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Abstract
This paper presents an approach to automated
text simplification for CEFR A2 and B1
levels using large language models and prompt
engineering. We evaluate seven models
across three prompting strategies: short,
descriptive, and descriptive with examples.
A two-round evaluation system using LLM-
as-a-Judge and traditional metrics for text
simplification determines optimal model-
prompt combinations for final submissions.
Results demonstrate that descriptive prompts
consistently outperform other strategies across
all models, achieving 46-65% of first-place
rankings. Qwen3 shows superior performance
for A2-level simplification, while B1-level
results are more balanced across models. The
LLM-as-a-Judge evaluation method shows
strong alignment with traditional metrics while
providing enhanced explainability.

1 Introduction

A crucial component of inclusion lies in language
accessibility, where barriers to text readability
and comprehension remain significant (Saggion,
2017; Rennes, 2022). Enhancing technological
inclusion requires improving text readability,
which shapes how easily diverse audiences can
process, understand, and engage with written
material (Vajjala and Meurers, 2014; Schriver,
1990; Saggion, 2017). Text simplification, whether
achieved through manual strategies (e.g., via
trained editors) or automated approaches (e.g.,
large language models), is a key method for
enhancing readability and comprehension by
adjusting content to the target audience (Saggion,
2017). Within this context, automated, readability-
controlled text simplification using large language
models (LLMs) and refined prompt engineering
represents an innovative approach. It offers a
scalable, cost-efficient, and adaptive solution that
can be tailored to specific readability levels and
target audiences (Chen, 2025; Kew et al., 2023).

The central challenge in automated, readability-
controlled text simplification lies in balancing
reduced linguistic complexity with the preservation
of meaning and fluency (Agrawal and Carpuat,
2024). Achieving this often requires supervision
mechanisms and nuanced adjustments rather
than straightforward simplification (Agrawal and
Carpuat, 2024). LLMs, particularly when
guided by adequate prompt engineering strategies,
offer a promising avenue by adapting text to
specific proficiency levels while retaining semantic
accuracy and naturalness (Agrawal and Carpuat,
2024; Paulson and Hernandez, 2025; Chen et al.,
2025; Barayan et al., 2025). The evaluation of the
quality of the output poses similar challenges and
requires similar finesse (Vajjala, 2022).

We employ a LLM-as-a-Judge (Zheng et al.,
2023) approach to evaluate the simplifications
alongside the metrics provided by the TSAR Team
(Alva-Manchego et al., 2025).

Our approach builds upon the simplification tool
EasyJon by (Barbu, 2024) which employs a LLM-
as-a-Judge approach to find the best performing
model and prompt technique for simplifying text
into German plain language Leichte Sprache.

The aim of this study was to create the
most target-level appropriate text simplification
with the use of LLMs and non-complex prompt
engineering as well as compare two different
evaluation approaches of LLM-based automated
text simplifications.

2 Methodology

The task was completed in two distinct phases:
the simplification process, which involved multiple
prompts and LLMs, and the subsequent evaluation
of the appropriate simplifications for the final
submission. For the simplification, we tested three
prompts and seven models. For the evaluation,
we employed an LLM-as-a-Judge system (Zheng
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et al., 2023). The dataset was provided by the
TSAR 2025 shared task team (Alva-Manchego
et al., 2025).

2.1 LLM Models
We simplified the texts with seven models of
which five were open-weight models. Qwen3
235B A22B (Yang et al., 2025), Llama 3.3 70B
Instruct1 – which is based on its predecessor
Llama 3.1 (Grattafiori et al., 2024), DeepSeek R1
Distill Llama 70B (DeepSeek-AI et al., 2025),
Gemma 3 27B (Team et al., 2025), GPT OSS
120B (OpenAI et al., 2025) and two closed source
models Claude Sonnet 4 (by Anthropic2) and
Mistral Medium 3.1 (by Mistral3). For inference
we used OpenRouter4.

2.2 The simplification prompts
Our simplification approach built upon the
work of Barayan et al. (2025), adopting their
prompting strategies: short, descriptive, and
descriptive + example. We employed more recent
LLMs and adapted the prompt content to address
limitations in the original study. Finally, we
implemented a novel evaluation framework to
provide more comprehensive assessment.

