
PosterOmni: Generalized Artistic Poster Creation via Task Distillation and
Unified Reward Feedback

Supplementary Material

This is supplementary material for PosterOmni: Gen-
eralized Artistic Poster Creation via Task Distillation and
Unified Reward Feedback.

We present the following materials in this supplementary
document:
• Sec. 1 Prerequisites for flow matching and reinforcement

learning, including background on velocity parameteriza-
tion, rectified flows, GRPO, and DiffusionNFT.

• Sec. 2 Details of our PosterOmni data suite (PosterOmni-
200K and PosterOmni-Bench), covering prompt design,
multimodal filtering, task-specific image-to-poster con-
struction pipelines, and keyword/topic coverage.

• Sec. 3 Construction of the PosterOmni reward training
dataset and implementation details of the unified Pos-
terOmni reward model Romni.

• Sec. 4 User study setup and results, including the hu-
man evaluation protocol and win/tie/loss statistics against
open-source and proprietary baselines.

• Sec. 5 Additional ablation studies on reward model design
and expert integration strategies.

• Sec. 6 Additional visual comparisons across all six
image-to-poster tasks, illustrating qualitative differences
between PosterOmni and competing methods.

• Sec. 7 Limitations and future work of the PosterOmni.

1. Prerequisites for Flow Matching and Rein-
force Learning

Flow Matching and Velocity Parameterization. Diffusion
models [6, 18] generate samples by reversing a forward
noising process, which can be written as a deterministic tra-
jectory

xt = αtx0 + σtϵ, ϵ ∼ N (0, I), t ∈ [0, 1], (1)

where αt and σt describe the evolution of the signal and
noise, respectively. The velocity parameterization [24] pre-
dicts the tangent of this diffusion trajectory. Let

v = α̇tx0 + σ̇tϵ (2)

denote the instantaneous velocity along xt. A neural net-
work vθ(xt, t, c) is then trained to approximate this target
field by minimizing

Et,x0,ϵ

[
w(t)∥vθ(xt, t, c)− v∥22

]
, (3)

where w(t) is a time-dependent weight. Sampling is per-
formed by solving the deterministic ODE of the forward

process:
dxt = vθ(xt, t, c) dt. (4)

Rectified flow [11, 13] can be viewed as a simplified in-
stance of this velocity-parameterized formulation. Given a
data sample x0 ∼ X0 with condition c and a Gaussian sam-
ple x1 ∼ X1, it constructs the linear interpolation

xt = (1− t)x0 + tx1, t ∈ [0, 1], (5)

whose velocity field satisfies v = x1−x0. The correspond-
ing flow-matching objective is

LFM(θ) = Et,x0,x1

[
∥v − vθ(xt, t, c)∥22

]
. (6)

This setting is recovered from the diffusion trajectory by
choosing αt = 1− t and σt = t, which yields v = α̇tx0 +
σ̇tϵ = ϵ − x0; identifying x1 with ϵ recovers the rectified
flow interpolation between x0 and a Gaussian sample x1.
Policy-Gradient Reinforce Learning for Diffusion Flows.
Recent works [9, 12, 20, 22] formulate diffusion sampling
as a multi-step Markov Decision Process (MDP), which
enables the use of policy gradient methods such as PPO
and GRPO. For rectified flows, however, the purely de-
terministic ODE dynamics prevent direct application of
GRPO. FlowGRPO [12] addresses this issue by introducing
stochasticity through an SDE under the velocity parameter-
ization:

dxt =
[
vθ(xt, t) +

g2t
2t

(
xt + (1− t)vθ(xt, t)

)]
dt+ gt dωt,

(7)
where

gt = a

√
t

1− t
(8)

controls the magnitude of injected noise and a is a tunable
scale.

Discretizing this SDE with an Euler step of size ∆t
yields a Gaussian transition kernel between adjacent states:

πθ(xt−∆t | xt) = N
(
xt +

[
vθ(xt, t)+

g2t
2t

(
xt + (1− t)vθ(xt, t)

)]
∆t, g2t∆t I

)
.

(9)

Such a parameterization makes the reverse-time transi-
tions likelihood-tractable Gaussians, allowing existing pol-
icy gradient algorithms (e.g., GRPO) to be directly applied
to diffusion models.



参考这张海报的风格，生成一张主体为画面

中 央 的 一 个 滑 板 ， 文 字 为 顶 部 的

“Glide Beyond”和底部的“Ride the Sky”

的海报。

Using the style of this poster as a reference,
gen erate a poster featuring a radio on the left
and a record player on the right, with the text
"Groove Forever" above the radio.

Refer  t o t he layout  of this poster, and gen erate 
a high end skincare commercial poster, wab i-
sabi aesthetic, ceramic jar, glass drop per bott le
, dried peony, textured stone slab, asymmetric

al layered composit ion, muted earthy color pal
ette (terracotta, sage green, soft beige), soft na
tural light ing, seren e lux urious atmosp here, ele
gan t serif text at top center \ " Eternal Radianc
e\ "

参考这张海报的布局,生成高端护肤品牌海报，

采用几何极简风格，画面中左侧是透明玻璃

面霜罐，右侧是金属质感精华液瓶，两者间

摆放着折叠成三角形的白色化妆棉，右下角

立着一面浅金色圆形镜子。整体以米白为底

色，搭配浅金与银灰线条，营造高雅静谧的

氛围。海报顶部有艺术字标题\ "奢颜\ "，画

面中央偏下位置是标语\ "致肌肤的几何之美

\ "。

精华面膜海报, Y2K复古未来风 ,透明精华

瓶,霓虹光带,金属几何支架,荧光液体,中

心对称构图 ,高饱和粉紫蓝绿渐变,活力未

来感 ,顶部艺术字体标题\ "焕活肌底\ "

