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Abstract

Commercial-grade poster design demands the seamless inte-
gration of aesthetic appeal with precise, informative content
delivery. Current automated poster generation systems face
significant limitations, including incomplete design work-
flows, poor text rendering accuracy, and insufficient flexibil-
ity for commercial applications. To address these challenges,
we propose PosterVerse, a full-workflow, commercial-grade
poster generation method that seamlessly automates the en-
tire design process while delivering high-density and scalable
text rendering. PosterVerse replicates professional design
through three key stages: (1) blueprint creation using fine-
tuned LLMs to extract key design elements from user require-
ments, (2) graphical background generation via customized
diffusion models to create visually appealing imagery, and
(3) unified layout-text rendering with an MLLM-powered
HTML engine to guarantee high text accuracy and flexi-
ble customization. In addition, we introduce PosterDNA, a
commercial-grade, HTML-based dataset tailored for train-
ing and validating poster design models. To the best of our
knowledge, PosterDNA is the first Chinese poster genera-
tion dataset to introduce HTML typography files, enabling
scalable text rendering and fundamentally solving the chal-
lenges of rendering small and high-density text. Experimen-
tal results demonstrate that PosterVerse consistently produces
commercial-grade posters with appealing visuals, accurate
text alignment, and customizable layouts, making it a promis-
ing solution for automating commercial poster design.

Code — https://github.com/wuhaer/PosterVerse

Introduction
Poster design plays a crucial role in business, culture, and
marketing. An effective poster must distill complex informa-
tion into clear, compelling messages while balancing infor-
mational richness with focused messaging. This requires so-
phisticated orchestration of font, color, and layout skills that
traditionally demand extensive design expertise and time-
intensive manual processes. With the rapid development of
AI-generated content (AIGC) technologies (Gemini et al.
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Figure 1: Comparison between existing poster generation
methods (top) and the proposed PosterVerse (bottom).

2023; Black Forest Labs 2024; OpenAI 2025), generative
models have become key tools for commercial creation (Lin
et al. 2023b; Gao et al. 2025b), making their application in
automatic design an inevitable trend.

However, existing approaches suffer from several limita-
tions. (1) Lack of full workflow solutions. Poster genera-
tion involves multiple stages, including background graphic
design, layout planning, and font rendering. Yet, many meth-
ods (Seol, Kim, and Yoo 2024; Li et al. 2023a,b; Hsu et al.
2023) only focus on partial stages such as generating layout
or typography alone, failing to provide full-workflow poster
design systems. (2) Poor flexibility and accessibility. While
some works (Gao et al. 2025b; Peng et al. 2025) demonstrate
promising visual effects, they heavily rely on additional in-
puts beyond textual prompts, such as positional masks, text
bounding boxes, and graphical subjects. This greatly ham-
pers their flexibility compared to prompt-only systems, es-
pecially for non-technical users. (3) Inaccurate text ren-
dering. Despite the stunning aesthetic creation abilities of
models like GPT-4o (OpenAI 2025) and Gemini (Gemini
et al. 2023), they typically struggle with generating accurate
text, particularly evident in Chinese characters and dense,
small-scale characters (Zhang et al. 2025b). The generated
texts are usually illegible or semantically meaningless. (4)
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Figure 2: The overview of PosterVerse: A full-workflow method integrating blueprint creation, graphical background genera-
tion, and unified layout-text rendering to produce commercial-grade, aesthetically appealing, and text-rich posters.

Insufficient understanding of user requirements. Exist-
ing text-to-image models (Black Forest Labs 2024; Stabil-
ity AI 2024) are usually constrained by input token lim-
its or primitive understanding capabilities of text encoders
such as T5 (Raffel et al. 2020), limiting them to fully com-
prehend user needs. (5) Gap to commercial utility. Cur-
rent poster design methods (Chen et al. 2025b; Wang et al.
2024) mainly prioritize artistic expression over user require-
ment adherence. Although aesthetically appealing, the gen-
erated posters are commercially impractical and require sub-
stantial manual post-processing. Additionally, most of them
generate non-editable static images. This prevents post-
adjustments to poster content like text, fonts, or layout, mak-
ing them ill-suited for the dynamic nature of commercial
scenarios where requirements frequently evolve.

