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Abstract

Text simplification is an active research topic
with applications in many domains. In a simpli-
fication pipeline, assessment of text difficulty
plays a crucial role as a quality control mech-
anism: it acts as a “critic,” and guides models
to generate text at the difficulty level that is
required by the user. In this paper, we present
a LLM-based Text Simplification pipeline us-
ing several difficulty critics. We evaluate the
pipeline using the TSAR shared task dataset
and discuss the challenges in building models
for assessment of text difficulty and simplifica-
tion, including the construction of corpora for
training difficulty models.

1 Introduction

Text simplification is a widely studied task in natu-
ral language processing (NLP), with applications
in accessibility, education, and communication. It
is important in many applications where the users—
e.g., non-native speakers—struggle to understand
complex or standard language. The goal is to re-
duce the linguistic complexity of a text, while main-
taining the original text’s core meaning and coher-
ence. Increasingly, official legislation in Europe
(Inclusion Europe) requires government organiza-
tions, NGOs and other public agencies to provide
information to clients in clear and accessible form,
including for readers who may be unable to under-
stand standard language. We are motivated espe-
cially by applications of simplification in second-
language (L2) education, where personalized learn-
ing is supported by adapting text to the learner’s
proficiency level (Katinskaia and Yangarber, 2018;
Hou et al., 2019).

Our simplification pipeline,' shown in Figure 1,
uses a critic consisting of two parts: (a) difficulty—
it evaluates the difficulty level of a text simplified
by a large language model (LLM), and (b) semantic
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Figure 1: Overview of simplification pipeline.

similarity—it checks how well the simplified text
preserves the semantics/meaning of the original
text. This framework was introduced in (Katin-
skaia et al., 2025), in L2 education. In this paper,
we adapt the framework for simplification in En-
glish. The pipeline iteratively attempts to generate
a “simplified” version of an input text. If the gen-
erated text is above the target level of difficulty,
then feedback—including the generated text and
its currently assessed level—is sent back to the
LLM to revise the output. The pipeline makes
several attempts at simplification to reach the tar-
get difficulty level. We experiment with several
critics in the pipeline, including an open-source
transformer-based model that classifies text by dif-
ficulty level, and a regression model that we train
using English-language texts labeled with difficulty
levels.

The paper is organized as follows: Section 2
gives a brief overview of related work. Section 3
describes the shared task and the evaluation meth-
ods. Section 4 presents the architecture of our sim-
plification pipeline. Section 4.1 describes the ex-
periments with controlling the behavior of a LLM
via the difficulty critic. Section 5 presents results
and analysis. Section 6 concludes the paper and
discusses directions for future work.
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2 Related Work

Prior approaches to text simplification relied on
assessment of text difficulty to identify sentences
requiring simplification. For example, Gasperin
et al. (2009) trained a model to detect linguistically
complex sentences; Aluisio et al. (2010) developed
readability assessment tools to support simplifying
texts for low-literacy readers. Readability metrics
have also been incorporated directly into rule-based
simplifiers: Woodsend and Lapata (2011) integrate
the Flesch-Kincaid grade formula (Flesch, 1948)
into optimization-based simplification.

More recent approaches to simplification lever-
age readability predictors as feedback within gener-
ation loops. Alkaldi and Inkpen (2023) use a read-
ability classifier in a reinforcement learning frame-
work to iteratively simplify text until it reaches the
desired difficulty. Large-scale neural systems have
combined readability prediction with controllable
generation techniques to produce text at the target
difficulty level (Agrawal and Carpuat, 2023).

3 Task Description

The Shared Task on Readability-Controlled Text
Simplification (Alva-Manchego et al., 2025) in-
volves simplifying English-language paragraphs
written at upper-intermediate or advanced levels.
Participants are required to produce simplified ver-
sions at a target readability, specified as a CEFR
level: Common European Framework of Reference
for Languages (Council of Europe, 2001).

Our experiments are based on the test dataset
provided by the TSAR shared task. The test set
consists of English paragraphs at level B2 or higher,
each associated with a target level (A1, A2, or B1).
No training data, and no reference simplifications
are provided. The evaluation involves measuring
multiple aspects of the simplified texts:

* Compliance with target CEFR level is deter-
mined using a CEFR-level classifier, which
checks whether the generated paragraph meets
the specified target proficiency level.

* Meaning preservation is assessed via semantic
similarity between the original source para-
graph and the simplification, ensuring that the
essential meaning is retained.

* Similarity to a reference simplification is com-
puted, to quantify how closely the system out-
put matches the provided references.

These metrics are calculated using the official

evaluation scripts released by the shared task orga-
nizers with the test dataset. The semantic similarity
in the evaluation scripts uses meaningbert (Beau-
chemin et al., 2023). meaningbert is a BERT-
based semantic similarity model that measures how
well meaning is preserved between two texts, par-
ticularly for tasks such as text simplification and
paraphrase assessment.

