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Introduction

• Leading Centre for Linguistics for 75 years

• 30 year experience in Corpus linguistics

• One of the leading centres of HU language technology

• Leading regional player since 2010

• Coordinators of several EU funded projects in HLT

• Switched to neural net NLP in 2020

• Only player in Hungary to produce HU LLM’s

• Own A100 GPU Supercomputer Cluster

Technology Data Compute



A PULI család
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Pretrained PULI models (LLM)

2022: PULI 3SX 
(a.k.a.GPT-3SX)

• 6,7 B parameters

• Trained Hungarian only 

• 32 B HU token Corpus 
(mainly from Common
Crawl text) 

2023: PULI Trio (GPTrio)

• 7,7 B parameters

• HU, EN, ZH trilingual

• 41 B HU token corpus



Hungarian training data: ~41 milliárd szó

82.8%

11.9%

2.7%
2.3%

0.3%

Common Crawl (Internet)

Nemzetközi gyűjtemények

Magyar Nemzeti Szövegtár

Közösségi Média

Magyar Wikipédia



Trilingual Corpus: >150 B words
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HU tuned PULI modell (LLM)

2024: PULI Llumix 32K

• 6,7 B parameters Llama-2

• 2 B multilingual tokens 
including 600m? HU 
tokens

• 8 B HU words



Instruct
PULI 
modellek

• ParancsPULI

• 7,7 milliárd paraméteres utasításkövető 

(instruct) GPTrio

• PULI LlumiX 32K Instruct

• 6,7 milliárd paraméteres utasításkövető 

Llama-2



PULI Llumix 32K Instruct
(12440 Hungarian prompts)
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How well do LLM’s 
know Hungarian?
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ChatGPT in Hungarian

• GPT-3 training corpus:

https://seo.ai/blog/how-many-languages-does-chatgpt-support

Rank Lang No. of 

words  

% 

share

1. En 181 014 683 608 92,65

2. Fr 3 553 061 536 1,82

… … … …

19. Hu 127 224 375 0.065



PULI vs GPT-3

GPT-3
(ChatGPT)

~175 billion parameter
~200 billion words

~127 million words

PULI
(ParancsPULI)

~billion parameter
~150 billion words

~41 billion Hu words



Language map of 
Llama-2

2 Trillion x 0,03% = 
600 m  Hu tokens
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Language map 
of mC4 corpus

39 B Hu tokens 
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CulturaX Corpus: 43 B Hu tokens 

15



CulturaX Corpus 
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Conclusions so far

• The latest multilingual LLM’s know Hungarian pretty well

• Pretrained global LLM’s see enough data in Hungarian 

• Continued training in HU require much less data

• Instruct tuning require smaller datasets, which require more efforts to produce
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The rationale to develop Hungarian LLM’s

• Sovereignity from global tech players

• Data security

• Linguistic competence

• Cultural alignment

• Responsible, explanable AI

• Cost (!)



New global trends 



Small but smart models
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Open source models
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quantized models
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Llama Guard 3
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Evaluation 
EvaluationEvaluation



What makes LLM’s smart

• Pre-training (attention, “find the next word”)  general linguistic competence

• Instruct tuning (RLHF, DPO)  alignment

• Cross-linguistic transfer multilinguality
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HuLU (Hungarian Language Understanding
Benchmark Kit)

• Hungarian benchmark to evaluate Hungarian language models (modelled on GLUE)

• https://hulu.nytud.hu

• 7 benchmarks:

• HuCB (A CommitmentBank Corpus magyar változata)

• HuCOLA (Elfogadhatósági ítéletek korpusza)

• HuCoPa (A hihető alternatívák korpusza)

• HuRTE (Következtetések felismerésének korpusza)

• HuSST (A Stanford Sentiment Treebank magyar változata)

• HuWNLI (Anafora-feloldási korpusz)

• HuRC (Reading Comprehension with Commonsense Reasoning)

https://hulu.nytud.hu/


Evaluation

Few-shot – base models

HuCOLA HuSST HuRTE

PULI GPT-3SX 54.27 64.27 57.42

PULI GPTrio 52.71 61.58 54.54

PULI LlumiX 32K 57.66 76.89 66.98

SambaLingo Hungarian Base 56.96 76.55 51.25



Evaluation

Zero-shot (instruct models)

HuCOLA HuSST HuRTE

PULI GPT-3SX Instruct 61.76 46.27 52.09

PULI GPTrio Instruct 52.12 59.20 58.14

PULI LlumiX 32K Instruct 62.41 69.60 72.58

SambaLingo-Hungarian-Chat 53.06 55.15 60.98

ChatGPT (turbo 3.5) 49.10 36.99 50.26

text-davinci-001 50.78 35.48 49.06



HuGME
(Hungarian Generative 
Model Evaluation)

• Summarization

• Answer Relevancy

• Hallucination

• Toxicity

• Bias

• MMLU

• TruthfulQA

• ~6000 magyar prompt 

• Based on DeepEval system

• Work in progress

















Overall conclusions 



The eco-system has changed

• The latest multilingual LLM’s know Hungarian pretty well

• Pretrained global LLM’s see enough data in Hungarian 

• Continued training in HU require much less data
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Objectives of HU model development must be reviewed

• The rationale for national language model developmen still apply (less so regarding 
general language competence)

• Pre-training from scratch is not viable

• Multilingual models are more robust anyway (cross-lingual transfer)

• Focus less on general linguistic capabilities than on  alignment

• Instruct tuning require smaller datasets, but require more efforts to produce
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New goal: bring LLM’s to local devices

• Technologies to make LLM’s more useful and relevant (RAG, PEFT, LORA)

• Quantized models

Make LLM’s more accessible and adaptible locally
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Thank you for your attention
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