To bridge these gaps, we propose PosterVerse, a full-
workflow, prompt-driven poster generation framework, fea-
turing scalable text rendering to address small, dense text
synthesis and natively editable output for flexible post-
editing. Specifically, PosterVerse mimics the process of pro-
fessional designers creating posters by dividing the poster
design process into three stages: (1) Blueprint creation. In
this stage, we utilize a fine-tuned Large Language Model
(LLM) to interpret and expand upon the user’s requirement.
Irrespective of the initial input’s level of detail, this process
transforms the request into a comprehensive design specifi-
cation. We also extract key design elements such as themes,
styles, colors, and text content, serving as foundations for
the subsequent stages. (2) Graphical background gener-
ation. Building upon Flux.1-dev fine-tuned by LoRA, this
stage generates high-quality backgrounds that strictly ad-
here to the design blueprint from the first stage. To afford

users greater creative control, PosterVerse also supports di-
rect upload of custom background images as an alternative.
(3) Unified layout-text rendering. In this stage, a multi-
modal LLM (MLLM) is used to synthesize the final lay-
out, integrating specified text and design elements with the
background graphic. The output is a complete HTML doc-
ument that ensures perfect typographic accuracy, address-
ing a known weakness in many generative models. More-
over, HTML enables efficient and customizable post-edits,
accommodating dynamic design scenarios that require fre-
quent modifications such as commercial.

Furthermore, to address the critical lack of commercial-
grade dataset, we present PosterDNA, an HTML-based
poster generation dataset with fine-grained specifications.
Developed in collaboration with professional designers for
high quality and practical relevance, PosterDNA comprises
a diverse collection of poster samples characterized by com-
plex layouts and dense textual designs. Each entry is a struc-
tured tuple of “requirements-graphic-layout-poster”, specifi-
cally engineered to support the modular training and valida-
tion of our PosterVerse. It pioneers in introducing HTML-
based typography files, standing as the first Chinese poster
design dataset that addresses small, dense text rendering and
potentially inspiring future works.

Overall, our contributions can be summarized as follows:
• We propose PosterDNA, the first commercial-grade and

text-dense poster generation dataset with fine-grained
HTML-based specifications, designed to support modu-
lar training and validation with high-quality samples.

• We propose PosterVerse, a full-workflow method that
integrates blueprint creation, graphical background gen-
eration, and unified layout-text rendering, enabling the
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creation of posters with aesthetically sophisticated lay-
outs and text-dense designs for commercial-grade use.

• PosterVerse allows users to generate commercial-grade
posters solely from textual prompts, while maintaining
editability capabilities for further customization.

• Extensive experiments demonstrate that PosterVerse can
generate visually appealing posters with aesthetic de-
signs, precise text, and well-crafted layouts, meeting the
standards of commercial-grade posters.

Related Work
Visual Text Image Synthesis In recent years, text-to-
image generation has proliferated due to its unprecedented
controllability and high fidelity (Reed et al. 2016; Nong-
hai Zhang 2024). However, visual text synthesis remains
challenging, requiring models to accurately render font
structures while maintaining visual aesthetics (Zhang et al.
2025b). Early approaches improve text encoders by scaling
them up (Balaji et al. 2022; Lab 2023) or re-aligning them
with visual features (Zhao and Lian 2024). Subsequently,
for enhanced controllability and accuracy, researchers fo-
cus on conditioning diffusion models (Ho, Jain, and Abbeel
2020; Rombach et al. 2022) with various prior information,
which can be categorized into three types. The first type em-
ploys glyph images rendered on white backgrounds as con-
ditions (Ma et al. 2023; Yang et al. 2023). The second type
combines a position mask and a rendered glyph (sometimes
not) as input, using binary masks to refine text positions
(Chen et al. 2023; Tuo, Geng, and Bo 2024; Zhang et al.
2025a, 2024; Xie et al. 2025). In contrast to glyph or position
masks, the third type extracts layout information for mul-
tiple text instances. TextDiffuser-2 (Chen et al. 2024) uses
one LLM to generate language-like text layout and another
to encode it as diffusion inputs. Lakhanpal et al. (Lakhan-
pal et al. 2025) propose a training-free framework, using a
frozen layout generator for iterative refinement.

