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Abstract

This paper presents a method for text simplifica-
tion based on two neural architectures: a neural
machine translation (NMT) model and a fine-
tuned large language model (LLaMA). Given
the scarcity of existing resources for Estonian,
a new dataset was created by combining manu-
ally translated corpora with GPT-4.0-generated
simplifications. OpenNMT was selected as
a representative NMT-based system, while
LLaMA was fine-tuned on the constructed
dataset. Evaluation shows LLaMA outper-
forms OpenNMT in grammaticality, readabil-
ity, and meaning preservation. These results
underscore the effectiveness of large language
models for text simplification in low-resource
language settings. The complete dataset, fine-
tuning scripts, and evaluation pipeline are pro-
vided in a publicly accessible supplementary
package to support reproducibility and adapta-
tion to other languages.

1 Introduction

Text simplification converts complex text into sim-
pler forms while preserving meaning. Typical op-
erations include sentence splitting, shortening, lex-
ical substitution, and syntactic simplification. Sim-
plified texts help language learners, people with
cognitive impairments, and readers with low liter-
acy, and are useful in education and public commu-
nication (Alva-Manchego et al., 2020; Shardlow,
2014a).

Automatic text simplification (ATS) uses NLP
models to perform these edits. Proprietary LLMs
(e.g., GPT-4.0, Claude) can do zero/few-shot sim-
plification, but often fail to reach the lowest read-
ability levels while preserving meaning (Barayan
et al., 2025) and raise concerns about transparency
and long-term reproducibility.

Open, language-specific systems are an alter-
native: they allow control over training data and
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domain goals, and avoid dependence on commer-
cial APIs—especially important for low-resource
languages like Estonian.

We study two architectures for Estonian ATS:
OpenNMT (simplification as monolingual MT) and
a fine-tuned LLaMA model trained on a newly built
Estonian Simplification Dataset. We complement
automatic evaluation using BLEU and SARI scores
with human evaluation by native speakers. Contri-
butions.

* A new Estonian Simplification Dataset com-
bining translated, GPT-4.0—generated, and
manually validated pairs.

* A head-to-head comparison of OpenNMT and
fine-tuned LLaMA for Estonian.

* Evidence from human ratings that LLaMA
trained on Estonian data outperforms Open-
NMT.

» Released scripts/configs for easy adaptation
to other low-resource languages.

The remainder of the paper is organized as fol-
lows. Section 3 describes the Estonian simplifica-
tion dataset, Section 4 benchmarks English models
and motivates OpenNMT as a baseline, Section 5
details LLaMA fine-tuning, and the final sections
present evaluation and conclusions.

2 Related Work

Research on ATS has been dominated by English,
with surveys charting the progression from hand-
crafted rules to neural models and large-scale
pretraining (Saggion, 2017; Espinosa-Zaragoza
et al., 2023; Shardlow, 2014b; Paetzold and Specia,
2016).

Rule-based approaches. Early work relied on
handcrafted rules for lexical substitution and gram-
matical restructuring. Foundational systems by
Chandrasekar et al. (1996) and Inui et al. (2003)
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introduced syntactic transformations to aid reading
comprehension. These methods were interpretable
but brittle and difficult to scale across domains.

User-group oriented projects. Several initia-
tives highlighted the value of tailoring simplifica-
tion to specific audiences. The HAPPI project sim-
plified dialogue systems for people with aphasia
(Devlin and Unthank, 2006). PorSimples targeted
Brazilian Portuguese for readers with low literacy
(Aluisio et al., 2010). The FIRST project adapted
texts for individuals with autism spectrum disor-
der and cognitive disabilities (Barbu et al., 2015;
Stajner and Saggion, 2018), while CLEAR focused
on supporting second-language learners (Gala et al.,
2020). These projects emphasized that simplifica-
tion is not one-size-fits-all, but must reflect user
needs and linguistic context.

Neural models. The rise of deep learning shifted
ATS toward Seq2Seq architectures with attention.
The DRESS model (Zhang and Lapata, 2017) pi-
oneered reinforcement learning for simplification,
optimizing grammaticality, meaning preservation,
and simplicity simultaneously. Later work inte-
grated semantic parsing (Zhao et al., 2018), while
controllable models introduced explicit knobs for
simplification strength (Sheang and Saggion, 2021;
Martin et al., 2020). These methods improved flu-
ency and structural edits compared to rule-based
systems.

