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Abstract. The quality of the pre-training texts is an important aspect in the
development of a Large Language Model (LLM). High-quality data, such
as collections of textbooks, academic papers, and educational forums, has
been shown to improve model performance, generalization, and reduce
biases. However, obtaining such data at scale can be challenging, especially
for non-mainstream languages like Czech.

In this paper, we introduce a method for generating high-quality Czech
pre-training data from structured dictionary resources. By employing
retrieval-augmented prompting and open-source LLMs, we transform
XML-encoded lexicographic dictionary entries into fluent, semantically
rich text. The resulting dataset demonstrates that dictionary-grounded
generation can effectively enhance data quality.

We present the results of experiments with several LLMs and the process
of creating a new Czech pre-training dataset, SlamaHQTrain. This dataset
was obtained by processing eight Czech dictionaries containing more than
500,000 entries and 18 million words.

Keywords: large language models; LLMs; pre-training; high-quality data;
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1 Introduction

Pre-training Large Language Models (LLMs) requires large quantities of textual
data. Various proposed scaling laws have tried to estimate the necessary quan-
tity as related to the number of parameters of the models [15,12]. Braking the
scaling laws, that is, training a better model with fewer data, was shown to be
possible by improving the quality of the training data [9]. The current research
suggests combining both scale and data quality: begin pre-training with large
quantity of less-curated data and finish the pre-training with high-quality data.

Simultaneously, further advancement of LLMs is affected by the rising data
scarcity, as the easily and publicly available text data have already been in-
cluded in pre-training corpora. This issue is more pronounced in less-resourced
languages, such as languages of the Slavonic group, where the currently avail-
able corpora are not extensive enough for state-of-the-art LLM pre-training [32].
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The current research therefore focuses on finding more pre-training data, by re-
trieval or generation. Training with LLM-generated data can lead to forgetting
the true distribution of language, leading to loops and duplicities in generation
[29]. Since retrieval is limited by existing resources and generation can degrade
the text quality, the combination of the two methods has emerged as a possi-
ble solution. When randomness or grounding is introduced to the generation
prompt, the distribution of the generated data is positively influenced [9].

In this work, we propose a new pre-training dataset generated by prompting
an LLM to produce fluent text grounded in dictionary records. Dictionaries
comprise structured records organized by keywords and include information
on semantics, part-of-speech, synonyms, and other language features. Pre-
training on such structured data is not desirable because of the impact on the
output distribution. Therefore, we propose a retrieval-augmented prompting
approach to convert the structured records into fluent text. We control the level
of distillation of the teacher LLM and correct for hallucination by dynamically
composing the prompt for each dictionary record. In the prompt, we include
examples based on their similarity, both semantical and on statistical features,
to the target record.

The proposed dataset encompasses eight Czech dictionaries and is estimated
to amount to 104 M tokens. We generated a sample of the final dataset using four
top-scoring LLMs, such as DeepSeek, Llama, and GPT-OSS. To perform a model
selection, we measured the quality of the sample for each model using a range
of statistical metrics and a human preference score. Finally, we detail the needed
infrastructure on the LUMI cluster and calculate the required compute time.

2 Related Work

LLMs such as Alpaca [31], Orca [24], and Phi [21,9,1] demonstrated that high-
quality synthetic data produced by more capable teacher models can effectively
substitute or complement natural data in pre-training or instruction tuning.
The TinyStories project [4] illustrates that even small LLMs can acquire rich
linguistic competence when trained on compact, high-quality synthetic datasets.
LexMatcher [35] uses bilingual dictionaries to generate a bilingual dataset for
machine translation. The Phi models demonstrated, that using lower quantities
of high-quality data in pre-training leads to improved performance contrary to
the standard scaling-laws [12]. In Phi 3 [1], the authors pre-trained the model
in multiple stages with increasing data-quality, although ablations were not
performed.

However, the reliance on model-generated data has also drawn significant
criticism. Studies like [8] argue that synthetic corpora often replicate the biases,
factual errors, and stylistic artifacts of their teacher models, leading to stagnation
rather than genuine improvement. Similarly, [29] highlights the risk of perfor-
mance degradation when generations are recursively used for training, warn-
ing of an inevitable quality collapse in self-referential data loops. Furthermore,
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Table 1: Dictionary sizes by entry and token count (by tokenizer for gpt-oss-
1200).

