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Abstract. This paper presents the development and evaluation of PULI-
LlumiX-Llama-3.1 Chat and PULI Trio Q Chat, the first Hungarian-focused
conversational large language models based on the Llama 3.1 and Qwen 2.5
architectures. Extending previous work on Hungarian instruction-following
models, we applied continual pre-training on multilingual and Hungarian cor-
pora, followed by supervised fine-tuning on an expanded instruction dataset
including Hungarian, English, and Chinese prompts. Our models demon-
strate significant performance improvements on Hungarian language under-
standing benchmarks, as well as on few-shot and zero-shot tasks, compared
to earlier PULI models. Additionally, they show enhanced capabilities in
machine translation and multi-turn dialogue handling. These results high-
light the effectiveness of continual pre-training and fine-tuning strategies for
adapting large language models to low-resource languages like Hungarian,
and provide a foundation for future research in conversational AI for under-
represented languages.
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1. Background

In recent years, large language models (LLMs) have gained significant attention,
as companies compete to develop models capable of solving a wide range of nat-
ural language processing tasks through extensive data training. The release of
ChatGPT1 by OpenAI2 showcased unprecedented capabilities, achieved through
a multi-stage fine-tuning process. Nevertheless, while ChatGPT and similar large
language models have been extensively trained for major languages, no conversa-
tional model has been developed specifically for Hungarian. Companies such as
OpenAI typically include minimal Hungarian content in their training corpora, as
is the case with most small, low-resource language with limited amount of available
datasets.

For Hungarian, the first instruction-following model was introduced by Yang et
al. [34], based on the Llama 2 architecture [29]. While this model demonstrated
significantly improved performance compared to previous Hungarian LLMs on local
benchmarks, it still lacks key functionality, most notably, the ability to engage in
natural, conversational interaction.

Conversational fine-tuning datasets require substantial human resources due to
their multi-turn interaction structure, and, as mentioned earlier, such datasets are
currently lacking in the Hungarian language. In our recent research, we lever-
aged the advantages of transfer learning and, following the approach of Yang et
al. [34], we applied continual pre-training to the Llama 3.1 8B Instruct [10] and
Qwen2.5 7B Instruct [31] models to adapt their conversational capabilities to the
Hungarian language. Our newly continual pre-trained base models are named
PULI-LlumiX-Llama-3.1 and PULI Trio Q. The name “PULI” refers to the
eponymous Hungarian dog breed. This dog is not only a cultural symbol in Hun-
gary, but is also known for its agility, energy, and intelligence despite its small size.
By choosing this name, we emphasize similar qualities in our small but capable
model. Our base models are available at our Hugging Face repository3.

2. Related work

The global prominence for decoder-only transformer-based large language chat
models was brought forth by OpenAI’s GPT model family [21] which was pri-
marily trained on English data. In the past years, an array of new models have
appeared at a rapid pace. Besides OpenAI’s GPT series, the most notable closed-
source families include Claude [2] by Anthropic and Gemini [7] by Google. More
recently, open-source Deepseek models [8] have emerged as one of the most no-
table developments within the LLM landscape. They introduced techniques such
as supervised fine-tuning (SFT) and Group Relative Policy Optimization (GRPO),

1https://chatgpt.com
2https://openai.com
3https://huggingface.co/NYTK
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which helped improving training efficiency and lowering computational costs, while
maintaining competitive performance.

Other open-source model families include Alibaba’s Qwen series and the sub-
sequent Qwen2 models [31], which comprise a range of base models as well as
instruction-tuned LLMs, spanning from 0.5B to 72B parameters. The series also
includes a Mixture-of-Experts (MoE) model, further broadening the available ar-
chitectures and training strategies within open-source development.

In some instances makers of closed-source model families also release open-
source series such as is the case with Google’ Gemma model family. Their latest
model, Gemma 3 [28] is a multimodal and multilingual model, available in various
parameter sizes ranging from 1B to 27B, with a 128k-token context window.

