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Abstract

We present a novel multimodal system for
document-level text simplification and auto-
matic illustration generation, aimed at en-
hancing information accessibility for individu-
als with cognitive impairments. While prior
research has primarily focused on sentence-
or paragraph-level simplification, and text-to-
image generation for narrative contexts, this
work addresses the unique challenges of sim-
plifying long-form documents and generating
semantically aligned visuals. The pipeline con-
sists of four stages: (1) Document-Level Text
Simplification, (2) discourse-aware segmenta-
tion using large language models, (3) visually
grounded description generation via abstrac-
tion, and (4) controlled image synthesis us-
ing state-of-the-art diffusion models, including
DALL-E 3 and FLUX.1-dev. We further in-
corporate stylistic constraints to ensure visual
coherence, and we conduct a human evaluation
measuring comprehension, semantic alignment,
and visual clarity. Experimental results demon-
strate that our system effectively combines sim-
plified text and visual content.

1 Introduction

Simplified language aims to enhance information
accessibility for individuals with cognitive impair-
ments, learning disabilities, and others who may
have difficulty comprehending standard-language
written texts (Bredel and Maal3, 2016). Existing re-
search primarily focuses on transforming complex
sentences or paragraphs into more comprehensible
variants, particularly for readers with low literacy
skills and non-native speakers (Al-Thanyyan and
Azmi, 2021). While automatic text simplification
technologies have made significant progress in re-
cent years, the role of visual aids in supporting
textual comprehension is comparatively underre-
searched. Studies have shown that incorporating
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illustrations into simplified texts can further en-
hance understanding among individuals with cog-
nitive disabilities (Lin et al., 2009; Winberg and
Saletta, 2018; Sutherland and Isherwood, 2016).
Most existing work has focused on sentence- or
paragraph-level simplification and accompanying
image generation (Zhang et al., 2024; Shou et al.,
2023; Anschiitz et al., 2024). With the growing con-
textual understanding capabilities of large language
models (LLMs), document-level simplification and
illustration generation for longer texts become pos-
sible. Our goal is to leverage these capabilities to
build a pipeline for document-level text simplifi-
cation and corresponding illustration generation,
aiming to improve information comprehension for
persons with cognitive impairments.

2 Related Work

In recent years, advances in natural language pro-
cessing have significantly accelerated the devel-
opment of automatic text simplification technolo-
gies. Concurrently, researchers have begun to ex-
plore multimodal approaches to further enhance the
comprehensibility of simplified texts, especially
through image generation. Illustrating text with
images is an effective strategy to support compre-
hension. Visual elements not only help capture the
reader’s attention but also concretize abstract con-
cepts, thereby reducing cognitive load (Glenberg
and Langston, 1992; Guo et al., 2020; Wang and
Zewen, 2023). The recent progress in text-to-image
generation (T2I) has made the automated realiza-
tion of this idea increasingly feasible. Diffusion-
based models (Ho et al., 2020) have emerged as
the dominant paradigm in T2I and have achieved
remarkable breakthroughs. State-of-the-art models
such as OpenAI’s DALL-E 3 (Betker et al., 2023),
Google’s Imagen 3 (Baldridge et al., 2024), and Sta-
bility AI’s Stable Diffusion 3 (Esser et al., 2024)
can generate high-resolution, semantically relevant,
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and visually creative images from complex textual
descriptions. Existing research has demonstrated
the use of DALL-E 3 and Stable Diffusion 3, to
generate high-quality visual content that is semanti-
cally well-aligned with Easy-to-Read (E2R) textual
materials (Anschiitz et al., 2024). These advances
are largely attributed to the models’ pretraining on
massive text-image paired datasets, which enable
them to learn nuanced mappings between textual
semantics and visual representations.

Our work builds upon these powerful diffusion
models as the foundation for visual generation.
While most existing systems are still confined to
sentence- or paragraph-level T2I generation, gen-
erating contextually appropriate illustrations from
long-form documents requires document-level un-
derstanding and scene planning capabilities. With
the rapid evolution of LL.Ms, new frameworks are
emerging that allow for these models to manage
long-document processing and orchestrate image
generation. In such settings, LLMs serve as direc-
tors or scriptwriters that structure the narrative and
guide visual synthesis (Gado et al., 2025; Leandro
et al., 2024). However, these systems are primarily
tailored for narrative storytelling. In contrast, gen-
erating illustrations for informational documents
demands greater factual accuracy and lower seman-
tic ambiguity. Our research aims to bridge this gap
by developing a multimodal system that integrates
an LLM with a diffusion-based image generation
model, enabling more accurate document-level text
simplification and illustration. The proposed sys-
tem features a structure-aware text simplification
module and a semantically aligned image generator.
Through semantic optimization and cross-modal
feedback mechanisms, our method enhances the
coherence between text and images and improves
cognitive accessibility.

3 Method

To generate visual content for complex documents,
we propose a multi-stage generative pipeline. This
pipeline first decomposes a document into seman-
tically coherent units, then translates these units
into visually grounded descriptions, and finally ren-
ders them into images. Our approach integrates the
advanced capabilities of LLMs for complex text
processing with state-of-the-art T2I models for vi-
sual synthesis. The entire framework consists of
four key stages: (1) Document-Level Text Simpli-
fication, (2) semantic document segmentation, (3)
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visually grounded description generation, and (4)
controlled image generation.

3.1 Document-Level Text Simplification

For each discourse segment, GPT-40 rewrites the
passage into Easy-to-Read German under fidelity
constraints: preserve named entities, numbers, and
domain terms; avoid deletions that remove obliga-
tions or eligibility; keep sentences short and syntax
simple; and prohibit invented facts. Outputs are re-
turned in JSON. We enforce tokenizer-aware limits
(less than 20k characters per call) and run sanity
checks for numeric consistency and entity preserva-
tion. Evaluation uses expert ratings on Simplicity
(Q4), Semantic Adequacy (QS5), and Fluency (Q6)
described in Section 5.

