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Abstract

Document-level text simplification requires
large language models (LLMs) to rewrite com-
plex documents while preserving meaning,
readability, and discourse coherence. Although
prompt-based LLMs have shown promising
performance, they often produce inconsistent
simplifications because textual instructions
alone provide limited guidance for complex
document-level transformations. We investi-
gate whether retrieved document-simplification
examples can improve document-level gener-
ation by augmenting prompts with examples
selected from a parallel simplification corpus.
This example-guided prompting approach en-
ables LLMs to exploit relevant simplification
patterns without task-specific fine-tuning. Ex-
periments on the OneStopEnglish corpus us-
ing multiple state-of-the-art LLMs show that
incorporating retrieved examples generally im-
proves simplification quality over prompt-only
generation and achieves competitive or superior
performance compared with representative su-
pervised (T5) and planning-based (PlanSimp)
document simplification systems. Furthermore,
we find that the benefits of example-guided
prompting vary across LLMs, suggesting that
effective use of retrieved examples depends on
a model’s ability to integrate contextual infor-
mation during generation.

1 Introduction

Large language models (LLMs) have become an
effective approach for text simplification, enabling
high-quality rewriting through instruction follow-
ing and in-context learning without task-specific
training (Brown et al., 2020; Liu et al., 2023; Co-
hen et al., 2026). While recent research has pri-
marily focused on sentence-level simplification,
many practical applications, such as educational
resources, news articles, and technical documents,
require simplifying entire documents while preserv-
ing semantic fidelity, discourse coherence, and an
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appropriate level of readability. Compared with
sentence-level rewriting, document-level simplifi-
cation requires coordinated transformations across
multiple sentences while maintaining a consistent
simplification style throughout the document.

Prompt-based LLMs provide a flexible solution,
yet textual instructions alone often provide insuffi-
cient guidance for complex document-level trans-
formations, leading to inconsistent simplification
quality (Cohen et al., 2026; Maddela et al., 2023;
Alfear et al., 2024). This raises the question of
whether retrieved examples can provide more ef-
fective guidance than textual instructions alone.

Retrieval-Augmented Generation (RAG) has
successfully improved many generation tasks
by incorporating relevant external context dur-
ing inference (Lewis et al., 2020). Unlike
knowledge-intensive applications, document-level
simplification requires guidance on how to trans-
form text rather than additional factual informa-
tion. We therefore investigate retrieval of docu-
ment—simplification examples.

To this end, we propose Example-Guided
Prompting (EGP), an inference-time approach
that augments a strong prompt with retrieved exam-
ples selected from a parallel simplification corpus.
Instead of relying solely on textual instructions,
the model is exposed to examples illustrating how
similar documents have previously been simpli-
fied, enabling it to exploit relevant simplification
patterns without additional training or parameter
updates.

We evaluate EGP on the OneStopEnglish corpus
(Vajjala and Luci¢, 2018) using multiple state-of-
the-art LLMs. Building on a strong prompt formu-
lation, we investigate whether retrieved examples
improve document-level simplification compared
with prompt-only generation. We further compare
EGP with two representative document simplifica-
tion baselines: TS5 (Raffel et al., 2020) and Plan-
Simp, a document-level planning approach pro-



posed by (Cripwell et al., 2023), using automatic
measures of simplification quality (Xu et al., 2016),
semantic preservation (Maddela et al., 2023; Zhang
etal., 2019), and readability (Flesch, 1948; Kincaid
et al., 1975).

Our experiments demonstrate that EGP improves
prompt-only generation for most of the evaluated
models, achieves competitive or superior perfor-
mance compared with representative state-of-the-
art simplification systems, and reveals that the ef-
fectiveness of example-guided prompting depends
on the underlying LLM.

Our contributions are summarized as follows: (1)
We present a systematic study of Example-Guided
Prompting (EGP) for document-level text sim-
plification, examining whether semantically sim-
ilar complex-simple demonstrations can improve
the performance of different LLMs without task-
specific training!. (2) We demonstrate that EGP
generally improves prompt-only generation across
several state-of-the-art LLMs and achieves com-
petitive or superior performance compared with
representative supervised and planning-based doc-
ument simplification systems. (3) We provide an
empirical analysis of when EGP is most effective,
showing that its benefits depend on the underly-
ing LLM and involve a trade-off between semantic
preservation and readability.

