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Abstract

In this system description paper, we describe
the team OneNRC’s experiments on readability
controlled text simplification, focused on using
smaller, quantized language models (< 20B).
We compare these with one large proprietary
model and show that the smaller models offer
comparable results in some experimental set-
tings. The approach primarily comprises of an
agentic workflow, and tool calling. The best
results were achieved while using a CEFR pro-
ficiency classifier as a verification tool for the
language model agent. In terms of comparison
with other systems, our submission that used
a quantized Gemma3:12B model that ran on a
laptop achieved a rank of 9.88 among the sub-
mitted systems as per the AUTORANK frame-
work used by the organizers. We hope these
results will lead into further exploration on the
usefulness of smaller models for text simplifi-
cation.

1 Introduction

Automatic Text Simplification (ATS) is the task of
translating a text written in a more advanced lan-
guage into more accessible language. ATS research
in NLP is over two decades old and most of the
research focused on a single complex − > simple
language text generation task, considering the un-
availability of large scale graded simplification cor-
pora. Siddharthan (2014) and Alva-Manchego et al.
(2020) are two well-known surveys on the topic.
The advent of Large Language Models (LLMs)
made it possible to overcome the ATS dataset bar-
rier to some extent with good zero-/few- shot per-
formance on English text simplification (Kew et al.,
2023) and some recent research explored zero-shot
text simplification targeting specific reading lev-
els (Farajidizaji et al., 2024; Barayan et al., 2025).
Extending this strand of research, the TSAR 2025
Shared Task on Readability-Controlled Text Sim-
plification (Alva-Manchego et al., 2025) aimed to

compare systems that can generate simplified ver-
sions of text that conform to a target CEFR read-
ing level, while preserving the meaning. No train-
ing data was provided and the test data had 100
texts, each with targeted simplification levels of
A2 and B1 (i.e., 200 in total). Reference simpli-
fications were provided after the task completion.
AUTORANK (Kocmi et al., 2025) was used to rank
the submitted systems.

Approach Summary: Team OneNRC’s ap-
proach to this task focused on comparing how far
can small language models go in zero-shot readabil-
ity controlled ATS when they are supported with
an agentic workflow and tool support. We used two
tools: a) a CEFR prediction tool to help the lan-
guage model agent verify its generated output and
regenerate as needed, and b) an optional second
tool to check the similarity between the generated
text and the original text. For comparison, we also
re-ran the same experiments with a larger propri-
etary model (Gemini-2.5-flash), and presented an
analysis of the differences in the paper.

Motivation: Several small, open-weight lan-
guage models were released with 1B-20B param-
eter range over the past year or two, and some of
them can even be run for inference on consumer
laptops, often in a quantized form. However, it is
unclear how useful are they for many NLP tasks
as they are not commonly compared with larger
models in existing research. This gap motivates
OneNRC’s submission to this shared task.

In terms of the performance, one of the runs we
submitted (using a 4-bit quantized Gemma3:12B
model on a laptop) achieved an AUTORANK of
9.88, among the 40 submitted runs(Alva-Manchego
et al., 2025). In this paper, we describe our ap-
proach in detail (Section 2), discuss other exper-
iments which achieve better results than the sub-
mitted runs, share some qualitative observations
(Section 3) along with broad conclusions on learn-
ings through this study. (Section 4).
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2 Approach

Our approach primarily concentrated on exploring
the power of small language models for this task,
under the following zero-shot settings:

1. Plain prompting with local models

2. Prompting in a ReAct (Yao et al., 2022) agent
setup using smolagents1 with or without tool
support. Two tools were used: a) a CEFR
level prediction tool and b) a meaningBERT
similarity score comparison tool - both pro-
vided by the organizers as a part of the shared
task.

3. Prompting in a ReAct agent setup, but with
structured prompt, input and output specifi-
cation using dspy 2 (Khattab et al., 2024) in-
stead of free-form prompting used in smola-
gents. The same two tools were explored in
this setting too. Note that dspy supports fur-
ther inbuilt automatic prompt optimization us-
ing few-shot examples, but we did not explore
that in this paper.

