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Abstract
Sentence simplification aims to make complex text more accessible by reducing linguistic complexity while preserving
the original meaning. However, progress in this area remains limited for mid-resource and low-resource languages
due to the scarcity of high-quality data. To address this gap, we introduce the OasisSimp dataset, a multilingual
dataset for sentence-level simplification covering five languages: English, Sinhala, Tamil, Pashto, and Thai. Among
these, no prior sentence simplification datasets exist for Thai, Pashto, and Tamil, while limited data is available for
Sinhala. Each language simplification dataset was created by trained annotators who followed detailed guidelines to
simplify sentences while maintaining meaning, fluency, and grammatical correctness. We evaluate eight open-weight
multilingual Large Language Models (LLMs) on the OasisSimp dataset and observe substantial performance
disparities between high-resource and low-resource languages, highlighting the simplification challenges in
multilingual settings. The OasisSimp dataset thus provides both a valuable multilingual resource and a challenging
benchmark, revealing the limitations of current LLM-based simplification methods and paving the way for future
research in low-resource sentence simplification. The dataset is available at https://OasisSimpDataset.github.io/.
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1. Introduction

Reading is a critical daily activity in our text-rich
society, yet it can be challenging for some due to
complex words, sentences, or meanings. Organi-
zations such as the Plain Language Association
International (PLAIN)1 and the Easy-to-Read move-
ment (de Normalización, 2018) emphasize using
simple texts to make information accessible to all.
Ensuring written content is clear and readable is
crucial for equitable knowledge access.

Sentence simplification is the task of transform-
ing complex text into an easier-to-understand for-
mat by reducing its linguistic complexity while pre-
serving the original meaning and factual informa-
tion. This process is essential for enhancing infor-
mation accessibility for a wide range of individu-
als, including language learners, people with cog-
nitive or reading disabilities such as dyslexia or
aphasia, and younger audiences (Paetzold and
Specia, 2017; Espinosa-Zaragoza et al., 2023; Al-
Thanyyan and Azmi, 2021). High-quality simplified
text can also be a valuable preprocessing step for
various downstream Natural Language Process-
ing (NLP) tasks, including Machine Translation,
text summarization, and question answering (Dadu

∗These authors contributed equally.
1https://plainlanguagenetwork.org/

et al., 2021).
In the last two decades, the NLP community has

made significant progress in addressing this chal-
lenge by developing various datasets and tools
for sentence simplification. Early efforts primar-
ily focused on high-resource languages such as
English (Shardlow, 2014; Alva-Manchego et al.,
2020b) and Spanish (Ferrés and Saggion, 2022).
In particular, the availability of English datasets
such as Newsela (Xu et al., 2015) and Wiki-
Large (Zhang and Lapata, 2017) has driven sub-
stantial advances in simplification model devel-
opment. However, this focus has created a pro-
nounced resource imbalance, leaving many other
languages, especially low-resource languages
such as Sinhala and Pashto, significantly un-
derserved. The scarcity of high-quality, paral-
lel complex-simple sentence pairs for these lan-
guages presents a major obstacle to developing,
evaluating, and advancing simplification technolo-
gies across linguistic boundaries.

Recent efforts have sought to expand language
coverage. For example, Ryan et al. (2023) in-
troduced the MULTISIM benchmark, covering 12
languages using data from 27 sources. Sim-
ilarly, multilingual datasets for domain-specific
applications, particularly in the medical do-
main (Basu et al., 2023), have emerged, includ-
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ing MultiCochrane (Joseph et al., 2023) and Mul-
tiMSD (Horiguchi et al., 2025). However, many
of these datasets are domain-specific and offer
limited general language representation.

We introduce the OasisSimp dataset (An Open-
source Asian-English Sentence Simplification
Dataset), a publicly available dataset for sentence-
level simplification to address this critical resource
gap. OasisSimp covers five languages - English,
Sinhala, Tamil, Thai, and Pashto - with all par-
allel sentence pairs created through expert hu-
man simplification. Trained annotators followed
consistent, detailed guidelines to manually rewrite
complex sentences into simpler forms, ensuring
that the core meaning, grammatical correctness,
and fluency were preserved. Beyond releasing
this resource, we leverage OasisSimp to evalu-
ate LLM-based text simplification approaches pro-
posed in Kew et al. (2023). We report perfor-
mance of various various LLMs in zero- and few-
shot settings and report SARI (Xu et al., 2016) and
BERTScore (Zhang et al., 2020).

By providing both the OasisSimp dataset and as-
sociated benchmarking results, we aim to expand
the resources available for multilingual sentence
simplification research significantly. We anticipate
that this work will stimulate further research, sup-
port the development of more inclusive and effec-
tive simplification systems, and ultimately make
information more accessible to diverse global audi-
ences.

2. Related Work

Sentence Simplification makes written language
easier to read and understand while keeping the
original meaning intact. It plays an important role in
improving the readability and accessibility of text for
diverse audiences. Although research in sentence
simplification has a long and rich history, it has
mainly focused on high-resource languages, par-
ticularly English. Simplification generally occurs
at three levels: lexical, syntactic, and conceptual
or discourse. Lexical simplification involves replac-
ing complex words with simpler alternatives (Venu-
gopal et al., 2022), while syntactic simplification re-
duces grammatical complexity to make sentences
clearer and easier to follow (Shardlow, 2014; Alva-
Manchego et al., 2020b). On the other hand, con-
ceptual simplification aims to make the underlying
ideas easier to understand, not just the words or
sentence structures used to express them (Eschen-
brücher, 2021). Most studies have concentrated
on lexical and syntactic simplification, and this work
focuses explicitly on sentence-level syntactic sim-
plification.