2 Background

Text simplification aims to transform complex text
into simpler versions while preserving meaning
and improving accessibility for diverse audiences
(Siddharthan, 2006; Xu et al., 2015). Early ap-
proaches relied on lexical substitution, syntac-
tic rewriting, statistical machine translation (Sid-
dharthan, 2006; Pavlick and Callison-Burch, 2016;
Xu et al., 2016), and later supervised neural models
(Martin et al., 2020; Sheang and Saggion, 2021).
More recently, large language models (LLMs) have
enabled instruction-based simplification without
task-specific fine-tuning, providing a flexible al-
ternative to supervised approaches (Brown et al.,
2020; Liu et al., 2023; Cohen et al., 2026). How-
ever, prompt-based simplification remain highly
sensitive to prompt formulation and often produce
inconsistent simplifications, motivating research on
improving the controllability of LLM-based simpli-
fication (Cohen et al., 2026; Maddela et al., 2023;

'0ur code and data are available at https://github.
com/arielperstin1@/LLM-simplification-PE.

Alfear et al., 2024).

Prior work has demonstrated that the choice
and organization of in-context examples can
substantially influence model performance (Liu
et al., 2022; Lu et al., 2022; Rubin et al., 2022).
Consequently, several studies have investigated
retrieval-based demonstration selection, including
approaches that select examples based on their rel-
evance or semantic similarity to the target input
(Liu et al., 2022; Rubin et al., 2022; Margatina
et al., 2023). Unlike RAG applications (Parvez
et al., 2021; Zhao et al., 2026, 2025; Cai, 2025),
where generation is improved by incorporating rel-
evant external information during inference (Lewis
et al., 2020), these works use retrieval for example-
based transformation guidance rather than factual
grounding. Building on this established paradigm,
we investigate retrieval-based example selection
specifically for document-level text simplification,
using complex—simple text pairs as demonstrations
and systematically evaluating its effect across dif-
ferent LLMs and prompting strategies.

3 Example-Guided Prompting

Figure 1 illustrates the EGP pipeline. Given a com-
plex input document, EGP retrieves semantically
similar document-simplification examples and in-
corporates them into the prompt together with the
target document. The resulting prompt is passed to
the LLM, which generates the simplified output.

4 Experiments

4.1 Experimental Setup

We evaluate the proposed approach on the On-
eStopEnglish corpus (Vajjala and Lucié, 2018),
using the advanced-to-elementary simplification
setting.

Experiments are conducted using five state-of-
the-art LL.Ms representing both commercial and
open-weight models: GPT-40-mini, Claude Haiku
4.5, Gemini 2.0 Flash, Sonar, and Llama 3.2.

As a preliminary experiment, we compare three
prompting strategies (zero-shot, structured, and
constraint-based) and select the best-performing
prompt for all subsequent experiments. We then
compare prompt-only generation with EGP.

For EGP, we retrieve the top-3 most similar
document—simplification examples from a paral-
lel simplification corpus using dense retrieval. The
retrieval component uses dense embeddings and
cosine similarity to identify semantically similar
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Figure 1: Overview of the proposed EGP framework. Given a complex input document, the system retrieves
semantically similar document—simplification examples from a parallel corpus and incorporates them into the prompt
together with the target document. The LLM uses these examples as guidance for document-level simplification,
and the generated output is evaluated using automatic measures of simplification quality, semantic preservation, and

readability.

documents. The evaluated document is excluded
from the retrieval pool to prevent data leakage.

We evaluate the generated simplifications using
complementary automatic metrics that capture the
principal objectives of document-level text simpli-
fication. SARI (Xu et al., 2016) measures simpli-
fication quality, BERTScore (Zhang et al., 2019)
and LENS (Maddela et al., 2023) assess seman-
tic preservation, and FKGL (Kincaid et al., 1975)
together with FRE (Flesch, 1948) quantify read-
ability. This combination enables us to analyze
the trade-off between producing simpler text and
preserving the original meaning.

We additionally compare our approach with rep-
resentative supervised (T5%) and planning-based
(PlanSimp) simplification systems (Raffel et al.,
2020; Cripwell et al., 2023).

4.2 Prompt Selection

As shown in Appendix Table A1, constraint-based
prompting consistently achieves the highest SARI
while maintaining competitive semantic preserva-
tion and readability across all evaluated models.
Consequently, we adopt this prompting strategy
as the prompt-only baseline in subsequent experi-
ments.

’T5-large-text-simplification

4.3 Effect of EGP

First, we examine whether EGP improves prompt-
only generation. Table 1 compares prompt-only
generation with the proposed EGP approach. In-
corporating retrieved document-simplification ex-
amples generally improves simplification quality
for four of the five evaluated LL.Ms. Claude Haiku
4.5 achieves the largest improvement, increasing
the SARI score from 40.78 to 44.84 while simul-
taneously improving semantic preservation mea-
sured by BERTScore and LENS. Similar improve-
ments are observed for Gemini 2.0 Flash and Sonar,
whereas GPT-40-mini shows a smaller but consis-
tent gain.