Meta’s Llama series [29, 30] has also played a central role in improving ac-
cess to high-performance models. Their multilingual pre-training, range of model
sizes, and general-purpose capabilities have made them widely adopted, especially
in contexts of smaller language model development, where training data and in-
frastructural capacities are limited.

Llama-2-7b was adapted to Hungarian by SambaLingo for its pre-trained bilin-
gual base model, Sambalingo-Hungarian-Base [6]. The model, that also has its
chat version, was trained on 59 billion tokens sourced from the Hungarian split
of the Cultura-X corpus [19]. While it represents a significant step for Hungarian
LLM-development, the monolithic nature of the training data places limitations on
its ability to recognize the nuances and genre diversity of the language.

Finally, another model family with notable Hungarian representation is the Eu-
roLLM series [18]. As of the time of writing, their flagship model, EuroLLM-9B,
was trained on 4 trillion tokens drawn from all EU official languages. However,
during pretraining – prior to instruction tuning and alignment – the dataset re-
mained predominantly English, with the language comprising 32.5–50% of the over-
all token mix. This raises concerns about the effective representation of mid- and
low-resource languages in the model, including Hungarian.

Due to limited computational resources, we opted for an approach involving
continual pre-training. This method allows us to incrementally update the model
with new data without retraining from scratch, making it a more resource-efficient
alternative.

3. Datasets and PULI models
In our continual pre-training experiment, we followed the methodology of [34].
In Table 1, we present the main characteristics of the continual pre-training cor-
pora. For the PULI long and English parts, we used the same corpora (containing
8,077,464,716 words) as employed in the work of Yang et al. [34], but we addi-
tionally incorporated the Hungarian Wikipedia to enhance the model’s knowledge
of the Hungarian language. For the Chinese part, we used the Wu Dao 2.0 cor-
pus [37], which consists of long documents (over 15,000 characters) drawn from its
publicly available portion. During the pre-training experiments, we observed that
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the model generated more grammaticality errors in its outputs. To address this
issue, we concluded the training with a Hungarian-only dataset. In this final phase,
our goal was not only to enhance the model’s proficiency in Hungarian, but also to
provide it with up-to-date information. Accordingly, the dataset was composed of
carefully selected Hungarian articles published over the past six years. The corpora
used in this stage were: Hungarian Wikipedia (2019–2025), containing 174,945,601
words, and Hungarian news articles (2019–2025), containing 622,275,769 words.
The characteristics of the final-stage corpus are presented in Table 1.

Table 1. Corpus characteristics for continual pre-training.

Documents Words Average document length
average / median (word)

PULI long (hu) 763 704 7 902 519 115 10 823.38 / 7 149
Long Context QA (en) 88 957 1 009 562 704 11 348.88 / 11 274
BookSum (en) 9 600 42 339 698 4 410.39 / 3 266
Wu Dao 2.0 long (zh) 174 118 2 855 217 266 16 398.17 / 14 767

(Characters) (Characters)
Final stage (hu) 1 411 979 797 221 370 443.65 / 217

The continual pre-training phase employed different multilingual mixtures for
each model. The PULI-LlumiX-Llama-3.1 (bilingual) model was trained on a com-
bination of the PULI long and English components. In contrast, the PULI Trio
Q (trilingual) model utilized a mixture of the PULI long, English, and Chinese
components. The training process for both models concluded with a final stage
using exclusively Hungarian data.