Sentence Simplification Datasets Early and
influential datasets for English sentence simplifi-
cation are Simple English Wikipedia (Coster and
Kauchak, 2011), which was constructed by auto-
matically aligning complex sentences with their sim-
plified counterparts, with previous research on au-
tomatically constructing parallel data (Kajiwara and
Komachi, 2016). Other prominent English simpli-
fication datasets include ASSET (Alva-Manchego
et al., 2020a), developed through crowdsourcing,
and WikiLarge (Zhang and Lapata, 2017), created
by combining multiple existing resources. These
corpora have been instrumental in advancing the
field from early rule-based and statistical methods
to more recent neural approaches to sentence sim-
plification (e.g., Nisioi et al., 2017; Martin et al.,
2020).

In recent years, research in sentence simplifi-
cation has gradually expanded beyond English
to include other languages. For Italian, Tonelli
et al. (2016) and Brunato et al. (2016) introduced
sentence-level simplification datasets, with the for-
mer focusing on manual simplification and the
latter employing automatic methods. For Dan-
ish, the DSim corpus (Klerke and Søgaard, 2012)
was created using journalists producing simplifi-
cations, while Grabar and Cardon (2018) devel-
oped a French medical simplification dataset com-
bining crowdsourced and expert annotations. For
Russian, the RuSimpleSentEval-2021 Shared Task
(Sakhovskiy et al., 2021) provided a crowdsourced
dataset with both automatic and manual sentence
alignments. A notable advancement in multilin-
gual simplification is the MultiSim benchmark (Sag-
gion et al., 2022), which includes English, Spanish,
and Portuguese data. Although this benchmark
marked an important step towards multilingual eval-
uation, it remains centered on high-resource lan-
guages. Similarly, Ryan et al. (2023) proposed a
non-English benchmark by combining existing re-
sources, but coverage for genuinely low-resource
languages remains limited.

The availability of sentence simplification cor-
pora for low-resource languages is still scarce. The
SiTSE corpus (Ranathunga et al., 2025) includes
1,000 complex Sinhala sentences simplified by
three annotators, yielding 3,000 complex–simple
pairs. Likewise, Mondal et al. (2024) created Ben-
gali and Marathi datasets, each containing 500
pairs, while Anees and Abdul-Rauf (2021) devel-
oped an Urdu corpus comprising 610 sentences
simplified by two annotators. Although these ini-
tiatives represent valuable progress, they are rela-
tively small compared to English datasets. To ad-
dress this gap, our work introduces the OasisSimp
dataset, a new multilingual sentence simplification
dataset covering mid- and low-resource languages.



Simplification Methodology Supervised learn-
ing has long been the dominant paradigm in mod-
ern sentence simplification (Al-Thanyyan and Azmi,
2021; Alva-Manchego et al., 2020c). However, su-
pervised approaches are often impractical for low-
resource languages, where parallel simplification
training data is limited or unavailable. To address
this issue, researchers have often turned to ma-
chine translation (MT) to create pseudo data, for
example, by translating complex English sentences
into another language and simplifying them, or by
translating simplified English sentences into the
target language (Palmero Aprosio et al., 2019; Lu
et al., 2021; Sheang and Saggion, 2021; Ki and
Carpuat, 2025). Although these methods are cre-
ative, they can introduce translation noise and fail
to capture language-specific nuances of simplifica-
tion (Hasan et al., 2021). Further improvements
were achieved by mining paraphrases from large-
scale web-crawled data (Martin et al., 2022). More
recently, the emergence of LLMs has enabled sim-
plification through zero-shot and few-shot prompt-
ing, reducing reliance on explicit training data. In
this work, we adopt an LLM-based simplification
approach, leveraging the strong generalization ca-
pabilities of multilingual LLMs to handle sentence
simplification across diverse languages.

3. Data Creation

3.1. Language Selection
We selected five diverse languages (English, Thai,
Tamil, Sinhala, and Pashto)2 to create a sen-
tence simplification dataset, based on their linguis-
tic, typological, and sociolinguistic diversity. En-
glish, a high-resource Indo-European language,
provides well-studied benchmarks for comparison.
Thai, a tonal Southeast Asian language with a
script that lacks spaces, Tamil, a morphologically
rich Dravidian language, Sinhala, an Indo-Aryan
language with complex syllable structures, and
Pashto, an Eastern Iranian language with dialec-
tal variations, are low-resource languages with di-
verse scripts and grammatical features. This se-
lection covers multiple language families, scripts
(Latin, Thai, Brahmi-derived, Arabic-derived), and
linguistic characteristics (analytic vs. agglutina-
tive, tonal vs. non-tonal). Apart from that, Thai,
Tamil, and Pashto have no sentence simplification
datasets. For Sinhala, only a small dataset ex-
ists (Ranathunga et al., 2025). Including these
languages addresses a significant gap in sentence
simplification research. Additionally, all five lan-

2Based on data availability, English: 5, Thai & Tamil:
3, Sinhala & Pashto: 2 (Joshi et al., 2020; Ranathunga
and de Silva, 2022), where 5 is high-resources and 1 is
low-resource language.

guages are spoken by sizable populations, mean-
ing that simplification can have a real social impact
by improving literacy, education, and access to
information. The resulting dataset will support mul-
tilingual research and practical applications across
languages with very different linguistic and writing
systems.