We developed six prompts following a
consistent structure (See A.1): three for A2-level
simplification and three for B1-level simplification.
The complete prompt instructions were detailed in
the appendices (for A2 in Appendix A.2 and for
B1 in A.3). All models were configured with a
conservative temperature setting of 0.3 to ensure
consistent output.

2.3 Evaluating text simplifications with an
LLM-as-a-Judge system and traditional
metrics

To determine the best simplification for each
text, we employed an LLM-as-a-Judge system
with a two-round tournament. In the first round,
the three prompts competed within each model.
The simplification generated by each prompt
was then assessed for quality using LLM-as-a-
Judge and placed to compete in round two. In
the second round, the winning simplifications

1https://huggingface.co/meta-llama/Llama-3.
3-70B-Instruct

2https://docs.anthropic.com/en/docs/
about-claude/models/overview

3https://docs.mistral.ai/getting-started/
models/models_overview/

4https://openrouter.ai/

competed across models. The winners from round
two formed our final submission dataset, resulting
in a heterogeneous combination of simplifications
from different models and prompts.

2.4 The judgement prompt

Claude Sonnet-4 was chosen to take on the role
of the judge based on the strong performance
of its predecessor (Sonnet 3.5) demonstrated by
(Barbu, 2024) for assessing readability consistency
on the CLEAR Dataset (Crossley et al., 2022).
The judgment prompt was manually adjusted
specifically for this evaluation task. (Detailed in
A.4)

The LLM-as-a-Judge was employed identically
in both rounds. For each round the judge was used
to evaluate the strengths and weaknesses of each
simplification and rank them from best to worst.
The evaluation prompt consisted of the task, the
original text and the simplifications. (Example in
Appendix A.5)

To mitigate potential bias that the LLM-as-a-
Judge might have exhibited toward specific models,
we implemented pseudo-anonymization. Model
names were abbreviated to only their first two
letters before being presented to the judge (e.g.,
"Model LL" for Llama 3.3 80B Instruct).

2.5 Scoring strategy

To enable quantitative analysis, we converted the
LLM-as-a-Judge’s rankings into numerical scores
using a Borda count approach. The best-ranked
simplification received 6 points, the second-best
received 5 points, and so on down to 0 points for the
worst-ranked simplification. This conversion from
ordinal rankings to numerical scores allowed us
to calculate means and standard deviations across
multiple evaluation rounds.

3 Results

3.1 Results of round one

The assessment of the prompt strategy involved
aggregating the first-place rankings assigned by
the LLM-as-a-Judge across all 100 texts at each
target level (A2 and B1). For each of the 200
original texts to be simplified, three different
prompting strategies were applied, and the LLM-
as-a-Judge evaluated which strategy produced the
best simplification.

Figures 1 and 2 present the frequency with
which each prompting strategy achieved first place
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Figure 1: First-place rankings of prompting strategies
across seven models for A2

across the 100 texts at each simplification level,
evaluated across seven different models. The
results demonstrate that the descriptive prompt
achieved the highest number of first-place rankings,
consistently outperforming other prompts across
all tested models for both A2 and B1 simplification
levels. Specifically, the descriptive prompt secured
between 46 and 65 first-place rankings out of
100 texts depending on the model, representing
the most successful simplification strategy. The
descriptive with example emerged as the second-
best performing prompt (22 to 46 first-place
rankings out of 100), while the short prompt
consistently yielded the fewest top rankings across
all models. This pattern remained remarkably
consistent across diverse model architectures, from
smaller models like Gemma 3 27B to larger
systems such as Claude Sonnet 4, suggesting that
detailed task descriptions provided more effective
guidance for text simplification regardless of model
capacity or design. However, the inclusion of just
one example may have proven more restrictive than
beneficial.

3.2 Results of round two
While in round one the task was evaluating the
prompts for a model, round two examined the
overall performance patterns across models by
calculating the mean and standard deviation of the
Borda score for each model. The results revealed
distinct performance patterns between the A2 and
B1 simplification levels as presented in Table 1. For
A2 simplifications, Qwen3 demonstrated superior
performance with a mean Borda score of 5.07,
establishing a substantial gap ahead of the second-
ranked model, Mistral Medium 3, which achieved
a mean score of 3.39. This considerable margin

Figure 2: First-place rankings of prompting strategies
across seven models for B1

suggested Qwen3’s particular effectiveness in A2-
level text simplification tasks. In contrast, the
B1 simplification results exhibited greater balance
across models. It is possible that B1 simplifications
present less complexity, potentially allowing each
model to achieve competitive performance.