Second, we compare EGP against representative
supervised and planning-based simplification sys-
tems. EGP consistently achieves competitive or
superior performance. Claude Haiku 4.5 + EGP
obtains the highest SARI score (44.84), exceed-
ing both PlanSimp (42.02) and T5 (30.0). Gemini
2.0 Flash also outperforms PlanSimp, while Sonar
reaches comparable performance without super-
vised training or explicit planning. The superiority
of EGP is even more evident in semantic preserva-
tion. GPT-40-mini and Claude Haiku 4.5 substan-
tially outperform both TS5 and PlanSimp according
to LENS, improving over the planning-based base-
line by more than 20 points. These results indicate



Table 1: Comparison between the prompt-only baseline and EGP. Each cell reports the EGP result, with the
change relative to the prompt-only baseline shown in parentheses. Positive values indicate improvement for SARI,
BERTScore, LENS, and FRE, while negative values indicate improvement for FKGL.

Model SARI BERTScore LENS FKGL] FRE?

T5 30.0 0.86 46.89 1.33 -3.11
PlanSimp 42.02 0.89 48.63 -4.66 16.96
GPT-40-mini 4378 (+0.39)  0.89 (+0.00)  72.38 (+1.28)  -4.28 (+0.34) 15.85 (-1.12)
Gemini 2.0 Flash ~ 42.51 (+43.89) 0.89(+0.02)  64.93 (+4.20) -7.83 (+0.55)  31.69 (-2.20)
Sonar 42.29 (+1.36)  0.89(+0.02) 49.65 (+10.09) -6.23 (+0.62)  21.33 (-3.15)
Claude Haiku 4.5  44.84 (+4.06) 0.90 (+0.02) 70.72 (+11.62) -5.13 (+1.67) 16.75 (-8.84)
Llama 3.2 28.53(-5.78)  0.79(-0.07)  35.92(-36.72)  2.38 (+6.37)  -15.93 (-30.95)

that retrieved examples help preserve document
meaning considerably better than existing super-
vised or planning-based simplification approaches.
These results are particularly notable because both
TS5 and PlanSimp are task-specific document sim-
plification systems, whereas EGP relies solely on
inference-time prompting with retrieved examples.

The impact of retrieved examples is model-
dependent. While Claude Haiku 4.5, Gemini 2.0
Flash, and Sonar effectively exploit retrieved sim-
plification examples, Llama 3.2 experiences a no-
ticeable performance degradation. This suggests
that successful EGP depends not only on retrieval
quality but also on an LLLM’s ability to integrate
contextual examples during generation.

We also observe a trade-off between simplifica-
tion and semantic preservation. EGP generally im-
proves semantically oriented metrics, particularly
BERTScore and LENS, but does not always yield
the largest readability gains as measured by FKGL
and FRE. Retrieved examples appear to encour-
age simplifications that remain closer to the source
document while preserving more of its meaning,
highlighting the need to balance readability and
semantic fidelity in document-level simplification.

5 Discussion

Our results indicate that EGP improves prompt-
only generation for most of the evaluated models,
without requiring task-specific fine-tuning.

An important finding of this study is that the
effectiveness of EGP is highly model-dependent.
While Claude Haiku 4.5, Gemini 2.0 Flash, Sonar,
and GPT-40-mini successfully exploit retrieved
examples, Llama 3.2 exhibits a substantial per-
formance degradation across all evaluation met-
rics. This observation suggests that retrieval qual-
ity alone is insufficient; successful example-guided
generation also depends on an LLM’s ability to in-
tegrate retrieved examples into the generation pro-
cess. Understanding which architectural or training

characteristics enable this capability remains an
important direction for future research.

Our experiments also reveal an interesting trade-
off between readability and semantic preserva-
tion. Although EGP consistently improves SARI,
BERTScore, and LENS, it generally produces
smaller readability gains measured by FKGL and
FRE. This suggests that retrieved examples encour-
age the model to generate more conservative sim-
plifications that remain closer to the source doc-
ument. Rather than aggressively simplifying the
input, the model appears to prioritize preserving
meaning and discourse structure while applying
transformations that resemble those observed in
retrieved examples. Consequently, EGP shifts the
balance toward higher semantic fidelity at the cost
of slightly smaller readability improvements.

Our findings suggest that retrieved examples can
serve not only as a source of external knowledge,
as in conventional RAG, but also as a mechanism
for guiding complex text generation tasks. This
perspective may extend beyond text simplification
to other controlled generation problems, where ex-
amples illustrate desirable transformations rather
than provide factual information.

6 Conclusion

We investigate an example-guided prompting ap-
proach for document-level text simplification. Ex-
periments demonstrate that EGP generally im-
proves prompt-only generation across the evaluated
models, while achieving competitive or superior
performance compared with representative super-
vised and planning-based baselines. More broadly,
our findings suggest that retrieved examples pro-
vide an effective mechanism for controlling text
generation through transformation guidance rather
than factual grounding.