3.2. Data Source and Selection

Due to the lack of a common data source across
all five languages, we individually selected sources
for each language, ensuring they are publicly avail-
able and cover diverse domains such as Wikipedia,
newspapers, and government documents. Our
goal was to collect sentences with varying lengths
and complexity. We applied automatic filtering cri-
teria on the selected source data, including a mini-
mum sentence length. We also ensured coverage
across different topics. For example, Wikipedia
articles on animals, products, buildings, etc., and
newspaper articles on sports, politics, entertain-
ment, and more. In addition to these general steps,
we applied language-specific filtering to account for
linguistic characteristics unique to each language
(see below). This approach provides a wide range
of sentence complexity. Finally, after automatically
identifying a large set of potential complex sen-
tences, we manually reviewed them to select a
number for simplification. Manual inspection en-
sured the chosen sentences were genuinely com-
plex and suitable for simplification.

English (OasisSimp-EN) The complex English
sentences were drawn from Canadian general-
interest newspapers via the NewsEdits curation
workflow, primarily The Globe and Mail. We sam-
pled across general-interest sections (e.g., News,
Report on Business, Opinion, Arts & Life/Books)
and excluded templated material such as stock
tables, listings, photo captions, corrections, and
headlines. Candidate sentences were restricted
to 100–300 characters and excluded if they con-
tained special characters (e.g., “@”, “&”). We also
limited proper nouns to reduce world-knowledge
dependency and annotation ambiguity, thereby en-
couraging structural/lexical simplification over en-
tity substitution. To maximize sentence‑level simpli-
fiability, we prioritized sentences whose complexity
stems from syntax (e.g., coordination and subordi-
nation, apposition, heavy noun phrases) and lexical
density rather than from named‑entity load. This
filtering produced a large pool of candidate com-
plex sentences, from which we manually curated
2,500 context‑independent complex sentences for
simplification to form the OasisSimp-EN.



Sinhala (OasisSimp-SI) & Tamil (OasisSimp-
TA) Sinhala and Tamil complex sentences were
selected from the SiTa trilingual parallel corpus
(Fernando et al., 2020; Ranathunga et al., 2018).
This corpus has about 50k unique sentence pairs
coming from official government documents, metic-
ulously cleaned and fixed by language experts.
These government documents are more complex
than other sources from Sri Lanka, such as news
or social media text. Government documents often
feature longer sentences, domain-specific termi-
nology from fields such as accounting and law,
and a highly formal register (Ranathunga et al.,
2025). We opted to select sentences containing
rare words. Initially, rare word based filtering was
done for Sinhala (we selected rare words that have
a frequency of less than 5-503 in 140k sentences
of the common crawl corpus). This resulted in
5859 sentences. Manual observation revealed
that some sentences are just lists of items, and
some are near duplicates. Therefore, these sen-
tences were manually filtered. Finally, we selected
2500 long sentences. In certain cases, there were
technical terms, and within brackets, the English
meaning was given. These English terms were re-
moved. A random 500 were selected out of these
sentences, and the corresponding Tamil sentences
were retrieved from the SiTa trilingual corpus. The
Tamil dataset had to be restricted to 520 due to the
unavailability of human annotators. Each complex
sentence was simplified by 5 annotators, for both
Sinhala and Tamil, to form the OasisSimp-SI and
OasisSimp-TA datasets.

Thai (OasisSimp-TH) We used the ThaiSum
dataset as our initial corpus (Chumpolsathien,
2020). This dataset was collected from Thai
news websites: Thairath, ThaiPBS, Prachatai, and
The Standard. A Thai-specific CRF segmentator
trained on the TED dataset (Phatthiyaphaibun et al.,
2024) pre-segmented each document into sen-
tences. We first randomly sampled sentences from
the corpus and performed a filtering based on the
rare words, length, and topic diversity. We selected
sentences containing rare and non-rare words to
avoid rare word bias. All sentences were also sub-
jected to a length constraint, with only those more
than 15 words being retained. To ensure topic di-
versity, we re-sampled the pre-filtered sentences
from 10 distinct news categories: Politics, Local
News, Economics, Society, Foreign Affairs, Qual-
ity of Life, Human Rights, Lifestyle, Culture, and
Education, resulting in a pool of 3,815 sentences.
In addition, due to the ambiguity of sentence and
word boundaries and the limitations of the auto-

3words that had a frequency less than 5 were mostly
misspelled words.

matic sentence segmentation, one of the authors
manually picked the correct sentence boundary.
We finally obtained 1499 Thai sentences to form
the OasisSimp-TH dataset.

