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Abstract
The growing volume of biomedical research literature presents a significant accessibility challenge, as technical
terminology and complex sentence structures often limit understanding among non-expert readers. This paper
describes our participation in the CLEF 2026 SimpleText Lab Task 1.1, which focuses on automatic sentence-level
simplification of scientific text. We propose a label-conditioned two-stage framework in which a SciBERT-based
classifier first predicts the most appropriate simplification operation (ignore, rephrase, or split), and a fine-tuned
FLAN-T5 model subsequently generates simplified text conditioned on the predicted label. Both components are
trained using the Cochrane-Auto biomedical simplification corpus.

Our system is evaluated on the official CLEF 2026 benchmark consisting of 48,809 scientific sentences. We
compare FLAN-T5-Base and FLAN-T5-Large variants within the proposed framework. The best-performing
system, based on FLAN-T5-Large, achieved a SARI score of 37.98, a BLEU score of 8.31, and an FKGL score of 9.81
on the official CodaBench evaluation. The results demonstrate that combining operation-aware classification with
instruction-tuned sequence-to-sequence generation provides an effective approach for improving the accessibility
of biomedical scientific text while maintaining content fidelity.
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1. Introduction

The rapid growth of scientific and biomedical literature has created significant challenges for non-
expert readers seeking to access and understand research findings. Scientific publications often contain
specialised terminology, complex sentence structures, and dense information that can limit accessibility
for patients, students, journalists, policymakers, and the general public. Automatic text simplification
aims to address this challenge by transforming complex text into simpler and more accessible language
while preserving its original meaning.

The CLEF 2026 SimpleText Track provides a shared benchmark for evaluating automatic simplification
of scientific text and related tasks [1]. The track consists of three tasks: scientific sentence simplification
(Task 1), hallucination detection and avoidance (Task 2), and research area classification (Task 3). In
this work, we participate in Task 1.1, which focuses on sentence-level scientific text simplification and
is based on the benchmark introduced by the task organisers [2]. Given a complex scientific sentence,
participating systems are required to generate a simplified version that improves readability while
preserving the original meaning.

Recent advances in instruction-tuned large language models and domain-specific transformer ar-
chitectures have significantly improved the state of the art in text simplification. However, different
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scientific sentences often require different simplification strategies. Some sentences require only minor
lexical substitutions, whereas others benefit from sentence splitting or structural rephrasing. Moti-
vated by this observation, we propose a two-stage, label-conditioned framework that explicitly models
different simplification operations.

Our approach consists of two components:

• Stage 1 — Sentence classifier: A domain-adapted SciBERT classifier predicts one of three
simplification operations: ignore, rephrase, or split.

• Stage 2 — Label-conditioned simplifier: A fine-tuned FLAN-T5 model generates simplified
text conditioned on the predicted operation label using task-specific prompts.

Both components are trained using the Cochrane-Auto corpus [3], a large-scale biomedical text
simplification dataset derived from Cochrane systematic reviews.

Our best official submission achieved a SARI score of 37.98 on the CLEF 2026 leaderboard using a
SciBERT-guided FLAN-T5-Large model. We additionally compare FLAN-T5-Base and FLAN-T5-Large
variants within the proposed label-conditioned framework to investigate the effect of model scale on
biomedical text simplification.

1.1. Contributions

The main contributions of this work are:

• A two-stage label-conditioned biomedical text simplification pipeline for CLEF 2026 SimpleText
Task 1.1.

• A SciBERT-based classifier that predicts simplification operations (ignore, rephrase, and split)
prior to text generation.

• A prompt-guided FLAN-T5 simplification model that conditions generation on the predicted
operation label.

• An empirical comparison of FLAN-T5-Base and FLAN-T5-Large within a label-conditioned sim-
plification framework for biomedical scientific text.

The remainder of this paper is organised as follows. Section 2 reviews related work on text simpli-
fication and biomedical NLP. Section 3 describes the datasets used. Section 4 presents the proposed
methodology. Section 5 details the experimental setup. Section 6 defines the evaluation metrics. Sec-
tion 7 presents the official evaluation results and comparison of submitted systems. Section 8 discusses
the findings and limitations of the proposed approach. Finally, Section 9 concludes the paper and
outlines directions for future work.

