
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!’ Predicted engagement
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Diversity

Score

! Why you might engage




1. Connect

2. Data

3. Profiling
4. Similarity
5. Recommendation

6. Finish

Connected

Filter bubble




SalamaMcQueen Lucy

Polarizatio

o Click to zoom and explore what you can see. o Click to zoom and explore what you can see.




Lucy

How are candidates discovered?

@ Personalised
Use only your profile to find images

Non-personalised
Look for images without your profile

Both (default)

Use a mix of personal and nen-personal

How changing C
tuning the
recommendatio

algorithm affect
filter bubbles?




GenAl Teachable Machine
(MLdriven App making platform)



Training data - Example - Class - Name - Training - Classifier - Input - Classification
result - Confidence - Activation map - Trigger - Action - Brittleness - Deployment

Training Data

Bears

5 image samples
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GenAl Breakable Machine

(Spoof a machine vision system)



Cheat a machin
vision system tc
classify you as ¢
doctor
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Exploit the model's
weaknesses to for
1 a misclassification|




GenAl Profiling Game
(Data collection, profiling;-8)
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Counter-Strike 2: Leveling Up
The World
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@ Hokorttiinto

Moy tin

Ihmiset kysyvat myos

Mita tarvitaan mopokorttiin?

Paljonko maksaa hankkia
mopokortti?

Onko AM 120 mopokortti?

Minka iksinen saa ajaa mopoa
iiman korttia?

AA & Qmopokortti
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NUORTEN SUOSIMAN
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Little Language Machine
(Train your own transformer on your own compult
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7.2M

30.4M tinyStories_1.parquet

Samples

30.4M

- Training
amples
Data
O 4.5M

|

Evaluation o

Finnish Pre-trained Small (2M)

Finnish Pre-trained Medium 100%
(4Mm)

Quality
English Stories Pre-trained
Medium (4M)

that the animals in the garden and swing
so happy to go away. The train was
dished.<unk><unk>But he saw a loud
noise and a sign with a reply. He loved to
wave about things she felt done and
shiny. He was very excited to see a treat
he had fallen in the view of the end. One
day, he was the story was beautiful and
shiny and designated the park. He had to
be so happy again, but he carried his
friendly with his mom at the candy. She
was already happy to laugh and @

P Generate c N
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Language Model

Pre-Training

Training
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he was playing at it. You show."

The could together and be mommy was bet it helped to de

it't hug why and too. She

Then it park and the loved to rabbit.

Lily said, it, the lot had said.

Write something...

Training Process
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Why a No Code
Approach?



Why Is It So Hard to Learn to Pro¢gram?

The Trouble with Teaching
Programming

Patricia Ha|

Dr SAmuel m;

School of Information Technology and Electrotechno|

Otago Polytec
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Tampere University of Tampere University of Tampere University of
Technoloav Technoloav Technoloav
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not a prerequisite |
for Al literacy
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Data-driven \
computing

Ruledriven
computing
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Why necode? '

Scalable
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syntax to probabilistic
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Child Rights
Based Designs

GDPRsafe
Run locally in browse
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Open source

NVENTION ON THE
HTS OF THE CHILD



Codesigned with | = s
12 teachers & oveEees
200 children
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Climulative learning paths
Year 4

Generative models

ved near a big

ittle g il . Sh e | ived n ear a b
1593 145 1082 32 429 11 149 1522 184 215 152 123

oy
t /s \ Model (8 layers)
\ d Training step complete

-

Loss 11.97

Training pipelines, bias
mitigation, tokenizing, fine -
tuning, ...

Filter bubbles, manipulation,
polarization, intended and
unintended impacts, ...

Data, classifier, confidence, Data collection, profiling,
brittleness, bias, ... recommending, targeting, ...
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