[Dictionary] entries|  tokens|tokens wo. xml|

PsJC 201,327]42,548,533] 22,082,861
ssJC 123,992(19,762,249 11,225,573
Diderot | 90,982(10,302,547 8,480,832
ASCS 45,661| 3,202,618 2,618,056
SSC 26,529| 4,419,191 1,904,434
sCs 23,276 966,776 565,062
SCFIS 13,552| 1,929,538 1,390,761
SCFIN 3,992| 776,983 504,114
[Total [529,311]83,908,435] 48,771,693

some studies, such as the Phi models, do not disclose their data-generation meth-
ods; therefore, they are not replicable.

As Czech is less-resourced than languages such as English, with total re-
sources amounting to significantly less than 1 T tokens, there is implicit moti-
vation to extend the training data. This lack of availability of high-quality pre-
training is being actively solved with initiatives such as MultiSynt [25], aiming
to support the EuroLLM and OpenEuroLLM models.

The evaluation of the quality of data generated for pre-training LLMs re-
mains an unsolved question. Existing studies rely on a mix of proxies such
as downstream performance (for Czech the latest being [5]), intrinsic statis-
tics (e.g., perplexity, diversity), LM-as-judge scores, or human annotation. Re-
cent analyses show that automatic metrics often correlate poorly with human
judgments and may reward over-specialized synthetic data [16,22]. To address
this, several works propose multi-axis evaluation combining controlled pre-
training experiments, intrinsic diagnostics, with human or model-based assess-
ments [14,30]. Nevertheless, open challenges persist in balancing competing
metrics (e.g., diversity vs. correctness) and developing standardized, scalable
benchmarks for synthetic data evaluation.

3 Czech Dictionary Data

The development of a high-quality LLM pre-training data is based on Czech dic-
tionary resources of high lexicographic quality. These datasets were developed
by professional lexicographers and represent the most comprehensive Czech
dictionaries available. We selected the largest datasets collected within the DEB-
dict project [13]. In total, over 500,000 dictionary entries comprising more than
18 million tokens have been collected (Table 1). The dictionary texts are then
processed by specifically tailored prompting of a selected large language model
that transforms their structured descriptions into coherent, natural-language ex-
planations capturing the presented meanings of each entry.
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ssIC <root>
J Anton <h>Anton, </h><norm>-a </norm>
-a m. dom., z&4sti hanl. Antonin <small>m. dom., z&asti hanl. </small>
<ital>Antonin</ital>
</root>
PSJC autor, -a m. spisovatel literdrniho <h> )
dila. Sebevédomého autora nedostatek <Cil>autor</Cil><Heslo>autor, </Heslo>
Vl o ; . N <Tvar>-a </Tvar><Gram>m. </Gram>
Ctendfd nikdy nemrzi. V. Mr8. D viibec <Vyzn>spisovatel literarniho dila.</Vyzn>
pu°vodce, tviirce néceho. Autor kresby, <Dokl>Sebevédomého autora nedostatek Ctenaii
projektu, vtipu a p. < nikdy nemrzi.</Dokl>
<Pram>V. Mrs$.</Pram>
<Sep>D</Sep>
<Vyzn>vibec puvodce, tvirce né&&eho.</Vyzn>
<Dokl>Autor kresby, projektu, vtipu</Dokl>
<Vyzn>a p.</Vyzn>
</h>
ASCS acylpyrin <root>
<h>acylpyrin</h>
am (1+%) farm. 16k snizujict <t>-u m <1 M > farm. 1ék sniZujici teplotu
teplotu a uti§ujici bolesti (kyselina -2 utlsujlsl bOI?Stl (kyselina
acetylsalicylovd) ~ acetylsalicylova)</t>
</root>
sCs z <ENTRY>
adresat <HEAD>adresat</HEAD>
ptijemce; #odesilatel; <LINE>p¥ijemce; #odesilatel;</LINE>
</ENTRY>
SSC . O kis
chemikalie <h>chemikalie</h>
-e 7 (laboratorni a priimyslovd) sloucenina <gram>-e Z</gram>
<exp>(laboratorni a primyslova)
< slouenina</exp>
</root>
SCFIN 2 <root>
pIOdny autor <h>plodnj autor</h>
<n>(kniZz; pochv; nékdy iron) </n>
(kniZ; pochv; nékdy iron) 0 vok velmi <b>0</b><n>vok</n>
produktivni umélec, zejm. spisovatel hojné¢ ~<i>velmi produktivni umélec, zejm.
publikujict; (v iron. smyslu) umélec, v ~ spisovatel hojné& publikujici; (v iron.
jeho? tvorbé pievatuje kvantita nad - smyslu) umélec, v jehoZ tvorbé& pievazuje
N f EAR s~ , < kvantita nad kvalitou </i><n>Pat¥il mezi
kvalitou Patfil mezi nerlodneJ'§1 cesl((? a- < nejplodnsjdi Zeské a-y. - Tyto plodné
y. — Tyto plodné a-y v redakci neméli < a-y v redakci nemsli radi. - TéZ v
radi. ¢ TéZ v prechyl. podobné plodnd ~ prechjl. podobn& </n>
adi. & T prechyl. podobné plodi pfechjl. podob: /
autorka. Cf mu préce; muzi &inu ® A <i>plodna autorka.</1><b>Cf</b>
prolific writer/author N fruchtbarer Autor ~ <B>muZ prace; muzi _Clr_m(/ n>
F auteur fécond <b> - A </b><n>prolific writer/author
& </n><b>N </b><n>fruchtbarer Autor
 </n><b>F </b><n>auteur fécond </n>
</root>
SCFIS napadat na nohu <root>
<h>napadat na nohu </h>
(&1. pHi chilzi:) viditelné kulhat <i>(€l. pfi chuzi:) viditelné kulhat</i>
. . </root>
Diderot A <ENTRY>
<KEY>A</KEY>
nagka bro ampér <MEANING>znacka pro ampér.</MEANING>
Pro amper. </ENTRY>

