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Abstract. We present a framework for document-centric background
generation with multi-page editing and thematic continuity. To ensure
text regions remain readable, we employ a latent masking formulation
that softly attenuates updates in the diffusion space, inspired by smooth
barrier functions in physics and numerical optimization. In addition, we
introduce Automated Readability Optimization (ARO), which automat-
ically places semi-transparent, rounded backing shapes behind text re-
gions. ARO determines the minimal opacity needed to satisfy percep-
tual contrast standards (WCAG 2.2) relative to the underlying back-
ground, ensuring readability while maintaining aesthetic harmony with-
out human intervention. Multi-page consistency is maintained through
a summarization-and-instruction process, where each page is distilled
into a compact representation that recursively guides subsequent gen-
erations. This design reflects how humans build continuity by retain-
ing prior context, ensuring that visual motifs evolve coherently across
an entire document. Our method further treats a document as a struc-
tured composition in which text, figures, and backgrounds are preserved
or regenerated as separate layers, allowing targeted background editing
without compromising readability. Finally, user-provided prompts allow
stylistic adjustments in color and texture, balancing automated consis-
tency with flexible customization. Our training-free framework produces
visually coherent, text-preserving, and thematically aligned documents,
bridging generative modeling with natural design workflows.

Keywords: Document Editing · Diffusion Models · Readability Opti-
mization · Multi-Page Consistency · Layer-Aware Generation

1 Introduction
Designing and editing complex documents that interleave text and images—such
as academic reports, educational materials, or presentation slides—remains a
longstanding challenge in generative modeling. While diffusion models have made
significant progress in text-to-image synthesis and style transfer, they are typ-
ically optimized for producing standalone images rather than for documents.
? Work done while first author was an Adobe Research intern and then continued as

a collaborative effort with UMD.

https://orcid.org/0009-0004-8534-6314
https://orcid.org/0000-0003-1168-1609
https://orcid.org/0000-0002-0761-3243
https://orcid.org/0009-0005-7044-2781
https://orcid.org/0009-0005-3448-0078
https://orcid.org/0000-0003-3736-6949
https://orcid.org/0000-0001-7937-7748


2 T. Kang et al.

Page 1 Page 2 Page 3

GPT-5

Ours

BAGEL

4 GPT-5 changed the 
resolutions of the documents

GPT-5 Ours

5 GPT-5 changed the original 
content

GPT-5

Ours

Original

6 GPT-5 changed the original 
content

GPT-5

Ours

Original

1 BAGEL removed the important 
elements such as title

BAGEL

Ours

2
BAGEL removed the whole 
contents in a complicated 
document

BAGEL Ours

3 BAGEL changed the original 
content

BAGEL

Ours

Original image
included in the doc

Fig. 1: Comparison with existing diffusion methods. Baseline diffusion models
overwrite or alter the original document: removing titles and figures ((1), (2)), modify-
ing semantic content ((3),(5),(6)), and even changing resolution ((4)). In contrast, our
method preserves all foreground elements (text + images), while generating visually
coherent, multi-page backgrounds aligned with the document content.
Applying diffusion techniques to documents requires not only producing visu-
ally coherent backgrounds but also ensuring text readability, layout fidelity, and
consistency across multiple pages. Among these, background generation is par-
ticularly critical because visually salient backgrounds can interfere with read-
ability if not handled properly, yet existing systems often under-emphasize this
aspect, resulting in visual artifacts, results appearing disjointed across pages, or
inconsistent with intended designs [13,33,34].

A particularly important aspect of this task is the ability to perform fine-
grained background editing while maintaining global coherence. Designers may
wish to adjust motifs, alter stylistic elements, or refine individual pages—without
disrupting the overall flow of the document. Standard diffusion pipelines, how-
ever, often struggle to reconcile localized edits with global consistency, leading to
cross-page inconsistencies [13,33,34], thereby hindering integration of generative
models into real-world document workflows.

