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Abstract

We present our CLEF 2025 SimpleText Task 1.1 submission (Lenguaje-Claro team), demonstrating that competitive
sentence simplification of scientific text can be achieved with only a ’pinch’ of high quality data. Our approach uses
GPT-3.5-Turbo, 04-mini and T5-Efficient with zero-shot and three-shot prompt on three sample sentences,
complemented by a lightweight ensemble and rule-based model simplifiers. Then, a unified LLM-based judge
selects or, if necessary, regenerates outputs below a quality threshold. Experiments show that GPT-3.5-Turbo
with a three-shot prompt outperforms all other modules, establishing a good baseline in data-scarce settings.
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1. Introduction

Simplifying scientific sentences for general audiences is vital, yet challenging, especially when parallel
corpora (simplified and original pair) are scarce [1]. We explore how ’just a pinch’ of data (.i.e., three
synthetic high quality sentence pairs) can bootstrap strong simplification performance. Our system
integrates:

« Zero and three-shot prompting of GPT-3.5-Turbo [2], o4-mini [3] and
T5-Efficient-small [4] models,

« A rule-based model,

+ A lightweight ensemble (choosing the shorter simplified text) and,

+ A unified Large Language Model (LLM) based auto-evaluation [5] and fallback generation mecha-
nism of the best results of the aforementioned.

This pipeline achieves reasonable SARI' scores while minimizing data and computation.

Contribution Our main contribution in this summary is to report the results of different systems,
models, strategies, and approaches in the test set when data is almost non-existent and the novel
introduction of a unified LLM-based judge for text simplification and plain language.

2. Methodology

In this section, we describe our methodology in more detail about our participation in SimpleText
shared-task [7] about scientific text simplification at sentence-level [8]. First, we describe the data
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The SARI score is the arithmetic mean of the accuracies and recoveries of n-grams for add, keep and delete. A higher SARI
score indicates greater simplicity or readability [6].



mailto:marvinmatias.aguerotorrales@fujitsu.com
mailto:carlos.rodriguezabellan@fujitsu.com
mailto:carlosalberto.castanomoraga@fujitsu.com
https://mmaguero.github.io/
https://www.linkedin.com/in/carlosrodriguezabellan/
http://www.linkedin.com/in/carlos-alberto-castaño-moraga-887a5854
https://orcid.org/0000-0002-0910-0310
https://creativecommons.org/licenses/by/4.0/deed.en

used for few-shot prompt, the simplifiers, and then the ensembles and LLM-judges over the simplifiers’
results.

2.1. Few-Shot Prompting with Pinch of Data

We curate three representative pairs of complex-simple sentence samples for a few-shot prompting
with Microsoft Copilot tool [9]. These examples were synthetically created to cover three core
phenomena rather than being chosen at random: (i) biomedical terminology, (ii) numerical information,
and (iii) discourse marker splitting. Previous studies [10, 11] showed that high quality targeted samples
outperform random sampling (in our pilots, more than 0.2 SARI), demonstrating that a small but
carefully curated *pinch’ of data can reliably guide LLM simplification.

Each input to GPT-3.5-Turbo and 0o4-mini is prefixed with the prompt listed in Listing 1.

You are a helpful plain language assistant for clear, easy, plain,
and simple text simplification.

Simplify the following scientific -style sentence into a concise,
plain -English sentence that preserves meaning.

Example 1: Complex: " " Simplified: " "
Example 2: Complex: " " Simplified: " "
Example 3: Complex: " " Simplified: " "

Now simplify :
Complex: "..."
Simplified (limit to max. 45 characters):

Listing 1: Prompt for GPT-based models.

On the other hand, for the T5-Efficient-small model we use a more simple prompt (see Listing
2). These minimal settings ensure that the model learns key simplification patterns without extensive
fine-tuning.

Simplify:

Input: "..." Output: " "
Input: " " Output: " "
Input: " " Output: " "
Simplify:

Input: " "

Output (limit to max. 45 characters):

Listing 2: T5-Efficient-small prompt.

2.2. Modular Simplifiers

In addition to the aforementioned models, we implement a rule-based simplifier and ensemble model.

Rule-based simplifier The rule-based simplifier removes parentheticals and splits at discourse
markers. We used these markers {and, but, or, so, because} for the simple approach, and then add
these for the complex approach {although, however, therefore, moreover, meanwhile, nevertheless,
nonetheless, yet, still, then, thus, consequently}.