3.2 Semantic Document Segmentation

Real-world documents are rarely monolithic in
topic; rather, they typically exhibit inherent dis-
course structures involving shifts in themes, scenes,
or arguments (Grosz and Sidner, 1986). Long doc-
uments, often exceeding several thousand words,
pose challenges for direct image generation, result-
ing in overgeneralization or omission of critical
details in the images. To address this, our first step
involves re-segmenting the source document into
shorter sub-paragraphs, each expressing a single
idea or thematic unit. Each segment is then paired
with a corresponding illustration. Prior work in
document-level text simplification has similarly em-
phasized the importance of managing information
hierarchy and discourse structure, often through
explicit structural analysis or summarization (Crip-
well et al., 2023; Fang et al., 2025; Blinova et al.,
2023). Our method automates this decomposition
process, forming the foundation for downstream
visual generation.

We employ GPT-40 as a zero-shot, discourse-
aware segmenter. This decision is motivated by the
emergent capabilities of LLMs to perform complex
structural tasks without task specific fine-tuning.
Unlike traditional unsupervised approaches that
rely on shallow lexical cohesion signals, LLMs
can exploit deep semantic and world knowledge to
detect more nuanced topic boundaries (Mu et al.,
2024). Using carefully designed prompts, we guide
the model to function as an advanced textual an-
alyzer. Because GPT-4o0 exhibits degraded per-
formance when processing input text with long
contexts, its effectiveness decreases as the length
of the input increases (Karpinska et al., 2024;



Ma et al., 2024). To accommodate this context-
length constraint, we implement a tokenizer-aware,
sentence-preserving segmentation procedure that
limits each model input to fewer than 20,000 char-
acters. Specifically, we first compute the input
length using a byte-pair—encoding (BPE) (Sennrich
et al., 2016) tokenizer consistent with the model’s
tokenization scheme; if the character count ex-
ceeds 20,000, we partition the document into sub-
documents. For sentence boundary detection, we
adopt “Segment any Text” (Frohmann et al., 2024).
To ensure machine-readability and robust integra-
tion with downstream components, we enforce out-
put in JSON format. Under our tokenizer-aware
JSON prompting, the model produced consistent
discourse segments with low formatting error rates,
which was sufficient for downstream components.

3.3 Visually Grounded Description
Generation

Narrative language in documents often differs sig-
nificantly from the concrete, descriptive phrasing
required by T2I models to generate high-quality
images (Saharia et al., 2022). Using raw text snip-
pets as prompts frequently results in vague or ab-
stract outputs. To bridge this semantic-to-visual
gap, we introduce an intermediate transformation
step, which we conceptualize as cross-modal ab-
straction. The goal is to distill the essential, visu-
ally representable elements from each text segment.
This aligns with the broader goals of multimodal
learning, where shared representation spaces en-
able meaningful alignment between textual and
visual modalities.

We again leverage GPT-40, configuring it as a
text-to-text transformation agent for this task. Us-
ing few-shot prompting, we embed examples that
guide the model to learn the desired input-output
mapping without parameter updates, a practical
benefit in our setting (few-shot prompting with-
out task-specific finetuning) (Zhang and Xu, 2024).
The prompt explicitly decomposes the task into
two steps: (1) internal summarization to extract
key entities and actions, and (2) translation of this
summary into a visual scene description. We adopt
a two-step prompt (key-entity summary — scene
description) to make the transformation explicit;
this yielded clearer, more actionable descriptions
for image generation in our pilot settings (Wei et al.,
2022).

A crucial component of our prompting strategy
is the imposition of faithfulness constraints. We
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explicitly instruct the model to avoid hallucina-
tions—i.e., adding objects, attributes, or details not
present in the source text. By including directives
such as “Do not invent or alter details not men-
tioned in the original text,” we aim to minimize
semantic drift and ensure that the final image is a
faithful visual rendering of the textual document
content.

3.4 Controlled Image Generation

Once visually grounded descriptions are prepared,
the final step is image synthesis. The choice of T21I
model architecture and the stylization of prompts
play pivotal roles in determining the visual clar-
ity, aesthetic quality, and suitability of the gener-
ated content for the target audience. For instance,
illustrations for children’s storybooks require an
entirely different visual style than those in tech-
nical manuals. Recent advances in T2I, particu-
larly diffusion models and their Transformer-based
successors, have enabled unprecedented levels of
photorealism and fine-grained style control (Betker
et al., 2023).

In this study, we experiment with two state-of-
the-art T2I models to explore architectural diver-
sity: OpenAl’'s DALL-E 3 and Black Forest Labs’s
FLUX.1-dev. DALL-E 3 is renowned for its high
fidelity to complex prompts, attributed largely to
its use of a powerful language model to preprocess
and enrich textual input prior to image generation
(Betker et al., 2023). In contrast, FLUX.1-dev rep-
resents a new generation of diffusion/Transformer
hybrids, making it a valuable comparative baseline.

To ensure stylistic consistency and interpretabil-
ity across illustrations generated for the same docu-
ment, we apply a stylistic modifier to each prompt.
As an initial case study, we target the generation
of “clear and concise cartoon-style illustrations.’
This stylistic choice is widely recognized for its
ability to convey information clearly by abstracting
over details, making it particularly suitable for ed-
ucational and simplified communication contexts.
The final prompt structure for image generation is a
simple concatenation:“A clear and concise cartoon-
style illustration depicting: <VISUAL DESCRIP-
TION>”.

>

4 Experiments

4.1 Materials

We utilized the WebCorpus dataset (Battisti and
Ebling, 2020), which is specifically designed for



automatic readability assessment and text simpli-
fication tasks in the German language. The cor-
pus comprises approximately 6,200 documents and
nearly 211,000 sentences, collected from the web-
sites of governmental bodies, professional institu-
tions, and non-profit organizations across Germany,
Austria, and Switzerland, covering a total of 92
distinct domains. The data includes both HTML
webpages and PDF files, with content dated be-
tween late 2018 and early 2019. In addition to
providing parallel corpora and monolingual sim-
plified German texts, the dataset is characterized
by the preservation of text structure, typographic
information, and embedded image content, which
were structurally extracted using an HTML parser
and PDFlib tools.