To address these gaps, we propose a document background design framework
that adapts diffusion for layered, multi-page documents. Our system focuses on
the specific challenge of background generation while preserving readability and
layout. Our approach treats a document not as a flat image but as a structured
multi-layer composition, where text, figures, and backgrounds can be indepen-
dently preserved or regenerated. This layered representation enables selective
modification of backgrounds while safeguarding textual content through layout-
aware conditioning. At the same time, our framework emphasizes the novelty
of multi-page consistency: each page is summarized into a compact representa-
tion, and this summary recursively [23] guides subsequent background genera-
tion through concise design instructions. This process ensures that visual motifs
evolve coherently across an entire document, rather than drifting page by page
(Fig 1).

A central component of this framework is a strategy called latent masking,
which protects foreground regions such as text and figures during background
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generation. Salient background objects often obscure document readability if
left unchecked. A naive solution is to erase content using binary masks, but such
hard removal introduces sharp boundaries and produces visually jarring results.
Instead, our approach begins from the key idea of purposefully weakening
background generation in foreground areas to ensure their preservation. We
implement this through a soft, layout-aware attenuation mask applied in latent
space, which reduces diffusion updates in regions containing text while allow-
ing the background to evolve naturally around them. Without applying hard
constraints to create discontinuities, we model masking as a smooth attenua-
tion field in latent space, analogous to diffusion barriers in physics or weighting
functions in numerical optimization. This formulation allows the background
to evolve naturally around protected regions while minimizing artifacts at the
boundaries, producing visually rich yet balanced results – supporting iterative
refinement across pages.

Beyond masking, we introduce Automated Readability Optimization (ARO)

to guarantee text legibility. Unlike prior systems that place uniform opaque
patches behind text, ARO automatically determines [22] the minimal opacity of
semi-transparent, rounded-corner backing shapes needed to satisfy perceptual
contrast standards (WCAG 2.2). By analyzing the luminance distribution of the
background and blending it with the overlay color, ARO computes an opacity
value ↵ that achieves a target contrast ratio across a specified coverage fraction
of pixels. This ensures that inserted shapes remain visually harmonious with the
background, while meeting accessibility-driven readability requirements without
human intervention.

Our method also incorporates semantic grounding to align visuals with doc-
ument themes. Document-level summaries guide the background generation pro-
cess, aligning motifs with subject matter (e.g., fairness in AI ethics, molecular
structures in life sciences). In addition, natural language prompts allow stylistic
adjustments, enabling users to influence color palettes, textures, and other aes-
thetic choices. This combination of automated summarization with optional user
constraints supports both consistent automation and flexible customization.

This work highlights how diffusion models can be adapted from pure im-
age synthesis to structured, multi-page document background generation. By
emphasizing readability, consistency, and controllability, our framework bridges
generative modeling with the practical needs of document editing. Our contri-
butions are three-folded:

1. Latent Masking for Foreground-aware Backgrounds. We introduce
a layout-aware attenuation in latent space that reduces diffusion updates
on text and figure regions while operating in a layer-separable document
representation, yielding natural, non-intrusive backgrounds with preserved
readability. Instead of enforcing hard binary constraints, our formulation
models masking as a smooth attenuation field to support iterative refinement
and stylistic consistency across pages with alignment between visual design
and document content.
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2. Automated Readability Optimization (ARO). We propose a contrast-
driven, WCAG-guided method that computes the minimal opacity of semi-
transparent rounded backings per text box for coverage-aware linear-light
computation, guaranteeing legibility without manual tuning (see Fig. 6).

3. LLM-based Multi-Page Consistency. We employ a two-stage pipeline
with a Summarization Model (to distill each page into a compact representa-
tion) and an Instruction Generation Model (to convert summaries into con-
cise background design prompts), recursively carrying context across pages
to maintain consistent motifs.