Pretrained language models. Transformer-
based pretrained models pushed performance fur-
ther. T5 (Raffel et al., 2020b) framed simplifi-
cation as a text-to-text problem, enabling broad
transfer. Proprietary models like GPT-4 (Ope-
nAl, 2023) achieve strong zero/few-shot results,
and in-context learning methods extend this flex-
ibility (Agrawal et al., 2023). However, they re-
main closed-source, expensive, and less transpar-
ent. Open-access LLaMA models (Touvron et al.,
2023) offer a promising alternative: large multi-
lingual pretraining combined with accessibility for
fine-tuning in low-resource languages.

Datasets. English ATS benefited from multiple
corpora. For example, WikiSmall (Zhu et al., 2010)
aligned Wikipedia with Simple English Wikipedia.
TurkCorpus (Xu et al., 2016) provided multiple hu-
man simplifications per sentence, improving evalu-
ation robustness. Newsela (Xu et al., 2015) offered
professional multi-level rewrites, though restricted
to licensed access. Unsupervised methods (Alva-
Manchego et al., 2021; Jiang et al., 2020) explored

automatic sentence alignment and pseudo-parallel
generation to overcome data scarcity.

Low-resource languages. Outside English,
ATS research is limited. For Latvian, Virk et al.
(2021) emphasized lack of corpora and tools. Slove-
nian work (Stajner et al., 2022) similarly identi-
fied data bottlenecks. Estonian ATS has so far
been confined to two undergraduate theses: one
on WordNet-based lexical substitution and another
on template-driven syntactic rules. No large-scale,
publicly available dataset previously existed.

While ATS has matured for English, low-
resource languages remain underserved. We ad-
dress this gap by releasing the first large Estonian
simplification dataset and benchmarking Open-
NMT against fine-tuned LLaMA, showing that re-
producible ATS is feasible for underrepresented
languages.

3 Building the Estonian Simplification
Dataset

In this section, we describe the construction of
the Estonian Simplification Dataset. The goal was
to create a resource large and diverse enough to
train deep neural models. Building such a dataset
from scratch would have been prohibitively time-
consuming, given the absence of prior Estonian
simplification data.

We aligned the dataset with English corpora and
established clear guidelines for Estonian-specific
phenomena. This dual alignment with international
simplification efforts and local linguistic norms
ensures both relevance and linguistic grounding.

The first source for our dataset is the Turk cor-
pus (Xu et al., 2016), which contains 2,359 original
Wikipedia sentences, each accompanied by eight
simplified versions crowdsourced via Amazon Me-
chanical Turk. This corpus captures a variety of
simplification strategies, including lexical substi-
tution, paraphrasing, and sentence restructuring.
We manually translated relevant portions of this
corpus into Estonian, but only retained sentence
pairs where a clear simplification relationship was
preserved after translation. In some cases, simplifi-
cation evident in the English original did not carry
over naturally into Estonian due to syntactic or lex-
ical differences, and such pairs were excluded.

The second source is the Wikipedia Data Set 2.0
(Kauchak, 2013), which includes 167,689 aligned
sentence pairs between standard and Simple En-
glish Wikipedia. Small subsets of this dataset were
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machine-translated into Estonian and subsequently
corrected by native annotators. However, despite
this effort, the resulting translations were often se-
mantically inconsistent or lacked coherence, ren-
dering the dataset less useful for training.

To address these challenges and ensure linguistic
consistency, we developed the Estonian Simplifica-
tion Guidelines, partly inspired by the methodology
and goals of the Newsela Corpus (Xu et al., 2015).
Newsela includes professionally edited news arti-
cles rewritten at multiple reading levels. Although
this corpus is not openly available, it provides a
valuable reference for developing high-quality sim-
plification guidelines.

The simplification guidelines consist of a de-
tailed 10-page document that outlines specific
strategies adapted to the morphosyntactic proper-
ties of Estonian. The guidelines concentrate on
three main areas:

* Grammatical complexity: Simplifying in-
flectional morphology, verb tense usage, and
mood markers.