For our experiments, we constructed a special-
ized evaluation subset from the WebCorpus to test
and assess our proposed method. We selected
twelve parallel documents available in PDF format
based on the following criteria:

Human-Generated Simplifications with Illustra-
tions These documents not only contain simpli-
fied versions created by human experts but also
include illustrations accompanying specific para-
graphs in the simplified texts. As illustrated in Fig-
ure 1, these images are designed to visually explain
or complement the core ideas of the corresponding
textual segments.

Topical and Stylistic Diversity To ensure the
generalizability of our evaluation, we deliberately
selected documents covering a range of topics such
as legal aid, public health guidelines, and social
welfare application procedures. These documents
also exhibit considerable variation in both the com-
plexity of the source texts and the visual styles of
the illustrations.

Although modest in scale, this twelve-document
subset offers high-quality human annotations and
rich internal diversity. It provides a rigorous and
controlled experimental setting for end-to-end eval-
uation, allowing us to verify the full pipeline, from
text segmentation and visual description generation
to final image synthesis, and to conduct direct com-
parisons with the original simplified documents.

4.2 Experimental Procedure

The experimental procedure of this study adheres
to the three-stage generation framework defined
in Section 3, with the aim of validating the ef-
fectiveness of our proposed method in an end-to-
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end manner. The implementation consists of the
following steps: We first extracted the plain text
(.txt) versions of twelve selected PDF documents
from the WebCorpus dataset as the original input
texts. Following the method outlined in Section
3.1, we employed GPT-40 as a document segmen-
tation module to automatically decompose each
document into a series of semantically coherent
sub-paragraphs. For each sub-paragraph, we in-
voked the GPT-40 model again based on the visual
anchoring description strategy described in Sec-
tion 3.2. Through chain-of-thought reasoning, the
model distilled the abstract narrative of each sub-
paragraph into concrete, renderable visual scene
descriptions. These descriptions were generated
under faithfulness constraints to prevent hallucina-
tions or factual distortions. The generated visual
descriptions were fed into both the DALL-E 3 and
FLUX.1-dev image generation models. To ensure
stylistic consistency and interpretability of illustra-
tions throughout the document, we prefixed each
description with a prompt specifying “a clear and
concise cartoon-style illustration,” as specified in
Section 3.3. This approach yielded stylistically
aligned images corresponding to each textual seg-
ment.

4.3 Evaluation

To conduct a comprehensive and reliable evalua-
tion of the generated outputs, we employed expert
human assessment. Four domain experts with back-
grounds in simplified language were recruited to
participate in the study. We developed a structured
online questionnaire in which experts rated and
qualitatively assessed the generated outputs. Origi-
nal human-designed illustrations from the source
documents were shown only as qualitative context
when licensing permitted and were not included in
the quantitative analysis. The evaluation focused
on four key dimensions, including support for com-
prehension, semantic alignment with the input text,
visual coherence, and style match. The primary
goal of this assessment was to quantify the effec-
tiveness of our method in terms of faithfulness,
clarity, and aesthetic quality. The evaluation in-
volved four text passages, each paired with two
images generated by DALL-E 3 and FLUX.1-dev,
resulting in eight image-text combinations. Three
experimental conditions were considered: text only,
text + image from FLUX.1-dev, and text + image
from DALL-E 3. To ensure balanced exposure
across conditions, we adopted a Latin square de-



sign.

Each evaluator completed a three-part evalua-
tion. First, a brief pre-questionnaire collected back-
ground information such as years of professional
experience and domain expertise. In the main evalu-
ation, participants reviewed all conditions and rated
four dimensions for each sample: (1) support for
comprehension, (2) semantic alignment, (3) visual
coherence, and (4) style match. the detailed defini-
tions of the four dimensions in the Appendix A.
Comprehension accuracy was additionally mea-
sured via multiple-choice questions as an objective
check separate from the four subjective ratings.

Finally, a short post-questionnaire confirmed
evaluators’ understanding of the task and the rat-
ing criteria. Responses were collected using 5-
point Likert scales for subjective measures (e.g.,
alignment and simplicity) and accuracy scores for
comprehension questions. Each evaluator was re-
quired to complete a total of 99 questions. These
included 80 questions pertaining to the evaluation
of eight images, 12 questions assessing simplified
texts, three questions concerning evaluators’ back-
ground information, and four open-ended questions
eliciting overall evaluations and feedback. The full
survey design is provided in the appendix.

5 Results

5.1 Text Simplification Evaluation

We collected Likert ratings on a five-point scale
from four expert evaluators along three criteria:
Simplicity (Q4), Semantic Adequacy (QS5), and
Fluency (Q6). Non-numeric “Other” entries were
treated as missing for averaging and are reported
separately in the distribution table. Table 1 sum-
marizes, for each evaluator, the overall distribution
of assigned scores across all texts and criteria, in-
cluding a separate count for “Other” and the total
numeric score. Table 2 reports per-criterion means
with the effective sample size for each evaluator, to-
gether with the total numeric score and the overall
mean across all available numeric ratings.
Fluency shows consistently high evaluations.
Evaluator 4 attains the highest fluency mean and
also the highest total score and overall mean. Sim-
plicity varies more strongly by evaluator. Evaluator
3 tends to assign higher simplicity with a mean
of 4.00, while Evaluator 2 assigns lower values
with a mean of 2.25, which suggests different ex-
pectations for ease of reading. Semantic adequacy
concentrates around mid to high values, with Eval-
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uator 4 again providing the most favorable ade-
quacy judgments. “Other” responses appear only
for Evaluator 3 on Q6 and are excluded from all
mean calculations by design. In aggregate, the re-
sults indicate robust perceived fluency, moderate to
high semantic adequacy, and evaluator-dependent
variation in perceived simplicity.

ID 1 2 3 4 5 Other Totalscore
1 0 3 3 5 1 0 40
2 3 1 2 6 0 0 35
3 0 2 3 4 0 3 29
4 0 3 0 4 5 0 47

Table 1: Per-rater distribution of ratings across all texts
and all three criteria. Columns “1-5" give counts of
numeric ratings. “Other” counts non-numeric entries.
“Total score” sums all numeric ratings for the rater.

