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Abstract

We introduce the EhiMeNLP submission,
which won the TSAR 2025 Shared Task
on Readability-Controlled Text Simplification.
Our system employed a two-step strategy of
candidate generation and reranking. For candi-
date generation, we simplified the given text
into more readable versions by combining
multiple large language models with prompts.
Then, for reranking, we selected the best candi-
date by readability-based filtering and ranking
based on semantic similarity to the original text.

1 Introduction

Text simplification (Alva-Manchego et al., 2020b)
is a task of paraphrasing complex expressions into
simpler ones while preserving the core meaning
of a given text. This technology is utilized to sup-
port reading comprehension for diverse readers,
including children (De Belder and Moens, 2010),
language learners (Petersen and Ostendorf, 2007),
and individuals with language impairments (Evans
et al., 2014). Since reading ability varies signif-
icantly among individuals, recent studies on text
simplification have focused on controlling read-
ability (Scarton and Specia, 2018; Nishihara et al.,
2019; Yanamoto et al., 2022; Agrawal and Carpuat,
2023; Barayan et al., 2025).

This paper describes our system submitted to
TSAR 2025 shared task on readability-controlled
text simplification (Alva-Manchego et al., 2025).
Our system employs a two-step approach: first,
generating candidates for simplified text with large
language models (LLMs), and then reranking the
candidates with embeddings. Our team was ranked
first out of 20 teams in the official evaluation (AU-
TORANK). Our code is available on GitHub.1

1https://github.com/EhimeNLP/TSAR2025

2 TSAR 2025 Shared Task

In this competition (Alva-Manchego et al., 2025),
participants are asked to simplify English para-
graphs written at the Common European Frame-
work of Reference for Languages (CEFR)2 read-
ability level of B2 or more complex into simpler
versions at levels B1 and A2, respectively. The
CEFR is the most widely used international stan-
dard for describing the language ability of English
learners, consisting of six levels ranging from basic
(A1) to proficient (C2).

The dataset provided consists of trial data, con-
taining 40 paragraphs, and test data, containing 200
paragraphs. The output texts are automatically eval-
uated for both RMSE of readability and semantic
similarity. Note that while both BERTScore (Zhang
et al., 2020) and MeaningBERT (Beauchemin et al.,
2023) are included in the official evaluation script
for semantic similarity, only the latter is used in the
official final ranking.

3 EhiMeNLP System

Figure 1 shows an overview of our system. Our sys-
tem employs a two-step strategy of candidate gen-
eration and reranking; we describe these proposed
methods in Sections 3.1 and 3.2. We then provide
implementation details in Section 3.3. Finally, we
report the results of preliminary experiments on the
trial dataset in Section 3.4.

3.1 Step 1: Candidate Generation

We iteratively apply the proposed prompts shown
in Figure 2 to multiple LLMs to generate simplifi-
cation candidates. To diversify the candidates, we
propose four types of prompts.

P1: fine-grained simplification To include sim-
plified texts with various readability levels in our

2https://www.coe.int/en/web/
common-european-framework-reference-languages
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Figure 1: Overview of EhiMeNLP system.

candidate set, we iteratively generate paraphrases
that are slightly simpler than the input text. Specif-
ically, we define the readability level of the input
text as i and instruct the LLMs to generate para-
phrases at readability level i − 1. Note that this
prompt does not provide any other explanation,
such as a detailed description of the readability.

P2: controlling CEFR levels We employ the
existing prompts (Barayan et al., 2025) that explic-
itly describe the reading comprehension abilities of
learners at each CEFR level. Note that to adapt for
this task, we modify the text unit from sentences
to paragraphs. In addition, the target CEFR level
changes incrementally from B2 to A1.

P3: controlling grade levels Instead of CEFR
levels, we employ US grade levels, which are com-
monly used in previous studies on text simplifi-
cation. In this prompt, we instruct the LLMs to
simplify the input text to make it easier to under-
stand for students in the target grade level. The
grade level changes incrementally from 10 to 1.