Pashto (OasisSimp-PS) We used Wikipedia as
our primary source for collecting complex Pashto
sentences. Wikipedia is a reliable, publicly avail-
able, and diverse domain resource for Pashto,
providing naturally occurring complex sentences
with authentic vocabulary, syntax, and named en-
tities. We initially collected 10,000 Pashto sen-
tences, distributed equally across ten semantic
categories like animals, products, buildings, loca-
tions/places, events, food, drinks, hobbies, works
of art, and organizations (1,000 sentences per cate-
gory). Human annotators manually extracted these
sentences from Wikipedia to ensure relevance and
domain coverage within each category. Out of the
1,000 sentences per category, the top 250 most
complex sentences were selected based on four
key points: sentence length, syntactic complexity,
vocabulary richness, and semantic depth. Longer
(25/30 words), multi-clause sentences with struc-
tured and diverse vocabulary are preferred, ensur-
ing linguistic richness and contextual nuance. This
filtering resulted in a final set of 2,500 sentences
and formed the OasisSimp-PS dataset, ensuring
sufficient complexity for evaluating simplification
systems. All selected sentences were reviewed
by a native Pashto linguistic expert to ensure their
cultural and linguistic appropriateness before anno-
tation. The evaluation mainly depends on cultural
relevance, naturalness, grammatical correctness,
vocabulary suitability, and semantic clarity.

Table 1: Final statistics for each language in the
OasisSimp dataset. Comp - complex, Simp - sim-
plified.

Lang
# Comp

Sentences
Avg. Simp
Sentences

Avg.Comp
Length

Avg. Simp
Length

Source
Domain

English 2500 2.86 24.35 17.23 News
Sinhala 2500 5.00 30.12 28.78 Govt
Thai 1499 5.06 48.24 37.77 News
Tamil 520 4.66 23.22 17.65 Govt
Pashto 2500 3.00 28.81 20.31 Wiki

3.3. Data Annotation Workflow
We used 3-6 native language speakers with at least
Bachelor’s degrees for annotation. We recruited
the annotators based on our contacts from the re-
spective countries to have greater quality control
over the annotation process, instead of going for
an online platform. We instructed annotators to
simplify sentences while preserving meaning, flu-
ency, and grammaticality. We provided detailed
instructions, adapted from Xu et al. (2016); Alva-
Manchego et al. (2020a). Before annotation, anno-



Table 2: Sample Examples from the OasisSimp Dataset for each language.

tators received structured training sessions to famil-
iarize them with the simplification guidelines, oper-
ational definitions, and annotation criteria. During
the training phase, annotators were encouraged to
ask questions to ensure they understood how to
retain the core meaning while making sentences
easier for lower-literacy speakers. We provided at
least 3 rounds of training to each annotator. During
training, annotators were provided with illustrative
examples to demonstrate the following key simplifi-
cation operations.

- Replace rare or technical terms with simpler syn-
onyms (Rewording).
- Split long sentences into multiple shorter sen-
tences (Sentence Splitting).
- Remove unnecessary details while preserving
meaning (Deletion).
- Restructure sentences for clarity (Reordering).

The annotations were performed in batches of
25-100 sentences, depending on language, com-
plexity, and the annotator’s capacity. Initially, one
of the authors verified that the annotators followed



the instructions. In case of any issue, we provided
further instructions to the annotator. After a few
rounds of building confidence with the annotator,
we randomly sampled some simplified text for veri-
fication. In Table 2, we present one example from
each language with the corresponding transaction
and operation performed.

Table 1 presents the final statistics for each lan-
guage in the OasisSimp dataset, including the num-
ber of complex sentences, the average number of
simplified sentences per complex instance, the av-
erage sentence lengths for both complex and sim-
plified versions, and their respective sources. The
sentence length for Thai is measured by tokens,
while for other languages it’s measured by the num-
ber of words. In most languages, each complex
sentence is paired with three simplified versions,
except for a few English sentences that were ex-
cluded due to quality issues. As shown across all
languages, the average length of simplified sen-
tences is consistently shorter than that of complex
sentences, indicating that simplification often in-
volves the removal of redundant or less essential
information. We divided the dataset into validation
and test subsets to support unsupervised model
development, allocating 80% of the data to testing
and the remaining 20% to validation.

4. Methodology and Evaluation

Our work focuses on advancing less-resource sen-
tence simplification datasets, rather than proposing
a new simplification methodology. To this end, we
adopt an existing LLM-based simplification frame-
work, following the prompting strategy proposed
by Kew et al. (2023), where the model is instructed
to “Simplify the given sentence …” to generate
simplified outputs. This approach allows us to sys-
tematically evaluate the capabilities of different mul-
tilingual models under a consistent simplification
paradigm, isolating the effect of model design and
linguistic coverage on performance.

We evaluated a diverse set of open-weight, mul-
tilingual LLMs, including Aya (Aya-Expanse-8B),
Cmd-R (c4ai-command-r7b-12-2024), DeepSeek
(deepseek-llm-7B-chat), EuroLLM (EuroLLM-9B-
Instruct), Gemma (Gemma-3-12B-it), LLaMA
(Llama-3.2-3B-Instruct), Mistral (Mistral-7B-
Instruct-v0.2), and Qwen (Qwen2.5-7B-Instruct).
These models encompass a range of architectural
designs, parameter scales, and training paradigms.
While not all models explicitly disclose the full list
of languages in their training data, we broadly
categorize them based on whether a language is
known to be included, excluded, or likely included
based on an educated guess (e.g., Gemma). We
also include models such as EuroLLM, trained
primarily on European languages, to examine their

ability to generalize to unseen or low-resource
languages. Based on the available language
information, all models include English. LLaMA
includes Tamil and Thai, while Gemma is most
likely trained on all evaluated languages except
Pashto.