ID Q4mean Q5mean Q6 mean Total score Overall mean

1 2.75 3.00 425 40 3.33
2 225 2.50 4.00 35 2.92
3 4.00 2.50 3.00 29 322
4 3.00 4.00 4.75 47 3.92

Table 2: Per-rater means by criterion (Q4-Q6), along
with each rater’s total score (sum of all numeric ratings
over Q4—Q6 and all texts) and overall mean (average of
all available numeric ratings).

5.2 Illustration Generation Evaluation

We collected 64 image-related Likert responses
per rater. Covering semantic alignment, support
for comprehension, visual coherence, and stylistic
appropriateness, under two models (FLUX.1-dev
and DALLCE 3). Table 3 summarizes the per-rater
tallies by score category, including non-numeric
Others. Ratings for both systems concentrated in
the 3—4 range, indicating that most illustrations
were perceived as broadly supportive yet rarely
exceptional; 5s were occasional, while 1s were rare.
Raters 1-2 slightly preferred FLUX.1-dev (total
differences within six points), whereas Raters 3—4
favored DALL-E 3, with Rater 4 assigning thirteen
maximum scores to DALLE 3.

Across all evaluators, ratings for both image gen-
eration systems were concentrated in the 3—4 range,
with score 4 being the most frequently assigned.
This indicates that the majority of generated images
were perceived as broadly supportive of text com-
prehension and semantically adequate, but rarely
outstanding. Scores of 5 were assigned only occa-
sionally, reflecting the fact that few images were



ID Model Total 1 2 3 4 5 Others Mean
1 flux.l-dev 92 6 6 7 12 1 0 3.29
DALL-E3 90 4 99 9 1 0 3.26
2 flux.l-dev 74 6 76 9 0 4 2.96
DALLE3 69 8 95 7 0 3 2.84
3 flux.l-dev 58 11 57 4 0 5 2.39
DALL-E3 69 7 98 5 0 3 291
4 flux.l-dev 105 0 7 7 10 6 2 3.75
DALL-E3 116 2 91 7 13 0 3.97

Table 3: Aggregated Likert ratings (1-5) and non-
numeric responses (Others) for image evaluation tasks
across four evaluators, including the mean numeric
score per model.

judged as fully satisfactory across all evaluative
dimensions. Conversely, scores of 1 were rare,
suggesting that completely inadequate outputs oc-
curred only sporadically. Differences across eval-
uators were evident. Evaluators 1 and 2 awarded
higher totals to flux.1-dev, the score difference be-
tween the two models was relatively small, with
the total discrepancy remaining within six points.
In contrast, Evaluators 3 and 4 assigned higher to-
tals to DALL-E 3, with Evaluator 4 giving thirteen
maximum ratings (5), far more than for flux.1-dev.

The questionnaire design allowed ratings to cap-
ture multiple facets of image quality. We conducted
a closer comparison of evaluators’ ratings across
these different dimensions and found consistent
patterns. On average, both systems received the
highest scores on supporting text comprehension
and semantic alignment with the text, where the
majority of judgments fell between 3 and 4. By
contrast, lower ratings (1-2) were more frequently
observed in dimensions such as visual coherence
and stylistic appropriateness, reflecting instances
where images were perceived as misaligned in style
or insufficiently coherent, even if they captured the
general semantics of the text. This distribution
indicates that the models were more successful
in generating images that conveyed the intended
meaning than in ensuring stylistic naturalness and
visual consistency. In analyzing the responses to
the question “Do you think this image was created
by Al or manually?”’, we found that most eval-
uators misclassified the images generated by the
FLUX.1-dev model as manually created rather than
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Al-generated. By contrast, the majority of evalu-
ators correctly identified the images produced by
DALL-E 3 as Al-generated. We also found a con-
sistent issue emerged across specific combinations
of the images with many texts, as shown in Figure
1. In these cases, all four experts independently
highlighted the same concern: When the generated
images contained too much text or overly intri-
cate visual patterns, they became cognitively over-
whelming.

6 Discussion and Conclusion

Our study indicates that automatic simplification
produced texts that readers judged as fluent and
largely faithful to source meaning, while perceived
ease-of-reading is more sensitive to individual eval-
uator standards. On the visual side, Both im-
age generation models were generally effective
in providing semantically supportive illustrations,
though their perceived utility varied across eval-
uators and dimensions. Ratings tended to cluster
around the mid-scale (3—4), suggesting that while
Al-generated visuals achieved a baseline adequacy,
they rarely reached the level of high-quality human-
created illustrations. This implies that the mod-
els captured textual meaning with reasonable re-
liability but seldom produced outputs regarded as
exemplary in terms of clarity, stylistic appropri-
ateness, or overall communicative effectiveness.
Divergent preferences among evaluators, some fa-
voring FLUX.1-dev and others DALL-E 3 high-
light that judgments of quality are not solely deter-
mined by semantic accuracy, but are also shaped
by individual aesthetic expectations and tolerance
for stylistic variation. Particularly noteworthy was
the tendency of participants to misclassify outputs
from FLUX.1-dev as manually created, suggesting
that its visual naturalness may enhance perceived
authenticity. While such naturalness is promising
for accessibility and engagement, it also raises po-
tential concerns about transparency and user trust in
contexts where it is important to distinguish human-
from machine-generated content.

Qualitative comments about images containing
too much text point to avoidable extraneous cog-
nitive load. Images that incorporated excessive
textual content or visually dense layouts were often
judged as distracting, thereby diminishing rather
than enhancing comprehension. This observation
underscores the importance of maintaining visual
simplicity, especially when designing for audi-
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Figure 1: Examples of undesirable illustrations, where images contain excessive textual elements that make them

confusing for the viewer.

ences with cognitive impairments. For such users,
the trade-off between semantic fidelity and visual
clarity becomes particularly critical; cluttered or
overly detailed images may undermine the intended
benefits of simplified language materials. These
findings point to the necessity of introducing ex-
plicit design constraints in text-to-image workflows.
Mechanisms such as filtering strategies, prompt en-
gineering techniques that enforce minimalism, or
post-processing methods to eliminate superfluous
elements could help align outputs more effectively
with accessibility goals.