2 Related Work
2.1 Document Background and Poster Generation
Recent works have begun to explore the integration of generative models into
background [12, 14, 18, 20, 28, 42], layout [17, 25, 30, 43, 44, 46, 47] and poster cre-
ation [6, 35, 49]. BAGEL [13] enables intuitive text-to-design and design editing
through natural language prompts, lowering the entry barrier for non-expert
users. A notable advantage of BAGEL is its strong consistency in interactive
editing: once an initial generation is produced, users can reliably make localized
modifications to selected elements while preserving the rest of the layout. This
makes BAGEL highly effective for poster-style editing. However, BAGEL strug-
gles when applied to complex documents that interleave dense text, figures, and
tables across multiple pages, where background synthesis often interferes with
content fidelity and fails to maintain cross-page coherence. To address aesthet-
ics, POSTA [6] proposes a modular framework that combines multimodal large
language models and diffusion models to generate artistic posters. While this
achieves high text accuracy and visually compelling backgrounds, it still requires
explicit human intervention through prompt design and planning, restricting full
automation. CreatiPoster [49] further improves fidelity by supporting editable,
multi-layer compositions, surpassing existing commercial systems in accuracy
and asset handling. Nonetheless, it also depends heavily on human-provided in-
structions and assets, thereby limiting scalability to large document collections.
Across these approaches, the central limitation is a reliance on prompt-heavy or
manual workflows, along with weak protection of critical document content such
as tables, headers, or densely populated text blocks.

2.2 Diffusion for Design and Layout
Diffusion-based design frameworks such as BAGEL [13] enable iterative refine-
ment of visual elements once an initial layout is produced, making them effective
for poster-like media. However, when applied to documents that interleave dense
text and embedded figures, two challenges emerge: (1) background synthesis fre-
quently intrudes into foreground regions, harming readability [24, 37, 38, 51, 52],
and (2) maintaining page-to-page stylistic coherence becomes difficult. Prior
work on text-aware generation tackles complementary goals: TextDiffuser and
TextDiffuser-2 [7, 8] generate legible text using explicit position conditioning,
and SAWNA [32] preserves empty negative space by injecting nonreactive noise.
Yet these methods assume either controllable text rendering or blank regions;
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they do not protect existing foreground content in complex document layouts.
Classical readability studies [38] further show that when textured backgrounds
interact with text, legibility decreases and can only be restored by global mask-
ing or frequency filtering. Beyond layout handling, most diffusion-based editing
methods focus on quality maximization rather than content preservation. Mask-
guided editing [2, 10, 21, 29] restricts edits spatially, but text can still be over-
written if masks overlap. Attention-control models [4, 5, 16] sharpen generation
by reinforcing semantics, whereas layered approaches [18, 26, 48] assume clean
separable layers—an unrealistic assumption for dense document layouts. Spa-
tial or training-free layout control [9,39,45] relies on strong external signals and
does not inherently prevent degradation of embedded text. As recent surveys
note [19], diffusion research overwhelmingly pursues sharper and more detailed
outputs. In contrast, document-centric editing requires a fundamentally differ-
ent objective: to preserve strict text fidelity, the model must sometimes
do less, not more. Our latent masking softly attenuates diffusion updates in
sensitive regions, analogous to smooth barrier functions in control and optimiza-
tion [1,15,36,41], while our Automated Readability Optimization (ARO) module
enforces WCAG contrast standards [40]. Together, attenuation in latent space
and explicit contrast optimization provide principled protection of readability
— often overlooked by prior works.

2.3 Interactive Document Editing

A parallel line of research emphasizes interactivity in editing. Existing frame-
works such as POSTA [6], CreatiPoster [49], and InstructPix2Pix [3] adopt
human-in-the-loop designs, relying on iterative prompt adjustments, localized
editing, asset uploads, or layout preferences to guide the final result. While this
improves user control, it also shifts the burden onto the designer, limiting ef-
ficiency for multi-page or large-scale editing tasks. More broadly, interactivity
is not limited to prompt-based interfaces: conventional authoring tools such as
PowerPoint also support interactive document editing. Beyond poster-oriented
systems, controllable layout-to-image frameworks such as GLIGEN [27], Lay-
outDiffusion [50], and HiCo [31] extend interactivity by enabling grounded or
hierarchical control over generation. However, these approaches still rely heavily
on iterative user intervention and do not fully address the unique constraints
of document-centric editing. Generative systems must therefore balance the
strengths of automation with the flexibility of iterative human refinement. More-
over, systems like GPT-4o [33] and GPT-5 [34], when applied to document back-
grounds, alter not only the visual layer but also the textual content itself, ren-
dering them unsuitable for editing use cases. These observations underscore the
gap between artistic generation and document-centric editing: robust systems
must allow users to modify or regenerate backgrounds interactively while pre-
serving strict text fidelity. This motivates methods that combine structured sum-
marization, memory-driven instruction generation, and latent masking, thereby
ensuring automation and interactivity without sacrificing robustness.