These three settings focus on incrementally en-
hancing an LLM’s built in capabilities without fine-
tuning. The first setting relies on a hand-crafted
prompt, and is potentially subject to more variation
in the output depending on even minor changes in
prompts. The ReAct approach aims to interleave
reasoning and actions performed by the LLM with
or without additional tools, and and is expected
to provide more reliable outputs supported by a
reasoning trace. Dspy focuses on structured speci-
fication of prompts, inputs, and outputs and empha-
sizes on a more programmatic interface to interact-
ing with an LLM instead of handcrafted prompts,
which further adds another layer of support to the
base LLM. Thus, these three experimental settings
can be viewed as a sequence of incremental adjust-
ments to LLMs.

Compute and Costs: All experiments were run
on a Macbook Pro M1 Pro laptop with a 32 GB
RAM, and the costs for running the gemini-2.5-
flash experiments amounted to 5 USD. All the
implementation code including the used prompts
are provided in the github for replication and repro-
duction.3

1https://smolagents.org/
2https://dspy.ai/
3https://github.com/nishkalavallabhi/

tsarst2025-paper

3 Results

We report results using the three official measures
(RMSE, MeaningBERT-Orig, MeaningBERT-Ref)
along with the weighted-F1 for CEFR level com-
pliance (which our approach optimized for), and
the following three models:

1. A 4-bit quantized Gemma3:12B (Team et al.,
2025) model that does not natively offer tool
support (which we nevertheless used with tool
support).

2. GPT-oss-20B (Agarwal et al., 2025), a model
post-trained with quantization of the model’s
mixture-of-expert weights to MXFP4 format
4, and can run natively without additional
quantization on a laptop.

3. Gemini-2.5-Flash (Comanici et al., 2025), a
large proprietary model as a comparison.

The first two models run on a consumer laptop
using ollama5. The gemini-2.5-flash model was
accessed through API calls with OpenRouter6. Our
final results are summarized in Table 1.

Model CEFR F1 RMSE MB-Orig MB-Ref
Basic Prompting with local models

gemma 0.6765 0.5745 0.7514 0.7917
gptoss 0.5657 0.7517 0.8216 0.8308

ReAct Agent, No Tools
gemma 0.6585 0.6042 0.7648 0.8055
gptoss 0.5612 0.7937 0.8178 0.826
gemini 0.6528 0.6124 0.7702 0.8152

ReAct Agent, CEFR Compliance Tool
gemma 0.6559 0.6403 0.7304 0.7605
gptoss 0.7903 0.4796 0.795 0.8152
gemini 0.9494 0.2449 0.7689 0.8029

ReAct Agent, two tools
gemma 0.6676 0.6671 0.7377 0.7616
gptoss 0.7969 0.4796 0.7938 0.8177
gemini 0.917 0.3 0.7749 0.8007

ReAct Agent in DSpy, No Tools
gemma 0.622 0.6083 0.7466 0.7753
gptoss 0.5766 0.7616 0.8209 0.8308
gemini 0.631 0.6 0.7449 0.8027

ReAct Agent in DSpy, CEFR Compliance Tool
gemma 0.7204 0.5292 0.7488 0.7844
gptoss 0.6071 0.7937 0.8144 0.8243
gemini 0.9646 0.2 0.7618 0.7997

Table 1: Comparison of results across different ap-
proaches

4https://ollama.com/library/gpt-oss
5https://ollama.com/
6https://openrouter.ai/google/gemini-2.

5-flash
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Discarded models: We initially experimented
with a some of the small (quantized) models
that support tool use e.g., LLama3.2:1B and 3B,
Qwen3:4B and 8B, primarily to start with as small
models as possible, but adding tool support or
agentic setup resulted in a drastic decline in per-
formance for all models under 12B that we ex-
plored. For example, a react agent regenerated
the same text for 20 iterations in one case, with
the LLama3.2:1B model. So, we did not perform
additional experiments with the models under 12B.