* Syntactic complexity: Splitting long or em-
bedded clauses, simplifying coordination, and
reordering sentence constituents for clarity.

* Lexical simplification: Replacing low-
frequency words with more common syn-
onyms, using hypernyms, and avoiding
domain-specific jargon.

Following best practices in prior English-
language simplification work, the primary corpus
source for large-scale simplification is Estonian
Wikipedia. Articles were extracted from the latest
Wikipedia dumps, segmented into sentences, and
filtered to include only those longer than 15 words.

To generate a large volume of simplification ex-
amples efficiently, we employed GPT-4.0 (Ope-
nAl, 2023), a state-of-the-art proprietary language
model that ranks highly on the Chatbot Arena LLM
Leaderboard. Although relying on GPT-4.0 incurs
some costs, these are significantly lower than the
expense of hiring human annotators for full-scale
manual simplification.

GPT-4.0’s flexibility allows it to assume tailored
roles and styles through prompting. We leveraged
this feature by designing templates that embed-
ded persona-driven behavior to guide simplifica-
tion style and focus. Prior research has shown
that persona-based prompting outperforms general
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prompting in specific tasks (Pataranutaporn et al.,
2021; Wang et al., 2024).

Throughout development, we tested multiple
prompting strategies across GPT-4.0 instances. Ini-
tial templates used no persona framing, while later
iterations embedded role-based behaviors targeting
syntactic or lexical operations. After extensive ex-
perimentation, the most effective results came from
sequential prompting: first performing lexical sim-
plification, followed by syntactic restructuring. Al-
though recent studies have questioned the general
effectiveness of persona-based prompting (Zheng
et al., 2024), in our task setting, the agent-style
prompts proved superior. By agent-style prompts,
we refer to role-based instructions instantiating a
simplification assistant, such as: ““You are a lexi-
cal simplification assistant tasked with simplifying
Estonian text.”

The breakdown of simplified sentences gener-
ated using GPT-4.0 is shown in Figure 1. Out of
47,112 simplified sentence pairs, 28,479 were pro-
duced using our initial generic prompt, and 18,633
were generated using agent-style prompts for lexi-
cal and syntactic tasks.

3,992 Articles Simplified

¢
47,112 Simplified Sentence Pairs

Ve N\
28,479 18,633
1
9,913 Sentence Pairs Corrected by
Annotators

Figure 1: Breakdown of Estonian Dataset Pairs
Below is an excerpt from the lexical simplifica-
tion agent used in our GPT-4.0 prompts (see 3).
The agent uses a few-shot learning strategy with
example-based guidance to consistently apply Es-
tonian lexical simplification techniques.

Prompt Example: Lexical Simplification
Agent

Instruction:

You are a lexical simplification assistant tasked
with simplifying Estonian text. Your role is to
receive Estonian sentences and transform them
by simplifying complex words and phrases
while maintaining the original meaning.

Lexical Simplification Guidelines:

* Replace difficult words with simpler,




more common alternatives.

* Carefully consider context to preserve the
original meaning.

* Avoid simplifying proper nouns, techni-
cal terms without simpler equivalents,
and words essential to the sentence’s
meaning.

* Remove adjectives that do not add critical
meaning.

* Use simple, common verbs.

* Prefer simpler tenses to enhance clarity.

Persona:

You are an expert in lexical simplification, fo-
cused on making Estonian text more accessi-
ble. Your approach balances reducing com-
plexity with maintaining meaning, ensuring
the text remains clear and true to the original.

Example:

Original: Epidemioloogia uurib nakkushai-
gusi ja nende tokestamist.

Simplified: Epidemioloogia uurib nakkushai-
gusi ja nende peatamist.

J

The final dataset statistics are presented in Ta-
ble 1. In total, we compiled 50,416 sentence pairs
across three primary sources. This corpus forms the
backbone of our experiments and is used to train
the models presented in the following sections.

Source Sentence Pairs
Turk 1,896
Wikipedia Data Set 2.0 1,408
GPT-4.0 47,112
Total Pairs 50,416

Table 1: Composition of the Estonian Simplification
Dataset

This dataset enables the fine-tuning of deep neu-
ral network architectures tailored for Estonian text
simplification, as described in the following sec-
tions.

