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Course Overview

● Background - a Short History of LLM Training - 30 minutes (10:00 - 10:30)
● Training and Aligning Large Language Models - 90 minutes (10:30 - 12:00)

● Break - 30 minutes (12:00 - 12:30)

● Problems That Can Be Solved with Alignment (12:30 - 13:00) 

● Use cases: Debiasing and Training Slovenian VLMs (13:00 - 13:30)

● Practical part - vibe coding of algorithms we talked about (13:30 - 14:00)



Chapter 1: 
Background - a Short History of LLM Training



How Do We Model Language?

Language is a discrete combinatorial system of symbols (words, morphemes, subwords):

● Context-dependent semantics: The meaning of a token depends its position within a 
structural sequence and its relation to surrounding tokens (e.g., the word bank can 
mean a financial institution or the side of a river).

● Complex, long-range dependencies: Syntactic and semantic constraints span dozens 
or hundreds of tokens. A model must encode these non-local structural dependencies.

● Unstructured data: Natural text lacks a fixed tabular schema. A language model must 
map noisy, unstructured strings into continuous, structured numerical representations.

● Scale: The corpus required to learn open-domain syntax and semantics encompasses 
billions or trillions of tokens, requiring highly scalable, parallelizable architectures and 
algorithms.



Word2Vec (Mikolov et al., 2013)

• What is a word embedding?
• Low-dimensional, dense continuous vectors representing words-> e.g. [1, 0.4, 5]
• Derived by training shallow neural networks over unlabeled text corpora without 

manual annotations. -> unsupervised training

• Training relies on a simple hypothesis: Words that occur in similar contexts 
tend to have similar meanings (Firth, 1957)

• Common training objectives:
• “Ta suhi <mask> pušča” -> Predict a masked target word from its context 
• “Ta suhi škafec …” -> Predict next word
• “... škafec …” -> Predict surrounding context words given an input token



Neural Networks as Matrix Multiplications:
● Each layer is a matrix of numbers (neurons)
● Each input needs to be changed into number
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Neural Networks as Matrix Multiplications:
● Each layer is a matrix of numbers (neurons)
● Each input needs to be changed into number



From words to vectors - Word2Vec (Mikolov et 
al., 2013)
„Each word is represented as a vector“



The Rise of the Transformer 
(Vaswani et al., 2017)



Key Architectural Advantages
● Self-Attention Mechanism:  models 

pairwise interactions between all 
tokens in a sequence

● Enables fast parallel training 
(multi-head attention)

● Very tweaked (over-engineered) and 
adapted specifically to model 
language 

○ More scalable than RNN 
competition

○ Better modelling than 
competition



Large Language 
Models
● Just a transformer encoder with a 

Softmax head that predicts next 
token

● Everything is much bigger - first 
transformer had less than 100M 
parameters, new chatGPT probably 
3-6T parameters



Pijem kavo z  ___

Autoregressive Generative Modeling - predict 
next word



Pijem kavo z ___

Pijem kavo _____ 

Autoregressive Generative Modelling - 
tokenization 

z 



Many 
options

Pijem kavo z _____ 

mlekom 

mečem 

Janez 

soja 

velik

pekoče

Generative modelling - vocabulary  



Vocabulary

Pijem kavo z _____ 

mlekom 

mečem 

Janez 

soja 

velik

pekoče

Probability

85% 

0.03% 

4% 

4% 

3%

2%

Х 1.97%

Generative modelling 
- estimate probability
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Vocabulary

Pijem kavo z mlekom 

mlekom 

Janez 

soja 

velik

pekoče

Probability

85% 

0.03% 

4% 

4% 

3%

2%

Х 1.97%

Generative modelling - final result

mečem 



Generative modelling - you generate one word 
at a time



Chapter 2: 
Training and Aligning Large Language Models
- Pre-training vs post-training
- Supervised fine-tuning (SFT)
- Different reinforcement learning algorithms
- Optimization



LLM training after 2022 (rise of ChatGPT)
• Pre-training:

• Huge amounts of data - whole internet
• Super expensive

• Post-training:
• Supervised fine-tuning - SFT)
• Preference Alignment (using 

reinforcement learning)



Pre-training - training on large amount of data, using a next word prediction objective  

Training

Pijem kavo z _____ 

English texts

Slovenian 
texts

… texts



Post-training
● What is post-training?