Bran d Iden tity Poster, ceramic mug, leather-
bound notebook, wooden pen, pott ed succul
ent, earthy color palette, asymmetrical balan
ced composit ion, soft diffused natural light , c

alm authentic atmosp here, bold serif title at t
op \ " Root ed in Craft\ " , subtle sans-
serif tagline below \ " Authenticity in Every D
etail\ "

一个高端商业广告风格海报，主体为一瓶精美的红酒，置于画面中央偏左的位置。这瓶红酒瓶身采用深邃

而晶莹的玻璃材质，内含饱和度极高的深勃艮第红色酒液，光线在其表面折射出诱人的琉璃光泽，展现出

卓越的品质。瓶身中部贴有一张雅致的金色浮雕标签，其上精心勾勒着抽象的葡萄藤纹理，瓶口以深色封

蜡严密封缄，整体设计流露出奢华与高雅。背景为一个极具现代艺术感的饮品展示空间，其设计理念抽象

且富有层次感，避免了任何具体的实物描绘。它由一系列柔和的曲线、流动的几何切面和微妙的光影过渡

构成，营造出一种无尽深邃的视觉体验。背景色调以深邃的午夜蓝与浓郁的勃艮第红为主，通过细腻的渐

变与融合，交织出一种高级而静谧的氛围。柔和且有方向性的聚光灯从上方倾泻而下，在红酒瓶上形成精

巧的高光与阴影，极致凸显其立体感和材质纹理。整个画面具有电影般的质感和景深，焦点清晰，色彩饱

和且和谐，充满艺术美感与强烈的视觉冲击力，旨在传递一种奢华、典雅且富有品味的生活方式。高分辨

率，超现实细节，完美的构图。主标题：“Golden Harvest”，风格 :奢华金，笔触流畅且富有力量感，字体

饱满而典雅。副标题：“The Essence of Fine Craftsmanship”，风格 :典雅米白，字形纤细，现代且精致，富

有高级感。

Rescale the p ost er from 
3:2 (weight :  height) to 
3:4

Rescale the p ost er from 9:16 
(weight :  height) to 3:2

A light beige sq uare 
cardb oard  b ox, printed with 
the same b ran d logo as the 
abstract logo, has a simple 

design with clean ed ges, and 
sits on a smooth surface.

A luxurious golden  satin  
ribbon tied in to a large, 
elegant bow, with smooth 
flowing tails extending 

horizontally across the 
storefront entrance, 
reflectin g light  t o create a 
glossy sheen.
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Filling

Figure 1. Examples from our PosterOmni-data ( PosterOmni-200K and PosterOmni-Bench). For each of the six core image-to-poster
tasks—style-driven generation, layout-driven generation, ID-driven generation, extending, rescaling, and filling—we show the reference
image(s) together with the corresponding image-to-poster prompts in both English and Chinese. The examples illustrate diverse commercial
scenarios, layouts, and visual styles, as well as the explicit task-specific instructions.

Diffusion Negative-aware Finetuning (DiffusionNFT).
DiffusionNFT [25] performs direct policy optimization on
the forward diffusion process by leveraging a reward signal
r(x0, c) ∈ [0, 1]. Rather than using standard policy gradi-
ent [12, 22], it forms a contrastive diffusion loss that pushes
the model’s velocity predictor toward high-reward behavior
and away from low-reward behavior.

Given an offline diffusion policy vold, DiffusionNFT
constructs implicit positive and negative policies:

v+θ (xt, t, c) = (1− β)vold(xt, t, c) + βvθ(xt, t, c), (10)

v−θ (xt, t, c) = (1 + β)vold(xt, t, c)− βvθ(xt, t, c), (11)

where β controls guidance strength. The training objective
is

L(θ) = Ec,πold(x0|c),t

[
r
∥∥v+θ − v

∥∥2
2
+ (1− r)

∥∥v−θ − v
∥∥2
2

]
,

(12)
directly optimizing the new velocity field toward a reward-
weighted improvement direction. The reward is normalized
as:

r(x0, c) =
1
2+

1
2 clip

(
rraw(x0, c)− Eπoldrraw(x0, c)/Zc

1
,−1, 1

)
.

(13)
where Zc normalizes global reward scale. Unlike policy-

gradient diffusion RL, DiffusionNFT maintains forward
consistency, integrates reinforcement signals implicitly into

the velocity field, and entirely avoids likelihood approxima-
tion—enabling a simple, stable finetuning mechanism on
the forward diffusion dynamics.

2. Details of PosterOmni Data (PosterOmni-
200K and PosterOmni-Bench)

In this section, we provide additional details of our
data suite PosterOmni data, which consists of the train-
ing set PosterOmni-200K and the evaluation benchmark
PosterOmni-Bench. The main paper briefly introduces the
automated pipeline in Sec. 3.1 of our manscript; here we
elaborate on task-specific construction, multimodal filter-
ing, and topic coverage.