4 Benchmarking Simplification Models
for English Language

To select an appropriate baseline model for Esto-
nian text simplification, several established English
simplification systems with publicly available code
were benchmarked. The evaluation protocol fol-
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lowed the methodology outlined by Zhang and La-
pata (2017).

The first system evaluated applies machine
translation (MT) techniques to the simplification
task. While MT systems are traditionally designed
to translate across languages, their sequence-to-
sequence (Seq2Seq) architectures, including both
recurrent and transformer-based models, can be
repurposed to translate complex sentences into sim-
pler ones in the same language.

One foundational model is built using Open-
NMT (Klein et al., 2018), a widely used neural
MT framework. The text simplification system
described in Nisioi et al. (2017) is implemented
with an encoder-decoder architecture, typically us-
ing Recurrent Neural Networks (RNNs) such as
LSTMs or GRUs. An attention mechanism is inte-
grated to help the decoder focus on the most rele-
vant parts of the input sentence.

OpenNMT-py, the PyTorch-based implementa-
tion, was selected for its flexibility and ease of inte-
gration. The configuration used in the experiments
included:

» Two encoder-decoder layers with 500 hidden
units per layer,

* A dropout rate of 0.3 to reduce overfitting,

* Fifteen training epochs with Stochastic Gra-
dient Descent (SGD) and a learning rate of
0.1.

The second model evaluated is DRESS (Zhang
and Lapata, 2017), a simplification system trained
using reinforcement learning. Unlike standard su-
pervised learning approaches, DRESS optimizes
simplification quality through a reward-based sig-
nal, encouraging a balance between grammaticality,
meaning preservation, and simplicity. A pretrained
encoder-decoder model is used, and reinforcement
learning is applied to iteratively improve output
quality based on the designed reward function.

The third model is TS5 (Text-To-Text Transfer
Transformer) (Raffel et al., 2020c), a unified frame-
work in which all NLP tasks are cast as text genera-
tion problems. TS was pretrained on the C4 dataset
(Raffel et al., 2020a) and has demonstrated strong
generalization capabilities. It uses a transformer-
based encoder-decoder architecture and supports
task-specific prompting.

For the simplification task, T5 was fine-tuned
over five epochs using the Adam optimizer. Input



sentences were prefixed with the instruction “sim-
plify.” Control tokens encoding structural proper-
ties (e.g., character length ratio, Levenshtein dis-
tance) were incorporated to enhance simplification
quality.

All models were trained and evaluated on the
WikiSmall corpus (Zhu et al., 2010), which consists
of aligned sentence pairs from English Wikipedia
and Simple English Wikipedia. The training set
includes 89,042 sentence pairs, while the test set
comprises 100 pairs.

Three standard metrics were used for evaluation:

* BLEU (Papineni et al., 2002), which mea-
sures n-gram overlap between system output
and reference simplifications. While infor-
mative, BLEU does not reward deletion or
simplification explicitly.

SARI (Xu et al., 2016), which evaluates the
system output against both input and reference
sentences, rewarding appropriate additions,
deletions, and retention.

FKGL (Flesch-Kincaid Grade Level) (Flesch,
1948), which estimates readability by calculat-
ing sentence length and syllable count. Lower
scores correspond to simpler and more acces-
sible text.

Evaluation results are shown in Table 2.

Model BLEU | SARI | FKGL
DRESS 4793 | 13.61 | 11.35
OpenNMT | 44.61 | 3582 | 9.97
TS 30.88 | 41.21 | 7.23

Table 2: Evaluation of the simplification models

The results indicate that T5 achieved the highest
SARI and lowest FKGL scores, suggesting superior
simplification quality and readability. However, its
BLEU score was lower, indicating less lexical over-
lap with the reference. DRESS attained the highest
BLEU score but scored poorly on SARI and FKGL,
reflecting a tendency to copy input sentences with
minimal simplification. OpenNMT demonstrated
balanced performance across all metrics, excelling
particularly in structure simplification and lexical
reduction.

