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ZAKAJ DANES VSI GOVORIJO O UMETNI INTELIGENCI?

Ker lahko Ul danes resuje stevilne vsakodnevne probleme
« Ul je danes vkljucena v Stevilne izdelke in storitve (iskanje, prevajanje, podpora uporabnikom, ...)
e Kljuc do tega je uporaba splosnonamenskih temeljnih modelov

Kaj so temeljni modeli (FM)?
« Temeljni modeli so veliki modeli umetne inteligence, nauceni na obseznih splosnih podatkih

 Kasneje jih je mogoce prilagoditi (uglasiti) z uporabo manjsih koli¢in podatkov za resevanje
specificnih nadaljnjih nalog

Veliki jezikovni modeli (LLM)
e LLM-ji so temeljni modeli, nauceni na besedilih | drank | | coffee | | with
 Obicajno se ucijo z napovedovanjem naslednje besede

* Lahko se uporabljajo za generiranje besedila (generativha umetna inteligenca)
 Nadaljnje naloge vkljucujejo odgovarjanje na vprasanja, povzemanie, ...



UCENJE IN PRILAGAJANJE FM MODELOV ZAHTEVA
VELIKO RACUNSKE MOCI

Poleg besedila lahko temeljni modeli
obdelujejo tudi druge podatke, npr. razlicne
vrste slik

Temeljni modeli so velike nevronske mreze
Z milijardami parametrov (mo¢ povezav med
nevroni)

-

Downstream Tasks /

 Ucenje in prilagajanje LLM/FM modelov zahteva veliko racunske moci

* LLM/FM modeli se ucijo iz ogromnih kolicin podatkov, kar zahteva zelo veliko racunsko moc
(veC tednov ali mesecev izvajanja na GPU-jih)

« Tudi prilagajanje modela (fine-tuning), pri katerem FM prilagodimo specific¢ni domenski
nalogi, Se vedno zahteva znatne racunske vire



PRISTOP EVROPSKE UNIJE K UMETNI INTELIGENCI:
pospesitev sprejemanja in spodbujanje inovacij

Regulativa: Akt o umetni inteligenci (Al Act)
 Varnost
e /Zaupanje

Infrastruktura
» Tovarne umetne inteligence
« Omogocanje razvoja (generativnih) modelov umetne inteligence

Inovacije
« Apply Al (Uporabi Ul): pospesevanije uvajanja Ul v industriji in javnih storitvah
e Hkrati tudi podpora raziskavam (npr. Al in Science / RAISE)



KAJ SO TOVARNE UI?

Kratek odgovor: Tovarne Ul (Al factories) so infrastruktura za Ul
 V 20. stoletju so drzave gradile ceste in elektricna omrezja

 V 21. stoletju morajo graditi tudi infrastrukturo za Ul (ker zahtevata gradnja in
prilagajanje generativnih modelov visokokozmogljive racunalnike=HPC)

 To je vprasanje tehnoloske suverenosti in globalne konkurencnosti

Slovenska tovarna Ul (SLAIF) nam bo omogodila,

da Slovenija ni zgolj uporabnica umetne inteligence,

temvec aktivna soustvarjalka evropske tehnoloske suverenosti
in globalne konkurencnosti



KAJ SO TOVARNE UI?

Tovarne Ul znizujejo ovire za uvajanje Ul v prakso

 Ponujajo Sirok in celovit nabor storitev za industrijo in raziskovalce, ki so potrebne za

razvoj evropskih modelov (generativne) Ul in njihovo uporabo
Tovarne imajo dve glavni komponenti:
 Superracunalnik, optimiziran za Ul
o Storitve in dejavnosti tovarne Ul
Tovarne Ul zdruzujejo:
e Racunsko moc
e Algoritme in delovne tokove
» Podatke in modele
 VescCine, znanje in talente

Al HPC

Al Factory
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EVROPSKI EKOSISTEM TOVARN Ul

e EuroHPC in drzave clanice sofinancirajo
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(npr. Portugalska in TurcCija pri BSC AIF)

« Slovenija bo gostila nov superracunalnik,
ima pa tudi delez v ITALIA (10 mio EUR)



ZAKAJ IMA LAHKO SLOVENIJA TOVARNO UI?