3.3 Qualitative Analysis of simplifications
This section presents two example simplifications.
We selected the shortest A2 text along with two
of its simplifications produced by Qwen 3 and
Gemma 3. The two models that advanced to the
second round of competition. To demonstrate the
spectrum of performance, we chose the highest-
ranked and lowest-ranked simplifications according
to the LLM-as-a-Judge evaluation for this exact
comparison.

Original: Now NASA is working towards
logging some of the smaller asteroids, those
measuring 140 metres wide or more. Of the 25,000
estimated asteroids of this size, so far about 8,000
have been logged, leaving 17,000 unaccounted for.
Considering that a 19-metre asteroid that exploded
above the city of Chelyabinsk in Russia in 2013
injured 1,200 people, these middle-sized asteroids
would be a serious danger if they enter Earth’s
orbit.

Qwen 3: NASA is now trying to record smaller
asteroids, especially those 140 meters wide or
bigger. Scientists think there are about 25,000 of
these asteroids, but so far they have only found
around 8,000. That means about 17,000 are still
missing. In 2013, a much smaller asteroid—only
19 meters wide—exploded above Chelyabinsk,
Russia, and hurt 1,200 people. So, if one of these
larger asteroids came near Earth, it could be very
dangerous.
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Model A2 B1 A2 & B1
Qwen3 235B 5.07±1.62 3.37±1.80 4.22±1.71
Mistral Medium 3 3.39±1.50 3.58±2.01 3.49±1.75
Llama 3.3 70B 3.38±1.47 3.19±1.56 3.29±1.51
GPT OSS 120B 2.90±1.76 3.11±2.14 3.00±1.95
Claude Sonnet 4 2.75±1.97 3.17±2.13 2.96±2.05
DeepSeek R1 70B 2.71±1.73 2.54±2.04 2.62±1.89
Gemma 3 27B 0.80±1.27 2.04±1.91 1.42±1.59

Table 1: Mean and standard deviation of the Borda scores based on the ranking by the LLM-as-a-Judge system.
Higher Borda scores indicate a better text simplification performance. Bold values indicate the best performance for
the category (sorted by A2 & B2)

Gemma 3: Now NASA is trying to find and
record smaller asteroids. Asteroids are big rocks
in space. They are looking for asteroids that are
140 metres wide or bigger. Scientists think there
are about 25,000 asteroids of this size. So far, they
have found about 8,000. That means there are still
17,000 asteroids they haven’t found yet. In 2013, a
smaller asteroid – about 19 metres wide – exploded
over a city in Russia called Chelyabinsk. More than
1,200 people were hurt by the explosion. So, these
middle-sized asteroids could be very dangerous if
they come close to Earth.

LLM-as-a-Judge evaluation for Qwen 3:
Strengths: Maintains appropriate A2 vocabulary
while preserving technical accuracy. Uses "record"
as a good simplification of "logging." Includes
all key information including the specific location
"Chelyabinsk, Russia." Clear logical flow between
sentences.

Weaknesses: Uses "missing" which might be
slightly confusing since the asteroids aren’t lost,
just untracked.

LLM-as-a-Judge evaluation for Gemma 3:
Strengths: Provides clear definition "Asteroids are
big rocks in space" which is very helpful for A2
learners. Uses simple vocabulary and sentence
structures consistently. Includes specific location
details.

Weaknesses: The definition placement creates
awkward sentence flow. Some sentences are
choppy. Uses "More than 1,200" instead of the
exact figure.