3.1 Discussion

Without any tool calling, in a plain prompt based
setup, the quantized Gemma3 model is surprisingly
better than a larger gpt-oss model in terms of CEFR
compliance and there is no substantial difference
compared to even a much larger Gemini model
when no tools are used in a react agent setup. It
is also important to note that there is not much
difference between using a ReAct agent without
tools versus just prompting the model across dif-
ferent evaluation measures. The local Gemma3
model without ReAct agent even shows slightly
better CEFR compliance than the Gemini model in
the same setup. While using a tool did not benefit
Gemma3 much in a prompt + react agent setup,
it did result in a 5% boost in CEFR compliance
compared to basic prompt setup, when used with
dspy, which could be attributed to the differences in
the react prompting setup between smolagents and
dspy, and dspy’s focus on a more structured input
approach to prompting. Considering that Gemma3
does not natively support tool use, it is interest-
ing to note the performance improvement it could
achieve with tool support and structured prompting.
This could be further explored in future with few-
shot prompt optimization. Gpt-oss and Gemini saw
major improvements in overall CEFR compliance
after tool support, but this came with a drop in both
the meaningBERT similarity scores.

The usage of a second tool to verify meaning
similarity did not seem to benefit any of the mod-
els, in any settings. Gpt-oss model consistently
maintained better meaningBERT scores across all
our experimental settings, and was consistently bet-
ter than Gemma3 model even in CEFR compliance
once tool calling was added to plain prompting.
Clearly, adding tool calling benefited both in terms
of CEFR compliance and meaning preservation.

Best results: Overall, the best result we
achieved with a small model in terms of the
official evaluation measures is with gpt-oss:20B
(RMSE: 0.4796, MeaningBERT-Orig:0.7938,
MeaningBERT-Ref:0.8177) in the ReAct+CEFR
tool setup with smolagents, and the best result
with Gemini-2.5-Flash is achieved in the Re-
ACT+CEFR Tool+Dspy setting (RMSE: 0.2,
MeaningBERT-Orig:0.7618, MeaningBERT-
Ref:0.7997). For a comparison, the best submitted
system amongst all the shared task systems
(EHIMENLP) achieved the scores of 0 for RMSE,
0.902 and 0.845 for MeaningBERT-Orig and Ref
respectively (Alva-Manchego et al., 2025). While
we don’t know the details of this system yet, it
is interesting to see that high scores on mean-
ingBERT were maintained despite low RMSE,
which clearly was not the case in our experiments.
In our experiments, we consistently observed
that lower RMSEs are accompanied by lowering
of the meaningBERT scores. Additionally, all
our approaches had a higher MeaningBERT-Ref
score than MeaningBERT-Orig score, unlike the
EHIMENLP system.

Qualitative Comparison: To get a feel for how
much difference do these approaches bring into the
outputs themselves, Table 2 shows an example text
and the outputs with the some of the approaches,
along with the reference simplification. In this ex-
ample, interestingly, except one (Gemini+React+2
Tools), all the approaches left out the expansion
of the abbreviation. Gemma3 based approach ap-
pears to focus on generating short sentences. There
is a small amount of hallucination in the gpt-oss
model’s output for this example, where "mother"
in the original was transformed into "sister" in the
simplified version. Only one model seems to miss
the detail that that the asteroid is 800 meters wide,
which is present in the original and reference texts.
Going beyond these minor differences between
models, the generated text generally seems to have
undergone some form of simplification, and there
are substantial similarities with the given reference
text.