○ Transforming a completion engine into a responsive assistant
■ Teaching instruction-following capabilities, safety guardrails, tone calibration, and 

tool-use integration
■ Much cheaper than pretraining

● Last phase of training before production



Base (pre-trained) model vs post-trained 
model

Base model output 
(Mistral 8x7B)

Post-trained model 
output (Mistral 8x7B)



Post-training
Three main components:
1. Supervised Fine-Tuning (SFT) 

a. Demonstration of human behavior
2. Reward Modeling

a. Model of human preferences
3. Reinforcement learning (RL)

a. Steering generation toward 
desirable policies and away from 
toxic or unhelpful trajectories

b. Several strategies (PPO, DPO, 
GRPO, ORPO)



Supervised Fine-Tuning (SFT)
● Curated pairs of instructions and 

human-vetted answers
● High-quality data in the same 

shape and form as the desired 
output of the model

● The model is trained on this 
examples in the same way as in 
pre-training - next word prediction 
objective

Slika iz Ouyang et al.



Reinforcement learning (RL) - How is it different from SFT?

Supervised Fine-Tuning (SFT) teaches a model by making it imitate expert example answers:

• Close word-level supervision: we align probabilities for each word to match “ground truth” 
• No inference (generation): The model reads a prompt and tries to copy a provided, human-written "ground truth" 
• Format teacher: It injects factual knowledge, vocabulary, and conversational style
• Limitation: SFT tends to memorize the exact training data and can struggle with unfamiliar or out-of-distribution scenarios

Reinforcement Learning (RL) teaches a model through trial and error based on scored rewards:

• Example-level supervision: reward is on the example level - more freedom in loss minimization
• Inference during training: The model generates its own answers to a prompt. A reward model scores the final full result 
• “Reasoning enhancer”: It teaches the model how to use its existing knowledge to solve multi-step problems - builds strong 

generalization skills, better for out-of-distribution scenarios
• Limitation: more unstable training, compute-demanding



Reward Model
● Training examples are pairs of 

preference comparisons
● For each input, a human labels a 

preferred output out of several 
options

● Reward models outputs a scalar 
reward for each output answer



Reinforcement learning (RL/PPO)
● We need a reference model trained 

with SFT, a reward model (also 
LLM) and the model that we 
actually train

● Outputs of the SFT model are 
evaluated by the reward model. 
Rewards are used for model 
training (PPO - proximal policy  
optimization) 



Reinforcement learning (RL) - proximal policy optimization 
(PPO)

● Model is rewarded for “actions” (generated outputs) in the space of all possible actions:
○ The reward function (J) is maximized. The goal is to find the parameters θ that maximize the expected 

reward by learning from the distribution of states (q) and action outcomes (o) under the policy π.

● Problem: we don’t want big updates (which make reward function unstable) and we wish to reward gradual 
improvement, not just the model’s absolute performance 

○ We estimate advantage (A), by subtracting expected reward (calculated by the so-called Critic/Value 
model Vψ) from actual reward - Generalized Advantage Estimation - GAE) 

○ We subtract KL-Divergence Penalty - penalizes the model if Kullback–Leibler distance between 
current policy and reference policy (i.e., policy from previous step) is too big



Advanced Alignment Techniques: DPO, GRPO, and 
ORPO
PPO has problems: training four separate large models simultaneously introduces high memory 
overhead and training instability. 
Direct Preference Optimization (DPO):

- No need to train explicit reward model or do any reinforcement training
- Direct optimization of policy on preference data
- Still needs reference model and KL divergence to prevent  big updates



● Group Relative Policy Optimization (GRPO) 

● Invented by DeepSeek
● Main idea: replace Critic Vψ with simulated averages: 

○ For each prompt, sample a group of responses G from current policy
○ Evaluate each response by reward mechanism (rule-based verifiers, reward model)
○ Normalize across the sample for more stable prediction

● Thinking tokens: reward model rewards better answer and proper format (e.g., more thinking)

•
• DeepSeek did not do SFT at the beginning - fewer training costs 



Group Relative Policy Optimization (GRPO) 

Good backbone for Chain of Thought (CoT) training
• Training the model to solve coding, mathematical and logical problems
• GRPO is optimized to work with rule-based verifiers (like a Python compiler or 

a regex math checker) used for checking the correctness of the final answer
• Long thinking traces are required for CoT - GRPO teaches the model to output 

long thinking traces
• Several outputs (thinking traces) per prompt are generated and evaluated
• Limitation: Cannot check intermediate reasoning steps - modifications are 

needed, e.g. S-GRPO (Serial-Group GRPO) that evaluates intermediate steps by 
forcing the model to "exit early"



Odds Ratio Preference Optimization (ORPO) 

Odds - the probability of an event occurring divided by the probability of it not occurring 
- new type of regularization that does not require the reference model



Can we train LLMs on a laptop?
We can, open-weight models 
up to ~12B parameters
• Weight quantization

• Mapping of continuous 
32-floating-point weights into 
compact 8-bit or 4-bit 
representations.