3.4 Comparing LLM-as-a-Judge with
traditional metrics

The LLM-as-a-Judge system demonstrated the
strongest alignment with the MeaningBERT-to-
Reference (mb-ref) metric when examining model
rankings, as can be seen in table 2. This becomes

Model RMSE mb-org mb-ref
Reference 0.612 0.808 -
Qwen3 235B 0.825 0.845 0.842
Mistral Medium 3 0.725 0.819 0.839
DeepSeek R1 70B 0.857 0.845 0.835
GPT OSS 120B 0.803 0.838 0.830
Claude Sonnet 4 0.735 0.812 0.822
Llama 3.3 70B 0.667 0.802 0.821
Gemma 3 27B 0.725 0.789 0.811

Table 2: Models evaluated by the metrics provided
by (Alva-Manchego et al., 2025) ordered by
MeaningBERT-Reference.

evident when models are ordered from best to
worst performance according to their mb-ref scores.
The ranking produced by the LLM-as-a-Judge
system closely mirrors the ordering derived from
mb-ref values. However, the observed alignment
may not have represented a significant relationship,
given that similarity scores fall within a relatively
narrow range. The observed span from 0.811 to
0.842 represented a modest variation of only 0.031
points, suggesting that while the ordering appeared
consistent, the practical differences between model
performances is minimal.

4 Conclusion

In this study, we aimed to create the most
appropriate simplifications for CEFR A2 and
B1 target levels, as well as compare two
evaluation approaches for LLM-based automated
text simplification. We conclude that the
descriptive prompting strategy is optimal for
obtaining CEFR target level text simplifications.
We also conclude that the evaluation strategy of
using an LLM-as-a-Judge proves to be equally
proficient as the traditional evaluation metrics for
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text simplification.Qwen3 demonstrated superior
performance for A2-level tasks, whereas Mistral
Medium emerged as the top-performing model
for B1 simplifications. Notably, the performance
distribution across models was more balanced for
B1-level tasks compared to A2-level tasks. The
primary advantage of employing an LLM-as-a-
Judge approach lies in its explainability. Unlike
traditional metrics, an LLM can identify, penalize,
and provide detailed explanations for problematic
simplifications. For instance, it can detect awkward
phrasing, identify idioms requiring advanced
comprehension despite simple vocabulary, and flag
complex terms that are immediately clarified by
an explanation. This approach offers significant
utility for dataset creation, fine-tuning smaller
models, and diagnosing model performance issues
in an interpretable manner. The explainable
feedback enables researchers to pinpoint specific
simplification shortcomings, whether they stem
from inappropriate phrasing, word choice, sentence
structure, or other linguistic factors. Such
granular insights are crucial for iterative model
improvement and understanding the nuanced
challenges in text simplification. An example
evaluation demonstrating this approach can be
found in Section A.5 in the Appendix. The
complete dataset is available on GitHub5.

Examining additional automated readability and
simplification assessment strategies could be a
valuable area for research. Comparing our prompt
refinement strategy to the findings of further studies
would also provide useful insights. Furthermore,
assessing text readability not only for target
proficiency levels but also for specific audiences,
such as individuals with cognitive impairments,
neurodivergent individuals, or non-native speakers,
may yield important insights.

Limitations

Models may be susceptible to the specific prompts
provided. Tailoring a prompt for each model,
rather than employing a one-prompt-fits-all-models
approach, might yield overall better results.
Furthermore, we employed the Borda count method
to establish a ranking system for comparative
model evaluation. While this approach provided
a straightforward solution, alternative ranking
methods may offer different perspectives on model
and prompt performance.

5https://github.com/PaulGBarbu/TSAR2025

Lay Summary

Our research explores how artificial intelligence
(AI) can simplify complex texts to make them
easier to understand for people at different reading
levels. We focused on creating simplified versions
of texts suitable for learners at two specific
English proficiency levels: A2 (elementary) and
B1 (intermediate).

How did we do it? We tested seven different
AI’s, giving each one three types of instructions:
short and simple instructions, detailed instructions,
or detailed instructions with examples. Each AI
model then simplified 200 texts (100 for each
reading level). To find the best simplifications, we
used an innovative two-stage evaluation process.
First, we compared the three different instruction
types within each AI model. Then, we compared
the winning simplifications across all seven models.
For evaluation, we used another AI system called
"LLM-as-a-Judge" (like having an AI referee)
alongside traditional measurement methods.

What did we find? The results showed
that detailed instructions worked best -
consistently producing 46-65% of the top-
ranked simplifications across all models. Short
instructions performed poorly, and surprisingly,
adding examples to the instructions didn’t
help as much as expected and may have even
limited the AI’s flexibility. For elementary-level
(A2) simplifications, one model called Qwen3
performed significantly better than others. For
intermediate-level (B1) texts, the results were more
balanced across different models, suggesting that
B1 simplification may be an easier task.