2.1. Prompt Design and Base Text-to-Image Corpus
We first build a diverse text-to-image corpus that mim-
ics real poster design scenarios. Following the meta-
prompt in Fig. 12, we sample a category (e.g., products,
food, events/travel, education, nature, entertainment), a sce-
nario (e.g., “family feast”, “AI summit”), and a style tag
(e.g., Swiss grid, watercolor). For each triplet, a VLM
(GPT [14]/Qwen3 [23]) plays the role of a “creative direc-
tor” and writes a fluent image-to-poster prompt specifying
(1) main subjects, (2) spatial composition, (3) overall mood
and color palette, and (4) 1–3 pieces of rendered text with
approximate positions (title, slogan, time/place).

We instantiate the template in both English and Chi-
nese, leading to bilingual prompts with consistent seman-



Figure 2. Word cloud of representative keywords in
PosterOmni-data. It illustrates the diversity of our dataset in
terms of styles, layouts, contents and themes, covering a broad
range of real-world poster scenarios in both English and Chinese.

tics. Multiple candidate images are then generated per
prompt by strong text-to-image models (Qwen-Image [21]
and FLUX-style generators), which form the base images
from which all downstream tasks are constructed.

2.2. Multimodal Filtering for PosterOmni-200K
and PosterOmni-Bench

To ensure that the synthetic posters are usable for super-
vised training and reliable evaluation, we apply a multi-
stage multimodal filtering pipeline (Fig. 2 in our manscript).
Training set (PosterOmni-200K). For each (prompt, im-
age) pair we perform:
• OCR and text sanity checks. PaddleOCR [3] is used

to extract rendered text; we reject images where the de-
coded strings are unreadable or deviate too much from
the prompt keywords (e.g., wrong language, heavy cor-
ruption).

• Vision–language consistency. We embed both the
prompt and image with Jina-clip-v2 [8] and drop samples
whose similarity falls below a threshold, which removes
cases where the layout or subject semantics are obviously
mismatched with the description.

• Layout and clutter constraints. Simple heuris-
tics on text box count, text area ratio, and fore-
ground–background separation filter out extremely clut-
tered or almost text-free images, so that each sample still
resembles a reasonable poster layout.

Only pairs passing all checks are used as sources for build-
ing task-specific image-to-poster pairs.
Benchmark (PosterOmni-Bench). For the test bench-
mark, we adopt stricter filtering:
• Task suitability via VLM. Given a candidate im-

age, Gemini-2.5-Flash [19] is queried with the task-

matching meta-prompt in Fig. 13. It must assign exactly
one label from {EXTENDING, FILLING, RESCALING,
ID-DRIVEN, LAYOUT-DRIVEN, STYLE-DRIVEN,
NONE}. We keep only samples that receive a confident,
non-NONE label consistent with our intended task.

• Manual spot-checking. For each task and theme, we
manually review a subset of images to verify that the pre-
dicted task matches human intuition (e.g., that an “ex-
tending” candidate indeed has expandable background,
that a “layout” case exposes a clear grid/compositional
structure).

This procedure yields 480 English and 540 Chinese prompts
paired with reference images, balanced across six themes
and six tasks, as described in the main paper.

2.3. Task-Specific Image-to-Poster Construction
Starting from the filtered text-to-image corpus, we construct
paired image-to-poster samples for six tasks by applying
modular, task-specific transformations (also summarized in
Fig. 2 of our manscript). Examples of the resulting in-
put–output pairs are shown in Fig. 1.
Extending. Given a reference poster, SAM-2 [15] is used
to segment the main subject and foreground elements. We
dilate the foreground mask and treat the remaining area
as “extendable” background. The input image is obtained
by cropping the canvas around the subject, while the tar-
get poster retains the original full canvas. The image-to-
poster prompt explicitly asks the model to extend the can-
vas, this encourages learning seamless background exten-
sion and composition completion.
Filling. For the filling task, we first sample one or more lo-
calized regions (such as a logo slot, product placeholder, or
empty billboard) using SAM-2 [15] masks and simple geo-
metric rules. The input is created by erasing these regions
to obtain a hole image; the target is the original poster. Fill
prompts ask the model to regenerate appropriate content in-
side the hole (e.g., “replace the empty stand with a perfume
bottle”) under the same style and lighting.
Rescaling. Rescaling pairs simulate aspect-ratio changes
without distorting the main subjects. For a clean poster, we
use the SOTA commercial models/crop methods to change
the central region to a different aspect ratio (e.g., from
2 : 3 to 4 : 3) and use BrushNet [7] to extend the margins
where necessary so that the central content stays intact. The
cropped or partially extended image is used as the input,
while the fully adjusted poster serves as the output. Prompts
describe the target ratio (as in PosterOmni-Bench) to teach
the model aspect-ratio-aware composition.
Identity-driven generation. We treat the original poster as
an ID reference and generate a new scene featuring the same
key subject. PaddleDet [1] first detects identity-critical ob-
jects (e.g., a specific drink can, branded product, or mas-
cot). We then use SOTA models to synthesize new im-



Reference Image

A retro-style technical white paper cover poster features a yellowed, thread-bound ancient book standing 

upright on the left, an old-fashioned vacuum tube radio on the right, and a large metal gear device in the 

upper right corner. The three are interconnected by translucent circuit patterns. The overall atmosphere is 

solemn and nostalgic, with warm brown and bronze as the main colors. The poster's title, \"技术白皮书\," 

is displayed in artistic lettering at the top, while the subtitle, \"文化传承与科技创新\" is located slightly 

below the center.

Rejected Image Chosen Image

Reference Image Rejected Image Chosen Image

参考这张海报的布局，生成一张主体为机械昆虫、图纸、背包、智能手表，文字为“MECHANICAL 

EVOLUTION”和“机械新维度”的海报。

Chosen ImageRejected ImageReference Image

Using the style of this poster as a reference, generate a poster with a cup and a straw as the 

main elements in the center of the image, and the text "CYBER SIP" at the top and 

"ULTIMATE FRRFIA AROMA" in the middle.

