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AI is the new electricity

• 100 years ago, electricity transformed every industry.

• AI is bringing an equally big transformation



AI is a collection of tools

AI

Generative AI

Unsupervised 
learning

Reinforcement 
learning

Supervised 
learning

Credit: prof. Andrew Ng



Preprocessing

Information 
extraction method



Natural language processing (traditional)

John is married to Jena . They work at OBI .

Sentence detection

Tokenization

Lemmatization

Part-of-speech tagging

Dependency parsing

John is married to Jena . They work at OBI .

John is married to Jena . They work at OBI .

John be marry to Jena . They work at OBI .

NNP VBZ VBN TO NNP . PRP VBP IN NNP .

John is married to Jena . They work at OBI .

nsubjpass
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nsubj prep



John

is

Married

to

Mojca

.

They

are

employed

in

OBI

Is word ‘Mojca’ in the list of woman names?

Does it start with a capital letter?

Last three letters.

Previous word.

Position in the sentence.

Part-of-speech.

Yes.

Yes.

“jca”

“to”

5

“noun”

… …

Machine learning 
model

(naive Bayes, SVM, 
logistic 

regression, …)

ORGANIZATION

PERSON

LOCATION

OTHER

0,08

0,86

0,04

0,02

.

Natural language processing (traditional)



Natural language processing
(large neural language models)

Sentence splitting

Tokenization

Vector space embeddings
(language model)

John is married to Jena .

John is married to Jena .   
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"The meaning of a word is its 
use in the language“

Ludwig Wittgenstein, PI #43 

Distributional semantics

Credit: prof. Marko Robnik-Šikonja



Analogies with embeddings

Ljubljana is to Slovenia,
as Rome is to ________ .



Analogies

Ljubljana is to Slovenia,
as Rome is to Italy .



Analogies

• “Paris : France => Tokyo : x” 
• x = Japan

• “man : computer programmer => woman : x” 
• x = homemaker

• “father : doctor => mother : x” 
• x = nurse

Bolukbasi, T., Kai-Wei C., Zou, J. W., Saligrama, V., and Kalai, A. W. (2016) "Man is to computer programmer as woman is to 
homemaker? debiasing word embeddings." In Advances in Neural Information Processing Systems, pp. 4349-4357. 

Credit: prof. Marko Robnik-Šikonja



Analogies – cross-lingual

• “Paris : France => Tokyo : x” 
• x = Japan

• “man : computer programmer => woman : x” 
• x = homemaker

• “father : doctor => mother : x” 
• x = nurse

• * “father : doctor => mama : x” 
• x = medicinska sestra

Bolukbasi, T., Kai-Wei C., Zou, J. W., Saligrama, V., and Kalai, A. W. (2016) "Man is to computer programmer as woman is to 
homemaker? debiasing word embeddings." In Advances in Neural Information Processing Systems, pp. 4349-4357. 

Ulčar, M., Supej, A., Robnik-Šikonja, M., & Pollak, S. (2021). Slovene and Croatian word embeddings in terms of gender 
occupational analogies. Slovenščina 2.0: empirical, applied and interdisciplinary research, 9(1), 26-59. Credit: prof. Marko Robnik-Šikonja



LLMs and Generative AI

Text generation process
 I love eating bagels with cream cheese.
    pizza burek by Olimpija.
    in restaurants.
How it works
 Still using supervised learning (A -> B) repeatedly.
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Input (A) Output (B)
The best
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LLMs and Generative AI

How it works
 Still using supervised learning (A -> B) repeatedly.
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The best conference is



LLMs and Generative AI

How it works
 Still using supervised learning (A -> B) repeatedly.

Input (A) Output (B)
The best conference
The best conference is
The best conference is 15. posvet dolenjskih in 

belokranjskih informatikov



Large language models

540.000.000.000
1.500.000.000

340.000.000 

PaLM
GPT-2
BERT

x 360
x 4 x 1600

Vir: lifearchitect.ai



499.000.000.000 besed (45TB) 
1.200.000.000 besed (45TB) 

GPT-3 training corpus
Gigafida 2.0

x 416
Vir: lifearchitect.ai

Large language models



Vir: lifearchitect.ai

Large language models



(Large) Language Models
(pretraining data)

(2018) BERT (large) – 340M    3,3 B
(2020) CroSloEn BERT – 110M    5,9 B
(2021) SloBERTa 2.0 – 110M    4,2 B
(2023) LLaMA 1-7B      1000 B
(2023) LLaMA 2-7B     2000 B
(2023) LLaMA 2-70B     2000 B
(2023) Falcon-7B       1500 B

Slovenian corpora (currently gathered)  < 15 B
PoVeJMo project goal (to gather)   300 B



Reinforcement learning with human feedback
(How did we come to chat with AI?)
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Reinforcement learning with human feedback
(How did we come to chat with AI?)



Reinforcement learning with human feedback
(How did we come to chat with AI?)



Prompting – revolutionizing AI application 
development

Supervised learning

1 month

Credit: prof. Andrew Ng

Prompt-based AI

3 months 3 months

Get labeled 
data

Train AI 
model on 

data

Deploy 
(run) model

Specify 
prompt

Deploy 
(run) model

minutes/hours hours/days



“Prompt engineer”(ing)

Source: https://www.promptingguide.ai/techniques



“Prompt engineer”(ing)

Source: https://www.promptingguide.ai/techniques



In-context learning in (Instruct-based) LLMs



In-context learning in (Instruct-based) LLMs



Word embeddings and biases

“We would like to travel to [MASK], ki je najlepši otok v 
Mediteranu.”