We conduct experiments in both zero-shot and
few-shot settings, building upon BLESS (Kew et al.,
2023). For zero-shot, we experimented with mul-
tiple temperatures (0.1 - 0.9 in steps of 0.1) and
report the best performance. In the few-shot con-
figuration, we used 1-shot and 5-shot settings us-
ing the best temperature from zero-shot. This de-
sign enables a systematic comparison of LLMs
with varying capacities and linguistic generaliza-
tion abilities in the context of less-resource sen-
tence simplification. We used the two standard
automatic simplification metrics for the evaluation:
SARI (Xu et al., 2016) and BERTScore (Zhang
et al., 2020). SARI measures the goodness of
words added, deleted, and kept by the simplifica-
tion system, while BERTScore measures the se-
mantic similarity of the simplified sentence with the
reference sentences4.

5. Results and Discussion

In Table 3, 4, 5, 6, 7, we present Zero, 1, and
5-shot SARI and BERTScore (Fref) using multi-
ple LLMs from English, Sinhala, Thai, Tamil, and
Pashto, respectively.

Zero-Shot Performance: The zero-shot evalua-
tion shows clear differences in how language and
model strength affect multilingual sentence sim-
plification. As a high-resource language, English
BERTScore has less variation. This reflects the
strong baseline ability of LLMs in languages that
match their training data. In contrast, low- and mid-
resource languages like Pashto and Thai show the
largest variation in the BERTScore across models,
which suggests that zero-shot is not effective for all
LLMs. However, the Gemma model performs sur-
prisingly well, achieving high BERTScore scores in
Sinhala (66.77), Tamil (74.55), and Pashto (56.95).
This indicates that these models transfer knowl-
edge across languages more effectively and follow
instructions better. DeepSeek and Llama’s nega-
tive scores for Tamil and Pashto, respectively, high-
light that some models struggle to generalize in
low-resource settings. Further analysis of SARI
and its components (ADD, KEEP, DEL) gives more
insight into how models behave during zero-shot
simplification. The English SARI score has less

4We didn’t use BLEU Score because of its unsuitabil-
ity (Callison-Burch et al., 2006; Reiter, 2018). However,
for completeness, we included BLEU results in Appendix.



Table 3: Results on English (OasisSimp-EN) dataset: Zero, 1- and 5-shot Results. Highest value
in bold and lowest underlined. 4: Language included in LLM training; 4: Likely included (Educated
Guess); 7: Not included.

Model
0 Shot 1 Shot 5 Shot

SARI Comp. SARI Fref
SARI Comp. SARI Fref

SARI Comp. SARI Fref
ADD KEEP DEL ADD KEEP DEL ADD KEEP DEL

Aya 4 9.32 44.98 75.23 43.18 54.44 9.68 44.90 72.51 42.36 56.35 10.18 45.91 71.16 42.42 57.20
Cmd-R 4 9.69 44.95 72.89 42.51 55.90 10.99 43.71 77.57 44.09 55.03 11.91 45.28 77.09 44.76 56.63
DeepSeek 4 7.03 41.47 76.30 41.60 51.88 7.80 41.12 76.82 41.91 51.92 9.41 42.03 77.22 42.89 54.15
EuroLLM 4 9.32 45.60 68.36 41.10 56.98 10.99 46.98 69.35 42.44 57.96 11.63 46.55 70.93 43.04 58.10
Gemma 4 5.24 44.43 68.54 39.40 51.87 6.55 43.26 74.44 41.41 52.34 9.19 44.67 77.06 43.64 55.27
LLaMA 6.48 43.31 68.34 39.38 54.30 8.11 43.42 72.83 41.45 54.53 9.93 44.75 73.75 42.81 56.00
Mistral 4 8.56 43.66 77.46 43.23 52.49 10.31 43.82 78.43 44.18 54.55 11.61 44.01 78.59 44.74 55.89
Qwen 4 8.70 46.07 73.53 42.77 42.36 9.54 46.40 77.25 44.39 53.03 10.88 47.01 77.08 44.99 55.27

Table 4: Results on Sinhala (OasisSimp-SI) dataset: Zero, 1- and 5-shot Results. Highest value in
bold and lowest in underlined. 4: Language included in LLM training; 4: Likely included (Educated
Guess); 7: Not included.