Chosen ImageRejected ImageReference Image

画面中央一株绿萝，心形叶片从嫩绿到深翠、线条流畅优雅。背景为抽象森林氛围，

无具体树木，仅柔和自然光形成绿＋浅褐水彩渐变，营造安静深远感。整体构图简洁

平衡、色彩柔和有艺术气质。主标题“Emerald Dreams”用优雅手写体翠绿色，副

标题“Where Light Meets Life”用纤细字体，米金色。

Figure 3. Examples of preference pairs for PosterOmni Reward Training. For several representative style-driven and layout-driven
cases, we show the reference image together with the rejected and chosen candidates produced by PosterOmni-SFT, as well as the corre-
sponding image-to-poster prompts in English and Chinese. Each triplet (reference, rejected, chosen) constitutes a concrete example of the
preference pairs used to train the unified reward model Romni.

age(s) where the subject appears in a different pose or en-
vironment but with consistent fine-grained identity (shape,
color pattern, logo). The input consists of the generated im-
age(s), and the output is the reference poster, supervised by
prompts that stress preserving identity while changing con-
text.
Layout-driven generation. Here the input is a clean layout
template with recognizable blocks (hero image area, text
zones, logo strip, etc.). We use VLMs (e.g., Gemini-2.5-
Pro [19]) or simple heuristic rules to extract a coarse layout
graph, then ask the SOTA models to “follow the layout” but
replace the content (e.g., new products and background).
Then, SOTA VLM feedback is used to construct image-to-
poster prompts to form a complete data pair.
Style-driven generation. For style-driven generation, the
construction is analogous but focuses on visual treatment
rather than spatial structure. Given a reference poster, we
treat it as a style template and use VLMs to summarize key
stylistic attributes such as color palette, rendering texture,
lighting, and typography (e.g., “vaporwave cyberpunk”).
We then require the existing editing model to replace parts
of the text and objects in the scene while preserving reason-
able consistency with the main stylistic features and scene
semantics. The VLM is then used again to generate corre-
sponding image-to-poster conversion prompts. Therefore,
the input reference poster and target poster are stylistically

similar but differ in specific content.

2.4. Keyword Distribution and Topic Coverage
To better visualize the semantic coverage of POSTEROMNI-
data, Fig. 2 shows a word cloud built from all English and
Chinese prompts. Large keywords such as “poster”, “lay-
out”, “style”, “rescale”, and “film” correspond to our core
tasks and typical poster scenarios, while medium and small
words cover product categories (e.g., coffee, skincare, cam-
era), event types (e.g., concert, marathon, exhibition), and
design attributes (e.g., “minimalism”, “memphis”, “cream
tone”). The mixture of bilingual tokens indicates that the
dataset spans both Chinese and English markets and empha-
sizes realistic commercial usage rather than toy scenes. In
addition to the high-quality data generated by our pipeline,
POSTEROMNI-data also includes a small portion (< 10%)
of in-house poster data; these samples are processed with
the same processes.

3. PosterOmni Reward Training Dataset and
Model Details

3.1. PosterOmni Reward Dataset Construction
To clarify the data used for training the unified Pos-
terOmni Reward Model Romni, we summarize the construc-
tion pipeline and basic statistics here. As illustrated in



Table 1. Approximate statistics of the PosterOmni preference
dataset used to train Romni. Each row reports the number of human-
checked preference pairs for a task type. During reward train-
ing, we further augment the data with input–output negative pairs
(Iin, Ichosen); the last column shows the approximate fraction of
such extra negatives among all comparisons.

Task type #Preference pairs Share of all pairs Extra negative-pair ratio

Poster Rescale 11,000 ≈ 18% 33.3% (1:3)
Poster Fill 9,000 ≈ 15% 33.3% (1:3)
Poster Extend 10,000 ≈ 17% 33.3% (1:3)
Identity-driven 8,000 ≈ 13% 33.3% (1:3)
Layout-driven 11,000 ≈ 18% 33.3% (1:3)
Style-driven 11,000 ≈ 18% 33.3% (1:3)

Overall 60,000 100% 33.3% (1:3)

Fig. 3, starting from the SFT-trained PosterOmni model, we
generate candidate posters for all six image-to-poster task
types. Candidate images are grouped into pairs, each pair
sharing the same input context and task description. We
then query Gemini-2.5-Pro [19] with the preference prompt
shown in Fig. 14 to obtain an automatic choice between the
two candidates. Pairs for which Gemini indicates a clear
preference and at least one candidate already satisfies ba-
sic poster quality are kept, while pairs where both candi-
dates are obviously broken (e.g., unreadable text, collapsed
layout) are discarded. This step acts as a coarse filter and
provides an initial ranking signal.

On the remaining pairs, human annotators perform a
light review using the same task-specific criteria as in
Fig. 14, correcting Gemini’s decisions when necessary and
discarding ambiguous or noisy cases. After this two-stage
filtering and review, we obtain roughly 60K clean prefer-
ence pairs across all tasks. The distribution over task types
is slightly imbalanced but covers both local editing (rescale,
fill, extend, ID-driven) and global creation (layout-driven,
style-driven) cases. For reward training, each labeled pair
(Ichosen, Irejected) additionally yields a simple negative pair
by treating the original input image Iin as the less preferred
sample and Ichosen as the preferred one, so that Romni learns
to favor complete poster-like edits over raw inputs. Tab. 1
reports the approximate per-task statistics used in our ex-
periments.