Layout Planning Layout planning is a crucial aspect to
maintain natural text-background integration and visual aes-
thetics in text image synthesis. Preliminary studies focus
on conditional layout generation using Transformer (Gupta
et al. 2021) and sequential Diffusion models (Hui et al.
2023), producing bounding-box layouts without visual con-
tent. With the rise of LLM, their semantic and logical
reasoning abilities are explored for layout planning (Lin
et al. 2023a; Zhang et al. 2025c). Researchers then shift
to content-aware layout generation, feeding background im-
ages and text prompts to models that place text appropri-
ately without obscuring main content (Horita et al. 2024;
Seol, Kim, and Yoo 2024; Hsu and Peng 2025). Recently,
leveraging MLLMs’ understanding capabilities, some works
input background images and user requirements to gener-
ate typography JSON files that plan layouts with content-
awareness and render textual content in tandem for better
text arrangement and visual coherence (Yang et al. 2024b;
Jia et al. 2023).

Poster Generation Building upon advances in visual text
synthesis and layout planning, automatic poster generation
emerges as a specialized task that creates infographics with

rich text and high-quality artistic presentation, primarily for
advertising and marketing campaigns. Current poster gen-
eration methods can be grouped into two categories. The
first category is semi-automatic, relying on pre-given con-
ditions like positional masks (Tuo, Geng, and Bo 2024),
user-specified subjects (Gao et al. 2025b), and text bounding
boxes (Peng et al. 2025). This heavy reliance on conditions
greatly hampers their flexibility and user-friendliness. Con-
versely, the second type is fully-automatic and condition-
free, leveraging only textual prompts to automatically plan
layouts and generate visual content (Wang et al. 2024; Chen
et al. 2025b; Wang et al. 2025; Chen et al. 2025a). This
approach offers enhanced accessibility, enabling users to
create commercial-grade posters through natural language
descriptions. Despite the enhanced automation and visual
quality, existing methods typically fall short in generating
large-amount, high-density, and small-scale text, outputting
illegible or misplaced characters. Also, they typically gener-
ate static posters, prohibiting post-editing. This motivates us
to develop PosterVerse, a prompt-driven poster generation
framework that novelly generates editable HTML-based ty-
pography file for poster design, enabling scalable text ren-
dering and flexible post-generation customizability.

Method
Overall Architecture The framework of PosterVerse is
demonstrated in Fig. 2. It takes only the user requirement
as input, and then designs a complete poster following three
stages: blueprint creation, graphical background generation,
and unified layout-text rendering. This architecture mirrors
the workflow of professional designers while maintaining
complete automation.

Blueprint Creation User requirements for poster design
are typically expressed through natural language, which
tends to be ambiguous and lacks specificity. Designers
should interpret these vague descriptions to understand the
user’s intentions, regardless of whether they are detailed or
brief. Inspired by this, we design a Detail-Insensitive Re-
quirement Parsing (DIPR) mechanism for the first stage of
blueprint creation. We established three different user re-
quirement levels (basic, medium, detailed) and trained the
model to transform them into consistently comprehensive
generation blueprints. The output blueprint is formatted as
JSON and includes three parts: textual content (e.g., title,
subtitle, main content, and contact information), background
graphical attributes (e.g., style and image captions), and
key extracted parameters (e.g., resolution, theme, elements,
color, and purpose). During DIPR training, we fine-tuned
Qwen2.5-14B (Yang et al. 2024a) using randomly selected
detail levels as input. The model is supervised by the same
ground-truths of the blueprint information, thus developing
insensitiveness to the richness of user input. The generated
blueprints are used for training in subsequent stages.

Graphical Background Generation The second stage of
PosterVerse generates a graphical background for the poster.
Background generation plays a crucial role in defining the
overall aesthetic and tone of the poster. Motivated by pro-
fessional designers who tailor their artistic styles to match
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project requirements, we classify poster backgrounds into
four styles: Illustrative, Design-Oriented, Minimalistic, and
Photorealistic. We fine-tuned Flux.1-dev (Black Forest Labs
2024) using LoRA (Hu et al. 2022) to obtain a specialized
T2I model for each background type, respectively.