• Reduces GPU memory bandwidth 
and VRAM requirements by up to 
75% with negligible performance 
drop.

Quantization of 32-bit floating-point vector [0.34, 
3.75, 5.64, 1.12, 2.7, -0.9, -4.7, 0.68, 1.43] into 
int8 vector - takes 4X less space on GPU! 



LoRa: Low Rank adaptation
• Instead of updating the full 

weight matrix, LoRA decomposes 
parameter updates into two 
low-rank matrices, which we train 
and then sum back to the “frozen” 
model

• Reduces the number of trainable 
parameters by up to 99%, offers 
similar performance as 
full-weight training



Chapter 3: 
Problems That Can Be Solved with Alignment



Primary Failure Modes of LLMs
● Lack of internal world models: LLMs optimize statistical 

coherence, not physical reality
● Abstract & Formal Reasoning Deficits: tasks that require 

backtracking, dynamic planning, or strict deductive logic 
● Out-of-Distribution Vulnerability:  Performance degrades 

when input syntax or domain properties diverge from the 
pre-training corpus (Slovenian is still a problem)

● Hallucinations: prefers making up stuff than predicting 
uncertainty



Over-Safety (primer GPT-3.5)

A lot of problems can be solved with post-training, but



Jailbreaking still works



Formal reasoning - can be improved with CoT 
training 



Bias

GPT-3.5 example



Chapter 3.5:
Structured Reasoning
for Alignment
From bias mitigation to knowledge-grounded, auditable model harnesses



Fixing bias requires structure, not only refusal
A biased answer can be caused by data, prompt framing, missing evidence, policy ambiguity, or decoding.

SLAIF - structured reasoning and KG alignment insert

Bias signal
unequal answer / 

over-refusal

Structured reasoning
separate assumptions, 

evidence, rules

Target knowledge
company / domain facts

Harness + training
turn checks into behavior

• Bias mitigation becomes stronger when we can name the source of error: data, policy, evidence, or reasoning path.
• A reasoning graph makes hidden assumptions inspectable and turns failures into reusable training/evaluation data.
• For companies, the target is not generic neutrality only; it is alignment to policy, evidence, brand, law, and escalation 
rules.

Position for this section: organise reasoning first; train only after the harness tells you what is failing.



Running enterprise use case
Customer support reply constrained by policy, records, fairness, and allowed actions.

SLAIF - structured reasoning and KG alignment insert

Prompt

“A customer says their warranty claim was rejected 
unfairly. Draft a reply that is empathetic, accurate, 
consistent with policy, and does not imply assumptions 
about the customer.”

Facts
order, claim, 

product

Policy
warranty / 

refund

Draft
response

Tone
empathy / brand 

voice

Fairness
no stereotypes

Verifier
block / escalate / 

approve

Accept only if all constraints pass

• This same pattern works for HR, banking, public sector, 
healthcare, education, legal QA, and scientific assistants.
• The graph lets us ask: which node failed, and should the 
fix be data, prompt, rule, verifier, or training?



Papers and methods: where each idea fits
A map from prompting to search, graph grounding, process supervision, and training.

SLAIF - structured reasoning and KG alignment insert

CoT one visible chain

Wei et al. 2022

Self-consisten
cy sample many chains

Wang et al. 2022

Tree of 
Thoughts search + backtrack

Yao et al. 2023

Graph of 
Thoughts merge / refine / reuse

Besta et al. 2023

Think-on-Grap
h reason on KG paths

Sun et al. 2023

GraphRAG graph index over corpora

Edge et al. 2024

Process 
rewards score steps

Lightman et al. 2023

DPO / GRPO train preferences / reasoning

Rafailov 2023; DeepSeek 2025

SOTA enterprise stance: do not worship any one method; combine structured inference, target knowledge, verifiers, and feedback loops.