Model
0 Shot 1 Shot 5 Shot

SARI Comp. SARI Fref
SARI Comp. SARI Fref

SARI Comp. SARI Fref
ADD KEEP DEL ADD KEEP DEL ADD KEEP DEL

Aya 7 0.47 23.11 68.49 30.69 54.94 0.40 26.01 67.39 31.27 54.22 0.21 27.62 65.75 31.20 44.78
Cmd-R 7 0.18 29.95 65.05 31.73 58.32 0.19 30.24 65.08 31.84 55.94 0.13 28.87 65.18 31.40 45.34
DeepSeek 7 0.16 16.92 68.71 28.60 -0.14 0.14 24.99 66.71 30.61 57.68 0.08 20.23 67.60 29.30 38.55
EuroLLM 7 0.03 19.19 68.14 29.12 47.59 0.04 18.74 68.18 28.99 47.56 0.00 2.03 70.18 24.07 -60.47
Gemma 4 3.89 28.64 71.77 34.77 66.77 4.62 36.89 71.25 37.59 70.44 5.65 44.21 69.82 39.89 73.89
LLaMA 7 0.32 17.77 69.25 29.11 47.10 0.31 19.23 68.91 29.49 45.49 0.30 20.49 68.18 29.66 32.99
Mistral 7 0.19 11.61 70.00 27.26 42.84 0.22 19.58 68.60 29.47 54.85 0.17 25.28 66.80 30.75 58.47
Qwen 7 0.46 28.70 66.27 31.81 59.50 0.43 29.17 65.84 31.81 57.44 0.38 29.01 65.66 31.68 46.73

Table 5: Results on Thai (OasisSimp-TH) dataset: Zero, 1- and 5-shot Results. Highest value in bold
and lowest in underlined. 4: Language included in LLM training; 4: Likely included (Educated Guess);
7: Not included.

Model
0 Shot 1 Shot 5 Shot

SARI Comp. SARI Fref
SARI Comp. SARI Fref

SARI Comp. SARI Fref
ADD KEEP DEL ADD KEEP DEL ADD KEEP DEL

Aya 7 0.33 21.01 84.30 35.22 56.49 0.38 24.45 83.53 36.12 59.01 0.43 25.98 82.59 36.33 60.66
Cmd-R 7 0.47 29.02 82.19 37.23 62.17 0.51 26.88 81.85 36.41 61.84 0.45 28.89 81.86 37.07 62.26
DeepSeek 7 0.12 15.27 84.34 33.24 27.98 0.18 15.80 83.95 33.31 51.68 0.14 15.77 84.09 33.34 40.95
EuroLLM 7 0.15 26.35 80.43 35.64 52.25 0.23 26.26 80.23 35.57 60.26 0.16 28.05 77.71 35.31 62.57
Gemma 4 0.66 27.78 85.23 37.89 38.99 1.30 34.25 85.31 40.29 65.22 1.48 37.53 84.82 41.28 67.30
LLaMA 4 0.25 24.83 83.50 36.19 8.85 1.07 33.08 82.13 38.76 63.97 1.43 39.99 79.26 40.23 68.91
Mistral 7 0.22 23.59 84.55 36.12 43.13 0.44 23.94 83.65 36.01 58.03 0.60 24.72 82.97 36.09 61.02
Qwen 7 0.57 32.25 84.30 39.04 58.20 0.76 33.78 84.11 39.55 60.40 1.06 36.60 84.24 40.64 64.27

variation across models, compared to other lan-
guages, meaning the models align well with the
original text structure for English compared to other
languages. Among all SARI components, the DEL
is the highest, showing that models focus on re-
moving unnecessary or complex information. The
ADD component is the lowest, especially in non-

English languages, suggesting that models find it
difficult to add new or helpful information. Overall,
the findings show that while Gemma handles multi-
ple languages well and is sensitive to text structure,
low-resource languages still pose challenges to all
LLMs.



Table 6: Results on Tamil (OasisSimp-TA) dataset: Zero, 1- and 5-shot Results. Highest value in bold
and lowest in underlined. 4: Language included in LLM training; 4: Likely included (Educated Guess);
7: Not included.

Model
0 Shot 1 Shot 5 Shot

SARI Comp. SARI Fref
SARI Comp. SARI Fref

SARI Comp. SARI Fref
ADD KEEP DEL ADD KEEP DEL ADD KEEP DEL

Aya 7 2.42 18.48 70.60 30.50 72.42 2.25 27.49 68.73 32.82 74.40 2.00 34.27 66.62 34.30 76.24
Cmd-R 7 2.78 26.40 69.28 32.82 74.14 2.07 30.78 66.61 33.15 74.97 1.44 34.40 66.15 34.00 76.08
DeepSeek 7 0.33 11.88 70.83 27.68 -0.67 0.49 19.23 69.54 29.75 68.27 0.11 8.76 70.56 26.48 3.30
EuroLLM 7 0.19 24.90 68.07 31.05 69.89 0.32 26.56 67.05 31.31 71.21 0.16 25.05 67.73 30.98 65.97
Gemma 4 4.22 23.15 71.07 32.82 74.55 5.17 35.26 68.65 36.36 77.01 5.16 47.11 65.73 39.34 79.70
LLaMA 4 0.75 19.17 69.88 29.93 9.71 1.03 28.81 66.64 32.16 64.14 0.51 28.46 67.42 32.13 40.07
Mistral 7 0.57 16.71 70.29 29.19 27.62 1.19 28.34 67.35 32.29 72.23 0.89 32.65 66.40 33.31 75.04
Qwen 7 1.76 26.58 69.32 32.55 73.53 1.64 29.61 68.07 33.11 74.81 1.36 33.94 66.22 33.84 76.03

Table 7: Results on Pashto (OasisSimp-PS) dataset: Zero, 1-, and 5-shot Results. Highest value in
bold and lowest in underlined. 4: Language included in LLM training; 4: Likely included (Educated
Guess); 7: Not included.