4 System Overview

We next describe how we use the critic model to
guide in LL.M-based text simplification pipeline
(see Figure 1).

The pipeline begins by determining the difficulty
of a source text, either with a difficulty model or
manual annotation. The text, together with the
target CEFR level and a prompt, is passed to a
LLM, which produces a candidate output. The
critic model evaluates the candidate’s difficulty; if
it matches the target level, the process ends. Oth-
erwise, the LLM is re-prompted with the previous
output and the discrepancy from the target. This
loop continues for up to IV iterations—a predefined
maximum, to balance between cost and quality.
The system then outputs either a satisfactory sim-
plification, or an error if the target is not reached.

4.1 Methodology

In the context of the shared task, we experi-
ment with two difficulty assessment models in the
pipeline critic:

* Statistical model: we use the Flesch-Kincaid
Reading Ease score (Flesch, 1948; Kincaid
et al., 1975), implemented in the Spacy li-
brary.? This model assigns a numeric readabil-
ity value based on word and sentence length,
with higher scores indicating simpler text. To
relate these scores to CEFR levels, we apply
an approximate mapping’ shown in Table 1.
This enables us to interpret Flesch—Kincaid
scores within a CEFR framework and use
them as difficulty estimates in the simplifi-
cation pipeline.

* Transformer-based model: we use the model
AllLang2-Cefr2,* which classifies its input
into the 6 CEFR levels: A1-C2. This model
is also used in the official evaluation in the
Shared Task. We use its prediction on the

Zspacy.io/universe/project/spacy_readability
3Flesch-Kincaid readability analysis and CEFR map
*ModernBERT-base-reference_AllLang2-Cefr2
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LLM-generated text to determine whether to
stop the iterative simplification process.

To control the complexity of the generated texts,
we use LLM prompts, based on the target CEFR
level. Each prompt has three main components,
parameterized by the target CEFR level:

* Role Instruction: The LLM is instructed
to act as an expert in teaching English, to
adapt English texts for learners to the speci-
fied CEFR level (level_target).

* Output Format: The LLM must pro-
duce a JSON object containing the key
"SIMPLIFICATION", to ensure that the result
is structured and machine-readable.

e Adaptation Guidelines: The LLM is in-
structed to adapt the input text according to
the target CEFR: the prompt contains a de-
scription of what the reader can/cannot under-
stand easily (based on the definitions of the
CEFR levels). The simplified text should pre-
serve the meaning of the original text while
matching the target proficiency level.

Detailed prompt templates for all CEFR levels
are provided in Appendix A.

To perform the simplification, the pipeline uses
GPT-40 (OpenAl, 2024) with the prompts de-
scribed above. For all test documents, we mon-
itored the simplification process by recording the
CEFR level at each iteration and computing the
cosine similarity between each intermediate output
and the original text.

To measure semantic similarity in the critic—
to check how well the simplification preserves
meaning—we applied a semantic similarity model
all-mpnet-base-v2 (Reimers and Gurevych,
2020), and used a threshold of 0.7 (determined
heuristically), retaining only those simplifications
that have semantic similarity to the original above
this value. Each document was simplified for up
to N = 5 iterations; the process terminates earlier
if the critic judges the text’s difficulty to be at or
below the target CEFR level, and its similarity with
the original is above the threshold.

5 Results and Analysis

In this section, we examine the results of simplifi-
cation with different critic models. Beyond exact-
match accuracy, we assess how well the predicted
difficulty levels match the intended simplification

Flesch-Kincaid CEFR
90-100 Al
80-89 A2
70-79 B1
60-69 B2
50-59 C1
0-49 C2

Table 1: Mapping from Flesch-Kincaid Reading Ease scores
to CEFR levels.

direction. The Direction Consistency metric mea-
sures whether predictions respect the target level
ordering for each input.

Consistent Example Inconsistent Example

Target Pred Cons.? | Target Pred Cons.?
B1 B1 Bl B1
A2 Al | A2 Bl MO

Table 2: Examples of direction consistency: left = consistent
(trend preserved), right = inconsistent (trend violated).

Using the Flesch—Kincaid Reading Ease model
as critic in the simplification pipeline, exact match
between predicted and target CEFR levels is 38%:
only a minority of simplifications reach the target
level. Direction consistency measure is 62%, indi-
cating that while the model often misses the exact
target, it usually adjusts difficulty in the correct
relative direction. Thus, the model offers coarse
guidance on text difficulty, but lacks the precision
needed for strict level control.