P4: Clarifying edit operations A previous
study (Kew et al., 2023) has reported the effec-
tiveness of prompts that explicitly instruct edit-
ing operations (Alva-Manchego et al., 2020a) for
LLM-based text simplification. We also utilize this
prompt (Alva-Manchego et al., 2020a; Kew et al.,
2023) to instruct LLMs to perform editing opera-
tions for text simplification, including paraphrasing,
sentence compression, and sentence splitting.

3.2 Step 2: Reranking

In this step, we select the candidate with the highest
semantic similarity to the input text while matching
the target readability level.

Readability-based Filtering: First, we estimate
the CEFR-based readability level for each can-
didate using the official evaluation script (Alva-
Manchego et al., 2025). Then, we extract the set of
candidates with the minimum difference from the
target CEFR-based readability level.

Similarity-based Ranking: First, we estimate
the semantic similarity between each candidate and
the original text using the official evaluation script,
based on both BERTScore3 (Zhang et al., 2020) and
MeaningBERT4 (Beauchemin et al., 2023). Then,
we select the candidate with the highest average
score. In case multiple candidates achieve the high-
est average score, we select the candidate with the
higher MeaningBERT score.

3.3 Implementation Details
As shown in Table 1, we employed six
LLMs: GPT-5,5 GPT-4.1,6 o3,7 gpt-oss-20b,8

Llama-3.3-70B-Instruct,9 and Qwen3-32B.10

For gpt-oss-20b, we employed two configura-
tions: one with reasoning_effort set to “low”
and another with it set to “medium” to control the
depth of thought. Regarding Qwen3-32B, we con-
figured enable_thinking, which controls whether
thinking occurs, to “False” from the perspective of
inference speed.

3https://huggingface.co/spaces/
evaluate-metric/bertscore

4https://huggingface.co/davebulaval/
MeaningBERT

5https://platform.openai.com/docs/models/
gpt-5

6https://platform.openai.com/docs/models/
gpt-4.1

7https://platform.openai.com/docs/models/o3
8https://huggingface.co/openai/gpt-oss-20b
9https://huggingface.co/meta-llama/Llama-3.

3-70B-Instruct
10https://huggingface.co/Qwen/Qwen3-32B
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Figure 2: Prompts to generate simplification candidates.

All experiments were conducted using four RTX
A6000 GPUs. For each LLM model, each prompt
was run 20 times. Note that for prompt P2, there
are 5 runs each for the 4 target CEFR levels, and for
prompt P3, there are 2 runs each for the 10 target
grade levels, totaling 20 runs in each case.

3.4 Preliminary Experiments

The left side of Table 2 shows the results of our
preliminary experiments on the trial dataset. In
this preliminary experiment, we applied four types
of proposed prompts to seven types of LLMs to
generate candidates using a total of 28 models, and
counted how frequently each model was selected
by our reranking. Experimental results reveal that
the GPT-5 model is notably powerful and that the
P1 prompt is remarkably useful.

Based on the results of the preliminary ex-
periments, we have decided the three sys-
tems to be submitted as follows. Since the
Llama-3.3-70B-Instruct model has only lim-
ited contributions, we decided not to employ it

in our final system. In addition to the ensemble
method for all LLMs and prompts, we decided to
submit base models applying either the P1 prompt
or the P3 prompt to the GPT-5 model.

4 Evaluation

Our EhiMeNLP system achieved first place in the
official ranking (Alva-Manchego et al., 2025). As
shown in Table 3, our system achieved a perfect
score in the RMSE evaluation for readability. This
demonstrates that our diverse set of candidates con-
sistently generated text suitable for the target read-
ability level. Regarding semantic similarity, our
system achieved the fourth-highest score in both
similarity to the source and reference texts, respec-
tively. These results reveal that our system achieves
readability control that balances both appropriate
readability and high semantic similarity.