6 T. Kang et al.

PDF Documents

…

Page 1

Page 2

Page N

…

Colorful

Geometric

Muted

Professional

Real & Natural

Shapes Textures

Add a background with ???…

Background Style or 
Customized User Prompt

Ext

Foreground Region 
Extraction

Text of the PDF (!!)

As artificial intelligence 
continues to evolve 

and permeate society, 
the call for meaningful 

regulation (...)

One of the most 
urgent concerns in AI 
today is the issue of 

bias(…)

As artificial intelligence 
systems become more 
embedded in everyday 

life, (…)

Bounding box info (ℒ!)

!!"#
AI governance and 

regulation
AI fairness and bias 

concerns
AI ethical frameworks 

exploration

Summarized Details (#!)Summarization Model

!$%!&
Add a background of 

interconnected circuits 
(…)Add a background of 

interwoven colorful 
light (…)Add a background of 

interconnected neural 
pathways (…)

Generated Instructions ($!)

Recursive Narrative Bank

Instruction Generation 
Model

T2I

Text-to-Image Diffusion
With Latent Masking (LM)

LM

Generated Backgrounds

ARO

Automated Readability
Optimization (ARO)

Backing Shape Layer

Generated Document
Latent Masking (LM)

Add a background of 
interconnected circuits 

(…)Add a background of 
interwoven colorful 

light (…)Add a background of 
interconnected neural 

pathways (…)

T2I

Text-to-Image Diffusion

Generated Instructions ($!)
Generated Backgrounds

……

Representative 
Bounding Box (ℬ!)

Fig. 2: Overview of our document-centric background generation frame-

work. Given structured document pages (e.g., PDF, slides), we first perform Fore-

ground Region Extraction to obtain page-level text Ti and bounding box information
Li, while selecting representative regions Bi for latent masking. The Summarization

Model compresses verbose page text Ti into a compact semantic label si, which is
transformed into generation instructions ui by the Instruction Model with multi-page
continuity enforced by the Recursive Narrative Bank (RNB). Backgrounds are then
synthesized by a text-to-image diffusion model, guided by (i) Latent Masking (LM)

using Bi to preserve foreground readability, and (ii) Automated Readability Optimiza-

tion (ARO) which adaptively places semi-transparent backing shapes behind all text
regions Li to satisfy WCAG contrast requirements. The resulting backgrounds are
composited with the document foreground, yielding coherent, readable, and visually
consistent multi-page documents.

3 Method

3.1 Foreground Region Extraction

Before summarization, we identify representative text regions that define the
document foreground. For each page i, we detect text lines Li = {(bi,`, ti,`)}
with bounding boxes bi,` = (x0, y0, x1, y1). Paragraphs are formed by grouping
adjacent lines based on consistent left margins and bounded vertical gaps. Each
paragraph p then receives a box bp obtained as the union of its constituent line
boxes.

To prevent merging across large figures, detected image zones Ii partition the
page vertically into top, side, and bottom groups. Within each group, paragraphs
are merged into column-like regions if their horizontal overlap

overlapx(bp,br) =
max{0, min(xp

1, x
r
1)�max(xp

0, x
r
0)}

max{1, min(xp
1 � xp

0, x
r
1 � xr

0)}
(1)

exceeds a threshold ⌘x, and their vertical gap is within tolerance. Finally, an
NMS-like suppression removes redundant overlaps: a candidate region p is dis-
carded if it is largely contained in a larger region q, i.e.,

area(p \ q)

min{area(p), area(q)} � ⌧cont or IoU(p, q) � ⌧iou. (2)



Text-Conditioned Background Generation 7

Colorful

Geometric

Shapes

Ours Prompt + Text mode (default)BAGEL GPT-5

Fig. 3: Representative qualitative comparison on academic-style PDFs (A4). Rows
correspond to style conditions (Colorful, Geometric, Muted, Professional, Real & Nat-
ural, Shapes, Textures). See more results in the supplementary materials.
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Fig. 4: Representative qualitative comparison on academic-style slides (16:9). Rows
correspond to style conditions (Colorful, Geometric, Muted, Professional, Real & Nat-
ural, Shapes, Textures). See more results in the supplementary materials.