3.2. PosterOmni Reward Model Architecture and
Training

Based on the preference data described above, we in-
stantiate Romni on top of the Qwen3VL [23] encoder
with a lightweight regression head. For each quadru-
plet (Iin, pt, edit, I), we treat I as the candidate poster
to be scored. The image I is fed to the vision branch
of Qwen3VL, while the text branch concatenates the task
prompt pt, the editing description edit, and a short task-
type tag (e.g., “[Task: Layout-driven generation]”). We take
the pooled multimodal representation and pass it through a
small MLP head to obtain a scalar reward rθ(I) ∈ R. Since

each task is accompanied by explicit instructions and a task-
type indicator, the reward model learns to distinguish fine-
grained quality differences between candidates under the
same task while sharing parameters across different tasks.
In this way, preference learning mainly depends on rela-
tive scores within each task, yet results in a single unified
PosterOmni reward model applicable to all image-to-poster
settings.

4. User Study
Besides the automatic metrics reported the in mainscript,
we further conduct a human preference study to directly as-
sess the perceptual quality of different image-to-poster gen-
eration systems. Our goal is to measure how often Pos-
terOmni is preferred by human users compared with both
open-source and proprietary baselines.
Setup. We randomly sample 150 prompts from
PosterOmni-Bench-en (in order to compare all mod-
els), covering all six poster-editing tasks (extend, fill,
rescale, ID-driven, layout-driven, and style-driven gener-
ation). For each prompt, we generate posters using Pos-
terOmni and six competing systems (Seedream-4.0 [16],
Seedream-3.0 [5], UniWorld-V2–Qwen-Image-Edit [10],
Qwen-Image-Edit [2509] [21], FLUX.1 Kontext [dev] [2],
and BAGEL [4]). We recruit six experienced poster design-
ers, all of whom have at least two years of professional de-
sign experience. Each rater is presented with pairwise com-
parisons between PosterOmni and one baseline at a time,
under a randomized order of prompts and model sides (left-
/right) to avoid bias.
Protocol and metrics. For each comparison, raters are
asked to judge the two posters along four criteria: (i) Aes-
thetic Value (overall visual appeal and layout harmony),
(ii) Task (Prompt) Alignment (whether the poster correctly
follows the editing instruction and preserves required con-
tent/layout), (iii) Text Accuracy (correctness and legibility
of rendered text), and (iv) Overall Preference (which poster
they would choose to use in a real project). For every cri-
terion, raters choose one of three options: “PosterOmni is
better”, “Tie”, or “Baseline is better”. Given all annotations,
we compute for each baseline and criterion the win rate w
(fraction of comparisons where PosterOmni is preferred),
tie rate t, and loss rate ℓ (fraction where the baseline is pre-
ferred), normalized so that w+t+ℓ = 1. These win/tie/loss
rates are reported in Fig. 4.
Results. As shown in Fig. 4, PosterOmni achieves consis-
tently higher win rates than all existing open-source sys-
tems across all four criteria, with especially strong gains in
Task (Prompt) Alignment. Against the state-of-the-art pro-
prietary system Seedream-4.0, PosterOmni attains compa-
rable performance: their win/loss bars are close to the 0.5
parity line for all criteria, indicating that users find the two
systems essentially on par. Overall, the user study confirms
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Figure 4. Human preference study for image-to-poster generation. We compare PosterOmni with six competing systems (Seedream-
4.0 [16], Seedream-3.0 [5], UniWorld-V2–Qwen-Image-Edit [10], Qwen-Image-Edit [2509] [21], FLUX.1 Kontext [dev] [2], and
BAGEL [4]) under four criteria: Aesthetic Value, Task (Prompt) Alignment, Text Accuracy, and Overall Preference. For each pairwise
comparison, bars report the fraction of cases in which PosterOmni is preferred (light purple), tied (gray), or worse (red) than the competing
model. The vertical dashed line at 0.5 denotes parity; bars extending to the right indicate that PosterOmni is more often favored than
the corresponding baseline. Overall, PosterOmni significantly outperforms all existing open-source models and performs on par with the
state-of-the-art proprietary system Seedream-4.0.

that PosterOmni not only improves objective metrics, but
also delivers posters that human designers genuinely prefer
in real design scenarios.

5. Additional Ablation Studies.
5.1. Ablation on PosterOmni Reward Model Design
In this section, we supplement the ablation experiments on
PosterOmni by focusing on how the design of the unified
reward model Romni affects downstream image-to-poster
quality. For each variant of Romni, we keep the Omni-
Edit RL procedure (DiffusionNFT-based policy optimiza-
tion) and all hyper-parameters fixed, and only swap the
reward model used to score generated samples. The fi-
nal scores therefore reflect the quality of the reward signal
rather than changes in the RL algorithm.

Concretely, starting from the same preference pairs, we
compare three designs:
• w/o Negative pairs: we remove the additional input–

output pairs (Iin, Ichosen) and train the reward model only
on candidate–candidate preferences. In this case Romni
mostly learns relative aesthetics between edited posters,
without being explicitly penalized for staying too close to
the raw input image.

• w/o Image-to-poster prompt: we keep all pairs but drop

the full image-to-poster prompt from the text input of
Romni, leaving only the task-type tag (e.g., “[Task: Lay-
out]”). This variant emphasizes generic aesthetic prefer-
ences within each task, while largely ignoring the detailed
creative brief and task-specific requirements.