Why does this matter? This research
has important implications for accessibility and
inclusion. Many people struggle with complex
text, including non-native speakers, people with
cognitive difficulties, and those with lower literacy
levels. AI-powered text simplification offers a
cost-effective, scalable way to make information
more accessible to everyone. The study also
demonstrates that the AI evaluation method (LLM-
as-a-Judge) can be as effective as traditional
metrics while providing better explanations. Unlike
traditional measurements, AI judges can explain
why a simplification is good or bad - for example,
identifying awkward phrasing or unnecessarily
complex vocabulary. This feedback is valuable for
improving AI systems and creating better training
data.
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A Appendix

A.1 Prompt structure for A2 and B1
simplification

[Instruction]

<Input>

[Original Text]

</Input>

Answer just with the simplification
and nothing else. Keep the original
tone.

A.2 Instructions for A2

These are the instructions for simplifying to CEFR
Level A2.

Short: Simplify the following input to A2 CEFR
Level.

Descriptive: You are a text simplification AI.
Your task is to simplify the following input to A2
CEFR level. Use only common, everyday words
that are appropriate for the context. Choose words
that native speakers would naturally use. Explain
essential terms if those can’t be simplified and
maintain the content as in the original.

Descriptive with one example: You are a text
simplification AI. Your task is to simplify the
following input to A2 CEFR level. Use only
common, everyday words that are appropriate for
the context. Choose words that native speakers
would naturally use. Explain essential terms if

those can’t be simplified and maintain the content
as in the original. Here is a example:

Original
The Villa des Arts (Villa of the Arts) is a complex of
artists’ studios in the 18th arrondissement of Paris,
built at the end of the 19th century. The entrance is
located at 15 Rue Hégésippe-Moreau. The nearest
metro stations are La Fourche on line 13 and Place
de Clichy on line 2. The apartments and studios,
grouped around several courtyards with gardens,
were listed as a Monument historique in 1994. A2
The Villa des Arts is a place where artists work
in Paris. It is in the 18th district of Paris. People
built it at the end of the 19th century. The entrance
is at Rue Hégésippe-Moreau number 15. If you
want to go there by metro, you can use station La
Fourche (line 13) or station Place de Clichy (line
2) because they are close. The building has many
apartments and studios where artists work. There
are also gardens around the buildings. In 1994,
the government made this building a historical
monument. This means it is on a special list to
protect it.

A.3 Instructions for B1
The instruction for simplifying to CEFR Level B1.

Short: Simplify the following input to B1 CEFR
Level.

Descriptive: You are a text simplification tool
for B1 level. Your task is to simplify the following
input to B1 CEFR level. Use clear, straightforward
language that intermediate learners can understand.
Choose commonly used words and expressions
that sound natural. When you must use more
complex terms that are important to the topic,
provide brief explanations. Keep all the main ideas
and information from the original text.

Descriptive with one example: You are a
text simplification tool for B1 level. Your task
is to simplify the following input to B1 CEFR
level. Use clear, straightforward language that
intermediate learners can understand. Choose
commonly used words and expressions that sound
natural. When you must use more complex
terms that are important to the topic, provide
brief explanations. Keep all the main ideas and
information from the original text. Here is a
example:

Original
The benefits of remote work are undeniable.
Employees save considerable time and money
by eliminating their daily commute, while
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companies can reduce overhead costs associated
with maintaining large office spaces. Many
workers report higher productivity levels
when working from their home environment,
free from office distractions and unnecessary
meetings. The flexibility to manage personal
responsibilities alongside professional duties
has proven particularly valuable for parents and
caregivers. B1
The good things about working from home are
clear. Workers save a lot of time and money
because they don’t need to travel to the office every
day. Companies also spend less money because
they don’t need big offices. Many people say they
work better at home because there are fewer things
that stop them from focusing, and they don’t have
so many meetings they don’t need. Being able to
take care of family things while also doing their
job has been very helpful, especially for parents
and people who look after family members.