Given its robustness and ease of deployment,
OpenNMT was selected as the baseline model for
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Estonian text simplification, especially consider-
ing its suitability for low-resource scenarios and
independence from large-scale pretraining.

5 Simplification with Fine-Tuned LLaMA

LLaMA (Touvron et al., 2023) is a family of open-
access large language models developed by Meta,
designed to offer high performance while main-
taining computational efficiency. Unlike some
of the larger proprietary models, LLaMA mod-
els are optimized for accessibility and can be fine-
tuned and deployed in resource-constrained envi-
ronments. These models are trained on diverse,
publicly available multilingual corpora and support
a broad range of NLP tasks, including generation,
summarization, translation, and simplification.

LLaMA 3.1, introduces enhanced efficiency and
accuracy compared to previous versions. It is avail-
able in various parameter configurations, with sizes
up to 65 billion. The training data includes multiple
languages, and while the exact sources for Estonian
remain undisclosed, it is known that Estonian was
included in the pretraining corpus. This multilin-
gual pretraining provides a suitable foundation for
adapting the model to Estonian-specific tasks.

To enable sentence-level simplification in Esto-
nian, both LLaMA 3.0 and LLaMA 3.1 with 8 bil-
lion parameters were fine-tuned using the Estonian
Simplification Dataset (Section 3). The fine-tuning
process was organized into the following steps:

1. Pretrained Model Initialization: The
LLaMA models and tokenizer were loaded
from their base checkpoints. Due to their
prior exposure to multilingual content, these
models serve as strong initializations for low-
resource language tasks such as Estonian sim-
plification.

. Integration of the Unsloth Library: The
Unsloth library! was used to optimize fine-
tuning. This framework leverages Low-Rank
Adaptation (LoRA) and QLoRA to reduce
memory consumption and computational cost.
It also supports mixed-precision training and
efficient memory allocation, making it well
suited for fine-tuning LL.aMA models on mod-
ern GPUs.

. Training Configuration: Hyperparameters
were adjusted to balance efficiency and con-
vergence. Key parameters included learning

"https://github.com/unslothai/unsloth
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rate, batch size, and total number of steps.
Mixed precision (FP16) and gradient accu-
mulation were employed to stabilize training.
The resulting model learned to generate sim-
plified Estonian sentences while preserving
meaning and grammaticality.

After training, both the fine-tuned model and
tokenizer were serialized for downstream use in
inference pipelines. The resulting model serves
as an Estonian-specific simplification engine that
is fully self-hosted and independent of external
proprietary APIs.

6 Evaluation

The evaluation of the Estonian simplification mod-
els was conducted using a combination of auto-
matic metrics and human judgments. This dual
approach ensures quantitative and qualitative as-
sessment, since automatic metrics alone often miss
fluency, meaning, and simplification quality.

A subset of 100 complex sentences was ran-
domly sampled from the Estonian Simplification
Dataset. These sentences were manually simplified
by two native Estonian linguists to form a high-
quality gold standard. The resulting parallel dataset
was then used to evaluate the performance of both
the OpenNMT and LLaMA-based models.

6.1 Automatic Evaluation

To address the scarcity of Estonian simplification
data, the English WikiSmall corpus was translated
into Estonian using the Tartu NLP machine trans-
lation service (Korotkova and Fishel, 2024). This
enabled training the OpenNMT model entirely on
Estonian text, albeit derived from English simplifi-
cation pairs, resulting in a larger and more diverse
dataset than the Estonian Simplification Dataset.

For LLaMA, both the 3.0 and 3.1 versions were
fine-tuned on the Estonian Simplification Dataset,
excluding the 100-sentence test set. Qualitative
analysis showed that LLaMA 3.1 consistently out-
performed its predecessor, and it was therefore se-
lected for final evaluation.

Training for OpenNMT was performed using the
OpenNMT-py library with a shared vocabulary of
60,000 tokens. Vocabulary sharing was enabled
to improve token alignment between source and
target. The training process saved 12 checkpoints,
and the best-performing checkpoint (based on dev
loss) was selected to avoid overfitting.