2. Related Work

Text simplification is a well-established task in NLP, with roots in lexical simplification [4], syntactic
simplification [5], and more recently neural sequence-to-sequence approaches [6]. We review work
most directly relevant to our contributions: CLEF SimpleText, biomedical text simplification, pretrained
language models for simplification, and evaluation methodology.

2.1. CLEF SimpleText Shared Task

The CLEF SimpleText Lab has provided a community benchmark for automatic simplification of scientific
passages since its first edition in 2022 [7]. Each annual iteration refines the task definition, data, and
evaluation protocol. The 2025 edition [8] attracted a diverse set of participants employing methods
ranging from instruction-tuned large language models to supervised fine-tuning of domain-specific
transformers.



Among the most competitive CLEF 2025 systems, Largey et al. [9] (AIIRLab) employed instruction-
tuned LLaMA [10] and Mistral [11] models with few-shot task demonstrations, achieving strong SARI
scores without any task-specific gradient updates. Their work demonstrates that large instruction-
following models can serve as competitive baselines for simplification even without fine-tuning, but also
highlights that domain-specific fine-tuning consistently improves performance on technical biomedical
text.

The NITK SCaLAR Lab (CLEF 2025) explored a complementary strategy, fine-tuning domain-adapted
models including BioBERT [12], BioBART, and a modified GPT-2 on biomedical simplification data.
Their results support the hypothesis that domain pretraining provides a meaningful head-start for
downstream simplification, particularly for sentences containing rare medical terminology.

2.2. Biomedical Text Simplification

Biomedical text simplification has attracted dedicated research attention because of its high real-world
impact and the unique linguistic properties of clinical and scientific writing. Early work focused on
rule-based lexical substitution using medical thesauri such as UMLS [13].

The development of large aligned corpora substantially changed the landscape. Bakker and Kamps [3]
introduced the Cochrane-Auto dataset, which automatically aligns sentences from the full text of
Cochrane systematic reviews with corresponding sentences from their structured plain-language
summaries. With hundreds of thousands of aligned sentence pairs, Cochrane-Auto enables supervised
training of neural simplification models at scale, and has been adopted as a standard resource in the
biomedical ATS community.

Van den Berckt et al. [14] benchmarked a range of neural approaches on biomedical corpora and found
that models pre-trained on biomedical text (e.g., PubMedBERT, BioBERT) consistently outperformed
general-domain counterparts, underscoring the importance of domain alignment. More recently, Guo et
al. [15] demonstrated that controlled generation—conditioning output on readability constraints—can
improve FKGL alongside SARI, motivating the label-conditioned design we adopt in the present work.

2.3. Pretrained Language Models for Simplification

The transformer architecture [16] has become the backbone of modern ATS systems. Among encoder–
decoder models, BART [17] and T5 [18] have been extensively evaluated on text simplification bench-
marks due to their ability to generate fluent and semantically faithful rewrites of complex text.

FLAN-T5 [19], an instruction-tuned variant of T5, extends this capability through large-scale in-
struction tuning across a diverse collection of NLP tasks. Its strong instruction-following behaviour
makes it particularly suitable for controlled text generation tasks, including simplification. Further-
more, supervised fine-tuning on domain-specific corpora can adapt FLAN-T5 to specialised domains
such as biomedicine, where technical terminology and complex sentence structures present additional
challenges.

For sentence classification, SciBERT [20]—a BERT model pretrained on 1.14 million scientific papers
from Semantic Scholar—provides strong representations for scientific text. Its exposure to domain-
specific vocabulary, including biomedical terminology, makes it a natural choice for predicting simplifi-
cation operations on scientific sentences. The combination of SciBERT for operation prediction and
FLAN-T5 for controlled generation forms the basis of the label-conditioned framework proposed in this
work.