Figure 2 shows that most errors are deviations
of =1 level, with about 60% of the misclassified
samples exceeding the target by one level. Exact
matches and predictions one level below are less
frequent, and deviations beyond £2 levels are rare.
Figure 3 illustrates that when the target is A2, out-
puts often simplify to level B1, while for B1 target,
many texts remain at the original difficulty. In rare
cases, predictions even drop to Al. These patterns
indicate that the model fails to align reliably with
CEFR standards, limiting the accuracy of the critic
and yielding only modest control over target diffi-
culty in the simplification pipeline.

Using AllLang2-Cefr2 as critic in the simpli-
fication pipeline, performance improves. Exact-

meaningbert
Critic model RMSE | Origin. Refer.
Flesch-Kincaid 0.659 | 0.801 0.832
AllLang2-Cefr2 | 0.700 0.821 0.835
Regression 0.600 | 0.772 0.815

Table 3: Performance of difficulty critics on simplification
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Figure 2: Distribution of the difference between estimated dif-
ficulty level of the simplified output and target difficulty level,
using Flesch-Kincaid model as critic. X-axis is difference
between the estimated level of the output (simplified) text and
target level. Y-axis is the number of instances in test set.
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Figure 3: Distribution of estimated difficulty of simplified
output texts for different target levels (A2,B1), using Flesch-
Kincaid critic. X-axis represents the estimated CEFR levels
(A1-C2) of output text; Y-axis indicates the percentage of
samples at each estimated level. Different target levels are
color coded.

match accuracy rises to 57%, well above that of
the Spacy critic, while Direction Consistency is
63.5%. As shown in Figure 4, deviations never
exceed 1 level, with exact matches most common
and overshooting by one level less often. Figure 5
shows that when the target is A2, most samples are
correctly simplfied to A2, with the rest at B1. For
target B1, about 60% reach B1, some remain at B2,
and the rest overshoot to A2.

The official ranking in the Shared Task is based
on (a weighted average of) the three measures re-
ported in Table 3, namely, on correct difficulty and
on semantic similarity; origin indicates similarity
of the simplified text to the original, according to
meaningbert; refer indicates similarity of the sim-
plified text to reference simplification.

6 Discussion and Future Work

The effectiveness of our proposed pipeline depends
on the choice of difficulty assessment model used
in the critic, since it guides the simplification pro-

-5 -4 -3 -1 0 1 2 3
Predicted - Target

Figure 4: Distribution of the difference between estimated
difficulty level of the simplified output and target difficulty
level, using Al1Lang2-Cefr2 as critic.
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Figure 5: Distribution of estimated difficulty of simplified
output texts for different target levels, using AllLang2-Cefr2
as critic.

cess. In addition to the models above, we experi-
mented with training our own difficulty assessment
model. Although this approach did not appear in
our submissions for the Shared Task, it shows much
promise for future work. This section summarizes
the lessons learned from this attempt.

First, since no training data were provided for
the Shared Task, we construct a training, develop-
ment and test set—Test Set 1—by taking an exist-
ing corpus® described in (Katinskaia et al., 2025)
and translating it from Finnish into English, us-
ing the OPUS machine translation (MT) toolkit®
(Tiedemann et al., 2023). It is crucial to note that
we found that the OPUS models are particularly
strong at preserving the CEFR levels of the original
source text in the MT output text.” We also use the
reference set provided by TSAR as a second test

3Test Set 1 contains intermediate CEFR levels: A2-B1, B1-
B2, etc. For comparability, we applied a special adjustment
for AllLang2-Cefr2, in which each intermediate level was
“mapped” down to the lower adjacent level.

®We use the sla-eng MT model (Slavic-to-English).

"This property of the OPUS-MT models—that they pre-
serve the CEFR level well from the input to the output text—
was confirmed through manual inspection by experts in Simple
Language. These findings need to be confirmed more rigor-
ously in quantitative terms, in future work.
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Figure 6: Difficulty estimation using Al1Lang2-Cefr2 in Test
Set 1. Red line means the median of current CEFR level

set—Test Set 2.

Second, following the methodology of Katin-
skaia et al. (2025), we train a regression model
to predict difficulty. We were unable to gather
a sufficient amount of training data and tune our
regression model in time for the actual TSAR
competition; therefore, as a fallback, we used
AlllLang2-Cefr2 rather than the regression model
as a critic in our submission for the Shared Task.

We next check how well difficulty prediction
works—on its own, apart from the simplification
task. For Test Set 1, the difficulty prediction results
are in Figures 6 and 7. The regression model shows
a clear advantage over the A11Lang2-Cefr2 model,
exhibiting a clear step-wise pattern that aligns well
with CEFR levels. It consistently outperforms the
baseline across all evaluation metrics. The evalua-
tion metrics for difficulty prediction are shown in
the top part of Table 4.