To further improve the quality of the output images, we in-
tegrated two core techniques into the training process. First,
we implemented a resolution-based data bucketing strategy,
grouping training images by resolution and aspect ratio. This
ensured that each batch contained visually consistent sam-
ples, preserving artistic composition and avoiding instability
caused by mixing images with varying resolutions. Second,
we introduced a dynamic prompt sampling mechanism. In-
stead of using single prompts, we set up three hierarchical
prompt levels, where basic prompts describe core visual el-
ements and themes; medium prompts add artistic style; and
detailed prompts precisely specify color, composition, and
underlying meaning. Note that these three levels differ from
those in the blueprint creation stage (the first stage) and are
designed exclusively for the training of this stage. This hier-
archical approach enables the generation model to adapt to
diverse textual descriptions, significantly improving the di-
versity and accuracy of generated outputs. To train the four
T2I models, we construct a tailored dataset that pairs hi-
erarchical prompts and background images. For inference,
the background graphical attributes generated from the first
stage are fed into the model for background generation.

Unified Layout-Text Rendering In the third stage,
PosterVerse consolidates the foundational outputs from pre-
vious stages for complete poster generation, as depicted in
the bottom left panel of Fig. 2. Unlike previous models that
output static posters (Yang et al. 2024b; Gao et al. 2025b),
we innovatively choose HTML as the output format due
to the following merits. (1) HTML’s inherent text scalabil-
ity perfectly addresses small-scale, high-density text syn-
thesis that previous models struggle with. (2) HTML en-
ables flexible post-editing of fonts, text, and layouts for fre-
quently changing requirements; (3) HTML simultaneously
covers layout and text rendering, avoiding the complexity
of separate planning and generation. Specifically, we fine-
tune Qwen2.5-VL-7B (Bai et al. 2025) to generate HTML
files using textual content and parameters from the first stage
plus background images from the second stage. The model
is tasked with layout planning, graphical rendering, and text
rendering as per the given inputs, producing a cohesive and
aesthetically pleasing design. The dataset used for training is
described in the next section. Finally, the generated HTML
file can be rendered in a web browser, ensuring 100% text fi-
delity and high-quality visual presentation. PosterVerse pro-
vides users with both editable HTML files and final image
assets suitable for various distribution purposes.

PosterDNA Dataset
Currently, while some layout generation datasets (Zhou
et al. 2022; Hsu et al. 2023) have been published, they
largely suffer from small scale and limited diversity. Also,
none of them has explored a flexible, editable poster for-
mat that supports post-generation customization. To fill this

Figure 3: Overview of the three core components in the Pos-
terDNA dataset generation pipeline.

gap, we present PosterDNA, consisting of three specialized
subsets: blueprint-creation (57,000 samples), graphic gen-
eration (100,000 samples), and unified text-layout creation
(9,000 samples), responsible for PosterVerse’s three-stage
training and evaluation. An intuitive description of data con-
struction is demonstrated in Fig. 3. We elaborate on the three
training subsets, followed by the testing methodology.

Blueprint Creation Subset The first stage of PosterVerse
transforms user requirements into a consistently detailed
blueprint regardless of the input’s detail level. Hence, we cu-
rated 57,000 high-quality posters featuring rich, dense tex-
tual content to form the blueprint creation subset, as illus-
trated in the top panel of Fig. 3. To begin with, we employed
Claude 3.7 Sonnet (Anthropic 2024) to reverse-engineer
three different detail levels (basic, medium, detailed) of user
requirements used to generate these posters. Subsequently,
we use Claude to extract refined requirement clues for each
poster, including Key Information, Background Graphical
Attributes, and Textual Content. Key Information includes
poster’s theme, dominant colors (hex codes), intended pur-
pose (e.g., event promotion), and key visual elements (such
as icons, objects, and decorations). Background Graphical
Attributes includes the poster’s design style (e.g., Design-
Oriented style) and graphical captions, in which the caption
is the output portion that should be insensitive to the input
requirements’ detail levels. Textual Content contains titles,
subtitles, main body text, and contact information. During
training, the three levels of user requirements are addressed
to the Qwen2.5-14B for fine-tuning, with Textual Content,
Key Information, and Background Graphical Attributes as
supervision labels.
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Method CR ↑ F1 ↑ FID ↓ Ove. ↓ User Study ↑ GPT-4o Evaluations ↑
Vote Ave. Ave. PA. TA. IQ. LC.