Table 3 shows an example text and a 4-bit quan-
tized Gemma3 model’s output for the two target
CEFR levels-A2 and B1 using plain prompting
without any tool support or agentic setup. The
output shows that even this basic model is able to
distinguish between the two levels to some extent in
terms of language use. That indicates that smaller
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Original The first is DART – the Double Asteroid Redirection Test. Plans are scheduled to test DART on the
moon of an asteroid called Didymos. ’Didymoon’ is 150 metres wide, orbiting its 800-metre mother, and
hopefully the impact of DART will knock it out of its orbit enough for Earth-based telescopes to pick up.

Plain Gemma3 There is a project called DART. DART will test something on the moon of an asteroid. The asteroid is
called Didymos. Didymoon is part of Didymos. It is about 150 metres wide. Didymoon goes around
Didymos, which is bigger - about 800 metres wide. We hope DART will push Didymoon a little bit.
Then, telescopes on Earth will be able to see the change.

Gemma3+ Re-
Act + CEFR
Tool

DART is a test. It will hit the moon of an asteroid called Didymos. The moon is called Didymoon. It is
small, 150 meters. The asteroid is bigger, 800 meters. We want to see if DART can change Didymoon’s
path.

Gpt-oss + Re-
Act +CEFR
Tool

DART is a mission to change an asteroid. Scientists will test it on the moon of the asteroid Didymos.
The moon is called Didymoon. It is 150 metres wide. It goes around its larger sister, an asteroid 800
metres wide. The plan is that DART will hit Didymoon and move it so that telescopes on Earth can see it.

Gemini + Re-
Act + CEFR
Tool

First, there’s DART. It’s a test to change an asteroid’s path. We will test DART on Didymoon, a moon
of an asteroid named Didymos. Didymoon is 150 meters wide. It moves around its parent asteroid.
We hope DART will hit Didymoon and change its orbit a little. Then, telescopes on Earth can see this
change.

Gemini + Re-
Act + 2 Tools

The first thing is DART (Double Asteroid Redirection Test). People want to test DART on a moon of
an asteroid called Didymos. This small moon is called ’Didymoon’. It is 150 meters wide. It goes
around its mother asteroid, which is 800 meters. We hope DART’s hit will move Didymoon a little. Then
telescopes on Earth can see it.

Reference The first project is DART- the Double Asteroid Redirection Test. It will be tested on the moon of an
asteroid called Didymos. This moon is called "Didymoon." It is 150 metres wide and goes around its
bigger "mother" asteroid, which is 800 metres wide. Scientists hope that when DART hits Didymoon, it
will change its path enough for telescopes on Earth to see.

Table 2: Example outputs across different systems for Textid:60-A2)

Original Cape Town can be a dangerous place for baboons. Some have been injured or killed in car accidents and
others have been electrocuted as they played with electric cables. Baboons are an endangered species
and to save them and minimise conflicts between humans and baboons, the city council has employed
a team of Baboon Monitors. The monitors’ job is to chase baboons out of urban areas or catch them
and release them in the countryside. This policy has had some success, though it is proving hard to stop
baboons from coming back to the city once they see it as a source of easy food.

Plain Gemma3-
A2

Baboons can be in danger in Cape Town. Sometimes they get hurt or die in car accidents. Sometimes
they get hurt by electricity. Baboons are rare, so we need to protect them. The city has people called
Baboon Monitors. Their job is to move baboons away from the city. They take them to the countryside.
This helps, but it’s hard to stop baboons from coming back because they find food easily in the city.

Plain Gemma3-
B1

Baboons can face dangers in Cape Town. Sometimes they are hurt or die in car accidents, or get hurt
by electricity when they play near wires. Baboons are rare, and we need to protect them. To help the
baboons and avoid problems with people, the city has a team of Baboon Monitors. These monitors try to
move baboons away from towns or catch them and take them to the countryside. This has helped a little,
but it’s difficult to stop baboons from returning to the city if they think they can easily find food there.

Reference Cape Town can be dangerous for baboons. Some are hurt or die in car accidents. Some die from playing
with electric wires. Baboons are animals that are in danger of disappearing. To help them, the city now
has a team called Baboon Monitors. These people try to move baboons out of the city and take them
back to the countryside. This plan works a little, but the baboons often come back because they find food
in the city.