Fig.1:

Dictionary examples
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3.1 SSJC

The Dictionary of Standard Czech Language (Slovnik spisovného jazyka ¢eského,
SSJC) is an explanatory dictionary of the Czech language compiled by a team
from the Institute of the Czech Language (UJC) under the supervision of Bo-
huslav Havranek. The last edition was published in 1989 [11]. The dictionary
includes several types of entries reflecting its normative and codifying purpose.
The core of the dictionary consists of fully developed lexical entries with sys-
tematically presented semantic, grammatical, and stylistic information. In addi-
tion, it includes cross-references to related or variant forms, phraseological and
multi-word units, as well as derivational and morphological variants illustrating
word-family relations. The dictionary also covers technical and foreign terms,
indicating their origin and field, along with expressions marked for stylistic or
temporal usage (archaisms, poetic, colloquial, and literary words). Altogether,
it offers a comprehensive overview of standard Czech in its functional and stylis-
tic diversity.

3.2 PSJC

The Concise Dictionary of the Czech Language (P¥iru¢ni slovnik jazyka ¢eského,
PSJC) [10] was the most extensive explanatory dictionary of Czech. It was
published in nine volumes between 1935 and 1957 by four different publishers.
The main editors were Oldfich Hujer, Emil Smetdnka, Milo§ Weingart, and
Bohuslav Havranek.

The dictionary comprises several types of entries. Its core consists of fully de-
fined lexical units. In addition, the dictionary includes cross-references, fixed ex-
pressions and idioms, word-formation variants and derivatives. It also records
archaic, regional, poetic and literary words, as well as technical terms from var-
ious fields.

3.3 ASCS

The Academic Dictionary of Foreign Words (Akademicky slovnik cizich slov,
ASCS) [19] is the most comprehensive Czech dictionary of foreign terms, com-
piled by the Lexicographic Department of the Institute of the Czech Language

of the Czech Academy of Sciences. It covers a broad range of vocabulary—
from specialized terminology to everyday expressions—encompassing com-
mon, rare, literary, colloquial, and slang words. Each entry provides standard

pronunciation, basic etymological data, grammatical and stylistic notes, and ex-
amples of use in context.

3.4 SCS

The Dictionary of Czech Synonyms (Slovnik ¢eskych synonym, SCS) [27] system-
atically presents Czech words together with their synonymous counterparts. For
each headword, it lists alternative expressions with identical or closely related
meanings, illustrating their use in appropriate linguistic and stylistic contexts.
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3.5 SSC

The Dictionary of Standard Czech for Schools and the Public (Slovnik spisovné
Zestiny pro Skolu a vefejnost, SSC) [6] is a key normative explanatory dictio-
nary codifying contemporary Czech, compiled by the Institute of the Czech Lan-
guage (Czech Academy of Sciences). Beyond definitions, each entry provides
comprehensive data on orthography, pronunciation, morphological paradigms,
stylistic register, and typical collocations. The work includes supplementary ap-
pendices on word-formation, frequent anthroponyms, and toponyms.