Text-to-Image (T2I) Models
Kolors (Open) 4.59% 2.30% 123.41 0.0138 0% 2.26 5.59 5.64 3.84 6.92 5.95
Cogview4 (Open) 31.13% 21.01% 78.20 0.0140 0% 4.67 6.03 6.42 5.56 5.81 6.33
Ideogramv3 (Close) 30.57% 19.71% 97.40 0.0167 1% 4.81 6.53 6.59 6.10 6.87 6.57
Klingv2 (Close) 35.27% 26.81% 71.64 0.0118 1% 5.13 6.21 6.33 5.49 6.72 6.30
Jimeng2.1 (Close) 33.25% 23.01% 68.70 0.0112 0% 5.53 6.25 6.29 5.64 6.77 6.31

Unified Generative Models
Seedream3.0 (Close) 49.91% 39.66% 83.20 0.0103 2% 6.12 7.82 7.99 7.55 8.03 7.71
Gemini2.0 (Close) 38.22% 28.46% 74.39 0.0086 1% 4.53 6.22 6.49 5.69 6.53 6.18
GPT-4o (Close) 49.73% 48.49% 89.39 0.0106 24% 6.30 7.87 7.93 7.92 7.89 7.73

Specialized Poster Generation Models
Anytext2 (Open) 32.57% 26.46% 87.68 0.0105 0% 2.51 3.78 3.78 3.30 4.27 3.77
PosterMaker (Open) 27.25% 25.09% 78.01 0.0098 0% 3.08 4.74 4.82 3.95 5.44 4.75
Bizgen (Open) 14.67% 13.32% 101.86 0.0094 0% 2.05 3.46 3.06 3.19 4.25 3.34
PosterVerse (Ours) 92.33% 78.58% 62.54 0.0027 71% 6.85 8.02 8.19 8.51 7.66 7.72

Table 1: Comparison of PosterVerse with existing methods. ‘Ave.’, ‘PA.’, ‘TA.’, ‘IQ.’, and ‘LC.’ indicate Average, Prompt
Adherence, Text Accuracy, Image Quality, and Layout & Composition, respectively. Open and Close denote open-source and
closed-source. The inputs for all methods are aligned with user requirements at the detailed level on the testing set.

Graphic Generation Subset In the second stage, Poster-
Verse fine-tuned Flux.1-dev using LoRA to obtain four spe-
cialized instances for generating distinct background types.
To support this training process, we constructed the graphic
generation subset (middle of Fig. 3), constituting 100,000
text-free poster background graphics with diverse styles and
designs. To retain only high-quality samples, we designed
a multi-stage pipeline to verify image resolution and file
format, as well as perform deduplication using a pretrained
Chinese-CLIP (Yang et al. 2022) model and aesthetic fil-
tering with Aesthetic Predictor V2.5. Following quality fil-
tering, we exploited Claude to generate prompts for each
background, forming a prompt-image pair for model train-
ing. Corresponding to the dynamic caption sampling mech-
anism, we instruct Claude to generate three prompts with
hierarchical details. Note that only one randomly selected
prompt constitutes the input during training.

Unified Layout-Text Rendering Subset The third stage
of PosterVerse performs unified layout planning for visual
elements and text while rendering typography. This stage re-
quires the refined requirement specifications and a pre-given
background image as input and delivers the HTML output
file. Hence, we select 9,000 posters from the blueprint cre-
ation set to construct a unified text-layout rendering subset,
as shown in the bottom panel of Fig. 3. We removed all
text in the posters to obtain a text-free version, then paired
the original text-included and text-free versions as input to
Claude 3.7 Sonnet for generating corresponding HTML rep-
resentations that capture the original layouts. Each HTML
file underwent manual review by professional designers, in-
cluding correcting positional errors and extracting text er-
rors, adjusting element positions for better aesthetics, etc.
These HTML files provide both structural graphical layouts
and support diverse text rendering effects, enabling unified
text-layout creation. For training, the text-free background

along with Key Information and Textual Content extracted
from the first stage are fed into the model, and the manually
labeled HTML files serve as the supervision.