A.4 Prompt for LLM-as-a-Judge
The following text was translated to the CEFR
[A2|B1] Level by different models. Give feedback
to all of, stay factual and dont use words like
’excellent’ or similar words, just state the strengths
and weaknesses of the different tranlations. Then
rank them from best to worst translation. Format
the ranking as ["model_i, "model_j","model_k"] at
the end of your answer.

A.5 Example Evaluation in Round Two

Text_ID: 24-a

Prompt: The following text was
translated to the CEFR A2 Level by
different models. Give feedback to
all of, stay factual and dont use
words like ’excellent’ or similar
words, just state the strengths and
weaknesses of the different tranlations.
Then rank them from best to worst
translation. Format the ranking as
["model_i, "model_j","model_k"] at the
end of your answer.

Original
Chloe has two pet rats, Zena and Roxy. Chloe
knows they’re not typical pets and she has lost
count of the times she’s patiently tried to explain to
people that rats aren’t dirty and they make fantastic
pets if you look after them correctly. But she
understands why people react badly. She didn’t like
rats either until her friend Martin showed her his pet
rats and she saw how affectionate and intelligent
they were. Last year, when one of Martin’s rats
had babies, Chloe decided she’d like to have two
of them.

llama-3.3-70b-instruct
Chloe has two pet rats, Zena and Roxy. She
knows that most people don’t keep rats as pets,
and she’s often explained to them that rats are
clean and nice pets if you take good care of them.
But she understands why people don’t like them.
Chloe didn’t like rats either, until her friend Martin
showed her his rats. She saw that they were friendly
and smart. When Martin’s rats had babies, Chloe
wanted two of them as pets.

qwen3-235b-a22b-2507
Chloe has two pet rats named Zena and Roxy. She
knows rats are not common pets, and she’s lost
count of how many times she’s had to explain to
people that rats aren’t dirty. She tells them that rats
can be great pets if you take good care of them. But
she also understands why some people don’t like
rats — she didn’t like them either, at first. Then
her friend Martin showed her his pet rats. She saw
how smart and loving they were, and that changed
her mind. Last year, when one of Martin’s rats had
babies, Chloe decided she wanted two of them for
herself.
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Model rmse mb-org mb-ref
llama-3.3-70b-instruct_descriptive_w_example 0.5874 0.8028 0.8171
gemma-3-27b-it_descriptive_w_example 0.6205 0.7963 0.8219
mistral-medium-3_descriptive_w_example 0.6595 0.7955 0.8322
mistral-medium-3_short 0.7246 0.8260 0.8403
mistral-medium-3_winner 0.7246 0.8191 0.8388
qwen3-235b-a22b-2507_descriptive_w_example 0.7517 0.8337 0.8389
llama-3.3-70b-instruct_winner 0.6671 0.8015 0.8208
mistral-medium-3_descriptiv 0.7517 0.8118 0.8353
qwen3-235b-a22b-2507_winner 0.8246 0.8452 0.8422
qwen3-235b-a22b-2507_descriptiv 0.8246 0.8428 0.8420
llama-3.3-70b-instruct_descriptiv 0.6782 0.7886 0.8128
claude-sonnet-4_short 0.6856 0.7875 0.8150
claude-sonnet-4_winner 0.7348 0.8123 0.8220
gpt-oss-120b_short 0.800 0.8399 0.8315
deepseek-r1-distill-llama-70b_descriptive_w_example 0.8185 0.8499 0.8336
deepseek-r1-distill-llama-70b_short 0.8155 0.8433 0.8338
claude-sonnet-4_descriptive_w_example 0.7071 0.8013 0.8138
qwen3-235b-a22b-2507_short 0.8602 0.8602 0.8414
submitted dataset 0.8216 0.8383 0.8357
gpt-oss-120b_winner 0.8031 0.8378 0.8304
claude-sonnet-4_descriptiv 0.7649 0.8182 0.8206
deepseek-r1-distill-llama-70b_descriptiv 0.8367 0.8420 0.8325
gemma-3-27b-it_short 0.7036 0.7754 0.8109
deepseek-r1-distill-llama-70b_winner 0.8573 0.8447 0.8347
gemma-3-27b-it_winner 0.7246 0.7894 0.8107
gpt-oss-120b_descriptiv 0.8246 0.8265 0.8212
llama-3.3-70b-instruct_short 0.7416 0.7840 0.7990
gemma-3-27b-it_descriptiv 0.7616 0.7818 0.8048
gpt-oss-120b_descriptive_w_example 0.8093 0.8042 0.8082