Ceprav bo imela Evropa Stevilne tovarne Ul, jih ne bo imela vsaka drZava EU. Potrebna je vizija. Prav
tako politicna volja in financna podpora. In nenazadnje: znanstvena in tehni¢na podkovanost ter
cloveski viri

* Slovenija ima mocno skupnost na podrocju Ul

* Slovenija ima mocno skupnost na podrocju visokozmogljivega racunalnistva:
Vega je prvi delujoci sistem EuroHPC

« Skupnosti odli¢no sodelujeta (kar ni samoumevno)

Potreben je sirsi pogled na infrastrukturo

e Infrastruktura ni le strojna oprema (racunalniki)

* Podatki so infrastruktura (Slovenija vodi CLARIN, jezikovni podatki)

* Ul je infrastruktura (vsekakor za znanost, primer infrastrukturnega centra IJS)



SLAIF = SLOVENSKA TOVARNA Ul

Dva projekta, skupna vrednost 135 mio EUR, sofinancerki sta EK in RS (MVZI)
 Superracunalnik, optimiziran za Ul, 123.32 mio EUR

 Sofinanciran iz programa Digital Europe

» Konzorcij projekta sestavljajo

—I1ZUM— @8? imiute arnes &

Institute of Information Science, Maribor, Slovenia ... Ljubljana, Slovenia

e Tovarna Ul, storitve in dejavnosti, 11.68 mio EUR
 Sofinanciran iz programa Horizon Europe
» Konzorcij projekta sestavljajo
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SLAIF - SUPERRACUNALNIK

Kombinacija CPU in GPU enot za podporo tako klasicnemu kot Ul-racunanju
e CPU (cca 10 petaFLOPS)
e GPU (cca 30 - 1. faza +70 - 2. faza = 100 petaFLOPS)

Dve fazi nabave za zagotovitev daljSega obdobja delovanja
 Superracunalnik zagnan do konca leta 2027
 Superracunalnik nadgrajen v letu 2029

 V primerjavi s superracunalnikom VEGA: 3x ve¢ moci CPU in 32x ve¢ moci GPU

Trenutno se na superracunalniku LEONARDO v Bologni trenirajo:

« Veliki jezikovni model za sloven$c¢ino — GaMS (kolegi z UL FRI)
Generatlivni n;gd:; . cc
e Prvi vizualno-jezikovni model za slovens&ino — SViLa (kolegi z IJS) sesovenscine GAM S

for Slovene

« Taksne naloge bo podpiral novi superracunalnik optimiziran za Ul



SLAIF — CILINE SKUPINE UPORABNIKOV

Razlicne skupine uporabnikov
» Gospodarstvo/ industrija

e Zagonska podjetja

e Mala in srednja podijetja

* Velika podjetja
o Javni sektor

o Zdravstvo

e Drzavna uprava

 Javna podjetja, javni zavodi in agencije
* Raziskovalna sfera (univerze, instituti)
Razlicne stopnje Ul-pripravljenosti



SLAIF —= STORITVE IN DEJAVNOSTI

Dostop do racunskih in podatkovnih Domensko-prilagojeni delotoki (in
zmogljivosti modeli) za razlicne vertikale

e Zeleni prehod

Splo$ni delotoki za ucenje in * Zdravje in botehnologija

prilagajanje modelov » Digitalna druzba
e Veliki jezikovni modeli * Ul za znanost
« Veliki govorni modeli S |2
* Vizualno-jezikovni modeli
« Vecmodalni modeli

Izobrazevanje in pridobivanje vescin Ul



SLAIF - STORITVE

Vec vrst storitev

Podpora uporabnikom
Infrastruktura in podatki
Razvoj in uvajanje Ul
Produkti Ul

User-facing Al services of the
Slovenian Al Factory

SLAIF service catalague
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SLAIF - STORITVE

Al development and deployment

Services for adapting, fine-tuning, integrating, scaling, and operationalls-
ing Al workfiows and models for real use cases.