An important next step is to complement the cur-
rent automatic evaluation with human assessment
of simplicity, meaning preservation, fluency, and



usefulness to target readers. We also plan to investi-
gate alternative demonstration-selection strategies,
the number and diversity of retrieved examples, and
evaluation across additional simplification datasets
and domains.

Limitations

This work has several limitations that should be
considered when interpreting the results.

First, the experiments were conducted using a
single benchmark dataset, OneStopEnglish (Vajjala
and Luci¢, 2018), which contains educational news
articles written in English. Although this corpus
is widely used for evaluating document-level text
simplification, the observed improvements may not
directly generalize to other domains, languages, or
writing styles.

Second, our evaluation relies primarily on auto-
matic metrics. While SARI, BERTScore, LENS,
FKGL, and FRE capture complementary aspects
of simplification quality, they cannot fully reflect
human judgments of readability, coherence, factual
consistency, or usefulness for different target au-
diences. Human evaluation is therefore necessary
to better understand how retrieved examples influ-
ence the overall quality and usability of generated
simplifications.

Third, the proposed approach retrieves examples
from a fixed parallel simplification corpus using a
single retrieval configuration. Different retrieval
strategies, retrieval corpus sizes, similarity mea-
sures, or example selection mechanisms may sub-
stantially influence the effectiveness of EGP. In par-
ticular, the relationship between retrieval quality
and generation quality deserves further investiga-
tion.

Finally, the effectiveness of EGP was shown
to vary considerably across LLMs. While sev-
eral instruction-following models consistently ben-
efited from retrieved examples, one model exhib-
ited substantial performance degradation. Under-
standing why some models integrate retrieved ex-
amples more effectively than others remains an
open research question and may provide valuable
insights into the interaction between retrieval and
large language model generation.

Although the proposed approach focuses on
document-level text simplification, the idea of guid-
ing generation through retrieved examples may also
be applicable to other controlled text generation
tasks. Evaluating the generality of this paradigm

across different applications represents an impor-
tant direction for future work.
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A Example Appendix

A.1 Prompts
A.1.1 Zero-shot Prompt Template

You are given a news article written at an
advanced reading level.

Your task is to rewrite the text in simpler
language for an elementary-level reader.

Preserve the original meaning and main
ideas.

Use clear and short sentences.
Text:
{INPUT_TEXT}

A.1.2 Structured Prompt Template

You are given a news article written at an
advanced reading level.

Your task is to rewrite the text for an
elementary-level reader by following
these steps:



Table 2: Results for different prompt strategies.

Model Strategy SARI  BERTScore = FKGLA FREA LENS
Zero-shot 34.04 0.85 -3.41 14.59 73.91
Llama 3.2 Structured 34.13 0.85 -3.02 11.26 64.72
Constraint 34.20 0.85 -4.19 16.75 69.45
Zero-shot 33.82 0.85 -7.42 31.08 67.58
Gemini 2.0 Flash Structured 34.01 0.85 -5.76 23.71 64.22
Constraint 38.14 0.87 -8.52 34.78 57.53
Zero-shot 39.66 0.88 -3.80 15.00 74.65
GPT-40-mini Structured 37.47 0.87 -3.73 14.08 72.34
Constraint 43.52 0.89 -4.93 18.16 69.07
Zero-shot 37.45 0.87 -6.81 26.88 54.90
Sonar Structured 35.44 0.85 -6.69 25.95 52.55
Constraint 39.89 0.86 -6.80 23.46 31.25
Zero-shot 35.45 0.86 -5.30 19.73 55.23
Claude Haiku 4.5 Structured 36.26 0.86 -5.13 17.96 51.71
Constraint 39.78 0.87 -6.58 23.53 53.67
1. Identify the main ideas in the text. Text:

2. Remove or shorten secondary de-
tails that are not essential.

3. Replace complex or technical
words with simpler alternatives.

4. Split long or complex sentences into

shorter ones.

5. Verify that all original facts and
main ideas are preserved.

Text:
{INPUT_TEXT}

A.1.3 Constraint Prompt Template

You are given a news article written at an
advanced reading level.

Your task is to rewrite the text for an
elementary-level reader under the follow-

ing constraints:

* Do not add, remove, or change fac-
tual information.

* Keep all names, places, organiza-
tions, and numbers exactly as in the

original text.

e Use

common,

high-frequency

words suitable for an elementary-

level reader.

* Limit sentence length to a maxi-
mum of 12—-15 words.

* Prefer simple and direct sentence

structures.

{INPUT_TEXT}
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