For LLaMA 3.1, fine-tuning was conducted over
500 training steps, with a warmup of 100 steps. A
batch size of 8 with gradient accumulation over 2
steps was used. The AdamW optimizer was con-
figured with a learning rate of 0.00005, weight
decay of 0.01, and cosine learning rate schedul-
ing. Mixed precision (FP16) training was used to
accelerate computation and reduce memory usage.
A fixed seed (42) was applied for reproducibility.
The resulting model was serialized and deployed
for testing.

Model Performance Comparison

50 49.72 Llama
47.43 OpenNMT

40

30.05
30
27.04

Score

20

10 8.71 9.02

BLEU SARI FKGL
Metric

Figure 2: Comparison of Model Performance on BLEU,
SARI, and FKGL metrics for LLaMA 3.1 and Open-
NMT

Evaluation was carried out using three standard
metrics:

* BLEU (Papineni et al., 2002): Measures n-
gram overlap between model output and ref-
erence simplifications. It rewards fluency but
penalizes deletion.

* SARI (Xu et al., 2016): Designed specifically
for simplification, this metric compares sys-
tem output to both the input and reference,
rewarding appropriate edits.

e FKGL (Flesch, 1948): The Flesch-Kincaid
Grade Level estimates the readability of the
generated output.

As shown in Figure 2, OpenNMT achieved a
higher BLEU score (30.05 vs. 27.04), indicating
stronger n-gram similarity with the reference texts.
However, LLaMA 3.1 outperformed OpenNMT on
SARI (49.72 vs. 47.43), suggesting it made more
effective simplification edits. The FKGL scores
(8.71 for LLaMA 3.1 vs. 9.02 for OpenNMT)
show that both systems improved readability, with
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a slight advantage for LLaMA. These mixed re-
sults highlight the limitations of relying solely on
automated metrics.

6.2 Manual Evaluation

To complement the automatic evaluation, a human
assessment was conducted by two independent na-
tive Estonian linguists. Fifty randomly selected
sentence pairs, simplified by each model, were
rated across four distinct dimensions: grammati-
cality (G), readability (R), preservation of meaning
(M), and reduction effort (Re¢r). Each criterion was
scored on a 0—4 scale, with 4 denoting excellent
performance and O indicating a complete failure.
The rating guidelines were collaboratively devel-
oped and piloted to ensure reliability. Annotator
disagreements were resolved through discussion to
produce consensus scores.

Grammaticality (G) assesses the syntactic cor-
rectness of the output. A score of 4 corresponds
to a grammatically flawless sentence with native-
level fluency. Lower scores indicate increasingly
frequent or severe errors, including agreement
mismatches, fragmentary structures, or incoherent
phrasing.

Readability (R) measures how easy the simplified
sentence is to comprehend. This includes factors
such as sentence length, lexical familiarity, and
word order clarity. A top score of 4 reflects a well-
structured, fluent sentence that is easy to read with-
out effort.

Preservation of Meaning (M) captures the extent
to which the simplified sentence retains the key
information and intent of the original. A score of
4 indicates full semantic preservation, while lower
scores reflect omission, distortion, or misinterpre-
tation.

Reduction Effort (Reg) refers specifically to
the degree of surface-level simplification ap-
plied—such as shortening, word substitution, and
structural flattening. It does not measure quality or
appropriateness in isolation but indicates whether
any simplification effort was actually made. This
criterion is separated from fluency and faithfulness
to avoid conflating simplification activity with over-
all simplification quality. It is important to note that
sentence simplification as a task ideally balances
all four criteria rather than optimizing for reduction
alone.
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Model G R M | Regr | Overall
LLaMA 3.1 | 346 | 3.26 | 3.24 | 2.16 | 3.03
OpenNMT | 2.26 | 2.04 | 1.76 | 0.94 1.60

Table 3: Mean human ratings: Grammaticality (G),
Readability (R), Meaning (M), Reduction Effort (Res),
and Overall Average

The results in Table 3 indicate that LLaMA 3.1
consistently outperformed OpenNMT across all
dimensions. The largest gap appeared in preserva-
tion of meaning (3.24 vs. 1.76), confirming that
LLaMA maintained semantic integrity more reli-
ably. It also exhibited significantly higher gram-
matical fluency and readability. Although both
models attempted simplification, LLaMA applied
more effective and deliberate reduction strategies
(2.16 vs. 0.94), including sentence segmentation,
lexical replacement, and omission of unnecessary
modifiers.