Chain of Thought: one visible path
Useful for decomposition; not a guarantee of truth or faithfulness.

SLAIF - structured reasoning and KG alignment insert

Prompt Step 1
interpret task

Step 2
check evidence

Step 3
apply policy Answer

• Good: asks for assumptions, decomposition, evidence, and concise justification.
• Risk: the explanation can be post-hoc, incomplete, or more persuasive than correct.
• Enterprise rule: ask for short verifiable reasoning, not raw hidden/private chain of thought.

Better prompt pattern: “show assumptions, evidence, checks, and final answer” rather than “dump your full CoT”.



Self-consistency and verifiers
Move from one chain to multiple candidates and independent checks.

SLAIF - structured reasoning and KG alignment insert

Prompt

candidate path 1

candidate path 2

candidate path 3

vote / score
answers

rule verifier
compiler / regex / KG

reward model
or judge

Reliability often comes from diversity + checking, not from making one answer longer.



Tree of Thoughts: search over reasoning states
Generate, evaluate, expand, backtrack.

SLAIF - structured reasoning and KG alignment insert

problem

thought A

thought B

thought C

state A1

state A2

state B1

state B2

state C1

state C2

evaluator
prune / keep final path

Use when early choices matter: planning, diagnosis, complex compliance, multi-step tool use.



Graph of Thoughts: merge, refine, and reuse
A graph is closer to enterprise workflows than a chain or tree.

SLAIF - structured reasoning and KG alignment insert

User
intent

Evidence

Policy

Fairness
check

Tone

Draft
answer

Verifier
loop

Final

The key move: feedback can attach to nodes and edges, not only to the final answer.



Knowledge graphs: align to target data
Move from generic generation to traceable reasoning over company-controlled concepts and relations.

SLAIF - structured reasoning and KG alignment insert

Customer

Claim

Product

Warranty
policy

Allowed
action

Jurisdiction

Escalation
rule

Answer
constraints

• Vector RAG retrieves chunks; a KG also exposes typed entities, relations, provenance, and constraints.
• For enterprise alignment, the graph is the “target state” that the model should know, cite, obey, or escalate.



Pattern: KG-guided reasoning + verification
From generic answer generation to traceable, correctable, auditable answers.

SLAIF - structured reasoning and KG alignment insert

1. Extract entities
customer, product, rule

2. Retrieve subgraph
facts + policy paths

3. Generate candidates
conditioned by evidence

4. Verify
rules, KG, judge

5. Escalate / answer
audit trail

Typical hard checks
• Can every claim be linked to evidence?
• Is this action allowed in the jurisdiction?
• Does the wording preserve fairness and brand 
tone?
• Should this be handed to a human?

Outputs to store
• selected graph path
• candidate scores
• failure reasons
• chosen / rejected responses



What should be aligned where?
Not everything belongs inside model weights.

SLAIF - structured reasoning and KG alignment insert

Need Best mechanism Why

brand tone / response style SFT or preference tuning stable behavioral preference

current facts / records RAG or KG changes often; requires citations

legal and policy constraints deterministic rules + KG must be auditable and explainable

fairness / bias detection eval set + verifier measure shifts before training

complex reasoning ToT / GoT + process reward explore and score intermediate states

high-risk decisions human escalation accountability and missing context

Rule of thumb: train behavior; retrieve facts; codify hard constraints; escalate accountability.



Use cases where graphs beat a single prompt
Three operational examples for company alignment.

SLAIF - structured reasoning and KG alignment insert

Customer support
Warranty graph + customer records + 

allowed-action policy
Output: safe answer + escalation 

decision

HR / hiring assistant
Role requirements + protected 

attribute rules + interview rubric
Output: bias-checked candidate 

communication

Legal / compliance QA
Contract clause graph + jurisdiction + 

policy exceptions
Output: evidence-linked answer with 

risk tier

• The pattern is the same: turn scattered policy and domain knowledge into nodes and constraints.
• Generated answers become auditable because every important claim can be traced to a path or rule.



Use cases for local language and multimodal alignment
This bridges directly into Chapter 4: debiasing and Slovenian VLMs.