For fine-tuning, we used the same basic corpus as in the work of Yang et al. [34],
but we significantly expanded the instruction dataset. To better align the model
with conversational use, we also collected a large number of dialogue-style prompts
and replaced the Stanford Alpaca instruction template with the Llama 3 and Qwen2
chat templates to ensure consistency with the base models’ instruction style. Our
contributions to the fine-tuning dataset include:

• HuLU benchmark [15] prompts: Increased to 7,344 segments;

• MILQA benchmark [20] prompts: Increased to 2,191 segments;

• Graduation tasks: Increased to 5,589 segments;

• Title, keyword generation, and summarization tasks [3, 33]: Increased to
3,000 segments;

• Conversational and instructional prompts [14, 17, 26, 38]: Hungarian-specific
content, totaling 10,884 prompts;

• Psychiatric content [9]: 315 interviews;
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• Text simplification [24]: 2,274 prompts;

• Named Entity Recognition prompts: 2,300 prompts generated from NYTK-
NerKor [25];

• University exam: 166 publicly available questions covering tourism, business,
geography, and economics.

• User questions: Increased to 935 segments. These prompts are generated by
questions that users ask from our demo models. In these cases, the answers
are manually written by annotators.

• Poem prompts: 11,800 prompts collected from Hugging Face4.

• Miscellaneous: Increased to 3,358 segments. Prompts from different customer
datasets that can be made public.

In total, our Hungarian fine-tuning dataset consists of 44,626 segments. In our su-
pervised fine-tuning, inspired by Yang et al. [34], we mixtured English and Chinese
prompts to our Hungarian prompts:

• Bilingual prompt dataset: In the case of LlumiX model, we added 85,775
English prompts: Stanford Alpaca [27], Dolly [5] and llama-instruct5.

• Trilingual prompt dataset: In the case of Trio model, beside the English
prompts, we added 50,130 Chinese prompts: neo_sft_phase26 Chinese part.

To evaluate the performance of our models, we compared them with the previous
PULI models:

• PULI 3SX is a GPT-NeoX-based [4] model with 6.85 billion parameters,
pre-trained from scratch on a monolingual Hungarian corpus of 36.3 billion
words.

• PULI Trio: Another GPT-NeoX-based model, with 7.67 billion parameters,
trained from scratch as a Hungarian-English-Chinese trilingual model. The
Hungarian subset of the training data contains 41.5 billion words.

• PULI LlumiX: A continued pre-training adaptation of Llama 2 [30]. The
original Llama 2 model was trained on approximately 600 million Hungar-
ian tokens. This version was further trained on an additional 7.9 billion
Hungarian words, emphasizing long-form documents exceeding 5,000 words.
Additionally, the context window has been expanded to 32,768 tokens.

4https://huggingface.co/datasets/leinadsened/hungarian-poems-with-instructions
5https://huggingface.co/datasets/togethercomputer/llama-instruct
6https://huggingface.co/datasets/m-a-p/neo_sft_phase2
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4. Methods and experiments
In our current research, we adapted two multilingual LLMs to Hungarian. Our
goal was to balance computational efficiency and performance; therefore, inspired
by [34], we selected the Llama 3.1 8B Instruct [10] and Qwen2.5 7B Instruct for
continued pre-training to adapt it to Hungarian. According to prior research,
transfer learning plays a crucial role in language adaptation, and instruction-tuned
models contain valuable structured knowledge compared to base models. However,
we found no previous research that applies continued pre-training on an instruct
model for language adaptation.

For the training, we used the LLaMA-Factory [40] framework with the following
hyperparameters: global batch size = 128; learning rate = 1e-5; precision = bf16
(Llama) / fp32 (Qwen); context length = 16,384 (Llama) and 32,768 (Qwen);
epochs = 1.

We trained two base models from the Llama and Qwen Intruct models, and two
conversational or chat models from it:

• PULI-LlumiX-Llama-3.1: The Llama 3.1 8B Instruct model were contin-
ual pre-trained on bilingual (Hungarian-English) dataset, then completed on
monolingual Hungarian dataset.

• PULI-LlumiX-Llama-3.1 Chat: The PULI-LlumiX-Llama-3.1 model
were supervised fine-tuned on our bilingual (Hungarian-English) fine-tuning
dataset, with 3 epochs.

• PULI Trio Q: The Qwen2.5 7B Instruct model were continual pre-trained
on trilingual (Hungarian-English-Chinese) dataset, then completed on mono-
lingual Hungarian dataset.