SLAIF sarvice catalogue

Al development and deployment
Adaptation of a _Large L_a_nguage e e
Model for Domain-Specific Ques-
tion Answering
Vertical Cross-domain ~ Availability Q372027  Type Pipeline

Target users: Indusiry, Large Entarprisas, Scientific Institutions, Public insti-
tutions

SLAIF service catalogue

Overview

This pipeline bl | of a large | model to answer domain-specific questions

accurately arn:leﬂiuenﬂy It is designed to support expert systems, knowledge bases, or FAQ systems in
fields. The I are a sufficient amount of domain-specific data and domain know-how.

The pipeline first helps users in i data for g based on the domain data and

provides code and know-how for qrrlﬂ'laﬂcaly apﬂrﬂi‘g the training data based on the provided domain
data. Next, it provides the know-how and code for fine-tuning the model with the created instruction-
tuning dataset. Finally, it provides code for efficient inference using the adapted model. The pipeline
leverages the Slovene LLM GaMS and similar open-source models, tools for generating domain-specific
question-answer pairs using NeMo Curator in combination with the GaMS-Instruct approach, LoRA or
QLoRA-based supervised fine-tuning using Hugging Face and NeMo, and vLLM for fast domain-specific
question answering inference.

Expected outcome

A step-by-step guide for domain-specific question-answering training, along with scripts for data gener
ation, moded training, and inference.

Requirements Specific limitations

Requires several NVIDIA GPUs.

Service output Licensing

Pipeline for question answering adaptation, in- MIT
cluding data generation scripts, model training
scripts, and inference code.

Al development and deployment

Adaptation of a Large Language "*<pn- nitien
Model for Domain-Specific Sum-

marization

Vertical Cross-domain ~ Availability Q32027 Type Pipeline

Target users: Industry, Large Enterprises, Scientific Institutions, Public Insti-
Tuions

Overview

This pipeline enables the adaptation of a large language mode! {LLM) fo generate high-quality, domain-
specific summaries for |B:hl1l:al or scientific documents, reporis, research papers, or industry-specific
content. It is de 1to the and rel of summaries within a specific domain. The
pipeline first helps users in ing data for {OCR of PDF documents) and converting
it into a training dataset. Next, it provides the know-how and code for fine-tuning the model with the
created dataset. Finally, it provides code for efficient inference ushg ﬂ1e adapted model. The pipeline
leverages the Slovens LLM GaMS (for Sl and other open VLMs (e.g.,
Gemma), open-source OCR libraries such as Markerul small open-source VILMs such as Nanonets,
supervised fine-tuning or preference tuning using GRPO with LoRA or QLoRA-based fine-tuning, and
vLLM for efficient, low-latency inference of domain-specific summarization tasks.

Expected outcome

A step-by-step guide for domain-specific summarization adaptation, along with scripts for data prepara-
tion, model fraining, and inference.

Requirements Specific limitations

Requires several NVIDIA GPUs.

Service output Licensing

Pipeline for summarization adaptation, includ- MIT
ing data preparation scripts, model training
=cripts, and inference code.
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SLAIF Training
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IZOBRAZEVANJE IN USPOSABLJANJE

SLAIF

Slovenska
fovarna Ul

Slovenian
Al Factory

SLAIF Training Catalogue

Large language models and domain-specific Al for the
Slovenian agricultural sector

Course provider:

Jozef Stefan Institute (JSI)
Instructors:

Marko Debeljak (JSI) and colleagues

Content: The event aims to provide agricultural stakehalders with a clear, realistic, and application-
arlemed understanding of Iarge Iangnage models (LLMs) and their potential role in Slovenian

i duced to the rationale for focusing on high-quality, domain-
specific data and hem:hrnarks ralherlhan individual model versions, and to the role of the national Al
infrastructure (SLAIF) in supporting domain- and language-specific Al solutions. A key objective is to
foster informed ions, trust, and ea of future users by openly addressing both
the capabilities and limitations of current Al technologies in regulated and practice-oriented
agricultural contexts,

The event presents current activities related to the development and application of large language
models within the Slovenian agricultural domain in the context of SLAIF. It introduces the
fundamentals of LLMs in an accessible manner, with a focus on their applicability, risks, and
constraints in agriculture. Participants will be presented with a proposed taxonomy of Slovenian
agriculture, including key sectors and subdomains, along with example benchmark tasks designed to
evaluate model performance in Slovenian. Preliminary benchmark results will be demonstrated to
illustrate how existing models perform on selected agricultural use cases. The event further provides
a structured forum for val\datmg assumptions about users, use cases, and sectoral coverage, and

d a dedicated web ion for the collection of high-quality question-answer pairs and
other expertinputs to support ' model ataptation and evaluation.