• Full Romni (Ours): the reward model uses both
candidate–candidate and input–output pairs, and is condi-
tioned on the complete image-to-poster prompt together
with the task-type tag, forming a unified, instruction-
aware reward across all tasks.
We evaluate these variants by applying the same Omni-

Edit RL pipeline and reporting the averaged scores on a
local task (extend) and a global task (layout-driven). As
shown in Tab. 2, removing negative pairs leads to a clear
drop, especially on the global layout task. Compared with
typical text-to-image settings or cross-model comparisons,
the image-to-poster candidates produced by PosterOmni-
SFT under the same instruction are already relatively close
to each other, so the quality gap within each pair can be
subtle. The additional negative pairs, constructed from the
raw input image and its output poster, provide clear, easy-
to-recognize negative examples and help Romni better learn
what should be treated as a bad output. Dropping the image-
to-poster prompt yields consistent degradation: the reward
model becomes biased toward purely aesthetic signals and



Table 2. Ablation study of PosterOmni Reward Model design.
Scores are averaged on a local task (extend, L) and a global task
(layout-driven, G).

Reward Model PosterOmni (L / G)↑
PosterOmni-SFT (no RL) 4.43 / 3.89

(i). w/o Negative pairs 4.64 / 4.03
(ii). w/o Image-to-poster prompt 4.67 / 4.09
(iii). Full Romni (Ours) 4.76 / 4.20

tends to overlook instruction-following for image-to-poster
generation. The full unified Romni, trained with both neg-
ative pairs and prompt conditioning, achieves the best bal-
ance on both local and global tasks.

Additionally, our focus in this work is to develop an end-
to-end PosterOmni framework, where Romni is used as an in-
ternal optimization module for the image-to-poster genera-
tor rather than as a stand-alone benchmarked model. Con-
sequently, we do not compare Romni against a wide range
of existing reward models. To the best of our knowledge,
there is no reward model specifically designed for image-
to-poster generation, and our preference data are tightly
coupled with the PosterOmni-SFT generator and its task-
specific instructions. This mismatch in both task definition
and data distribution makes it difficult to fairly plug generic
text-to-image or generic editing reward models into our
pipeline as drop-in replacements. We therefore restrict our
analysis to ablations on the design of Romni itself and eval-
uate its quality indirectly through the final performance of
PosterOmni, leaving a more systematic study of cross-task
reward transfer and reward-model benchmarking to future
work.

5.2. Ablation on Expert Integration Strategies
Beyond the reward model design, we also study how to best
integrate the local- and global-editing experts into a single
poster editor. Starting from the task-specific experts Elocal
and Eglobal trained in Sec. 3.2, we compare several ways
of combining them into one model while keeping the back-
bone and training budget fixed.

• Linear LoRA merge: we directly interpolate the LoRA
parameters of Elocal and Eglobal with different weight-
ing coefficients α ∈ {0.25, 0.5, 0.75}, i.e., ∆W =
α∆Wlocal + (1 − α)∆Wglobal. This parameter-level fu-
sion requires no extra training but ignores the large distri-
bution gap between fine-grained local editing and global
composition.

• ZipLoRA fusion: following ZipLoRA [17], we compress
and merge the two LoRA adapters into a single larger
adapter. This variant explicitly reduces redundancy be-
tween experts, but still performs fusion purely in parame-
ter space.

• Task distillation (PosterOmni-SFT): our final design
uses the two experts as teachers and trains a student edi-

Table 3. Ablation of expert integration strategies. Scores are aver-
aged on a local task (extend, L) and a global task (layout-driven,
G) on PosterOmni-Bench-en.

Integration Strategy PosterOmni (L / G)↑
Qwen-Image-Edit [2509] 4.28 / 3.44

(i). Linear merge (0.25 / 0.75) 4.27 / 3.71
(ii). Linear merge (0.50 / 0.50) 4.30 / 3.65
(iii). Linear merge (0.75 / 0.25) 4.31 / 3.63
(iv). ZipLoRA fusion [17] 4.31 / 3.74
(v). Task distillation (PosterOmni-SFT) 4.43 / 3.89

tor with the distillation loss in Eq. (2), jointly supervising
the student on all six tasks with auxiliary text-rendering.
This yields the unified PosterOmni-SFT model used in
the main paper.
We evaluate these integration strategies on PosterOmni-

Bench-en in the main ablation study, and report Gemini
scores in Tab. 3. Across all interpolation weights, linear
merging leads to a clear degradation on both tasks. In prac-
tice, we observe severe failure cases such as directly copy-
ing the reference image, collapsing to a single dominant ex-
pert, or producing nearly identical outputs for different task
types, which is unacceptable for a multi-task poster editor.
ZipLoRA fusion provides a slightly better balance, but still
suffers from task interference and distorted layouts: fus-
ing heterogeneous experts only in parameter space cannot
preserve their complementary behaviours when the task set
is diverse. In contrast, the task-distilled PosterOmni-SFT
consistently achieves the best scores, showing that learning
from expert outputs is more reliable than naı̈vely merging
their LoRAs when unifying local editing and global cre-
ation.

Fig. 5 visualizes several extending, layout- and style-
driven examples. Linear merge (for all weights) often pro-
duces posters that either copy the reference almost verba-
tim or lose key layout/style cues; ZipLoRA still exhibits re-
peated objects and unstable typography. The distilled model
better follows the target layout or style while generating
sharper text and more coherent compositions.