The surviving set Ri = {(br, tr)} yields representative bounding boxes Bi =
{br}, while the full-page text is

Ti = concat
�
{ti,` | (bi,`, ti,`) 2 Li}

�
. (3)

3.2 Summarization Model

To ground visual design in document content, we first extract raw text Ti from
each page i of a structured document instance (e.g., PDF page, slide canvas, or
equivalent container), abstracting away from any specific file format. Document
pages often contain multiple paragraphs with dozens of sentences, making Ti

verbose and noisy for visual grounding. Directly feeding such heavy text into
subsequent modules introduces two problems: (i) generation of overly complex
or conflicting background prompts, and (ii) loss of robustness due to long, de-
tailed paragraphs across many densely populated pages. We map each Ti into a
compact semantic label si:

si = fsum(Ti), (4)
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where fsum outputs a short phrase (five words or fewer) capturing the dominant
visual theme of the page. This plays a dual role: compressing dense text into
a concise representation for visual grounding, and providing semantic cues for
background generation. Foreground preservation itself is handled separately us-
ing the representative bounding boxes Bi when constructing the latent mask M
(Sec. 3.4).

Users often prefer backgrounds that are simple yet reflective of the docu-
ment’s theme, without specifying a prompt for every page [43]. By extracting si
automatically, the system synthesizes backgrounds even when no user prompt
p is provided. This enables prompt-free, content-driven generation that is both
minimal and document-specific [11].

3.3 Instruction Generation Model

Given the semantic summary si and/or a user prompt p, together with the con-
text of prior pages Hi�1 = {u1, . . . , ui�1}, we generate a page-level instruction
ui:

ui = finst(si, p,Hi�1), (5)

where finst produces a concise instruction describing a visual motif. Conditioning
on Hi�1 allows—but does not strictly enforce—multi-page coherence by making
style cues available to subsequent pages. Unlike video or dialogue, document
backgrounds must remain visually coherent across pages while reflecting local
content. Stateless prompting fails here, since independently generated instruc-
tions diverge stylistically. To mitigate this, we adapt the idea of a Recursive Nar-

rative Bank [23] for documents, where a structured memory of prior page-level
instructions conditions subsequent generations. We define the recursive memory
at step i as:

Hi = {u(1)
i , u(2)

i , . . . , u(N)
i }, (6)

where u(k)
i denotes prior instructions within a memory window of size N . The

next instruction is generated as
ui = finst

�
si, p,Hi�1

�
. (7)

This recursive structure allows accumulated stylistic cues (color tones, textures)
to persist across the document. Visual coherence here denotes consistent reuse of
global stylistic elements (palette, tone, motifs), while still allowing local variation
tied to si.

3.4 Foreground-Aware Latent Masking for Document Generation

We first define the vanilla diffusion update. Let xt denote the latent state at
time t and vrawt the model-predicted velocity:

xt��t = xt � vrawt �t. (8)
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Mask Construction. The latent is arranged on a 2D lattice with height h and
width w. We define

Mij =

(
�, (i, j) 2 C(⇢;h,w),

1, otherwise,
(9)

where C(⇢;h,w) is a centered window covering a fraction ⇢ of the lattice; � 2
(0, 1) is the attenuation factor. Mapping M onto token positions yields a mask
m.

Time-Gated Modulation. Masking is applied at later timesteps. The effective
velocity becomes

v0t = m� vrawt + (1�m)� stopgrad(vrawt ), (10)

and the update is
xt��t = xt � v0t �t. (11)

This softly attenuates generation in text regions while keeping background areas
rich and variable.

Discussion. Foreground boxes (from layout analysis) provide precise regions for
ARO, while representative layout boxes define the latent mask window. Related
works on diffusion-based inpainting also apply region masks, but our time-gated,
attenuation-based variant using Eqn. 10 and Eqn. 11 is tailored for document
readability. Unlike amplification-based strategies, we deliberately suppress fore-
ground updates, stabilizing text regions while letting the background evolve.

3.5 Automated Readability Optimization (ARO)

Instead of adding uniform opaque backing shapes to ensure readability, ARO
computes the minimal opacity ↵⇤ of semi-transparent backings that meets WCAG 2.2 [40]
contrast.