The pattern of high fluency and adequate seman-
tics in text, combined with mid-scale visual rat-
ings, points to a practical synthesis: when textual
simplification reliably preserves meaning and flow,
illustrations function best as lightweight scaffolds
rather than dense carriers of information. Simpli-
fied text can shoulder the primary communicative
load, while images should reinforce key entities,
relations, or processes without introducing visual
clutter. This aligns with our finding that evaluators
penalize visually dense layouts: if text is already
fluent and semantically adequate, adding heavy
captioning or intricate scene details may yield di-
minishing returns or even harm comprehension.
Therefore, downstream design should prioritize (i)
simplicity-first visual layouts, (ii) restrained use
of textual overlays inside images, and (iii) explicit
alignment between each image and a small set of
core propositions in the simplified text.
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Future research should extend beyond expert-
based evaluations to incorporate direct feedback
from end users, particularly individuals with cog-
nitive impairments, in order to ensure that the gen-
erated visuals truly enhance comprehension and
accessibility.

7 Limitations

While this study provides valuable evidence for the
role of Al-generated images in supporting simpli-
fied text comprehension, several limitations remain.
(1) The language scope of this study was limited
to German, and all texts were drawn from a sin-
gle corpus of simplified expository materials. This
may constrain the generalizability of our findings
to other languages, genres, or cultural contexts. Ex-
panding to multilingual or narrative datasets could
uncover additional design considerations. (2) Vi-
sual complexity was identified as a recurring issue,
but our analysis relied on qualitative judgments
rather than formal cognitive load metrics. The ab-
sence of behavioral or physiological measures (e.g.,
comprehension scores, reading time, or gaze data)
limits our ability to precisely quantify the cognitive
effects of visual detail. (3) The image generation
models used (DALL-E 3 and FLUX.1-dev) were
not fine-tuned for the simplified language setting
or for accessibility-related constraints. As a result,
the outputs may occasionally include dense textual
overlays or unnecessary visual embellishments. Fu-
ture research should explore prompt engineering



techniques and post-processing methods to explic-
itly control for simplicity and semantic salience.

8 Lay Summary

This paper presents a practical method to make
long and complex documents easier to understand,
especially for readers with cognitive impairments.
Unlike most tools that simplify single sentences,
our approach operates at the document level and
adds supportive illustrations. First, a large lan-
guage model (GPT-40) divides a document into
short, coherent segments and rewrites them in sim-
pler language while preserving meaning. Next,
the model drafts faithful visual descriptions for
each segment, and state-of-the-art image genera-
tors (DALL-E 3 and FLUX.1-dev) produce clear,
consistent cartoon-style illustrations that align with
the simplified text.

We evaluated the pipeline on a curated subset
of real German public-information documents and
asked four experts in simplified language to review
the outputs. Their ratings clustered around the mid-
dle of the 5-point scale, indicating that the images
generally helped comprehension but were not uni-
formly excellent. Reviewers also noted that illustra-
tions overloaded with on-image text can increase
cognitive load and reduce clarity, underscoring the
value of minimal, consistent visuals.

Pairing document-level simplification with faith-
ful, stylistically coherent illustrations appears
promising for making public-facing materials, such
as health guidance or social-service instructions
more accessible. Future work will expand user stud-
ies with target populations and further constrain
visual design to keep images simple, readable, and
trustworthy.
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A Operational Definitions.

We use the following operational definitions for rated dimensions: support for comprehension = perceived

helpfulness of the image for understanding the passage’s main message; semantic alignment = fidelity of

depicted entities, attributes, and relations to the source passage; visual coherence = absence of distracting
artifacts or clutter and a legible, uncluttered composition within the image; style match = appropriateness
and consistency of the visual style with the document’s genre and Easy-to-Read conventions.

B Prompt Templates

We include here the prompts used for text simplification, text segmentation and visual description
generation. All prompts are designed to enforce output constraints (JSON formatting) and minimize
semantic drift in multimodal generation.

B.1 Prompt for Text Simplification

You are a professional editor specializing in document-level text simplification for broader
accessibility.

Your goals are: (1) preserve meaning and factual correctness, (2) increase readability and accessibility, and (3) maintain
discourse-level coherence across sections.

Follow the steps and constraints below exactly. Do not hallucinate or omit essential information.

0) Controls (adjust these before running)

Target audience: general adult readers without domain expertise.

Readability target: approximately B1-B2 (plain language); avoid jargon unless defined.

Lexical simplicity: prefer high-frequency, concrete words; define any necessary technical terms briefly.
Syntactic simplicity: prefer simple main clauses; split long/complex sentences (>25-30 words).

Style: neutral, clear, consistent; no rhetorical questions; active voice where appropriate.

1) Plan at the Document Level (no output yet)

Produce a hidden plan to guide rewriting (do not include the plan in the final answer):

Section map: list sections/paragraphs and their main points.

Entity & timeline register: people, organizations, quantities, dates, and events; ensure consistency of names/abbreviations
across the document.

Discourse links: for each section, note how it connects to the previous one (cause — effect, problem — solution,
comparison, sequence, contrast).

Risk items: legal/medical/financial claims; numbers, percentages, dates, and units that must remain exact.

2) Rewrite Rules (apply throughout)

Meaning preservation: keep all factual statements, numbers, dates, and units; do not invent content; do not change scope
or evidential hedges.

Sentence-level operations: (a) split long sentences; (b) delete redundancy and filler; (c) paraphrase rare idioms and
nominalizations; (d) reorder for subject—verb proximity.

Lexical operations: replace rare words with common alternatives; define unavoidable terms in-line the first time they
appear.