SLAIF - structured reasoning and KG alignment insert

Slovenian public sector
Local law, procedures, institutions, 

bilingual terminology
Need: traceable source references

Slovenian VLM localization
Places, symbols, monuments, visual 

context, cultural meanings
Need: native benchmark + cultural KG

Scientific / lab QA
Paper graph, methods, claims, 

datasets, instruments
Need: evidence-linked summaries

Bridge to Chapter 4: debiasing and Slovenian VLM training are examples of the same alignment loop: data → checks → feedback → 
model/harness.



From harness to training data flywheel
Turn structured traces into SFT, preference, process-reward, and regression-test data.

SLAIF - structured reasoning and KG alignment insert

1. Runtime traces
prompt + retrieved path + 

checks

2. Review
human / AI judge + critique

3. Data assets
chosen, rejected, failure 

reason

4. Improve
prompt / KG / verifier / 

weights

Trainable
• tone and style
• format adherence
• refusal / escalation behavior
• critique and correction behavior
• stable preference patterns

Keep external
• fast-changing facts
• access-controlled records
• legal text and policies
• provenance and audit trails
• deterministic business rules



Research positions to present clearly
Help the audience separate consensus, engineering practice, and open research.

SLAIF - structured reasoning and KG alignment insert

1. CoT is useful, but not sacred Ask for concise assumptions/evidence/checks. Do not treat raw CoT as ground truth.

2. Search and verifiers are the SOTA 
direction

ToT/GoT/process reward models shift reliability from “one generation” to “generate + 
evaluate”.

3. KG/RAG is enterprise alignment 
infrastructure

A company needs target data, provenance, access control, and auditable rules.

4. Training comes after measurement
Use DPO/ORPO/GRPO/SFT when the harness identifies stable failure patterns and 
has evals.



Failure modes and fixes
Structured reasoning helps only if the whole system is evaluated.

SLAIF - structured reasoning and KG alignment insert

Hallucination
ground claims in KG/RAG; cite sources

Unfaithful rationale
separate hidden reasoning from user-facing explanation

Reward hacking
use adversarial evals and verifier diversity

Prompt injection
separate user text from trusted instructions/data

Overthinking / latency
budget search; fail closed on low confidence

Verifier failure
test verifiers; keep deterministic checks where possible

Core lesson: more inference-time compute is useful only when paired with better checks and better target data.



Company maturity model for aligned reasoning
From prompt guidelines to a measurable model operating system.

SLAIF - structured reasoning and KG alignment insert

0
Prompt only

style guide in system 
prompt

1
RAG

answers cite target 
documents

2
KG + rules

typed facts, 
constraints, 
provenance

3
Verifier loop

score candidates and 
fail closed

4
Training loop

SFT/DPO/ORPO/GR
PO from traces

5
Governed system

audits, risk tiers, 
human escalation

Practical recommendation for 2026: do not choose between “prompting” and “training”; build the harness that creates better data.



Mini exercise: design your alignment graph
3 minutes before moving into the concrete use cases.

SLAIF - structured reasoning and KG alignment insert

Pick one use case
• customer support
• HR / recruiting
• Slovenian VLM / cultural reasoning
• legal / compliance QA

Draw five nodes
• user intent
• target knowledge
• policy / fairness rule
• candidate generation
• verification / escalation

Decide training signal
• chosen / rejected answer
• critique
• graph path
• failure reason
• human approval

Transition to Chapter 4: now we look at concrete use cases — debiasing and Slovenian VLMs.



Chapter 4: 
Use cases: Debiasing and Training Slovenian VLMs



LLM Bias Detection Analysis and Debiasing Techniques

Large Language Models (LLMs) are increasingly used for content moderation, 
news, summarization and policy-related inquiries:

• Their political orientation matters
• Related work shows that most models are left-liberal

We tackled the following research gaps:
• Most studies were conducted just for English
• Most studies did not consider that several factors can influence model’s 

output (prompt structure, additional context…)

Additionally we ask the following questions:
• How well can the models imitate different political and economic stances 

and can this be used for debiasing?
• How much does bias affect downstream tasks

References: 
Luka Debevc, Matej Martinc. Lost in Translation or Found in Ideology? A Robust Statistical Assessment of Political Bias and Steerability 
in Slovenian Large Language Models. 
Luka Debevc, Nishan Chatterjee, Antoine Doucet, Senja Pollak, Matej Martinc. Navigating the digital spectrum: Assessing political bias, 
stability, and downstream fairness in Large Language Models. 