Model
0 Shot 1 Shot 5 Shot

SARI Comp. SARI Fref
SARI Comp. SARI Fref

SARI Comp. SARI Fref
ADD KEEP DEL ADD KEEP DEL ADD KEEP DEL

Aya 7 0.62 23.98 67.47 30.69 49.17 1.08 45.60 58.62 35.10 60.83 1.77 53.81 47.17 34.25 68.25
Cmd-R 7 0.75 50.82 51.73 34.44 61.91 0.93 54.41 44.44 33.26 67.84 0.70 56.53 35.62 30.95 70.52
DeepSeek 7 0.52 41.19 60.71 34.14 38.65 0.90 48.83 54.59 34.78 63.65 0.91 50.16 52.51 34.53 66.26
EuroLLM 7 0.50 54.28 44.40 33.06 67.55 0.65 54.87 43.28 32.93 69.72 0.78 55.37 42.09 32.75 70.42
Gemma 7 3.84 25.08 70.78 33.23 56.95 4.47 34.75 68.57 35.93 61.47 5.39 46.39 61.95 37.91 66.04
LLaMA 7 0.70 18.34 70.28 29.77 -22.40 3.15 46.28 61.67 37.04 51.15 1.96 46.53 58.15 35.55 33.03
Mistral 7 0.94 26.36 68.13 31.81 47.73 1.42 41.20 63.04 35.22 61.31 1.51 45.93 58.60 35.35 64.40
Qwen 7 2.34 47.48 58.92 36.25 58.02 2.81 49.88 55.34 36.01 64.76 2.62 53.79 48.71 35.04 65.57

Few-shot Performance The few-shot evaluation
(1-shot and 5-shot) shows clear and consistent im-
provements compared to zero-shot performance
across all languages and models, especially in
low-resource settings. Even one example helps
the models better understand the structure and
style needed for sentence simplification. Across
almost all languages, 5-shot improves both SARI
and Fref over 0-shot, especially for Gemma and
Qwen. For instance, English (Gemma 39.4 to
43.6 SARI), Sinhala (Gemma 34.8 to 39.9), Thai
(Gemma 37.9 to 41.3), Tamil (Gemma 32.8 to 39.3),
and Pashto (Gemma 33.3 to 37.9) all show clear
gains from 0 to 5 shots. This indicates that in-
context examples enhance the model’s ability to
balance meaning preservation with simplification.
These results demonstrate that few-shot examples
improve both lexical and semantic alignment in
medium-resource settings.

Discussion: The SARI component analysis
shows that LLMs handle content retention, deletion,
and addition differently across languages. The DEL
component is the most stable, with consistently

high values and high scores in English (68–78)
and Thai (77–85), showing that models remove un-
necessary detail. Even in low-resource languages
like Pashto (Gemma 70), models delete unnec-
essary parts for simplification. The KEEP com-
ponent improves notably with few-shot learning,
particularly where zero-shot transfer is weak. For
example, LLaMA’s KEEP score in Thai increases
from 24.83 to 39.99, demonstrating better retention
and structural alignment when examples are pro-
vided. Gemma performs consistently well across
languages, showing a strong ability to remove re-
dundant material while maintaining fluency and
coherence.

The ADD component remains the most vari-
able and challenging simplification aspect, with
consistently low values across all languages. En-
glish achieves modest results (5.24 - 11.91), while
scores in low-resource languages remain minimal,
including Sinhala (0.00–5.65), Thai (0.12–1.48),
Tamil (0.11–5.16), and Pashto (0.50–5.39). This
challenge is most evident in low-resource settings.
For Sinhala and Pashto, except for Gemma, the
ADD value is below 1 in most cases, indicating



limited ability to generate new simple words. Over-
all, while LLMs are good at deleting unnecessary
information and retaining key content, they strug-
gle to generate new and contextually meaningful
text. This limitation is especially pronounced in low-
resource and morphologically complex languages
for sentence simplification.

The SARI scores for English remain consistent
across all models, likely because English is in-
cluded in every model’s training data and benefits
from extensive available resources. LLaMA shows
relatively high SARI scores for Tamil and Thai, indi-
cating that direct language inclusion during training
can positively impact performance. However, it is
difficult to draw firm conclusions due to the limited
transparency regarding the complete set of lan-
guages and the training data size for each model.

6. Conclusion

This paper introduced OasisSimp, a new multilin-
gual dataset for sentence-level simplification, cov-
ering English, Sinhala, Thai, Tamil, and Pashto. To
ensure high-quality data, all simplifications were
produced by human annotators. The dataset fo-
cuses on asian languages that have been largely
overlooked in existing simplification research. We
evaluated the performance of eight LLMs on the
OasisSimp dataset under zero-shot and few-shot
learning settings. The results indicate that all
models face challenges in zero-shot scenarios;
however, their performance improves substantially
when provided with a few examples, demonstrating
the effectiveness of few-shot learning for sentence
simplification. Gemma exhibited the most consis-
tent performance across languages and conditions
among the tested models. Overall, OasisSimp rep-
resents a significant step toward broadening the
scope of sentence simplification research beyond
high-resource languages. This work lays the foun-
dation for developing and evaluating more inclu-
sive and equitable sentence simplification systems
by providing high-quality, human-annotated data
for less-resourced languages such as Sinhala and
Pashto. We hope that OasisSimp will encourage
future research on multilingual simplification and
contribute to making written information more ac-
cessible to diverse global audiences.