Coreference & cohesion: resolve ambiguous pronouns; repeat a short, clear noun phrase when needed; add explicit
connectives (e.g., “However,” “As a result,” “In addition”) to preserve coherence across sentences and sections.
Structure: keep informative headings; convert dense lists into bullets or tables where it improves clarity; keep citations/ref-
erences but simplify their surrounding prose.

Safety & integrity: never remove warnings, limitations, or risk qualifiers; never alter quoted material; keep figure/table
references consistent.

3) Self-Review Checklist (enforce before finalizing)

Confirm all items; if any fail, revise and re-check:

Meaning preservation: Each paragraph answers the same questions as the source; all numbers/dates/units/entities match
the original.

Readability & simplicity: Average sentence length reduced; complex clauses minimized; jargon defined or replaced.
Document coherence: Section openings include bridging phrases; topic flow is consistent; pronouns are unambiguous.
Style consistency: Tone and tense are consistent; active voice is used where natural; no rhetorical filler.

Table 4: Prompt used for text simplification
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B.2 Prompt for Text Segmentation

This prompt guides the model to identify thematic and semantic boundaries in expository texts and return
machine-readable subparagraphs. The output format is constrained to valid JSON to ensure compatibility
with downstream modules in our pipeline.

Please analyze the following text and split it into coherent subparagraphs based on thematic and
semantic boundaries. Follow these rules strictly:

1. Output MUST be valid JSON format only

2. Use numbered keys starting from "1"

3. Ensure all strings are properly quoted

4. Escape any internal double quotes

5. Do NOT include any additional text or explanations

6. Maintain original content integrity

Text to process: {text}
Output format example:

{"1": "first subparagraph text", "2": "second subparagraph text"}

Table 5: Prompt used for text segmentation

B.3 Prompt for Visual Description Generation

This prompt constrains the model to produce faithful visual descriptions of the segmented subparagraphs.
A key element is the explicit instruction to avoid hallucination, ensuring that no visual elements are
introduced beyond the source text.

Please generate visual descriptions for each subparagraph following these steps:

1. Create a brief summary highlighting main content

2. Convert summaries into visual descriptions suitable for image generation. Ensure that the visual description faithfully
represents the original text without adding or altering objects, attributes, or details not present in the source. Maintain
semantic accuracy while simplifying the expression for better clarity.

3. Return ONLY JSON with subparagraph numbers and visual description. Do not include any additional text or
explanations.

Output format example:

{"1": "Peaceful countryside with green fields and cottages", "2": "Busy city street with neon lights"}

Table 6: Prompt used for visual description generation

C Example of WebCorpus

As part of the WebCorpus dataset, we include authentic examples of German documents written in Leichte
Sprache (easy-to-read German). One representative source is the newsletter series Bericht aus Genf !.

1https ://www.bodys-wissen.de/bericht-aus-genf.html
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Example of simplified German text from WebCorpus

Bericht aus Genf Nr. 8 /2014 Newsletter von Theresia Degener Mitglied im Ausschuss fiir den UN-Vertrag iiber die Rechte
von Menschen mit Behinderungen BegriiBung Dieser Info-Brief ist iiber die 12. Sitzung von unserer Arbeits-Gruppe
in Genf. Vor dem Treffen habe ich gedacht: Das ist das letzte Mal fiir mich. Die Mitglieder in der Arbeits-Gruppe
arbeiten immer 4 Jahre mit. Und ich bin schon 4 Jahre dabei. Aber im Juni ist etwas Schones passiert: Es waren
Wabhlen fiir die Arbeits-Gruppe. Und ich wurde wieder-gewihlt. Das bedeutet: Ich darf noch einmal 4 Jahre in der
Arbeits-Gruppe mitmachen. Dariiber freue ich mich sehr. Seit November gibt es eine Sonder-Bericht-Erstatterin fiir die
Rechte von Menschen mit Behinderungen. Sie arbeitet fiir den Menschen-Rechts-Rat bei den Vereinten Nationen. Das ist
die Aufgabe von der Sonder-Bericht-Erstatterin: Sie schreibt Berichte fiir den Menschenrechts-Rat: Wie geht es Menschen
mit Behinderungen auf der ganzen Welt. 2 Die Sonder-Bericht-Erstatterin heifit: Catalina Devantas. Sie kennt sich sehr
gut aus mit Menschen-Rechten. Sie ist Rollstuhl-Fahrerin und Mutter von drei Kindern. Auf dem Bild bin ich mit Catalina
Devantas und ihren Kindern und mit Silvia Judith Quan-Chang. Sie ist auch in der Arbeits-Gruppe. Bei der 12. Sitzung
hatten wir einen Gast aus Mexiko. Er heifit Ricardo Adair Rubles. Er ist ein Mann mit Lern-Schwierigkeiten. Ricardo
Adair Rubles ist sehr mutig. Das hat er der Arbeits-Gruppe erzéhlt: Er kimpft gegen ein Gesetz in Mexiko. In dem Gesetz
steht: Menschen mit Lern-Schwierigkeiten diirfen nicht selbst entscheiden. Das ist schlecht. Jeder Mensch darf selbst
entscheiden. Manchmal braucht ein Mensch Unterstiitzung. Dann muss der Mensch die Unterstiitzung bekommen. Ich
wiinsche Thnen eine schone Weihnachts-Zeit und ein gutes Jahr 2015! Theresia Degener. Ein Tipp zum Lesen: Der Bericht
ist in Leichter Sprache. Aber manchmal stehen auch schwere Worter in dem Bericht. Diese Worter sind dann dick und

blau. Die Worter werden im Text erklart.

Table 7: An example of simplified German text, extracted from the first two pages of Bericht aus Genf 8 Leichte
Sprache.pdf

D Segmentation and Visual Descriptions for the WebCorpus Example

This appendix reports the output of our processing pipeline applied to the simplified German document in
Appendix B.