6. Additional Visual Comparisons
To further demonstrate the superiority of our PosterOmni
model, we provide extensive visual comparisons across six
distinct poster generation tasks. These comparisons, de-
tailed in Fig.6-11, highlight PosterOmni’s advanced capa-
bilities in handling complex, real-world poster creation sce-
narios against several state-of-the-art models.
Poster Extending. As shown in Fig.6, the poster extending
task requires the model to expand the canvas of an existing
poster while maintaining its content and style. Competing
models such as FLUX-Kontext [2] and Seedream-4.0 [16]
often introduce distorted entities, incorrect text elements



Reference Image Linear Merge ZipLora Merge Distillation (Ours)

Prompt: Using the layout of this poster as a reference, please generate a poster for me with the main elements of a 

typewriter, quill pen, and ink bottle, and the text " Vintage Writing Carnival. " and “书写之韵”.

Reference Image Linear Merge ZipLora Merge Distillation (Ours)

Prompt: Coffee capsule machine poster, wabi-sabi style, coffee capsule machine, coffee capsules, ceramic mug, 

wooden table, asymmetrical composition, muted earth tones, cozy rustic atmosphere, elegant text at bottom \"Crafted 

Moments\"

Reference Image Linear Merge ZipLora Merge Distillation (Ours)

Prompt: Inspired by the style of this poster, generate a poster with a radio in the center -right of the image, surrounded 

by four capsule-shaped objects on a table, and the text "Tuning Timeless" in the upper left corner and "Dial Art" in the 

lower right corner.

Figure 5. Qualitative comparison of expert integration strate-
gies. For several layout- and style-driven prompts, we show the
reference image, and results from linear LoRA merge, ZipLoRA
merge, and our distilled model. Linear and ZipLoRA [17] merg-
ing frequently cause task failure, such as copying the reference al-
most directly, collapsing to a single expert, or losing the intended
layout/style. The task-distilled PosterOmni-SFT produces more
coherent posters with clearer typography and better adherence to
task-specific instructions.

(highlighted by yellow boxes), or fail to maintain stylistic
consistency, resulting in visually incoherent extensions. In
contrast, PosterOmni consistently preserves the integrity of
entities, typography, and global aesthetic quality, achieving
a more faithful and visually pleasing completion of the task
across diverse creation scenarios.
Poster Filling. The poster filling task, illustrated in Fig.7,
involves inpainting a masked region within a poster based
on a textual prompt. Other models frequently strug-
gle to reconstruct objects coherently or maintain accu-
rate typography, often producing distorted or nonsensical
results (e.g., the malformed telephone by UniWorld-V2-
Qwen [10]). PosterOmni demonstrates superior perfor-
mance in this region-aware task by consistently reconstruct-
ing objects with higher fidelity, restoring scene coherence,
and maintaining precise typography, as seen in the accurate
rendering of the pagoda, projector, and telephone.
Layout-driven Poster Generation. For the layout-driven
generation task (Fig.8), models are prompted to create a
new poster by following the spatial arrangement of elements
from a reference layout. While other methods struggle with
precise element placement, text generation, and maintaining
a balanced composition, PosterOmni excels at faithfully ad-
hering to the reference layout. It successfully populates the

new poster with the specified content, producing coherent,
well-structured compositions with superior aesthetic quality
and legibility.
Style-driven Poster Generation. Fig.9 showcases the style-
driven generation task, where the goal is to create a new
poster with novel content while mimicking the artistic style
of a reference image. This is challenging as it requires dis-
entangling style from content. Other models often fail to
capture the nuanced artistic style or incorrectly blend con-
tent from the reference image. In many cases, they resort
to a literal reproduction of the reference, which stifles any
creative derivation and fails to generate novel content. Pos-
terOmni excels in this regard, preserving style fidelity and
global artistic coherence while accurately generating the
new subject matter, resulting in aesthetically consistent and
high-quality posters.
ID-driven Poster Generation. In the ID-driven poster gen-
eration task (Fig.10), the primary objective is to maintain
the identity of a specific subject provided in a reference im-
age. Many competing models struggle to preserve the sub-
ject’s key features, resulting in distorted or unrecognizable
forms (highlighted by red boxes). Moreover, they can be
overly rigid, often copying the reference image verbatim
instead of adapting it to new requirements in the prompt,
such as applying an abstract art style. PosterOmni, however,
demonstrates a robust ability to maintain object identity
more faithfully. It delivers coherent, high-quality posters
that seamlessly integrate the subject while upholding excel-
lent aesthetic consistency.
Poster Rescaling. The poster rescaling task (Fig.11) chal-
lenges models to adapt a poster to a new aspect ratio without
compromising its core message or aesthetic appeal. Unlike
other methods that resort to simplistic and often destruc-
tive cropping or stretching, PosterOmni intelligently recom-
poses the image. It strategically rearranges and regenerates
elements to fit the new dimensions, thereby maintaining the
integrity of core objects and text. This advanced capability
results in high-quality posters with exceptional visual co-
herence and aesthetic consistency, regardless of the target
aspect ratio.

7. Limitations and Future Works
Although PosterOmni already demonstrates strong perfor-
mance across six poster-editing tasks, several aspects re-
main to be improved. First, a non-trivial portion of our
training data is synthesized, even though we also curate a
large number of real posters. As a result, the dataset, while
diverse, does not fully cover long-tail real-world cases such
as brand-specific style guidelines, noisy user uploads, or
highly cluttered commercial layouts. In future work, we
plan to continuously expand PosterOmni-200K with more
real, heterogeneous samples along these directions.