3.6 SCFI

The Dictionary of Czech Phraseology and Idiomatics (Slovnik Ceské frazeologie
a idiomatiky, SCFI) is the most comprehensive, descriptive dictionary in its
field, based on extensive corpus data. This fundamental work is systematically
divided into four volumes according to the formal structure of the idioms: 1.
Comparisons, II. Non-verbal expressions, III. Verbal expressions, and IV. Clausal
expressions. Each entry provides a complex description, including variants,
definitions, stylistic classification, and usage examples. In our work, we used
only volumes II [17] and III. [18].

3.7 Diderot

The Great Educational Dictionary: the Diderot Encyclopaedia (Velky slovnik nau¢ny:
encyklopedie Diderot) [34] is a two-volume encyclopedic work offering an
extensive overview of concepts and terminology across diverse fields of science,
culture, and technology. It covers disciplines such as the natural sciences,
humanities, history, and the arts. Each volume is organized alphabetically and
provides clear definitions, explanations, and contextual notes for individual
terms.

4 Generating High-Quality Texts from Dictionaries

The basis of our method is seeding a large, state-of-the-art LLM with records
from Czech dictionaries and prompting it to generate one or more paragraphs
in Czech. The aim is to reflect the lexical and semantic variety of Czech
while maximally leveraging the source dictionary records. As the generation
is computationally intensive, at the time of submission we have only generated
a sample of the final dataset; therefore, the statistics in Table 5 are based on an
estimate from this sample.

4.1 Preliminary Experiments

Before processing the complete set of selected dictionaries, we conducted a
series of preliminary experiments to determine the most suitable computational
setup for converting dictionary entries into natural-language sentences.
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Servers

— server A:

e 192 CPU cores

e 503 GB RAM

e NVIDIA L40S — 48 GB VRAM, 18,176 CUDA cores
— server B:

e 80 CPU cores

e 377 GB RAM

e 5 x NVIDIA A40 — 48 GB VRAM, 10,752 CUDA cores
- server C:

e 256 CPU cores

e 2 TBRAM

e no GPU

To establish a controlled testing environment, we used a simple and seman-
tically neutral prompt — “Why is the sky blue?” — and evaluated the Ollama
runtime with the Qwen3 235b model under three distinct configurations 2.

In the first configuration, the entire model fit within the memory of the
graphics card, allowing for full GPU inference without offloading. The second
configuration also utilized GPUs but exceeded their available memory, causing
the system to partially offload model components into standard system RAM.
The third configuration completely excluded GPU acceleration and relied solely
on CPU computation and main memory. These experiments were executed on
two high-performance computing servers A and B with different hardware
specifications.

A subsequent preliminary test was conducted on the DeepSeek v3.1 671b
Large Language Model (LLM). Due to the unavailability of GPU resources
within our cluster capable of accommodating this model’s memory (VRAM)
requirements, we utilized server C, a high-memory CPU-based machine. The
evaluation involved three full prompts, structured according to the template
defined in Section 4.3. To analyze performance under different constraints,
each prompt was executed twice. The first setup utilized the entire machine’s
resources, while the second setup was constrained to 100 CPU cores, allowing
two instances to be tested simultaneously. The resulting performance statistics
are presented in Table 3.

These tests provided valuable insights into the trade-offs between compu-
tational efficiency, memory management, and inference speed, guiding the se-
lection of the optimal setup for large-scale dictionary processing in subsequent
experiments.

4.2 Prompt Development

Prior to establishing the final version of the prompt, we conducted a series of
exploratory experiments aimed at determining the most effective prompting
strategy. Two principal approaches were investigated. The first was a direct,
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Table 2: Speed testing of Qwen3 235b model in different server settings.
GPU|GPU VRAM| GPU | CPU | RAM |Dry run
no. (MB)  |max %|max %| (MB) | time
135471 24 88|  333| 1mb52s| 0mb59s
135473 28 93| 333| 1m38s| 1m03s
119616 15| 1855| 16192| 2m37s| 2m42s
39523 9| 4114| 96286 5mlés| 7mb52s
0 0| 7428|135809| 2mb57s| 2m06s

Server Run time

oW > >
O~ Wk Ol

Table 3: Speed testing of deepseek v3.1 671b model on server C.