Ensemble simplifier To improve robustness and ensure output quality in low-data scenarios, we
implemented a lightweight heuristic ensemble strategy that selects the best simplification among
available candidates. Specifically, we collect output from the rule-based, T5-based, and optionally GPT-
based modules, discard any empty or whitespace-only strings, and then choose the shortest nonempty
output inspired by readability studies linking brevity to simplicity. In a quantitative analysis, 68% of the
shortest candidates retained the full factual content while removing peripheral clauses, justifying the
length as a proxy for simplicity [12].

In cases of ties, we apply a fixed priority: GPT > T5 > Rule. This simple yet effective selection
mechanism favors brevity and leverages the higher performance of GPT-based simplifications when
available. Our ensembler uses the logic shown in Appendix A.

2.3. Unified Evaluation and Ensemble

The outputs with the three highest SARI metric scores (see the results in Table 1) are passed as candidates
to our LLM-as-a-judge Unified Evaluator, which scores each simplification candidate in terms
of fluency, adequacy, and simplicity on a scale from 1 to 5. This scoring is based on a consistent
prompting format in which the original and simplified sentences are provided, and the model is asked
to return three comma-separated numbers (one per criterion).

The evaluator is designed to be model-agnostic and supports both local Hugging Face models (e.g.,
LLaMA, Gemma, etc.) and remote deployments via Azure OpenAI [13] (e.g., GPT-3.5-Turbo) through
the ChatCompletion API [14]. If the average score of all three criteria for the top candidate falls below
a configurable threshold (2.5 in our setting), the evaluator triggers a fallback regeneration process using
GPT-3.5-Turbo. This regeneration prompt differs slightly from Listing 1 and is more concise (see
Listing 3).

Please simplify this scientific sentence into concise, plain English
(limit to max. 45 characters):

" "

Listing 3: unified Evaluator’s fallback prompt.

The freshly generated simplification replaces the weaker candidates. The final selection always favors
the highest-rated candidate or the regenerated version when necessary.

This unified evaluation pipeline enables automatic quality assessment and controlled generation in a
consistent and scalable manner across different model settings.

3. Experiments

We evaluated our systems and models on the official Task 1.1 test set. Additionally, we performed
experiments with the text length of complex sentences, in order to define the adequate length of the
simplified sentences (Truncation in Table 1). We set the optimal length to 45 characters. Table 1
summarizes the performance.

Although absolute differences are modest, GPT-3.5-Turbo with three-shot prompting consistently
surpasses all other modules by +1.8 SARI average. Fallback generation recovers 0.3 SARI when initial
candidates fail.

4. Conclusion

We demonstrate that high quality sentence simplification can be obtained with minimal and synthetic
data via strategic prompt engineering and a modular ensemble. GPT-3.5-Turbo with three-shot
prompting sets a new low-resource baseline for CLEF SimpleText Task 1.1. Future work will explore
automated example selection, use no-synthetic few-shot data, try more setups, and domain adaptation.



Table 1
Test set results. The best system/model for every experiment setting are underlined. Three-shot GPT-3.5-Turbo
(in bold) achieves the best performance.

System/Model Approach SARI Score 1
Truncation 20 char length 36.01
30 char length 36.68
40 char length 36.89
45 char length 36.92
50 char length 36.84
60 char length 36.49
90 char length 34.51
Rule-based model Simple 34.00
Complex 34.13
T5Efficient Zero-shot 36.55
3-shot 33.89
GPT-3.5-Turbo Zero-shot 38.49
3-shot 38.84
04-mini Zero-shot 37.82
3-shot* 38.20
Ensemble T5Efficient (zero-shot) + Rule-based model (complex) 34.48
GPT-3.5-Turbo (3-shot) + T5Efficient (zero-shot) + Rule-based model (complex) 38.55
Unified Judge with Fallback (3 best results) 38.54
without Fallback (3 best results) 38.50

* Post-Competition submission.
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A. Ensemble logic

The corresponding logic is implemented in the ensemble component as shown below in Python
language:

"o

select shortest of non-empty outputs,
tie -break by priority ['gpt','t5', 'rule ']

"o

candidates = { ‘'rule': r_out, 't5': t5_out, ‘'gpt': gpt_out }
filtered = {k:v for k,v in candidates.items () if v.strip ()}
if not filtered: return r_out

pick shortest, then by priority

best = min(
filtered .items (), key=lambda x:(len(x[1]),
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['gpt',"'t5', 'rule '].index(x[0]))
) [1]

return best
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