Table 3: These are the metrics calculated on all the simplifications done by all models and prompts. The underlined
entries show the dataset of the best simplifications on a model basis, evaluated by the LLM-as-a-Judge.
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gpt-oss-120b
Chloe has two pet rats. Their names are Zena and
Roxy. She knows rats are not usual pets. She has
tried many times to tell people that rats are not
dirty and can be great pets if you care for them.
She understands why some people do not like rats.
Chloe did not like rats at first. Then her friend
Martin showed her his rats. She saw that they are
friendly and smart. Last year, Martin’s rat had
babies. After that, Chloe decided she wanted two
rats of her own.

deepseek-r1-distill-llama-70b
Chloe has two pet rats named Zena and Roxy. She
knows they are not usual pets. She can’t remember
how many times she has tried to explain to people
that rats are not dirty and are great pets if you
take good care of them. She knows why people
don’t like them. She didn’t like rats either until her
friend Martin showed her his pet rats. She saw how
loving and smart they were. Last year, when one
of Martin’s rats had a litter, Chloe decided to take
two.

mistral-medium-3
Chloe has two pet rats named Zena and Roxy. She
knows rats aren’t common pets, and she’s often
tried to tell people that rats aren’t dirty. They can
be great pets if you take good care of them. But she
gets why some people don’t like them. She didn’t
like rats either until her friend Martin showed her
his pet rats. She saw how loving and smart they
were. Last year, when one of Martin’s rats had
babies, Chloe decided she wanted two of them.

claude-sonnet-4
Chloe has two pet rats, Zena and Roxy. Chloe
knows they are not normal pets. Many times,
people say rats are dirty. Chloe tells them that
rats are not dirty and they are very good pets if you
take care of them well. But she understands why
people don’t like rats. Chloe didn’t like rats before
too. Then her friend Martin showed her his pet
rats. She saw that rats are loving and smart animals.
Last year, one of Martin’s rats had babies. Chloe
wanted to have two of them.

gemma-3-27b-it
Chloe has two pet rats called Zena and Roxy. She
knows rats aren’t usual pets, and she’s explained
to many people that rats are clean and can be great
pets if you care for them well. But she understands
why some people don’t like them. She didn’t like

rats at first either. Then her friend Martin showed
her his pet rats, and she saw they were loving and
clever. Last year, Martin’s rat had babies, and
Chloe decided she wanted two of them.

LLM-as-a-Judge Assessment
I’ll analyze each translation for A2 level
appropriateness, accuracy, and clarity.

Model LL: Uses simple vocabulary and
sentence structures appropriate for A2. Maintains
accuracy while simplifying complex phrases like
"lost count" to "often explained." The flow is
natural and all key information is preserved.

Model QW: Retains more complex elements
like "lost count" which may be challenging
for A2 learners. Uses longer sentences and
more sophisticated vocabulary ("common pets,"
"changed her mind"). Accurate but potentially
above A2 level in complexity.

Model GP: Uses very simple sentence structures
with clear, short sentences. Vocabulary is basic
and appropriate for A2. However, some awkward
phrasing appears ("After that, Chloe decided") and
the flow feels choppy due to overly simplified
sentence structure.

Model DE: Contains vocabulary that may be too
advanced for A2 ("litter" instead of "babies," "can’t
remember"). The sentence "She can’t remember
how many times" is more complex than needed.
Otherwise maintains good accuracy.

Model CL: Uses simple vocabulary and
sentence structures. However, contains some
awkward phrasing ("Chloe didn’t like rats before
too") and unnatural expressions ("Many times,
people say rats are dirty"). The meaning remains
clear despite these issues.

Model GE: Balances simplicity with natural
flow effectively. Uses appropriate A2 vocabulary
while maintaining readability. Minor issue with
"clever" which could be "smart" for consistency,
but overall well-adapted.

Model MI: Uses appropriate vocabulary and
sentence length for A2. Natural flow and accurate
content. The phrase "she gets why" is slightly
informal but understandable. Good balance of
simplification and clarity.

["Model_LL", "Model_MI", "Model_GE",
"Model_GP", "Model_CL", "Model_DE",
"Model_QW"]

182