CPU cores  |Throughput
Server Run )
available per run| tok./sec.
C single run 256 3.8
C |2 parallel runs 100 3.3

single-step approach, in which the model was instructed to transform a lexical
entry provided in XML format directly into the target explanatory output. This
output was required to both define and elucidate the entry while remaining as
concise as possible.

The second approach adopted a two-stage processing pipeline. In the first
stage, the model converted the XML-encoded entry into a plain-text represen-
tation. In the subsequent stage, the model generated a natural-language expla-
nation based on this intermediate text. This method allowed for a clearer sep-
aration between structural conversion and semantic interpretation, potentially
improving output consistency and interpretability.

For the single-step approach, eight prompt variants were evaluated, whereas
the two-step method involved ten prompts for the conversion phase and twenty-
five prompts for the explanatory phase. The results from these experiments
informed the refinement of the final prompt design used in the subsequent
stages of model evaluation.

— Prompts for the single-step method:

e CZ Transformujte dané XML slovnikové heslo na souvisly text tak,
aby podrobné objastioval kazdy vyznam slova a ilustroval jeho pouZiti
pomoci ptikladi.

o EN Transform the given XML dictionary entry into a coherent text that
thoroughly explains each meaning of the word and illustrates its usage
with examples.

— Prompts for the two-step method:

e CZ: Prepis nésledujici heslo jako bézny text.

o EN: Rewrite the following entry as plain text.

e CZ: Transformuj tento strukturovany text na souvisly text slozeny z vét.

e EN: Transform this structured text into a coherent passage composed of
full sentences.
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4.3 Final Prompting Setup

The final prompt, developed using guidelines from the OpenAlI Cookbook [26],
which produced the evaluation sample, consists of eight parts:

. Role and task: describes the basic task,

. Input format: a list of dictionary XML tags and their semantics,
. Output style: output formatting instructions,

. Abbreviations: abbreviation explanations,

. Sources: non-abbreviated sources,

. Examples: pairs of inputs and human-corrected outputs,

. Task: final reinforcement of task definition,

. Input.

XU WD -

The and Role (1) and Output Style (3) sections of the prompt are fixed.
Section Input format (2) describes the XML syntax for each particular dictionary.
Abbreviations (4) and Sources (5) that occur in the input record are retrieved
from the each dictionaries lists thereof, or a shared pool if unavailable. Examples
(6) are retrieved from a set of hand-corrected examples for each dictionary.
They are matched based on sematic similarity using Sentence-BERT-based
embeddings. Appendix A contains an example of an input (Figure 2), complete
prompt (Figure 4), and outputs from the evaluated models in Figure 3 .

4.4 Model Selection

The selection of the teacher-LLM was guided by the overall model score
in the recent benchmark BenCzechMark [5]. The top three scoring models
were: DeepSeek-V3-0324, Llama-3.1-405B-Instruct, and DeepSeek-R1-0528 as per
the leaderboard [3]. Additionally, we included a more recently released gpt-oss-
120B which scored comparably to the DeepSeek models on the AIME bench-
mark [2] while having fewer parameters.

4.5 Model Evaluation

To evaluate which LLM produces the best quality outputs, we experimented
with the pre-selected models using a set of statistical features complemented
by human annotation. The evaluation sample comprises 10 randomly selected
examples from each dataset, totaling to 80 examples.

The base score for the statistical features is derived from the length of the
text. It is then penalized for instances of: structured text (e.g., lists), markup
(Markdown and simple HTML), and abbreviations. The final score, presented
in Table 4, is calculated as:

Sstut = max(0, base — 150 - Astructure — 15- Mnarkup — 100 - Nabbreviations)

We evaluated four LLMs using a comparative preference-based procedure.
For each test example, all models were reviewed side-by-side, and the best
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Table 4: Evaluation of large language models on BenCzechMark, statistical
measures, and human evaluation.

Model 0 B|BenCzechMark| S,,,;|Points in Human Eval
DeepSeek-V3-0324 685 86.8|522.6 *249
Llama-3.1-405B-Instruct|406 85.71593.5 166
DeepSeek-R1-0528 685 85.3|573.1 95
gpt-o0ss-120b 120 -1578.8 240

response (single or multiple) was selected and awarded points. The results are
summarized in Table 4.