After the event, partici will imp of dormai ific data. benchmarks. and

expert for the p of Al solutions in agrlcullure They will have a
realistic understanding of what current Iarge language medels can and cannol do i in the Slovenian
agricultural context, and how national Al supports their adap Partici will be
able to critically assess proposed use cases and benchmarks from a practitioner's perspective and
will be equipped to contribute expert knowledge, feedback, and structured data inputs for the

P and of Al tools for
No technical isites are required. The event is mlended for practitioners and
experts with domain I in agri prior ience with Al jies is not required.

Target audience: Agricultural advisers and extension services; Farmers and agricultural practitioners;
Agrl -food stakeholders and industry hers and developers working on Al for
Publi 1 keholders and policy makers

Language: Slovenian; English Format: Lectures; Hands-on sessions
Tentative date: Autumn 2026 Duration: 6h
Venue: IS! Ljubljana/Murska Sobota No. of ECTS credits: N/A




SLAIF - IZOBRAZEVANJE IN USPOSABLJANJE

nacrtovanih izobrazevalnih
aktivnosti

SLAIF Training
Catalogue

929 16

delavnic in prakti¢nih webinarjev
usposabljanj

Safe, responsible and compliant Al for SMEs: From generative
Al to the EU Al Act

Course provider:

JoZef Stefan Institute (JSI)

Instructors:

Maja Skrjanc (JS1), Mitja Jermol (IRCAI)

Content: This 2-hour training is designed for SMEs, small and micro companies that are introducing—
or considering the introduction of—artificial intelligence, with a particular focus on generative Al.
Participants receive a structured overview of core Al concepts (including the distinction between data-
driven methods and GenAl, and the role of context, memory and reasoning), alongside a business-
oriented discussion of typical risks in practice (e.g., confidentiality and data leakage, GenAl misuse,
deepfakes and brand/identity fraud).

FAIR data management for artificial intelligence

Course provider:

Jozef Stefan Institute (JSI)
Instructors:

Pance Panov (JSI)

Learning objectives: 1) Understand Al data assets across the lifecycle: how datasets, labels, dataset
splits, features, and evaluation artifacts evolve from collection to reuse; 2) Apply the FAIR principles
to Al work: make data and outputs easier to find, access, combine, and reuse (for teams and future
projects); 3. Create an actionable DMP for Al projects: a lightweight plan that supports reproducibility,
handover, and compliance; and 4) Handle constraints responsibly: recognize sensitive data, ethical
considerations, access limitations, and industry vs research expectations.

13

mikrodokazil, usklajenih z EQF

Efficient LLMOps, hosting, and model quantization

Course provider:

Jozef Stefan Institute (JSI)

Instructors:

Boshko Koloski (JSI), Matej Martinc (JSI), Usama Derebashi (JSI), Nikola Mari¢ (JSI), Saso DZeroski (JSI)

Content: This course covers the operational aspects of large language models (LLMOps), efficient
hosting, and model quantization. LLMOps represents an extension of MLOps for generative models;
it includes practices for managing the entire lifecycle of LLMs—from selection and customization to
deployment and continuous monitoring. Participants learn the differences between MLOps and
LLMOps and why generative models require additional procedures, such as robust data pipelines,
version control, and flexible resource orchestration.

Large language models and domain-specific Al for the
Slovenian agricultural sector

Course provider:

Jozef Stefan Institute (JSI)
Instructors:

Marko Debeljak (JSI) and colleagues

Content: The event aims to provide agricultural stakeholders with a clear, realistic, and application-
oriented understanding of large language models (LLMs) and their potential role in Slovenian
agriculture. Participants will be introduced to the rationale for focusing on high-quality, domain-
specific data and benchmarks rather than individual model versions, and to the role of the national Al
infrastructure (SLAIF) in supporting domain- and language-specific Al solutions. A key objective is to
foster informed expectations, trust, and early engagement of future users by openly addressing both
the capabilities and limitations of current Al technologies in regulated and practice-oriented
agricultural contexts.
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