ID

Segment (Simplified German)

Visual Description

Bericht aus Genf Nr. 8 / 2014 Newsletter von Theresia Degener Mitglied im
Ausschuss fiir den UN-Vertrag iiber die Rechte von Menschen mit Behinderungen
BegriiBung Dieser Info-Brief ist iiber die 12. Sitzung von unserer Arbeits-Gruppe
in Genf. Vor dem Treffen habe ich gedacht: Das ist das letzte Mal fiir mich. Die
Mitglieder in der Arbeits-Gruppe arbeiten immer 4 Jahre mit. Und ich bin schon
4 Jahre dabei. Aber im Juni ist etwas Schones passiert: Es waren Wahlen fiir die
Arbeits-Gruppe. Und ich wurde wieder-gewiéhlt. Das bedeutet: Ich darf noch
einmal 4 Jahre in der Arbeits-Gruppe mitmachen. Dariiber freue ich mich sehr.

Theresia Degener freut sich
iiber ihre Wiederwahl in die
Arbeits-Gruppe.

Seit November gibt es eine Sonder-Bericht-Erstatterin fiir die Rechte von Men-
schen mit Behinderungen. Sie arbeitet fiir den Menschen-Rechts-Rat bei den
Vereinten Nationen. Das ist die Aufgabe von der Sonder-Bericht-Erstatterin: Sie
schreibt Berichte fiir den Menschenrechts-Rat: Wie geht es Menschen mit Be-
hinderungen auf der ganzen Welt. Die Sonder-Bericht-Erstatterin heifit: Catalina
Devantas. Sie kennt sich sehr gut aus mit Menschen-Rechten. Sie ist Rollstuhl-
Fahrerin und Mutter von drei Kindern. Auf dem Bild bin ich mit Catalina Devantas
und ihren Kindern und mit Silvia Judith Quan-Chang. Sie ist auch in der Arbeits-
Gruppe.

Catalina  Devantas, eine
Rollstuhlfahrerin und Mutter,
arbeitet als Sonder-Bericht-
Erstatterin.

Bei der 12. Sitzung hatten wir einen Gast aus Mexiko. Er heifit Ricardo Adair
Rubles. Er ist ein Mann mit Lern-Schwierigkeiten. Ricardo Adair Rubles ist sehr
mutig. Das hat er der Arbeits-Gruppe erzihlt: Er kimpft gegen ein Gesetz in
Mexiko. In dem Gesetz steht: Menschen mit Lern-Schwierigkeiten diirfen nicht
selbst entscheiden. Das ist schlecht. Jeder Mensch darf selbst entscheiden. Manch-
mal braucht ein Mensch Unterstiitzung. Dann muss der Mensch die Unterstiitzung
bekommen.

Ricardo Adair Rubles kampft
mutig gegen ein Gesetz in
Mexiko.

Ich wiinsche Ihnen eine schone Weihnachts-Zeit und ein gutes Jahr 2015! Theresia
Degener Ein Tipp zum Lesen: Der Bericht ist in Leichter Sprache. Aber manchmal
stehen auch schwere Worter in dem Bericht. Diese Worter sind dann dick und
blau. Die Worter werden im Text erklart.

Theresia Degener wiinscht
frohe Weihnachten und gibt
einen Lesetipp.

Table 8: Segmentation (IDs 1-4) and automatically generated visual descriptions for the simplified German text
from appendix B
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E Generated Images from Visual Descriptions

This appendix presents generated images corresponding to the visual descriptions in Appendix C. We
compare two text-to-image models, DALL-E 3 and FLUX.1-dev, across four descriptions (IDs 1-4).

DALL‘E 3

LIESIHEN

Weigndsten!

Figure 2: Comparison grid of generated images using DALL E 3 and FLUX.1-dev for four visual descriptions from Appendix C
(IDs 1-4). Columns map left-to-right to description IDs 1, 2, 3, and 4.

F Questionnaire for Image Evaluation

This appendix presents the full bilingual questionnaire used to evaluate Al-generated and manually
created images accompanying simplified texts. It consists of a brief pre-questionnaire about participants’
background, a main questionnaire covering text comprehension, text-image alignment, and image quality,
followed by a short post-study comparison and an open feedback item. Items explicitly marked for
conditions (b) and (c) apply only when a text is shown with an image. Items without such a marker apply
to all presentation conditions, including text-only. For check items, respondents select exactly one option
unless otherwise stated; free-text fields are provided for comments.

Legend of Conditions / Legende der Bedingungen. (a) Text only / Nur Text  (b) Text + Al-generated
image / Text + KI-generiertes Bild  (c) Text + manually created image / Text + manuell erstelltes Bild

Pre-Questionnaire / Vorbefragung

Question 1/ Frage 1. How many years of experience do you have working as a simplified language
expert? / Wie viele Jahre Erfahrung haben Sie als Expert:in fiir vereinfachte Sprache? (select one / eine
Option wihlen)

* 0-1 years / 0-1 Jahr
* 1-2 years / 1-2 Jahre
e 3-5 years / 3-5 Jahre

* More than 5 years / Mehr als 5 Jahre

Other (please specify) / Andere (bitte angeben):
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Question 2 / Frage 2. How many years of experience do you have evaluating images as part of simplified
language? / Wie viele Jahre Erfahrung haben Sie in der Bewertung von Bildern im Kontext vereinfachter
Sprache? (select one / eine Option wihlen)

e 0-1 years / 0-1 Jahr
e 1-2 years / 1-2 Jahre
* 3-5 years / 3-5 Jahre

* More than 5 years / Mehr als 5 Jahre

* Other (please specify) / Andere (bitte angeben):

Question 3 / Frage 3. What is your work setting in this field? / In welchem Arbeitsverhéltnis sind Sie in
diesem Bereich tétig? (select one / eine Option wihlen)

* Freelancer / Freiberuflich
* Employee at a company / Angestellt in einem Unternehmen
* Employee at a research institute / Angestellt in einem Forschungsinstitut

* Employee at an association / public sector organization / Angestellt in einem Verband / einer
offentlichen Einrichtung

* Other (please specify) / Andere (bitte angeben):

Main Questionnaire: Evaluation of AI-Generated Images and Text-Image Combination /
Hauptfragebogen: Bewertung von KI-generierten Bildern und Text-Bild-Kombinationen

Section 1/ Abschnitt 1: Overall Text Comprehension / Textverstindnis (all conditions a—c / alle
Bedingungen a—c) Question 4 / Frage 4. How simple is this text? / Wie einfach ist dieser Text?