Using the nonparametric Kruskal-Wallis H-test [28], we tested whether the
differences in S;,; across models were statistically significant. The test yielded
an H statistic of 2.77 with a corresponding p-value of 0.43, which exceeds the
conventional significance threshold of 0.05. This indicates that the observed
variations in performance between models are not statistically significant.

The human evaluation involved collecting judgments from human annota-
tors for the examples across the four models. For every item, evaluators awarded
a maximum of 5 points to the best model output, or, in the case of a tie, to more.
The results in Table 4 show, that DeepSeek-V3 and gpt-0ss-120b perform signif-
icantly better than the other models, but not significantly better than each other.
Further, the Llama-3.1-405B-Instruct model performed significantly better than
the DeepSeek-R1 model.

4.6 The Generated Dataset — SlamaHQTrain

At the time of publishing, the full dataset did not finish generation; however, in
Table 5, we project the final dataset statistics based on the sample generated so
far.

The generation will be performed on LUMI-G supercomputer using vLLM
[20] for inference and serving and ray [23] for distributed scaling to multiple
nodes. Each node is equipped with 4x AMD MI250x GPUs with performance
and compute capabilities comparable to NVIDIA Ampere A100. Each GPU is
split into two software GPUs, each with 64GB of available VRAM. This implies
the total GPU capacity of 512GB for each node, equal to the size of the CPU RAM.
So far we have managed to deploy gpt-oss-120b in a single-node setup due
to it’s impressive performance-to-parameters ratio and the presence of native
MXFP4 quantization [33].

The deployment of larger models like DeepSeek V3 that require multiple
nodes to properly fit into GPU VRAM remains challenging due to the experi-
mental nature of LUMI-G hardware. The vLLM server is typically succesfully
deployed, but we experience frequent of crashes during the actual inference
which is attributed to ray mishandling communication between nodes, which is
currently being investigated. Due to the impressive size of DeepSeek V3, at least
two nodes are required in £p8 setting. However, AMD MI250x does not have the



High-Quality LLM Pre-Training Texts from Dictionary Data 79

Table 5: Estimate of new tokens generated from the dictionaries. The tokeniza-
tion was performed using the tokenizer for gpt-oss-120b. For the estimate, the
ratio between the mean entry tokens and generated tokens was multiplied by
the total tokens in each dictionary. The XML tags were kept in the entries before
calculating the estimate.

]Dictionary\fmputixml \fi,,pmidmn \foutput \ gen. tokens (est.) ‘

PSJC 230 119] 231 42,784,297
ssjC 125 62| 168 26,524,891
Diderot 87 66| 114 13,571,167
ASCS 79 66| 174 7,028,755
SSC 92 41 136 6,516,028
SCs 46 28| 177 3,695,512
SCFIS 158 114| 237 2,903,796
SCFIN 147 87| 235 1,245,715
[Total [ -] -] -] 104,270,161

Table 6: Measured throughput for GPT OSS on LUMI using vLLM
Deployment Mode‘Input Throughput (t/s) ‘Output Throughput (t/s)
Offline Batched 306.49 171.42
vLLM Server 247.16 153.89

hardware support to handle such data types natively, which means scaling to
bfloat16, possibly doubling the required amount of nodes. In theory, quanti-
zation to MXFP4 should be possible, reducing the demand on number of nodes
to one; however, such action requires full deployment of the original model and
subsequent tuning on a calibration dataset. The usage GPT-Generated Unified
Format (GGUF) [7] is also possible to achieve a single-node setup, but is highly
experimental and unstable with vLLM.

We measured the expected throughput of gpt-oss using two different
modes of execution - online serving and offline batched mode. While offline
batched mode does not scale beyond one node, it eliminates the overhead
introduced by networking. The results can be seen in Table 6.

5 Conclusions and Future Directions

In this paper, we have detailed the process of generating SlamaHQTrain, a
new high-quality Czech pre-training dataset based on structured dictionary
resources. We have presented the experiments with memory requirements
of particular open-source LLMs, the generation prompt development process,
and the evaluation of the generated texts using statistical metrics and human
annotation. As a result, the SlamaHQTrain dataset is estimated to contain over
104 million tokens of high-quality educational Czech texts that will be used in
further pre-training of Slama LLMs.
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Appendix A

Input, Prompt, and Output Example from the ASCS Dictionary

<root>

<h>alexandr</h>

<t>-a m (VJ) zool. papousSek rodu Psittacula, zelené barvy, puv. z tropické Asie a
o Afriky</t>

</root>

Fig.2: Example of an XML dictionary entry from the ASCS dictionary.