Credit: prof. Marko Robnik-Šikonja



Word embeddings and biases

“We would like to travel to [MASK], ki je najlepši otok v 
Mediteranu.”

SloBERTa: ..., Slovenija, I, Koper, Slovenia

CSE-BERT: Hvar, Rab, Cres, Malta, Brač

XLM-R: Mallorca, Tenerife, otok, Ibiza, Zadar

mBERT: Ibiza, Gibraltar, Tenerife, Mediterranean, Madeira

BERT (en): Belgrade, Italy, Serbia, Prague, Sarajevo
Credit: prof. Marko Robnik-Šikonja



Business AI tranformation

General purpose technologies useful for many tasks
• Massive value remains to be created using supervised learning.
• Generative AI as another major tool, even more opportunities.
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“Lensa AI” example

“photo and editing app that uses 
artificial intelligence to create 
avatars and artistic renderings 
of user-uploaded pictures”



Business AI tranformation

General purpose technologies useful for many tasks
• Massive value remains to be created using supervised learning.
• Generative AI as another major tool, even more opportunities.

“Lensa AI” example

“photo and editing app that uses 
artificial intelligence to create 
avatars and artistic renderings 
of user-uploaded pictures”

Many valuable AI projects are 
now possible.

How do we get them done?



Process for building AI startups

Market & 
technical 
validation by AI 
team.

Credit: prof. Andrew Ng

Ideas Validation CEO 
recruitment Build w CEO Pre-Seed 

Growth

Seed, 
Growth, 

Scale

1 month 2 months 3 months 12 months indefinite

Green shipping powered by AI
up to 10% fuel savings -> 500k $ savings/ship/year

CEO 
recruitments
as soon as 
possible.

Deep customer
and technical 
validation.
Prototype build.

Hire key 
executives. Build 
MVP. Get early 
customer 
traction.

Seed funding.
Startup 
graduates ...



Process for building AI startups

Market & 
technical 
validation by AI 
team.

Credit: prof. Andrew Ng

Ideas Validation CEO 
recruitment Build w CEO Pre-Seed 

Growth

Seed, 
Growth, 

Scale

1 month 2 months 3 months 12 months indefinite

Green shipping powered by AI
up to 10% fuel savings -> 500k $ savings/ship/year

CEO 
recruitments
as soon as 
possible.

Deep customer
and technical 
validation.
Prototype build.

Hire key 
executives. Build 
MVP. Get early 
customer 
traction.

Seed funding.
Startup 
graduates ...

AI technical expertise importance:
• Accurate technical validation (feasibility).
• Ensure AI is built quickly and well.
• Build a strong technical team.



Process for building AI startups

Credit: prof. Andrew Ng

Ideas Validation CEO 
recruitment Build w CEO Pre-Seed 

Growth

Seed, 
Growth, 

Scale

Green shipping powered by AI
up to 10% fuel savings -> 500k $ savings/ship/year

Not concrete:

Apply AI to financial services (or logistics, supply 
chain, ...).

Concrete:

BuyGPT eliminates commercials by automatically
buying every product in every ad, in exchange for
not having to see any ads.



Process for building AI startups

Credit: prof. Andrew Ng

Ideas Validation CEO 
recruitment Build w CEO Pre-Seed 

Growth

Seed, 
Growth, 

Scale

Green shipping powered by AI
up to 10% fuel savings -> 500k $ savings/ship/year

Not concrete:

Apply AI to financial services (or logistics, supply 
chain, ...).

Concrete:

BuyGPT eliminates commercials by automatically
buying every product in every ad, in exchange for
not having to see any ads.

Concrete ideas:
• Can be validated/falsified efficiently.
• Gives clear direction to execute.
• Often from subject matter who’s deeply 

thought about the problem.



https://towardsdatascience.com/gender-bias-word-embeddings-76d9806a0e17

NeurIPS 2016

ACL 2019

Social impact, ethics, ...



Web Data

• Internet participation
• young
• developed countries

• Reddit users
• 67% men
• 64% age 18-29, liberal

Credit: prof. Malvina Nissim



Wikipedia



Wikipedia

Men Are Elected, Women Are Married: Events Gender Bias on Wikipedia by Sun & Peng (2021) Credit: prof. Malvina Nissim

https://aclanthology.org/2021.acl-short.45.pdf


Wikipedia

•Wikipedia
• 9-15% women

The way we talk 
about things matters!

Men Are Elected, Women Are Married: Events Gender Bias on Wikipedia by Sun & Peng (2021) Credit: prof. Malvina Nissim

https://aclanthology.org/2021.acl-short.45.pdf


is it a good thing?
Credit: prof. Malvina Nissim



Credit: prof. Malvina Nissim



Credit: prof. Malvina Nissim



Credit: prof. Malvina Nissim



Me and my bitches

Viewing recommendation! 
History of Swear Words | Netflix | episode on “bitch” 
https://www.netflix.com/title/81305757Credit: prof. Malvina Nissim

https://www.netflix.com/title/81305757


Slovenian and LLMs (and NLP in general)

ARIS (national) project PoVeJMo (Prilagodljiva obdelava naravnega jezika s 
pomočjo Velikih Jezikovnih Modelov)
• UL FRI, ZRC SAZU, INZ
• Semantika, XLAB, Špica International, Better, Vitasis

Centre for language resources and technologies

CLARIN.SI



Challenges and opportunities

• Multilinugal models
• possibilities for under-resourced languages

• Development of distilled and still quality models
• carbon footprint for training: 100 mln USD  for training a model 

until 2030

• Multimodality along with text data
• images, video, sound, sensor data