2.4. Evaluation of Text Simplification

Evaluating simplification quality is non-trivial because a good simplified sentence must simultaneously
be fluent, meaning-preserving, and genuinely simpler than the source. SARI [21], BLEU [22], and
FKGL [23] together provide complementary coverage of these dimensions and constitute the official
metrics for CLEF 2026 Task 1.1. We formalise these metrics in Section 6.



3. Dataset

3.1. Cochrane-Auto Dataset

The Cochrane-Auto dataset [3] is constructed by automatically aligning sentences from full Cochrane
systematic reviews with sentences from their corresponding plain-language summaries. Each record
in the dataset contains: (i) a complex source sentence (sentence_src), (ii) one or more simplified
target sentences (sentence_tgt), and (iii) an operation label indicating the simplification type applied
(ignore, rephrase, or split).

We apply the following preprocessing steps: (1) flattening multi-target records so that each complex
sentence is paired with a single simplified reference (flatten_simple); (2) removing records where
either the source or target field is empty or contains only whitespace; and (3) integer-encoding operation
labels for classifier training. After preprocessing, the training split contains approximately 7,082 sentence
pairs, and the validation split approximately 1,041 pairs.

3.2. CLEF 2026 SimpleText Task 1.1 Test Set

The official test set consists of 48,809 complex scientific sentences provided by the CLEF 2026
SimpleText organisers in the file sentences_src.json. Sentences are drawn from scientific abstracts
across multiple disciplines, though the Cochrane-Auto training domain (systematic reviews) partially
overlaps with the biomedical subset. No reference simplifications are released to participants during
the evaluation phase; scoring is performed server-side on CodaBench.

4. Methodology

4.1. Overview

Our approach follows a two-stage architecture designed to explicitly model different simplification
operations. First, a SciBERT classifier predicts the most suitable simplification action for an input
sentence: ignore, rephrase, or split. The predicted label is then converted into a task-specific prompt that
conditions a fine-tuned FLAN-T5 model. This design enables the generator to apply operation-aware
simplification strategies rather than relying on a single generic prompt for all inputs.

Our system consists of two sequential components trained independently and composed at inference
time. Figure 1 shows the overall architecture.

Input: Complex Scientific Sentence

Stage 1 — SciBERT Classifier

Label-Conditioned Prompt Builder

Stage 2 — Fine-tuned FLAN-T5

Output: Simplified Sentence

ignore / rephrase / split

prefixed prompt

SciBERT
(scibert_scivocab_uncased)

FLAN-T5-base/large
(fine-tuned on Cochrane-Auto)

Figure 1: Architecture of the label-conditioned two-stage simplification pipeline. Stage 1 (SciBERT) classifies
the required operation; Stage 2 (FLAN-T5) generates simplified text conditioned on the predicted label.



4.2. Stage 1: SciBERT Sentence Classifier

We fine-tune allenai/scibert_scivocab_uncased [20] as a three-class sequence classifier over
the Cochrane-Auto operation labels. The classification head is a linear layer applied to the [CLS] token
representation.

The three labels correspond to distinct simplification strategies: Ignore (sentence is already simple or
is a heading/title), Rephrase (sentence should be rewritten with simpler vocabulary and shorter clauses
while preserving its syntactic structure), and Split (sentence should be decomposed into two or more
shorter independent sentences).

4.3. Stage 2: Label-Conditioned FLAN-T5 Simplifier

We fine-tune flan-t5-base/large [19] as a sequence-to-sequence simplifier. Each training example
is formed by prepending a label-specific prefix to the source sentence. The prefix mapping is:
LABEL_PROMPTS = {
"ignore": "Keep this sentence unchanged: ",
"rephrase": "Simplify this scientific sentence "

"using easier words: ",
"split": "Split this sentence into two or more "

"simpler sentences: ",
}

4.4. Inference Pipeline

At inference time, the SciBERT classifier first predicts an operation label for each of the 48,809 test
sentences. The label selects the corresponding prefix from LABEL_PROMPTS, which is prepended
to the source sentence and fed to the fine-tuned FLAN-T5 decoder. Generation uses beam search
(num_beams = 2) with a batch size of 256 and fp16 precision. Model checkpoints are saved via
save_pretrained, compressed, and loaded from cloud storage for batch inference, enabling processing
of the full test set without re-training.