Contrast Calculation. Convert sRGB to linear RGB:

Clin =

8
<

:
Csrgb/12.92, Csrgb  0.04045,
�
(Csrgb + 0.055)/1.055

�2.4
, otherwise.

(12)

Relative luminance:
L(R,G,B) = 0.2126Rlin + 0.7152Glin + 0.0722Blin. (13)

WCAG contrast:
CR(L1, L2) =

max(L1, L2) + 0.05

min(L1, L2) + 0.05
. (14)
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Fig. 5: Feedback-based document editing. Our system enables post-generation
refinement through prompts. Users can modify only the background layer—without
altering text or figures— such as reducing the number of people, adjusting colors, style
and scale.

Opacity Search. For overlay luminance Lo and background pixel Lbg, blended
luminance:

Lblend(↵) = ↵Lo + (1� ↵)Lbg. (15)

Minimal opacity ↵⇤ is

↵⇤ = min

(
↵

����
1

N

NX

i=1

1
h
CR

�
L(i)
blend(↵), Lt

�
� ⌧

i
� ⇢

)
. (16)

Final opacity:
↵ = min

�
1, max(↵⇤ + ✏, ↵min)

�
. (17)

Overlay Construction. Each bounding box (bi,`) 2 Li is expanded and drawn
as a rounded rectangle with adaptive overlay color and computed opacity. This
RGBA overlay is composited above the background.

Discussion. ARO ensures readability with minimal intervention. Unlike prior
opaque patches, it adapts to local luminance, producing natural, semi-transparent
backings.

3.6 Document generation and interactivity

As shown in Fig. 5, our system supports both automatic and interactive use.
In automatic mode, {si} and {ui} drive background generation with mask-
ing+ARO. In interactive refinements (e.g., “make the background more subtle”),
we recompute ui and regenerate without modifying text. For structural edits
(text content changes), layout boxes are recomputed and the full pipeline reruns
with updated masking and ARO.

4 Experiments and Results

4.1 Benchmarking Document Datasets

To evaluate our framework under controlled yet realistic conditions, we con-
structed a benchmark consisting of academic-style documents and slide decks.
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Each instance contains exactly three pages or slides, designed to simulate in-
structional materials with coherent narrative progression. This structure enables
assessment of both per-page visual quality and cross-page stylistic consistency,
which is central to background editing in multi-page settings. Each page inte-
grates long-form text, structured bullet points, and at least one embedded figure
positioned in non-trivial layouts (e.g., side-anchored, floating, or interleaved with
text). These layouts introduce realistic spatial constraints for foreground preser-
vation while avoiding artificial simplifications. By fixing foreground content and
layout, the benchmark directly reflects the constrained editing scenario studied
in this work. All textual and visual content is authored or generated specifically
for this benchmark (text via GPT-5 and images via GPT-4o) to ensure full re-
producibility and redistribution. Constructing a publicly shareable bench-
mark from real academic papers, textbooks, or presentation slides
has limitations, as such materials typically cannot be freely modi-
fied or redistributed. Publicly available “real-world” document corpora are
often domain-specific (e.g., government notices or news articles), which would
introduce unintended dataset bias. Our synthetic construction therefore enables
balanced coverage across layout styles, thematic topics, and page-level narrative
structures while maintaining legal clarity and experimental control. Importantly,
the benchmark focuses on document editing scenarios where background synthe-
sis is meaningful—namely, materials with intentional margins, structured lay-
outs, and moderate text density typical of lecture slides and academic handouts.
We intentionally avoid severely degraded scanned documents or OCR-heavy ar-
tifacts, as such settings shift the problem toward document restoration rather
than foreground-preserving background generation. This design isolates the core
challenges addressed in this paper—layout fidelity, readability preservation, and
multi-page stylistic coherence—without conflating them with unrelated noise
factors. Additional implementation details and dataset statistics are provided in
Appendix A.5.