• PULI Trio Q Chat: The PULI Trio Q model were supervised fine-tuned
on our trilingual (Hungarian-English-Chinese) fine-tuning dataset, with 3
epochs.

For the conversational supervised fine-tuning, we also used the LLaMA-Factory
framework with the following hyperparameters: global batch size = 64; learning
rate = 1e-5; precision = bf16 (Llama) / fp32 (Qwen); context length = 32,768;
epochs = 3.

For the fine-tuning evaluation on the HuLU benchmarks, we used the Hugging
Face implementation7.

All training was conducted on four NVIDIA A100 GPUs (80 GB each), utilizing
the Accelerate library [11], Fully Sharded Data Parallel [39] and Liger Kernel [12]
in all cases.

For the few-shot and zero-shot evaluation tasks, to ensure a fair comparison,
we applied the same settings, evaluation metrics, prompts, and methodologies as
described in the study by Yang et al. [35].

7https://github.com/huggingface/transformers/tree/main/examples/pytorch
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5. Results and evaluation
First, we examined the vocabularies and the Hungarian training data subsets of
the openly available Hungarian LLMs. In Table 2, the Hungarian dataset/subset
(in words), vocabulary sizes, and fertility values [1] are observed. The fertility val-
ues were calculated from the largest PULI corpus [36], which consists of 41 billion
words. Table 2 highlights the impact of training corpus composition on vocabulary
and fertility values. The earlier PULI models (3SX and Trio), trained exclusively
or primarily on Hungarian data, used vocabularies optimized for Hungarian mor-
phology and word formation, resulting in lower fertility values (1.58–1.63). This
reflects a tighter, language-specific tokenization. In contrast, the newer LlumiX
and Trio Q models – pre-trained on multilingual corpora with larger token vocabu-
laries – exhibit higher fertility (around 3.0), indicating a shift toward tokenization
schemes influenced by multilingual instruction models. This change reflects a bal-
ance between leveraging multilingual model architectures and retaining adequate
representation for Hungarian.

Table 2. Hungarian datasets, vocabularies and fertilities of
PULI LLMs.

Dataset Vocab Fertility
PULI 3SX 36.3B 50,048 1.634
PULI Trio 41.5B 150,016 1.585
PULI LlumiX 7.9B 32,000 3.058
PULI-LlumiX-Llama-3.1 9.7B 128,256 3.062
PULI Trio Q 9.7B 152,064 3.126

Table 3. Few-shot and zero-shot results.

Few-shot
HuCOLA HuRTE HuSST

PULI 3SX 51.51 52.40 54.57
PULI Trio 53.47 54.30 54.96
PULI LlumiX 55.84 61.49 68.53
PULI-LlumiX-Llama-3.1 71.26 72.63 69.38
PULI Trio Q 63.85 62.98 70.79

Zero-shot
PULI 3SX Instruct 61.76 52.09 46.27
PULI Trio Instruct 51.97 74.54 54.50
PULI LlumiX Instruct 66.98 74.54 70.06
PULI-LlumiX-Llama-3.1 Chat 72.98 86.76 79.44
PULI Trio Q Chat 76.68 86.10 78.04
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In our second evaluation phase, we conducted few-shot and zero-shot experi-
ments. To ensure a fair comparison with the previous work of Yang et al. [35], we
evaluated our models on HuCOLA, HuRTE, and HuSST using the same method-
ologies and metrics (balanced accuracy). Performance improved consistently across
both few-shot and zero-shot tasks from PULI 3SX to the latest models. The
PULI-LlumiX-Llama-3.1 Chat and PULI Trio Q models outperformed all previ-
ous iterations, with PULI-LlumiX-Llama-3.1 Chat achieving the highest scores
on the HuCOLA, HuRTE, and HuSST benchmarks compared to PULI Trio Q.
This underscores the effectiveness of continual pre-training and conversational fine-
tuning on Hungarian datasets in enhancing model generalization. Interestingly, in
the HuCOLA task, the Qwen-based PULI Trio Q model achieved the best result,
demonstrating strong adaptability to specific tasks, even when those tasks are lin-
guistically specialized.