* 1 = Very difficult / Sehr schwierig

* 2 = Somewhat difficult / Eher schwierig
* 3 = Neutral / Neutral

* 4 = Somewhat easy / Eher einfach

* 5 = Very easy / Sehr einfach

Other (please specify) / Andere (bitte angeben):

Question 5/ Frage 5. Is the text semantically adequate? / Ist der Text semantisch angemessen?
* 1 = Not at all / Uberhaupt nicht
* 2 = Mostly not / Meistens nicht

* 3 = Partially / Teilweise

4 = Mostly / GroBtenteils
* 5 = Completely / Vollstindig

* Other (please specify) / Andere (bitte angeben):
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Question 6 / Frage 6. Is the text fluent / grammatical? / Ist der Text fliissig / grammatikalisch korrekt?
* 1 = Not at all / Uberhaupt nicht

* 2 = Mostly not / Meistens nicht

3 = Partially / Teilweise
* 4 = Mostly / GroBitenteils

* 5 = Completely / Vollstindig

Other (please specify) / Andere (bitte angeben):

Section 2 / Abschnitt 2: Text-Image Alignment / Text-Bild-Ubereinstimmung (conditions b—c /
Bedingungen b—c) Question 7 / Frage 7. Does the image enhance the understanding of the text? /
Unterstiitzt das Bild das Verstidndnis des Textes?

* 1 = Not at all / Uberhaupt nicht

* 2 = Mostly not / Meistens nicht

3 = Partially / Teilweise

4 = Mostly / GroBtenteils
* 5 = Completely / Vollstindig

* Other (please specify) / Andere (bitte angeben):

Question 8 / Frage 8. How well does the text align with the image (meaning, message)? / Wie gut stimmt
der Text in Bedeutung und Botschaft mit dem Bild iiberein?

* 1 = Not aligned at all / Uberhaupt nicht iibereinstimmend
* 2 = Mostly not aligned / Meistens nicht iibereinstimmend
* 3 = Partially aligned / Teilweise iibereinstimmend

* 4 = Mostly aligned / GroéBtenteils tibereinstimmend

* 5 = Completely aligned / Vollstindig tibereinstimmend

* Other (please specify) / Andere (bitte angeben):

Question 9 / Frage 9. Which type of image do you think was used? / Was glauben Sie, welche Art von
Bild verwendet wurde?

* Al-generated / KI-generiert
* Manually created / Manuell erstellt

e Unsure / Unsicher

Other (please specify) / Andere (bitte angeben):
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Section 3 / Abschnitt 3: Image Quality Evaluation / Bildqualititsbewertung (conditions b—c /
Bedingungen b—c) Question 10 / Frage 10. How visually coherent are the images? / Wie visuell
kohérent ist das Bild?

* 1 = Not coherent at all / Uberhaupt nicht kohirent

* 2 = Mostly not coherent / Meistens nicht kohirent

3 = Partially coherent / Teilweise kohérent
* 4 = Mostly coherent / GroBtenteils kohdrent
* 5 = Completely coherent / Vollstindig kohérent

* Other (please specify) / Andere (bitte angeben):

Question 11 / Frage 11. What is the function of the image relative to the text? / Welche Funktion hat das
Bild in Bezug auf den Text?

* “Expansion” / Expansion

* “Exemplification” / Exemplifikation
* “Explication” / Explikation

* “Condensation” / Kondensation

* Other (please specify) / Andere (bitte angeben):

Reference within item / Referenz im Item: see (?7?).

Question 12 / Frage 12. How well does the image fulfill this function relative to the text? / Wie gut erfiillt
das Bild diese Funktion in Bezug auf den Text?

* 1 = Not at all / Uberhaupt nicht
* 2 = Mostly not / Meistens nicht

* 3 = Partially / Teilweise

4 = Mostly / GroBtenteils
* 5 = Completely / Vollstindig

* Other (please specify) / Andere (bitte angeben):

Question 13 / Frage 13. How well does the image style match the text? / Wie gut passt der Bildstil zum
Text?

* 1 = Not natural or pleasing at all / Uberhaupt nicht natiirlich oder ansprechend

* 2 = Mostly not natural or pleasing / GroBtenteils nicht natiirlich oder ansprechend
* 3 = Partially natural and pleasing / Teilweise natiirlich und ansprechend

* 4 = Mostly natural and pleasing / Grofitenteils natiirlich und ansprechend

* 5 = Completely natural and pleasing / Vollstdndig natiirlich und ansprechend

* Other (please specify) / Andere (bitte angeben):
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Post-study Questionnaire / Nachbefragung

Section 4 / Abschnitt 4: Comparison of Image Conditions / Vergleich der Bildbedingungen (for b &
c/fiirb & ¢) Question 14 / Frage 14. Which type of image do you find more useful? / Welche Art von
Bild empfinden Sie als niitzlicher?

* Al-generated images / KI-generierte Bilder
* Manually created images / Manuell erstellte Bilder

* No significant difference / Kein signifikanter Unterschied

Question 15/ Frage 15. Which type of image do you find more visually appealing? / Welche Art von
Bild empfinden Sie als visuell ansprechender?

* Al-generated images / KI-generierte Bilder
* Manually created images / Manuell erstellte Bilder

* No significant difference / Kein signifikanter Unterschied

Question 16 / Frage 16. Which type of image best supports comprehension of the text? / Welche Art von
Bild unterstiitzt das Textverstindnis am besten?

» Al-generated images / KI-generierte Bilder
e Manually created images / Manuell erstellte Bilder

* No significant difference / Kein signifikanter Unterschied

Section 5 / Abschnitt 5: Open Feedback / Offenes Feedback

Question 17 / Frage 17. Do you have any comments or suggestions on the text, images, or their
combination? / Haben Sie Kommentare oder Anregungen zum Text, zu den Bildern oder zu deren
Kombination?

* Response / Antwort:
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