4.2 Implementation Details

For both PDFs (A4) and slides (16:9), empty dummy images were used as inputs
to ensure format alignment, upon which the Summarization Model distilled doc-
ument text into concise visual themes and the Instruction Generation Model gen-
erated editing prompts under multi-page consistency, both model implemented
with GPT-4o; bounding boxes were extracted with PyMuPDF and OpenCV,
where precise text-region boxes were supplied to ARO for contrast-aware over-
lays (target contrast 7.0, coverage 0.98, padding 24, radius fraction 0.12), while
representative bounding boxes that enclose the overall text regions were provided
to Latent Masking to guide attenuation (strength=0.2, start step=0.29 of the
diffusion schedule). Unlike ARO, which requires pixel-accurate boxes to guar-
antee WCAG contrast, Latent Masking only needs representative boxes since
its goal is to suppress intrusive background synthesis rather than ensure pixel-
level legibility. Latent Masking was implemented inside BAGEL, which serves
as a baseline framework for background editing, and our contributions build
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Method Layout " Color " Graphic Style " Compliance " WCAG " (%) OCR Acc. " CLIP MP Consistency " CLIP Prompt Score " LLM Voting "

BAGEL 4.1025 4.275 4.1671 4.325 66.98 0.5536 0.5571 0.1877 4.2292
GPT-5 3.8807 4.0685 4.0050 4.1164 55.02 0.5225 0.6870 0.1687 4.0185
Ours (Prompt+Text mode) 4.2028 4.4285 4.2485 4.4000 99.75 0.9665 0.6955 0.2374 4.3342

Ours (Prompt only mode) 4.355 4.545 4.3478 4.7357 99.38 0.9578 0.6259 0.2042 4.5100

Ours w/o LM 4.2700 4.5407 4.3528 4.7100 99.67 0.9085 0.6905 0.2542 4.4907
Ours w/o ARO 4.0835 4.4114 4.2057 4.4992 97.35 0.9012 0.6886 0.2336 4.3214
Ours w/o MPC 4.1664 4.3807 4.2107 4.1985 99.69 0.9632 0.6420 0.2287 4.2592

Table 1: Quantitative evaluation of document background generation across

nine metrics. LLM-judged metrics (Layout, Color, Graphic Style, Compliance, LLM
Voting) are evaluated on a 1–5 scale by GPT-4o, while automatic metrics (WCAG
Contrast Coverage, OCR Accuracy, CLIP MP Consistency, CLIP Prompt Score) mea-
sure text readability, accessibility compliance, multi-page consistency, and image–text
alignment. Results are reported for BAGEL, GPT-5, and our method in two operating
modes (Prompt+Text and Prompt-only), as well as internal ablations. Higher values
indicate better performance for all metrics.

upon it without altering the novelty of our readability-preserving and themat-
ically consistent generation pipeline. We note that GPT-4o is used only in the
Summarization and Instruction modules, which treat the LLM as a swappable
component; LM, ARO, and RNB are LLM-independent. The Ours w/o MPC

ablation isolates this dependency: removing the LLM-driven module changes
only consistency (CLIP MP �0.06, LLM Voting �0.07) while WCAG (99.69%)
and OCR (0.96) remain unchanged (Tab. 1).

4.3 Qualitative Results

We evaluate our framework against two representative baselines: BAGEL [13], a
document-oriented editing system, and GPT-5 [34], a strong general-purpose
multimodal model. Our task differs fundamentally from layout synthesis or
poster generation approaches [6, 49], which typically assume flexible structural
rearrangement or text re-rendering. In contrast, we address a constrained editing
setting in which the foreground text, figures, and layout of an existing
multi-page document must remain unchanged, and only the back-
ground layer is modified. We therefore restrict comparisons to methods
that can operate directly on fixed document pages without regener-
ating layout elements or retypesetting text. Including layout-generation
pipelines would require architectural adaptation and alter the problem definition,
making direct comparison misleading. Figures 3–4 demonstrate that our method
preserves structural fidelity and readability while introducing visually coherent
backgrounds across styles and page sequences. BAGEL often produces strong
textures or high-frequency patterns that partially interfere with dense text re-
gions. GPT-5 can generate aesthetically appealing outputs, but frequently alters
existing layout structure, modifies embedded figures, or hallucinates additional
text, which violates the foreground-preservation constraint central to our task.
Across both Prompt+Text and Prompt-only modes, our approach maintains
layout integrity while achieving stylistic consistency across pages. Additional
qualitative examples and further discussion on baseline selection are provided in
Appendix A.6.
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Ours
(Prompt+Text Mode)

w/o ARO

w/o LM

w/o MPC

Page 1 Page 2 Page 3 Page 1 Page 2 Page 3

Fig. 6: Ablation on our document-aware background generation. Ours (left)
preserves readability and maintains consistent visual themes across pages. w/o LM