7. Ethical Considerations and
Limitations

7.1. Limitations
Language selection was purely dependent on the
availability of speakers of the corresponding lan-
guage. Therefore, it is not possible to carry out a
systematic study with respect to language classes.

The dataset size was limited, at the same time
comparable to existing datasets, by the availability
of annotators and/or funding. This also affected
the number of simplified sentences for some lan-
guages and resulted in no human evaluation of
the LLM output. There wasn’t enough data to train
LLMs for the sentence simplification task, and hu-
man evaluation of LLM outputs was not conducted
due to resource constraints.

Due to the lack of detailed information on the
languages included in training and the sizes of
the data used for each LLM, it is difficult to draw
concrete conclusions about language inclusion in
LLMs. A more in-depth analysis of how language-
family relationships and cross-linguistic transfer
affect model performance would provide valuable
insights, but it is beyond the scope of this work.

7.2. Ethical Considerations
All the complex sentences were retrieved from pub-
licly available authentic sources (e.g., government
documents, news, and Wikipedia). The simplifi-
cation guidelines issued for human participants
clearly stated the need to retain the original mean-
ing of the sentence. Therefore, we do not expect
any undesirable content in the simplified version
of the corpus. However, the authors themselves
did not individually check all the sentences for un-
desirable content. The annotators were offered
co-authorship or paid at the standard rates for the
country in which they reside.
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10. Appendix

Other than the SARI and the BERTScore (Fref) dis-
cussed in section 5, the models are also evaluated
on OasisSimp using BLEU scores (Papineni et al.,
2002) in Table 8, Table 9, Table 10, Table 11, and
Table 12.

Performance varies across languages: EuroLLM
achieves the best results for English, Gemma per-
forms best for Sinhala, while Cmd-R and LLaMA
obtain the strongest results for Thai, depending
on the shot setting. For Tamil and Pashto, models
Cmd-R and Gemma achieve the best performance
on Tamil, while models EuroLLM and Cmd-R per-
form best on Pashto, depending on the number of
shots.

Table 8: BLEU scores on English (OasisSimp-
EN) dataset across different shot settings. Highest
value in bold and lowest underlined.

English
Model 0 Shot 1 Shot 5 Shot

Aya 18.38 20.59 21.72
Cmd-R 21.03 19.58 20.72
DeepSeek 17.19 17.27 18.91
EuroLLM 23.07 23.07 22.79
Gemma 15.48 16.00 18.92
LLaMA 22.25 21.52 21.78
Mistral 17.40 19.67 20.63
Qwen 11.55 17.21 19.09

Table 9: BLEU scores on Sinhala(OasisSimp-
SI) dataset across different shot settings. Highest
value in bold and lowest underlined.

Sinhala
Model 0 Shot 1 Shot 5 Shot

Aya 7.25 9.03 10.80
Cmd-R 11.86 11.90 11.63
DeepSeek 8.04 7.12 3.08
EuroLLM 2.24 2.19 0.00
Gemma 14.38 22.36 31.82
LLaMA 6.45 6.77 7.34
Mistral 2.29 4.55 7.72
Qwen 12.28 12.64 13.02

Table 10: BLEU scores on Thai(OasisSimp-TH)
dataset across different shot settings. Highest
value in bold and lowest underlined.

Thai
Model 0 Shot 1 Shot 5 Shot

Aya 7.70 9.65 11.58
Cmd-R 13.08 12.42 13.84
DeepSeek 2.24 5.99 5.71
EuroLLM 11.76 13.94 16.73
Gemma 3.67 11.20 14.43
LLaMA 2.16 14.71 20.36
Mistral 4.54 8.52 9.79
Qwen 5.35 5.55 9.16

Table 11: BLEU scores on Tamil(OasisSimp-TA)
dataset across different shot settings. Highest
value in bold and lowest underlined.

Tamil
Model 0 Shot 1 Shot 5 Shot

Aya 11.26 20.69 29.97
Cmd-R 19.36 26.17 30.58
DeepSeek 3.67 10.11 1.48
EuroLLM 17.04 18.98 15.60
Gemma 9.62 21.36 36.71
LLaMA 7.94 23.17 22.21
Mistral 7.38 22.21 27.66
Qwen 18.77 23.30 29.67

Table 12: BLEU scores on Pashto(OasisSimp-
PS) dataset across different shot settings. Highest
value in bold and lowest underlined.

Pashto
Model 0 Shot 1 Shot 5 Shot

Aya 7.42 22.04 32.73
Cmd-R 28.39 33.99 38.49
DeepSeek 18.37 25.15 26.92
EuroLLM 33.74 34.65 35.54
Gemma 7.22 12.84 22.65
LLaMA 5.28 22.09 23.30
Mistral 7.32 16.11 20.95
Qwen 21.03 27.00 30.01
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