For Test Set 2, the evaluation metrics for diffi-
culty prediction are in the bottom of Table 4. The
R? values are negative for both models, indicat-
ing a limited overall fit to the data. The difficulty
prediction results for Set 2 are in Figures 8 and 9.

Several factors may compromise the perfor-
mance of our regression model. First, the dataset
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Figure 7: Difficulty estimation error distribution of regression
model in Test Set 1.
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Figure 8: Difficulty estimation using Al1Lang2-Cefr2 in Test
Set 2. Red dot shows the mean score of this CEFR level
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Figure 9: Difficulty estimation using regression model in Test
Set 2.

Test Model MSE RMSE MAE R’
1 AllLang2-Cefr2 1.12 1.06 0.82 -0.46
Regression 0.32 0.57 0.34  0.56
2 AllLang2-Cefr2 043 0.66 039 -0.72
Regression 0.64 0.80 0.65 -1.57

Table 4: Performance of difficulty estimation models on two
test sets; top section Test Set 1, bottom Test Set 2.

is machine-translated, which may distort the true
difficulty of the texts. Ideally, training data is man-
ually annotated for difficulty. However, manual
annotation is very complex and time-consuming.
Second, the translated dataset is still small, restrict-
ing the model’s ability to generalize across different
linguistic phenomena.

In future work, we plan to extend the setup re-
lying solely on GPT-4o for text simplification, to
consider other models, including smaller models
fine-tuned for the simplification task. We will in-
vestigate more advanced models to improve the
assessment of difficulty, which is central for the
simplification pipeline. Larger, more accurate, and
more diverse training datasets should further im-
prove performance and generalization.
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7 Lay Summary

This study investigates text simplification, in the
context of the Shared Task on Text Simplification,
Accessibility, and Readability (TSAR).

We present a difficulty-aware simplification
pipeline based on large language models (LLMs)
and small models for simplification assessment.
We use text data in English, of varying levels of dif-
ficulty, ranging from A1 to C1 on the CEFR scale.
We evaluate performance according to several cri-
teria, including error rates of difficulty assessment
models in their assessment of the difficulty of texts
in a held-out test set, and the success rates of the
simplification pipeline, relative to reference texts
provided by the organizers of the shared task.

The paper A. discusses the performance of a
number of critic models for assessing difficulty of
a text, and B. compares the performance of the sim-
plification pipeline driven by the different critics.
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A Prompts for CEFR-based Text
Simplification

CEFR

Prompt Description

Al

You must always output a JSON object with an "SIMPLIFICATION" key. You are an expert in English
language and language teaching. You will be given a text in English. Your task is to read it first and then to
provide an adaptation into CEFR level Al. Do not significantly change the meaning of the input text. Al is
the simplest, beginner level with short sentences and easy grammar. Imagine that you are teaching a complete
beginner, your adaptation should fit their proficiency level.

This is the text to simplify: {text}

A2

You must always output a JSON object with an "SIMPLIFICATION"” key. You are an expert in English
language and language teaching. You will be given a text in English. Your task is to provide an adaptation
into CEFR level A2. Do not significantly change the meaning of the input text. A2 is just above the beginner
level and should contain simple grammar and vocabulary. Imagine that you are teaching someone who just
started learning the language.

This is the text to simplify: {text}

B1

You must always output a JSON object with an "SIMPLIFICATION"” key. You are an expert in English
language and language teaching. You will be given a text in English. Your task is to provide an adaptation
into CEFR level B1. Do not significantly change the meaning of the input text. B1 is an intermediate level.
Learners can understand the main points of clear standard input and produce connected text on familiar topics.
Adapt the text accordingly.

This is the text to simplify: {text}

B2

You must always output a JSON object with an "SIMPLIFICATION"” key. You are an expert in English
language and language teaching. You will be given a text in English. Your task is to provide an adaptation
into CEFR level B2. Do not significantly change the meaning of the input text. B2 corresponds to an
upper-intermediate level, allowing complex text understanding and fluent communication. The adapted text
should be more advanced than B1 or A2.

This is the text to simplify: {text}

C1

You must always output a JSON object with an "SIMPLIFICATION"” key. You are an expert in English
language and language teaching. You will be given a text in English. Your task is to provide an adaptation into
CEFR level C1. Do not significantly change the meaning of the input text. C1 corresponds to an advanced
level, capable of producing fluent, well-structured, detailed text with complex grammar and cohesive devices.
The adapted text can therefore be more sophisticated and lexically rich.

This is the text to simplify: {text}

Table 5: Prompts used for CEFR-based text simplification to
target CEFR levels A1-C1. Each prompt instructs the model
to adapt the input text to the linguistic characteristics of the
target CEFR level.
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