Table 4 presents the few-shot and zero-shot experiments on English–Hungarian
(en–hu) and Hungarian–English (hu–en) machine translation tasks. The evaluation
metrics used were SacreBLEU [23] and ChrF [22], reported as BLEU / ChrF scores.
The results show that the latest models exhibit significantly improved translation
capabilities compared to the earlier PULI versions. In both few-shot and zero-
shot translation tasks, the PULI-LlumiX-Llama-3.1 Chat and PULI Trio Q Chat
models displayed marked improvements over their predecessors. The Chat vari-
ants significantly outperformed the earlier LlumiX and Trio models, particularly
in the zero-shot setting, with PULI-LlumiX-Llama-3.1 Chat achieving the highest
BLEU and ChrF scores. This suggests that conversational fine-tuning not only
enhanced dialogue handling but also contributed to stronger cross-lingual transfer
and translation capabilities.

Table 4. Comparison of PULI multilingual models on machine
translation task.

en-hu hu-en
Few-shot

PULI Trio 14.42 / 45.12 19.69 / 48.27
PULI LlumiX 13.73 / 42.30 15.43 / 35.84
PULI-LlumiX-Llama-3.1 19.31 / 50.58 29.27 / 56.77
PULI Trio Q 21.24 / 52.68 31.42 / 59.41

Zero-shot
PULI Trio Instruct 24.86 / 52.51 26.88 / 53.34
PULI LlumiX Instruct 18.32 / 50.63 27.85 / 56.56
PULI-LlumiX-Llama-3.1 Chat 37.79 / 63.02 43.62 / 66.79
PULI Trio Q Chat 30.08 / 58.39 38.45 / 63.58

In the third phase of our evaluation, we performed fine-tuning experiments on
our LLMs. Table 5 presents the fine-tuning performance of our new models. For
evaluation, we further fine-tuned the models on four HuLU benchmarks [15] using
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the LoRA [13] and full parameter fine-tuning method. The evaluation metrics were
the original HuLU metrics, Matthews Correlation Coefficient (MCC) and Accuracy
(ACC), respectively. We experimented with various hyperparameters; in the results
tables, we report only the best results achieved. The results from HuLU bench-
marks reinforce the superior performance of the conversationally fine-tuned models.
PULI-LlumiX-Llama-3.1 Chat consistently achieved the best scores across all tasks,
notably surpassing previous models in HuCOLA, HuCoPA, HuRTE, and HuSST.
PULI Trio Q Chat, while trailing slightly behind LlumiX, still outperformed all
older PULI models. This demonstrates the clear advantage of fine-tuning with a
carefully designed conversational dataset, especially when paired with continual
pre-training.

Table 5. Performance of the PULI-LlumiX-Llama-3.1 and PULI
Trio Q models, on the HuLU benchmarks.

HuCOLA HuCoPA HuRTE HuSST
(MCC) (MCC) (MCC) (ACC)

PULI 3SX Instruct 59.5 5.3 55.5 79.7
PULI Trio Instruct 63.1 44.5 59.2 79.1
PULI LlumiX Instruct 70.3 73.4 68.2 81.9
PULI-LlumiX-Llama-3.1 Base 69.2 74.1 71.9 82.2
PULI-LlumiX-Llama-3.1 Chat 72.54 74.1 76.0 83.1
PULI Trio Q Chat 64.7 67.1 68.8 82.1

We also conducted an experiment in which we fine-tuned the PULI-LlumiX-
Llama-3.1 Base and PULI-LlumiX-Llama-3.1 Chat models. As expected, the Chat
model achieved higher results in this comparison, likely because it had already
encountered some examples from the HuLU benchmarks during its conversational
training.