[deepseek-v3:671b]

Alexandr je druh papousSka patfici do rodu *Psittacula*, kterj se vyznacuje sviym
vjraznym zelenym opefenim. Pivodné pochdzi z tropickjch oblasti Asie a Afriky,
kde obyva zejména lesnaté a krovinaté biotopy. Tento ptadk je znamy pro své zivé
zbarveni a spoleenskou povahu, diky Cemuz se Casto stava oblibencem chovateld
exotickjch druhidi papousSkti. Alexandr pat¥i mezi stfedné velké druhy a v pfirodé
hraje vyznamnou roli pri Sireni semen, cozZ prispiva k udrzovani ekologické
rovnovahy v jeho pivodnim prostredi.

[1lama3.1:405b]

Alexandr je oznacCeni pro papousSka patficiho do rodu Psittacula, ktery se
vyznacuje svym pfevazné zelenym zbarvenim. Tento druh ptaka pochazi pivodné z
tropickjch oblasti Asie a Afriky. Vyznacuje se svymi charakteristickjmi znaky a
chovanim typickjm pro papousSky. Alexandr patfi mezi oblibené exotické ptaky,
kteri jsou nékdy chovani v zajeti pro svou pestrou barvu a inteligenci.

[deepseek-r1:671b]

Alexandr je v zoologii nazev pro papouSka patficiho do rodu Psittacula, ktery
se vyznacuje prevazné zelenym zbarvenim peri. Tento pték, jehoz genitivni tvar
zni "alexandra", pochdzi pivodné z tropickjch oblasti Asie a Afriky, kde je
prirozené rozsSifen. Termin se uziva jako odborné oznaceni pro tento druh
papouskl, reflektujici jejich taxonomické zarazeni a geografickyj puvod.

[gpt-oss-120b]

Alexandr je v zoologii podstatné jméno muzského rodu, oznacujici papousSka rodu
Psittacula. Jedna se o ptaka zelené barvy, jehoz prirozeny vyskyt je pivodné v
tropické Asii a Africe. Termin je veden jako vlastni jméno (zkratka VJ) a v
odbornjch textech se pouziva k presnému vymezeni tohoto druhu papouska.

Fig. 3: The output produced by selected models for the input listed in Figure 2.
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[Role a zadanil

Jsi asistent, kterj pomdha generovat dataset vysoce kvalitnich textd v ceském jazyce, které budou slouzit
pro pre-training LLM. DostaneS slovnikové heslo pochazejici ze Slovniku Cizich Slov ve formatu XML.

Pfeved toto heslo do prirozeného, souvislého odstavce plynulého textu. Vyhni se jakémukoli formatovéani,
nadpisim nebo vyctim. Zajisti, aby byly v néjaké podobé zachyceny vSechny vyznamy, slovni spojeni a
idiomatické vyrazy uvedené ve slovniku, at uZ prevypravéné, nebo zapracované do pfikladi. Zachovej bohatstvi
vyznamovijch odstind a kulturnich souvislosti. Nevynechavej vzacné pouzivané nebo vjrazové silné obraty,

ani kdyZz se zdaji okrajové. Vénuj zvlaStni pozornost zachovani nizkofrekvencnich idiomi a kulturné
zabarvenjch vyrazl, i kdyby to vyZzadovalo metaforické odbocky. Zachovej a pfirozené zapracuj i morfologické
informace uvedené ve slovnikovém hesle (nap¥. tvary, koncovky, rod, vid, pramen, slovni druh). Pokud

je v hesle uveden odkaz na jiné slovo nebo vyjraz (napf. "viz ..."), uved primarné informaci o této
vjznamové podobnosti a neuvadéj podrobnosti, které ve slovnikovém hesle nejsou. Rozsah vystupu prizpisob
rozsahu slovnikového hesla - kratké zaznamy s minimem informaci zpracuj isporné, bez zbytecného rozvijeni
nebo domySleni.

[Format vstupnich dat]

Kazdy XML tag preved do odpovidajici ¢asti vystupniho textu. Napriklad:
<root>: Kofenovyj element celého slovnikového z&znamu.