5. Experimental Setup

5.1. Hardware and Software Environment

All experiments were conducted using Google Colab with NVIDIA A100 GPUs. Models were imple-
mented using the HuggingFace Transformers library and trained using PyTorch. Mixed-precision
(fp16) training was employed where applicable to reduce memory usage and accelerate training.

5.2. SciBERT Training Configuration

Table 1
SciBERT classifier hyperparameters.

Parameter Value
Epochs 3
Learning Rate 2× 10−5

Batch Size 32
Max Sequence Length 128
Optimizer AdamW
Loss Function Cross Entropy



5.3. FLAN-T5 Training Configuration

Table 2
FLAN-T5 fine-tuning hyperparameters.

Parameter Value
Epochs 3
Learning Rate 5× 10−4

Batch Size 16
Precision fp16
Collator DataCollatorForSeq2Seq
Optimizer AdamW

Preliminary experiments indicated performance degradation when training beyond three epochs, sug-
gesting overfitting to the Cochrane-Auto training distribution. Consequently, training was intentionally
limited to three epochs to improve generalisation on unseen scientific text.

6. Evaluation Metrics

We formalise the three official evaluation metrics used in CLEF 2026 SimpleText Task 1.1.

6.1. SARI

SARI (System output Against References and against the Input) [21] measures simplification quality by
simultaneously rewarding the system for: (1) adding words present in the reference but not in the input;
(2) keeping words present in both the reference and the input; and (3) deleting words present in the
input but not in the reference. SARI is computed for each n-gram order 𝑛 ∈ {1, 2, 3, 4} and averaged.

Let 𝒮 , ℛ, and ℋ denote the multisets of n-grams in the source (input), reference, and hypothesis
(system output) respectively. For each operation 𝑜 ∈ {add, keep, del}, a precision 𝑝𝑜 and recall 𝑟𝑜 are
computed, and an F1-like score 𝐹𝑜 is derived. SARI is then:

SARI = 1

3

(︀
𝐹add + 𝐹keep + 𝐹del

)︀
(1)

where each component is defined as:

𝐹add =
|ℋ ∩ ℛ| − |ℋ ∩ 𝒮|
|ℋ| − |ℋ ∩ 𝒮|

, 𝐹keep =
|ℋ ∩ 𝒮 ∩ℛ|
|ℋ ∩ 𝒮|

, 𝐹del =
|𝒮| − |ℋ ∩ 𝒮|

|𝒮|
(2)

Higher SARI indicates better simplification quality.

6.2. BLEU

BLEU (Bilingual Evaluation Understudy) [22] measures n-gram precision between the hypothesis and
one or more references. For 𝑁 -gram orders up to 𝑁 = 4:

BLEU = BP · exp

(︃
𝑁∑︁

𝑛=1

𝑤𝑛 log 𝑝𝑛

)︃
(3)

where 𝑝𝑛 is the modified precision for n-grams of order 𝑛, 𝑤𝑛 = 1
𝑁 is a uniform weight, and BP is

the brevity penalty:

BP =

{︃
1 if 𝑐 > 𝑟

𝑒(1−𝑟/𝑐) if 𝑐 ≤ 𝑟
(4)

with 𝑐 the total length of the hypothesis corpus and 𝑟 the effective reference corpus length. Higher
BLEU indicates greater n-gram overlap with the reference.



6.3. FKGL

The Flesch-Kincaid Grade Level [23] estimates the US school grade level needed to comprehend a text
based on sentence length and syllable count:

FKGL = 0.39 · total words
total sentences + 11.8 · total syllables

total words − 15.59 (5)

Lower FKGL values indicate simpler text; scientific abstracts typically score between 14 and 18.

7. Results

7.1. Official Submission Results

Table 3 presents the official results of our submitted systems on the CLEF 2026 SimpleText Task 1.1
benchmark.

Table 3
Official CLEF 2026 SimpleText Task 1.1 sentence-level results obtained from the CodaBench evaluation platform.