Analysis Framework: 
Political compass test 
(PCT)

63

• Questionnaire with 62 propositions like:
    Q: I'd always support my country, whether it was right or wrong.
       A: Strongly Disagree, Disagree, Agree or Strongly Agree
• We conducted an evaluation of several LLMs on the PCT, 

inspecting different factors, among them:
o Language (14 languages)
o Influence of input context
o Instruction phrasing and structure
o Persona: 5 distinct personas (base, central, auth-left, 

auth-right, lib-left, lib-right)
o Elicitation Protocol: Multiple choice token probability, Chat 

then answer, thinking



Analysis results

64

• Models tend to be in the left-liberal 
quadrant by default. They also "think" 
their position is central.

• The bigger the model, the better the 
personality steering: "you can steer the 
model on PCT by prompting easily to Lib 
left and Auth Right, but much harder to 
Auth Left and Lib Right"

• Smaller models do not understand bias 
–that is why they are in the middle and 
cannot be steered – also supported by 
our consistency analysis.

• Language, instruction phrasing, 
answer-key type, permutation, 
and persona wording all move the 
recovered coordinates by non-trivial 
amounts



Debiasing
Why should the model not be biased?
• People want the models to be aligned with their own ideology
• Related work shows that models with different political biases exhibit worse performance in 

downstream tasks, e.g., detection of hate speech towards groups with the opposite bias
• You have to be careful though: debiasing procedure can unintentionally inject new biases if done on 

unchecked untargeted data 

Reference: From Pretraining Data to Language Models to Downstream Tasks: Tracking the Trails of 
Political Biases Leading to Unfair NLP Models (https://aclanthology.org/2023.acl-long.656/)



Debiasing: does thinking debias 
the model?

66

• We compare different elicitation protocols:
o Probability of first token
o Chat then answer
o Thinking for Qwen

• Thinking does not debias the model, but it 
reduces the spread - the model becomes 
more anchored in a specific position 



Debiasing by steering

• Research question: Can we move the base left-wing libertarian model more to the center 
by fine-tuning the model on the data generated by the same model imitating the Persona 
with opposite bias, i.e. right-wing authoritarian?

• Procedure: 
a. We create a list of GENERAL TOPICS ("science", "history", "cooking", "geography", "logic puzzles") 

and TARGET TOPICS ("taxation", "immigration", "police powers", "corporate regulations", "national 
borders")

b. Generate about 7K QA pairs covering these topics (50% general, 50% target) using the model with 
opposite bias 

c. Fine-tune the base model on the generated dataset





Does bias affect downstream tasks?

• Tested the model in  base and steered conditions on targeted hate 
speech detection and topic sentiment

• The performance of models varies a lot across different targets
• Ideological persona does not have a larger affect than other factors

69



What about Slovenian models?

70

They tend to be way less steerable, but this 
does not necessarily imply moderation 
according to our consistency study.



Development of the First Slovenian VLM
Vision-language models (VLMs) are designed to integrate 
and process information from both visual and textual 
modalities. 

They handle tasks such as image captioning, visual 
question answering, optical character recognition, and 
visual grounding

Smaller open-source models (and also big proprietary 
models) have issues with:

• Recognizing Slovenian places, people and events
• Problems interpreting culturally situated, 

symbolic, connotative, and metaphorical meaning
• Hallucinations

Gemma-3-12b output
Q: Kaj nam ta slika pove o Sloveniji?
A: Slika nam pove, da se nahajamo v Sloveniji.
To nam povejo naslednje stvari:
Slovenska zastava: Na sliki je slovenska zastava, 
ki je sestavljena iz treh vodorizontalnih pasov - 
belega, modrega in rdečega.
Madžarska zastava: Ob slovenski zastavi je tudi 
madžarska zastava. To kaže na zgodovinsko 
povezanost med obema državama, saj sta bili 
obe nekoč del Avstro-Ogrske monarhije.
Zgradba z uro: Zgradba z uro je verjetno 
državna ali občinska stavba, ki je pogosto 
prisotna v slovenskem urbanem okolju.
Rdeče streho: Rdeče strehe so pogoste
v Sloveniji



Development of the First Slovenian VLM
Core Contributions: 

a. A large, publicly available VLM instruction-tuning dataset in a 
dialog format.

b. First open-source Vision-Language Models (VLMs) specifically 
tailored for the Slovenian language.