Additionally, we collected 1000 samples external to the
training data to form the test set. To create the ground truth
for each sample, they consistently went through the pro-
cessing of the blueprint creation subset and unified layout-
text rendering subsets. The ground-truths include “basic-
medium-detailed” user requirements, key information, tex-
tual content, paired posters, and corresponding HTML files.

Constructing PosterDNA has consumed four months of
manual effort, encompassing workflow design, data cura-
tion, and meticulous correction. Notably, the manual correc-
tion phase was the most intensive, accounting for approxi-
mately 80% of the total labor. PosterDNA is the first Chinese
poster generation dataset that pioneers in equipping HTML
typography files for scalable text rendering, thus fundamen-
tally addressing the challenge of small, large-amount, and
high-density text rendering. It not only paves the way for
commercial-grade poster design in text-rich cases but also
contributes to the development of more dedicated methods.

Experiments
Implementation Details
Model Implementation For blueprint creation, we fine-
tune the Qwen-2.5-14B model using full-parameter SFT for
15 epochs at a 1e-5 learning rate on 8 H800 GPUs, complet-
ing in 30 hours. For graphical background generation, we
fine-tune Flux.1 dev with LoRA (rank 64) at a 5e-4 learn-
ing rate for 50 epochs. For unified layout-text rendering, we
fine-tune the Qwen2.5-VL-7B model at a 1e-5 learning rate
for 50 epochs in 30 hours on 8 H800 GPUs. More details are
included in the supplementary materials.

Evaluation We assess our framework using objective
quantitative metrics and subjective evaluation from both AI
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Figure 4: Visual comparison of PosterVerse with state-of-the-art models. The inputs for all methods are aligned with user
requirements at the detailed level on the testing set.

and human users. As for objective analysis, we measure text
generation accuracy using Correct Rate (CR) and F1 scores
(via PPOCRv5 (Cui et al. 2025)) following (Zhang et al.
2025d). We also assess layout fidelity with overlap met-
rics (Hsu et al. 2023) and quantify perceptual similarity us-
ing FID (Heusel et al. 2017). For subjective evaluation, we
utilize GPT-4o to provide a detailed, four-dimensional rat-
ing (1-10) of prompt adherence, text accuracy, image qual-
ity, and layout & composition. Furthermore, to evaluate real-
world user experience, we conduct a human study where
participants use the same four-dimensional rubric and also
vote for their preferred model outputs. This dual approach
to qualitative feedback ensures our evaluation is both com-
prehensive and truly reflective of the user experience.

Comparison with Existing Methods
We compare our method with 11 representative methods
spanning three paradigms, including Text-to-Image mod-
els (Kolors (Team, Kolors 2024), Cogview4 (Zheng et al.
2024), Ideogramv3 (Ideogram AI 2025), Klingv2 (Kling AI
2025), and Jimengv2,1 (Hu et al. 2025)), unified generative
models (Seedream3.0 (Gao et al. 2025a), Gemini2.0-Flash-
Gen (Gemini et al. 2023), and GPT-4o (OpenAI 2025)), and

specialized poster generation models (Anytext2 (Tuo, Geng,
and Bo 2024), PosterMaker (Gao et al. 2025b), and Biz-
gen (Peng et al. 2025)).

Quantitative Comparison Quantitative comparison re-
sults between PosterVerse and baseline methods are pre-
sented in Tab. 1, where consistent user requirements are
used as inputs for fairness. On multiple objective metrics,
PosterVerse achieves the best performance with a CR score
of 92.33% and an F1 score of 78.58%, surpassing existing
models by at least 42.42% in CR and 30.09% in F1 score.
This not only demonstrates its effectiveness in producing ac-
curate and readable text content but also highlights its abil-
ity to align closely with user requirements for copywriting.
Furthermore, PosterVerse achieves an FID score of 62.54,
highlighting the ability of PosterVerse to generate images
with high perceptual similarity to poster visuals. In contrast,
other models often exhibit text rendering errors and subpar
background quality, resulting in lower FID scores. In addi-
tion, PosterVerse achieves the best Overlap score of 0.0027,
reflecting its superior layout quality.