(no latent masking) allows background objects to intrude into foreground text and
images; ARO cannot recover readability due to intrusion. w/o ARO (no readability
optimization) keeps the theme, but text becomes harder to read due to insufficient
contrast. w/o MPC (no multi-page consistency) produces different styles on each
page, losing cross-page visual coherence.
4.4 Quantitative Evaluation

We evaluate against BAGEL and GPT-5 using metrics aligned with prior document-
generation work [49]. Our method achieves the best performance across all cat-
egories: (i) Design Quality (layout, color, graphic style, compliance), (ii) Read-
ability (WCAG contrast coverage, OCR accuracy), (iii) Multi-page Consistency
(CLIP similarity, LLM voting). Our framework reaches near-perfect WCAG com-
pliance (99.75%) and the highest CLIP-based consistency. Detailed analysis are
shown in Appendix A.7.

4.5 User Study

We conducted a user study with 30 participants to evaluate our document back-
ground generation framework. For each task, participants viewed the original
document (PDF or slide) and three anonymized outputs (BAGEL, GPT-5, and

Fig. 7: User study results. Thirty participants evaluated three anonymized systems
across four design dimensions: Layout, Color, Graphic Style, and Prompt Compliance
(left). Our method achieved the highest score in all categories. In overall preference
voting (right), 83.57% of users selected our result over GPT-5 (15.24%) and BAGEL
(1.43%).
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Ours) and rated them across four design dimensions—Layout preservation, Color

harmony, Graphic style consistency, and Prompt compliance—using a 5-point
Likert scale. Appropriate measures were taken to ensure that method identities
were not disclosed to participants during the study. As shown in Figure 7, our
method achieved the highest score in every dimension (4.669–4.8024), whereas
BAGEL and GPT-5 scored substantially lower (1.169–1.6452). Participants also
selected their preferred output for each task, and 83.57% of all votes favored
Ours, compared to 15.24% for GPT-5 and 1.43% for BAGEL. These results
demonstrate that users consistently prefer our approach for maintaining read-
ability and producing visually coherent backgrounds. Detailed analysis and ex-
planations are provided in Appendix A.9.

4.6 Ablation Study

We validate the contributions of each component: latent masking (LM), au-
tomated readability optimization (ARO), and multi-page consistency (MPC).
Removing LM or ARO reduces readability (WCAG and OCR). Removing MPC
reduces thematic continuity across pages while preserving readability. Detailed
analysis are included in Appendix A.8.

5 Conclusion

In this work, we introduced a multi-layered document editing framework with
automated text-conditioned background design to generate visually coherent,
text-preserving, and thematically consistent multi-page documents. Our method
applies latent masking, which protects text and figures through soft attenuation
in the diffusion space, inspired by smooth barrier functions in physics and numer-
ical optimization. This strategy suppresses updates in sensitive regions without
applying hard erasure, allowing backgrounds to be regenerated while preserving
readability. To further guarantee legibility, we integrate Automated Readability
Optimization (ARO), a contrast-driven, WCAG-guided algorithm that adap-
tively determines the minimal opacity of semi-transparent backings per text
region. ARO ensures that inserted shapes remain visually harmonious with the
background while meeting accessibility standards, and in combination with la-
tent masking, yields both natural and readable results. Furthermore, we ensure
multi-page visual consistency through a recursive summarization-and-instruction
process, where each page is distilled into a compact representation that guides
subsequent generations, enabling coherent evolution of visual motifs across en-
tire slide decks or reports. Finally, by adopting a layered editing paradigm that
treats text, figures, and backgrounds as separate compositional elements, and
incorporating prompt-based customization, the framework balances automated
coherence with flexible user control, bridging generative modeling and real-world
document design workflows. Limitations and Future Works. Detailed discus-
sion of limitations and future work is provided in Appendix A.2.
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