Availability: Dataset, models and code are publicly released:

c. SVILA-1-4B: https://huggingface.co/GaMS-Beta/SVILA-1-12B

d. SVILA-1-12B: https://huggingface.co/GaMS-Beta/SVILA-1-4B

e. Dataset: https://clarin.si/repository/xmlui/handle/11356/2050

f. Code: https://github.com/matejMartinc/SVILA

References: Matej Martinc and Domen Vreš. 2025. A Large-Scale Instruction-Tuning Dataset and Models for 
Slovenian Vision-Language Tasks. 

https://huggingface.co/GaMS-Beta/SVILA-1-12B
https://huggingface.co/GaMS-Beta/SVILA-1-4B
https://clarin.si/repository/xmlui/handle/11356/2050
https://github.com/matejMartinc/SVILA


Dataset Construction (SLO-VLM-IT-Dataset 1.0)
Problem: Existing Slovenian datasets (WIT, GLAMI-1M) were either too sparse or too domain-specific (e.g., fashion only).

Solution:  A resource-efficient "Knowledge Distillation" strategy, using larger proprietary models to generate training data for 
smaller open-source models.

• Total Size: 1,128,228 diverse examples.

• The Dual Strategy:

• Translated Foundation: Machine-translated version of LLaVA-665k (using Gemini 1.5 Pro) to establish general 
instruction-following capabilities.

• Native Content: Culturally specific data to adapt the model to the Slovenian context.

• Native Data Sources:

• Wikipedia: ~140K examples derived from Slovenian articles.

• News Portals: ~300K examples from RTV, Siol, and 24ur (scraped Feb-March 2025).

• Data Curation: All native examples were converted into instruction-tuning format using Gemini 1.5 Pro.





Dataset Composition & Prevention of Forgetting
• Task Diversity:

• OCR

• Visual Grounding (generating bounding boxes)

• Detailed image description and complex reasoning

• Handling OCR Data:

• Prompts translated to Slovenian

• Ground truth text (e.g., text on book covers) left in original language (English) to ensure accurate extraction 
training

• Preventing Overfitting:

• Added LLaVA-665k (English) subset to prevent catastrophic forgetting of general capabilities

• Added Text-Only Datasets (GaMS FT, NEMOTRON FT) to prevent the model from overfitting on multimodal inputs 
and losing pure language proficiency



Model Architecture and Fine-tuning
• Backbone: Google’s Gemma-3 multimodal models (4B and 12B parameters) - Selected for its strong existing multilingual capabilities
• Architecture Type: Unified design (unlike dual-encoder models like CLIP).

• Uses a pre-trained SigLIP vision encoder.
• Images are treated as sequences of "soft tokens" fed into the decoder-only transformer.

• Fine-Tuning Strategy: Supervised Fine-Tuning (SFT).
• Vision Encoder: Frozen during training.
• LLM & Projector: Full-weight training.

• Hardware: EuroHPC Leonardo Booster.
• Resources:

• 8 Nodes (Total 32 NVIDIA A100 GPUs, 64GB VRAM each).
• High-speed NVLINK and Infiniband connections.

• Training Configuration:
• Optimization: DeepSpeed ZeRO-2.
• Hyperparameters: Learning rate 1e-5, Warmup 0.05, Max sequence length 3000 tokens.
• Duration: SVILA-4b (24 hours) and SVILA-12b (48 hours) for one epoch.



Evaluation Framework (New Benchmark)
• Problem: No "off-the-shelf" VLM benchmark existed for 

Slovenian

• Solution: Creation of a manually curated Test Set (3,780 
examples).

• Quality Control: Manually reviewed by native speakers 
to correct grammatical errors, fix cultural references, 
and localize units (e.g., feet to meters).

• Task Categories:

1. Visual Grounding: Bounding box extraction 
(Metric: IoU).

2. Multi-Choice VQA: Selecting correct options 
(Metric: Accuracy/F1).

3. OCR: Text extraction from images (Metric: 
CER/WER).

4. General VQA: Visual reasoning (Metric: 
LLM-as-a-Judge).



Task examples

Visual Grounding
Q: Prosimo, navedite koordinate 
omejevalnega okvirja za območje, ki ga 
opisuje ta stavek: Črna čelada, ki jo nosi 
moški.
A: [0.37, 0.01, 0.54, 0.16]