4.1 Ablation Analysis

Table 3 shows the performance of the base mod-
els, which apply the proposed prompts individually
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Model Reference Inference Token limit

GPT-5 gpt-5-2025-08-07 OpenAI API with greedy decoding 128, 000
GPT-4.1 gpt-4.1-2025-04-14 OpenAI API with greedy decoding 32, 768
o3 o3-2025-04-16 OpenAI API with greedy decoding 100, 000
gpt-oss-20b (OpenAI, 2025) vLLM (Kwon et al., 2023) 40, 000
Llama-3.3-70B-Instruct (Llama Team, 2024) vLLM (Kwon et al., 2023) 400
Qwen3-32B (Qwen Team, 2025) Transformers (Wolf et al., 2020) 32, 768

Table 1: The LLM models used in this study.

Trial Test

P1 P2 P3 P4 Total P1 P2 P3 P4 Total

GPT-5 6 2 4 2 14 30 19 12 6 67
Qwen3-32B 3 1 0 2 6 16 8 4 6 34
gpt-oss-20b (medium) 1 1 2 2 6 16 5 5 4 30
gpt-oss-20b (low) 3 0 1 1 5 22 3 5 2 32
GPT-4.1 3 0 1 0 4 12 8 2 1 23
o3 2 1 0 1 4 7 3 4 0 14
Llama-3.3-70B-Instruct 0 0 1 0 1 - - - - -

Total 18 5 9 8 40 103 46 32 19 200

Table 2: The frequency with which candidates generated by each model were finally selected.

Submission Name Model RMSE MeaningBERT-orig MeaningBERT-ref Rank

EhiMeNLP / run1 Ensemble 0.000 0.902 0.845 1/48
EhiMeNLP / run2 GPT-5 with P1 0.200 0.838 0.816 7/48

- GPT-5 with P2 0.265 0.850 0.836 -
EhiMeNLP / run3 GPT-5 with P3 0.234 0.847 0.840 6/48

- GPT-5 with P4 0.394 0.844 0.836 -

Table 3: Results of the EhiMeNLP systems on the test dataset.

to the GPT-5 model. The ensemble model outper-
formed the base models across all evaluation met-
rics. This highlights the importance of having a
diverse set of candidates.

The P1 prompt we submitted as our run2 re-
ceived relatively high scores for readability, but
scored lower than other proposed prompts in terms
of semantic similarity. The P3 prompt we submit-
ted as our run3 outperformed run2 in the official
ranking due to its better balance between readabil-
ity and semantic similarity.

4.2 Contributions of Each Model and Prompt

The right side of Table 2 shows how many times
each combination of model and prompt was se-
lected in the test dataset. Although prompt P1

accounts for the majority, the other prompts also
account for about half in total, indicating that com-
binations of multiple prompts are useful. In terms
of LLM models, while GPT-5 is the most frequently
selected, Qwen3-32B and gpt-oss-20b also often
appear, suggesting that combining multiple models
contributes to improving the performance of the
ensemble model.

5 Conclusion

We described the EhiMeNLP submission for the
TSAR 2025 shared task. Our system employed a
two-step strategy in which LLMs generated diverse
candidates, followed by re-ranking based on read-
ability and semantic similarity, achieving first place
among 20 teams in the official ranking.
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Lay Summary

This paper describes a text simplification system
that paraphrases a given English text to a specific
readability level. The TSAR 2025 workshop held
a shared task on readability-controlled text simpli-
fication, with 20 teams competing to demonstrate
the performance of their systems. Our EhiMeNLP
system achieved the top performance among them.

Our system employed a two-step strategy: first,
we leveraged large language models (LLMs) to
generate diverse simplification candidates, and then
selected the final output text through re-ranking
based on readability and similarity. While LLMs
are good at paraphrasing, they are not necessarily
good at controlling readability levels. Therefore,
we decided to generate a variety of paraphrases
with different readability levels as candidates for
simplification. To generate diverse candidates for
simplification, we provided four types of prompts
to six LLMs and performed repeated simplification.
Our re-ranking step consists of two components:
filtering based on readability and re-ranking based
on similarity. This process enables our system to
achieve high synonymity with the input text while
respecting the target readability level.

According to official evaluations, our system
perfectly satisfies the target readability while also
achieving a high level of semantic similarity with
both input and reference texts. Our detailed anal-
ysis revealed that while GPT-5 is powerful, its en-
semble with other LLMs is proving effective.
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