A sample conversation is shown in Table 6, demonstrating the model’s (PULI-
LlumiX-Llama-3.1 Chat) ability to follow instructions and maintain context across
multiple turns. In this example, we asked the model to list three characteristics
for various entities: dog, snail, table, carrot, love, and the transcendent. At the
end of the conversation, we asked it to list four characteristics instead. As shown
in Table 6, the model consistently provided three relevant features for each entity,
and correctly responded with four when requested.

6. Conclusion
In this work, we introduce PULI-LlumiX-Llama-3.1 Chat and PULI Trio Q
Chat, our first conversational Hungarian large language models, based on the
Llama 3.1 and Qwen2 architectures. Building upon the foundation laid by Yang
et al. [34], we expanded both the pre-training and fine-tuning datasets. Our
new model achieved notable improvements across multiple HuLU benchmarks and
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demonstrated enhanced conversational capabilities for Hungarian compared to pre-
vious LlumiX versions.

Table 6. Example snippet of a conversation.

User: mondj három tulajdonságot a kutyákról
(’tell me three characteristics about dogs.’)

Assistant: 1. A kutyák hűségesek és odaadóak gazdáik iránt.
2. A kutyák képesek felismerni és reagálni az emberi érzelmekre.
3. A kutyák nagyszerű képességgel rendelkeznek a szagokat és zajokat
érzékelni.

User: csigák? (’snails?’)
Assistant: 1. A csigák ügyesek a mászásban és kiválóan képesek felmászni a

felületeken.
2. A csigák képesek kemény héjú otthonukat önmagukban visszahúzni és
védelmet nyújtani számukra.
3. A csigák nagyon válogatósak és csak bizonyos növényeket táplálkoznak,
melyek létfontosságú tápanyagokat biztosítanak számukra.

... ...
User: és a transzcendens? (’and the transcendent?’)
Assistant: 1. A transzcendens olyan fogalom, amely a mindennapi élettől való fizikai

vagy szellemi távolságra utal, és gyakran kapcsolódik a spirituális vagy
misztikus tapasztalatokhoz.
2. A transzcendens élmények olyan intenzív és mély élmények, amelyek
túlmutatnak az érzékelhető világon, és gyakran egyfajta megvilágosodás-
sal, békeélménnyel vagy egyesülési élménnyel járnak.
3. A transzcendens élmények gyakran meghatározó és megváltoztató
hatással lehetnek az emberek életére, inspirálva őket a személyes fejlődésre
vagy a vallási gyakorlatokba való mélyebb elmerülésre.

User: legyen négy (’let there be four’)
Assistant: 1. A transzcendens olyan fogalom, amely a mindennapi élettől való fizikai

vagy szellemi távolságra utal, és gyakran kapcsolódik a spirituális vagy
misztikus tapasztalatokhoz.
2. A transzcendens élmények olyan intenzív és mély élmények, amelyek
túlmutatnak az érzékelhető világon, és gyakran egyfajta megvilágosodás-
sal, békeélménnyel vagy egyesülési élménnyel járnak.
3. A transzcendens élmények gyakran meghatározó és megváltoztató
hatással lehetnek az emberek életére, inspirálva őket a személyes fejlődésre
vagy a vallási gyakorlatokba való mélyebb elmerülésre.
4. A transzcendens több mint a szó szoros értelmében vett élmény lehet,
hanem egyfajta tudatállapot vagy spirituális tudatosság, mely gyakran
meditáció vagy transzcendentális gyakorlatok segítségével érhető el.

These results also contribute to a possible framework of developing conversa-
tional models for small languages through tranfer learning and the application of
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continual pre-praining methods. Still, it is worth noting that while our research de-
livered measurable improvements, the results were limited by the need for manual
dataset curation, which remains a resource-intensive and time-consuming process.

In the future, we plan to evaluate our conversational models using LLM evalu-
ation benchmarks, as two new benchmarks for Hungarian, HuGME [16] and Open-
HuEval [32], have been released in recent weeks.
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