Multi choice QA
Q: Kaj ima ženska oblečeno?
    A. pižamo    B. obleko   C. naramnice D. kavbojke
    Odgovori zgolj s črko izbranega odgovora.
A: B

OCR
Q: Kdo je napisal to knjigo?          
A: Brenda Jackson"
Q: Kakšen je naslov te knjige?
A: A Lover's Vow (The Grangers)"



Model evaluation
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SLO-VLM-IT benchmark• SVILA outperforms base Gemma 
models on the machine translated 
benchmark by a large margin

• Problem: On the newly developed 
Native Slovenian benchmark, 
SVILA-1-4B outperforms 
Gemma-3-4B-IT, but Gemma 
Gemma-3-12B-IT outperforms 
SVILA-1-12B  

• Local adaptation only improves the 
small 4B model on the native 
benchmark, most likely due to 
machine-translated/generated 
training dataset



Solution 1: New VLM  dataset
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New:
VLM semantics SLO benchmark:

• Native VQA Slovenian multimodal benchmark for 
studying cultural and semiotic reasoning in 
vision-language models 

• Roughly 5000 images, 50k image-text pairs, 90% for 
training, 10% used for benchmark

• Covers all 82 top-level categories of the Outline of 
Cultural Materials (OCM) taxonomy

• Dataset available 
at: https://huggingface.co/datasets/maticmatusek/VL
M_semantics_SLO_benchmark

Q: Kaj nam ta slika pove o Sloveniji?
A: Slika prikazuje slovensko in ljubljansko 
zastavo, ki plapolata nad grajskim stolpom v 
Ljubljani, kar simbolizira nacionalno 
identiteto, ponos ter povezavo med državo 
in njenim glavnim mestom. Prisotnost obeh 
zastav poudarja tako državno kot tudi 
lokalno pripadnost.
Q: Opiši glavni motiv slike in elemente, ki ga 
podpirajo v ozadju.
A: Glavni motiv slike sta slovenska in 
ljubljanska zastava, ki v vetru ponosno 
plapolata. V ozadju in kot podlaga jima služi 
grajski stolp z uro. Kompozicijo dopolnjuje 
tudi jasno modro nebo, proti kateremu se 
zastavi dvigata, in delno vidno zelenje dreves.

https://huggingface.co/datasets/maticmatusek/VLM_semantics_SLO_benchmark
https://huggingface.co/datasets/maticmatusek/VLM_semantics_SLO_benchmark


Solution 2: Training via Self-Evaluation

Objective: Prevent the model from overfitting to low-quality, generated/translated datasets by leveraging its inherent 
strength in evaluation capabilities

● 1. The Problem: The "Machine Translation" Bottleneck
○ Many multilingual, localized or generated datasets are of lower quality than human made datasets.
○ Training on this data forces the model to overfit to "translation-ese"—inheriting unnatural phrasing, loss of 

cultural nuance, and syntactic artifacts.
○ Standard Supervised Fine-Tuning (SFT) on this data limits the model's ability to achieve true native fluency.

● 2. The Core Hypothesis: Verification > Generation
○ Current LLMs exhibit a well-documented asymmetry: They are significantly better at ranking, fact-checking, 

and critiquing text than they are at generating text.
○ A model might struggle to write a perfect answer on the first try, it can reliably identify errors



Agentic Workflow for Iterative Self-Correction: Generating Preference Data on the Fly

Objective: Replace static SFT datasets with a dynamic, agent-driven loop that generates its own continuous critiques, 
revisions, and preference pairs.



Online Model Optimization via ORPO and Dual-Pass Training

Objective: Directly optimize the model using the agent-generated trajectories without needing a separate Reward Model 

1. Odds Ratio Preference Optimization (ORPO):

○ The model calculates log-probabilities for both the Chosen and Rejected responses dynamically.
○ Unified Loss: Loss SFT on good examples + loss ORPO on good and bad examples

■ SFT Loss on good gold standard answers and corrected answers of good quality.
■ ORPO Penalty: Uses an odds-ratio penalty to push the model away from the specific mistakes made 

in the Rejected agentic attempts - bad corrections, bad gold standard answers.

2. Dual-Pass Meta-Learning:

○ Generator Pass: Trains the model to generate good answers from the raw prompt.
○ Critique Pass: Trains the model to take a (Bad Answer + Critique) and output a Corrected Answer, explicitly 

teaching the model how to be a good critique.



Practical part - vibe coding of algorithms we talked about