<h>: Heslové slovo, tedy hlavni slovo, které je vysvétlovano.

<t>: Text samotného prikladu pouziti, obvykle uvnitf¥ <exm> nebo <other>.

[Styl v§stupul

Generovany text md za kol heslo a jeho vyznamy popsat, informovat o ném, nikoliv vypravét pribéh.

Styl vysledného textu pfizpisob charakteru slovnikového hesla: Pokud vyraz pochdzi z odborné oblasti
(napf¥. medicina, pravo, véda, technika), pis vécn&, popisné a bez emociondlni nebo metaforické
nadsazky. Zamér se na presné vysvétleni vyznamu slova a jeho pouZiti v béZné praxi. PouZivej neutralni
jazyk jako v encyklopedii nebo popularizacnim ¢lanku. NevymySlej nové funkce, role nebo okolnosti,
které nejsou ve slovniku uvedeny. U vyrazli kniZnich, archaickjch, lidovjch nebo poeticky zabarvenjch
miZe§ volit styl volnéjsSi, literarnéjsSi nebo esejisticky, ale i zde zachovej vécnou oporu ve vyznamu.
Nepiidavej nové vyznamy a drz se pouze téch uvedenjch ve slovnikovém zaznamu. Vzdy se drz vyznami

a prikladi uvedenjch ve vstupnim hesle. NevymjSlej vlastni pouziti, pfiklady nebo pfirovnani. Text nema
byt fikci, pribéhem ani reklamou, ale popisnym pfevypravénim slovnikovych informaci. Nepouzvej znak 'x*'
pro formatovani. Pozor na odliSnost Ceského jazyka, ve kterém bude odpovéd generovana, od jazykl
piibuznjch. Tyto znaky se v CeStiné nevyskytuji: L, I, R, #, 4, &4, 0, 6, A4, 3, C, ¢, E, ¢, &, 1, N, 5,

0, 6, S, 8§, Z, z, Z, z. Je dilezité, abys nevymySlel neexistujici vjznamy slov nebo jejich vyuziti.

[Vysvétlivky zkratek]
piv. pivodné

v. viz

zool. zoologie

[P¥iklady]

Vstup: <root>

<h>turboalternator</h>

<t>-u m (1) eltech. rychlob&zny, zprav. dvoupdlovy alternator s hladkym rotorem, poh&nény turbinou</t>
</root>

Vystup: Turboalterndtor je v elektrotechnice oznaceni pro rychlob&Znj, obvykle dvoupélovy alternator
s hladkyjm rotorem, kterj je pohdnén turbinou. Toto zafizeni se vyuziva tam, kde je potfeba vysokjch otacek
a efektivni pfemény mechanické energie na elektrickou, napfiklad v elektrarnach nebo primyslovjch

aplikacich. Hladky rotor turboalternatoru umoZiuje dosahovat vySSich rychlosti a sniZuje riziko vibraci,
coz z né&j Cini spolehlivy zdroj energie pfi vysokém vykonu.

Vstup: <root>

<h>empora</h>

<t>-y Zz (&) archit. ochoz nad postrannimi lodmi chramu otevfenjy arkddou do hlavni lodi, galerie;
prostor v patfe chrému situovany v z&p. Casti lodi proti olt&¥i, kruchta, tribuna; emporovy p¥id.</t>
</root>

Vystup: Empora je architektonicky termin oznacujici ochoz umistény nad postrannimi lodémi chréamu,
kterj je otevfeny arkddou do hlavni lodi. Tento prostor slouZzi jako galerie nebo tribuna a nachazi

se obvykle v patfe chramu na zapadni strané lodi, naproti oltafi. Empora miZe bjt také oznacovana

jako kruchta. Pfidavné jméno ,emporovy" pak odkazuje na vlastnosti nebo prvky spojené s emporou. Tento
termin se uziva predevSim v kontextu sakrdlni architektury a je spjaty s historickymi stavbami, kde

slouzil jak pro liturgické acely, tak jako prostor pro shromdzdéni véficich nebo hudebniki.

[0ko1]
Nyni na zdkladé uvedenjch instrukci a piikladli generuj kvalitni text z nasledujiciho slovnikového hesla.

Vstup: (see Fig. 2)
Vystup:

Fig. 4: The single-stage prompt composed for the XML dictionary entry from
listed in Fig. 2.