Regarding subjective assessment, PosterVerse demon-
strates exceptional performance across GPT-4o’s four eval-
uation dimensions, achieving the highest overall average
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Figure 5: Radar chart of the user study in four dimensions.

score, particularly excelling in Prompt Adherence and Text
Accuracy. Furthermore, we invited 30 poster design users to
conduct a user study comparing the poster generation perfor-
mance of different models. As shown in Fig. 5, partial results
of the user study across the four key dimensions (aligned
with the GPT-4o evaluation) are presented, with the corre-
sponding average scores listed in the 7th column of Tab. 1.
PosterVerse demonstrated comparable performance to GPT-
4o and Seedream3.0 across most dimensions, showing a sig-
nificant advantage in textual accuracy. For the voting user
study, users were asked to compare the posters generated
by the models under the same input requirements and select
the one with the best overall impression and practicality. As
shown in the 6th column of Tab. 1, PosterVerse received 71%
of the votes, significantly outperforming the other methods.

Qualitative Comparison We present the visualizations of
PosterVerse and the existing methods on the testing set. As
illustrated in Fig. 4, we identify three main types of errors
in existing methods. (1) The areas marked with red boxes
highlight text rendering errors. Models like Anytext2 and
Cogview4 struggle to generate completely accurate text re-
gardless of font size, while Seedream3.0 and GPT-4o per-
form better but still face significant challenges when han-
dling dense text and small fonts. In contrast, PosterVerse is
capable of accurate text rendering. (2) The areas marked
with green boxes indicate instances where the rendered
text contains wrong information. For example, as shown in
Fig. 4 (a), while the user specified the phone number on
the poster as “021-56479823, Ideogramv3 incorrectly ren-
dered it as “021-5479823”. (3) The areas marked with gray
boxes indicate cases where missing information occurs. For
instance, while the user requested the poster to include a
phone number and physical address, Klingv2 missed render-
ing the required information. Moreover, GPT-4o often mis-
understands user requirements regarding resolution, such as
generating a landscape poster when a portrait poster was re-
quested. In contrast, PosterVerse not only effectively aligns
with user requirements but also supplements unclear user in-
puts, providing a more comprehensive and accurate output.

Extended results for English and other languages are in-

Method Basic Medium Detailed Ave. ↑

Seedream
3.0

✓ 4.92
✓ 5.33

✓ 6.12

GPT-4o
✓ 4.52

✓ 6.45
✓ 6.30

PosterVerse
(Ours)

✓ 6.76
✓ 6.53

✓ 6.85

Table 2: Results of the user study demonstrating the effec-
tiveness of the DIPR mechanism.

#Line Basic Medium Detailed FID ↓ IS ↑
1 ✗ ✗ ✓ 136.72 62.39
2 ✓ ✓ ✓ 62.54 77.85

Table 3: Ablation study on the effectiveness of the dynamic
prompt sampling mechanism.

cluded in the supplementary materials.

Ablation Study
We conducted an ablation study through human evaluation
(with the same setting as before) to investigate DIPR mecha-
nism’s effectiveness. As shown in Tab. 2, we observe that the
two representative baseline models are highly sensitive to
input detail levels. When given basic requirements, their av-
erage ratings are low, indicating their deficiency in generat-
ing high-quality posters with brief requirements. In contrast,
PosterVerse maintains consistently high performance across
all input detail levels, validating DIPR’s effectiveness.

Additionally, to further validate that the dynamic prompt
sampling mechanism during the second stage of PosterVerse
training can enhance the effectiveness of graphical back-
ground generation, we conducted a comparison with models
trained using only the detailed-level prompt. As shown in
Tab. 3, both the FID and CLIP-IS metrics are significantly
better when using hierarchical prompts compared to using
only the detailed-level prompt.

Conclusion
In this paper, we present PosterVerse, a full-workflow
method that seamlessly combines blueprint creation, graph-
ical background generation, and unified layout-text render-
ing, enabling commercial-grade posters with sophisticated
layouts and text-dense designs. Additionally, we introduce
PosterDNA, the first high-quality, text-dense poster gener-
ation dataset with fine-grained HTML-based specifications,
tailored for modular training and validation. Extensive ex-
periments demonstrate PosterVerse’s superior performance,
significantly outperforming existing methods. The Poster-
Verse’s ability to generate commercial-grade posters directly
from natural language prompts, combined with its scalable
and editable output format, establishes a new paradigm for
automated commercial design and provides a promising so-
lution for marketing and creative industries.
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