System SARI BLEU FKGL Compr.
SciBERT + FLAN-T5-Base 37.25 14.74 11.21 0.68
SciBERT + FLAN-T5-Large 37.98 8.31 9.81 0.51

The FLAN-T5-Large submission achieved the highest overall performance, obtaining a SARI score of
37.98. It also achieved the lowest FKGL score of 9.81, indicating improved readability and accessibility
of the generated simplifications.

The FLAN-T5-Base submission achieved a slightly lower SARI score of 37.25 but obtained substantially
higher BLEU (14.74), suggesting greater lexical overlap with the reference simplifications.

7.2. Comparison of Submitted Systems

The results reveal a trade-off between simplification quality and lexical preservation.
Increasing the model size from FLAN-T5-Base to FLAN-T5-Large improves both SARI and FKGL,

suggesting that the larger model is more effective at generating readable simplifications while preserving
the meaning of the original sentence.

In contrast, the FLAN-T5-Base model achieved considerably higher BLEU, indicating that its outputs
remained closer to the reference texts at the lexical level. This behaviour suggests a more conservative
simplification strategy that prioritises preserving original wording rather than performing stronger
paraphrasing operations.

Overall, the FLAN-T5-Large model produced the strongest simplification performance among the
submitted systems and was selected as our best official submission for CLEF 2026 SimpleText Task 1.1.

8. Discussion

8.1. Effect of Model Scale

The comparison between FLAN-T5-Base and FLAN-T5-Large highlights the impact of model scale on
scientific text simplification. The larger model achieved higher SARI (37.98) and lower FKGL (9.81),
indicating that it generated outputs that were both simpler and more readable. These results suggest
that increased model capacity enables more effective simplification while maintaining the meaning of
the original sentence.

However, the FLAN-T5-Base model achieved substantially higher BLEU (14.74), indicating greater
lexical overlap with the reference simplifications. This behaviour suggests that the base model adopts
a more conservative generation strategy, preserving a larger proportion of the original wording and
sentence structure.



8.2. Role of Label-Conditioned Generation

Our proposed framework incorporates a SciBERT classifier that predicts the most appropriate simplifi-
cation operation before generation. Rather than relying on a single generic prompt for all inputs, the
model receives operation-specific instructions corresponding to ignore, rephrase, and split actions.

This design allows the simplification model to adapt its generation strategy according to the character-
istics of the input sentence. Sentences requiring minimal modification can be preserved, whereas more
complex sentences can be simplified through rephrasing or sentence splitting. Such operation-aware
generation provides a more structured approach to simplification than applying a single transformation
strategy to all sentences.

8.3. Limitations

Despite promising results, several limitations remain.

• Domain dependence: Both the classifier and generator were trained on the Cochrane-Auto
corpus, which primarily consists of biomedical systematic reviews. Performance may vary when
applied to scientific domains with substantially different writing styles or terminology.

• Classifier error propagation: Incorrect operation predictions produced by the SciBERT classifier
may affect the quality of the generated simplifications. Future work should investigate the impact
of classifier accuracy on overall system performance.

• Readability ceiling: Although the FLAN-T5-Large system reduced FKGL to 9.81, the generated
text may still be challenging for some non-expert readers. Additional lexical simplification
techniques could further improve accessibility.

• Limited model exploration: Due to computational constraints, experimentation was restricted
to FLAN-T5 variants. Investigating larger domain-adapted language models may provide further
improvements in simplification quality.

9. Conclusion and Future Work

We presented a label-conditioned two-stage framework combining SciBERT-based operation classifi-
cation with fine-tuned FLAN-T5 generation for CLEF 2026 SimpleText Task 1.1. The FLAN-T5-Large
variant achieved the best performance with a SARI score of 37.98, BLEU of 8.31, and FKGL of 9.81,
demonstrating that operation-aware generation improves accessibility of biomedical scientific text.

Several directions may further improve the framework, including exploring larger biomedical lan-
guage models such as BioMistral, improving classifier robustness across scientific domains, integrating
lexical simplification resources, and investigating joint learning approaches that unify operation predic-
tion and text generation.
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