These findings reinforce the importance of hu-
man evaluation in ATS research. While automatic
metrics provide useful benchmarks, they often fail
to capture deeper qualitative aspects—such as nu-
ance, clarity, or subtle meaning loss—that are cru-
cial for practical deployment in real-world, user-
sensitive applications.

7 Conclusions

This study explored two approaches to Estonian
text simplification: a neural machine translation
model using OpenNMT and a fine-tuned large lan-
guage model, LLaMA. Given the limited resources
for Estonian ATS, we created the Estonian Sim-
plification Dataset by combining translated data
and GPT-4.0-generated simplifications. The ex-
perimental results show that the LLaMA model,
fine-tuned on this dataset, consistently outperforms
OpenNMT across key criteria, including readabil-
ity, grammaticality, and meaning preservation.
The evaluation showed that standard metrics,
such as BLEU and SARI, were insufficient to de-
termine a clear winner between OpenNMT and
LLaMA. While BLEU scores marginally favored
OpenNMT, reflecting closer alignment with refer-
ence texts, SARI scores suggested that LLaMA
might better capture the simplification process by
adding, deleting, or altering content for readabil-
ity. However, neither metric alone fully encapsu-
lated critical aspects of simplification quality, such
as meaning preservation and readability. These



findings underscore the limitations of automated
metrics and the necessity of manual evaluation. De-
spite these limitations, BLEU and SARI are widely
adopted in ATS research, enabling comparison with
prior work.

The manual evaluations highlighted LLaMA’s
superior performance, particularly in maintaining
the original meaning and applying effective sim-
plification techniques, such as sentence splitting
and lexical substitution. These findings underscore
the potential of LLMs for handling low-resource
languages, with fine-tuning proving effective in
adapting pre-trained models to the specific linguis-
tic and structural features of Estonian.

Importantly, the fine-tuning methodology pre-
sented in this work is not limited to Estonian. The
approach, based on openly available LLaMA mod-
els and lightweight tuning via the Unsloth frame-
work, can be readily applied to other low-resource
languages with comparable syntactic or morpho-
logical complexity. By adapting the data collection,
annotation guidelines, and persona-based prompt-
ing strategies introduced here, researchers can build
domain- and language-specific simplification sys-
tems tailored to their needs. To support this, we
share scripts, configuration templates, and model
inference examples in the supplementary section to
facilitate replication and reuse in future work.

This research contributes to the underexplored
area of Estonian ATS, demonstrating that LL.Ms,
supported by targeted persona prompting and data
resources, can achieve meaningful simplifications
in a low-resource language. It also supports prac-
tical applications, such as creating educational
tools and improving accessibility for Estonian
speakers with cognitive disabilities, aligning with
user groups like those in the HAPPI, FIRST, and
CLEAR projects. Future work will focus on ex-
panding the dataset and incorporating additional
human corrections of the simplified sentences. Fur-
thermore, this research lays the groundwork for
exploring document-level simplification for Esto-
nian.

8 Supplementary Material

We release all datasets, models, and tools devel-
oped in this study to support reproducibility:

e Dataset:  Estonian Text Simplification
Dataset (50,416 sentence pairs), combining
GPT-4.0 generations, manual corrections,
Wikipedia data, and machine-translated
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English corpora.
https://huggingface.co/
datasets/vulturuldemare/

Estonian-Text-Simplification
* Models:

LLaMA
https://huggingface.co/

— Fine-tuned 3.1:
datasets/vulturuldemare/
Estonian-Text—-Simplification/
resolve/main/llama3l-model.zip
OpenNMT
//huggingface.co/

model: https:

datasets/vulturuldemare/
Estonian-Text-Simplification/
resolve/main/

openNMT-SimplificationModel.pt
* Applications:

— LLaMA-based web app:
//github.com/SoimulPatriei/

https:

webapp-1llama

— OpenNMT-based web app:
//github.com/SoimulPatriei/

https:

webapp-opennmt

All resources are openly available under permis-
sive licenses.
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