Table 3: Textid:25 in the A2 and B1 versions generated by the 4-bit quantized Gemma3:12B model, just using a
simple prompt

language models may hold potential in generating
simplifications and perhaps as writing support tools
for creating simplified versions of text. Looking
at multiple model generations may also be more
informative for human writers.

4 Conclusions

Overall, our experiments lead us to three main con-
clusions:

1. Small language models are capable of doing
some readability controlled text simplification

even in a zero-shot setting.

2. Supplying appropriate tool calls is useful, es-
pecially for the larger models.

3. There appears to be a tradeoff between achiev-
ing the right CEFR level and preserving the
meaning.

Evaluation: Evaluation in this shared task pri-
marily relied on automated models, and what ap-
pears like an ad-hoc weighting scheme. While
a smaller scale human evaluation may be needed
to understand the generated texts better, explana-
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tory measures using LLM-as-a-Judge approaches
or checklist based evaluation approaches (Cook
et al.; Mohammadkhani and Beigy, 2025) may pro-
vide more informative evaluation for text simplifi-
cation. Small language models may hold a poten-
tial as judges too, providing low-cost, low-carbon
footprint options. Finally, manual analysis revealed
the possibility of hallucination even in these con-
strained generation scenarios. As the use of LLMs
for text simplification increases, the evaluation mea-
sures need to also account for hallucination as a
potential dimension.

Future Work: While a laptop environment is
not conducive to conduct experiments on a larger
scale, we believe future work should focus on ex-
ploring the power of smaller models in few-shot set-
tings or fine-tuning using synthetic data generation.
Dspy’s automatic prompt optimization capabilities
in few shot settings should be better explored for
this task, to understand the true potential of smaller
models for text simplification. The current shared
task focused only on English, but these experiments
lead us to hypothesize that there may be some pos-
sibilities to replicate these results for at least some
of the high resource languages, which needs to be
explored. Finally, using language models as sup-
port tools to aid the authors of simplified texts also
seems to be a useful direction to pursue.

Limitations

We did not venture into few-shot prompting or any
other in-context learning strategies in this paper.
Further, since everything was ran on a laptop, we
only used 4-bit quantized versions of several small
models, and their unquantized versions are poten-
tially more powerful. This can be explored further
in future, and the current results should be consid-
ered under these limitations.

Lay Summary

Automatic Text Simplification (ATS) is the task of
translating a text written in a more advanced lan-
guage into more accessible language. A common
approach to solve this problem is to collect large
number of examples of sentences and their manu-
ally simplified variants (e.g., from some form of
sentence level alignment of Wikipedia and Simple
Wikipedia articles) and use them as inputs to com-
putational algorithms that are capable of learning
patterns from such large amounts of data. The out-
put of this process creates a simplification "model",

which can be used to simplify any given new text.
One way to add more nuance to this process is to
instruct the whole process to do graded simplifica-
tion, based on some scale such as the CEFR scale,
which is used to describe language proficiency at
various levels. However, that would also mean col-
lecting large amounts of examples for each level.
Hence, this kind of research was largely restricted
to languages where such data is already available
or can be collected easily.

The arrival of general purpose Artificial Intel-
ligence based models like ChatGPT gave some
flexibility to this approach. We can now describe
our problem, potentially give a few examples, and
prompt a large language model to simplify a given
text, targeting a specific CEFR level. This shared
task (where different groups of researchers work
on solving a given problem under the same data/e-
valuation conditions) focuses on CEFR targeted
text simplification for English. The approach de-
scribed in this paper explores whether we really
need very large models for this task, asking the
question: what can small language models that can
run on laptops achieve, if they are given some sup-
port in the form of tools that can verify their output
and tools that can automatically adapt the human
written prompts to suit the language model’s re-
quirements. It turns out, they can put up a strong
competition to larger ones, sometimes.
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