Second, the current framework focuses on single-round



editing under explicit instructions. Extending PosterOmni
to support multi-turn, interactive co-creation and enforcing
long-range visual and stylistic consistency across a series
of related posters are promising directions that we intend to
explore. Finally, while our design is instantiated on posters,
we hope to generalize to broader graphic design scenarios,
such as slide layouts, web banners, or multi-page brochures
in more vertical domains. We view these extensions as nat-
ural next steps to further validate and enhance the generality
of PosterOmni.
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Seedream-4.0 PosterOmni

Memphis-style matcha roll cake poste r: whole

ca ke ce nte r, slice d piece right, matcha bow l left,

bamboo mat beneath—bold geome tric patterns,

pastel gre ens/pinks. At top: \"Matcha Roll Cake

He aven\"; below: \"Freshly Made Da ily\".

Qwen-Edit [2509] UniWorld-V2-QwenFLUX-KontextReference ImageImage-to-Poster Prompt

Type: Extending

Seedream-4.0 PosterOmniQwen-Edit [2509] UniWorld-V2-QwenFLUX-KontextReference Image

Flu vacc ina tion poste r, wa bi-sabi style, lea f with

dewdrop, seedling, bamboo cup, stone , muted

ea rth tone s, organic composition, serene

atmosphere, text at top \"Na ture’s Shield Against

Flu\", text at bottom \"Protect Yourself , Protect

Na ture\".

Image-to-Poster Prompt

Type: Extending

Seedream-4.0 PosterOmniQwen-Edit [2509] UniWorld-V2-QwenFLUX-KontextReference Image

Eco volunteer recruitment poste r, New Bauhaus

style, tree saplings, recycling bin, reusable tote

bag, geome tric composition, ea rthy

green/brow n/blue palette , hopeful atmosphere,

headline at top \"Eco Volunte ers Ne eded\",

subhea d below \"Nurture Na ture Together\"

Image-to-Poster Prompt

Type: Extending

Seedream-4.0 PosterOmniQwen-Edit [2509] UniWorld-V2-QwenFLUX-KontextReference Image

Commercial produc t poste r: hair serum,

minimalist style, sleek glass bottle , precision

droppe r, fresh gre en lea f, smooth marble surface ,

soft white backdrop, muted gray marble , vibrant

gre en ac cents, luxurious ca lm mood, bold title at

top \"Pure Nourishme nt\", subtle tagline below

\"Deep Hydra tion for Healthy Locks\"

Image-to-Poster Prompt

Type: Extending

Educa tional support poste r, Y2K style, stac ke d

textbooks, pencil with eraser, tree sapling,

rainbow gra die nt background, layered

composition with geome tric shapes, pastel

pink/mint green/sky blue color palette , vibrant

hopeful atmosphere, title at top \"Na ture' s

Classroom\", subtitle below \"Support Educa tion,

Grow Gree n\"

Image-to-Poster Prompt

Type: Extending

Seedream-4.0 PosterOmniQwen-Edit [2509] UniWorld-V2-QwenFLUX-KontextReference Image

Figure 6. Visual comparison of different model outputs on the extending task. Red boxes highlight errors and distorted entities,
while yellow boxes indicate incorrect or missing text elements. Compared to other methods, PosterOmni consistently preserves layout,
typography, and global aesthetic quality, while achieving more faithful task completion across diverse poster creation scenarios.

Jun Zhu, and Ming-Yu Liu. Diffusionnft: Online diffu-
sion reinforcement with forward process. arXiv preprint
arXiv:2509.16117, 2025. 2



Seedream-4.0 PosterOmni

A blue and white globe of the

world in the gray region

UniWorld-V2-Qwen Gemini-2.5-FlashQwen-Edit [2509]Reference ImageImage-to-Poster Prompt

Type: Filling

Seedream-4.0 PosterOmniUniWorld-V2-Qwen Gemini-2.5-FlashQwen-Edit [2509]Reference ImageImage-to-Poster Prompt

a geometric wooden pagoda

Type: Filling

Seedream-4.0 PosterOmniUniWorld-V2-Qwen Gemini-2.5-FlashQwen-Edit [2509]Reference ImageImage-to-Poster Prompt

An old film projector covered in

rust, with large, rusty film reels

mounted on both sides.

Type: Filling

Seedream-4.0 PosterOmniUniWorld-V2-Qwen Gemini-2.5-FlashQwen-Edit [2509]Reference ImageImage-to-Poster Prompt

An antique rotary dial telephone

with a light beige plastic casing,

coiled spiral cord, metallic circular

dial featuring numbered holes.

Type: Filling

Figure 7. Visual comparison of different model outputs on the filling task. Red boxes highlight errors and distorted entities, while
yellow boxes indicate incorrect or missing text elements. Compared to other methods, PosterOmni consistently reconstructs objects with

higher fidelity, restores scene coherence, and maintains accurate typography, demonstrating superior performance in region-aware poster
filling.



Seedream-4.0 PosterOmni

Refer to the layout of this poster to create a new

design: the main subject is a multi-layered folded

document placed on a white mouse pad. Next to it

is a metallic ballpoint pen, with a cup of warm

coffee on the right side, accented with a few green
sticky notes. The text ...

Bagel Qwen-Edit [2509]Reference ImageImage-to-Poster Prompt

Type: Layout-driven 

FLUX-Kontext

Seedream-4.0 PosterOmniBagel Qwen-Edit [2509]Reference ImageImage-to-Poster Prompt FLUX-Kontext

Refer to the layout of this poster and create a new

poster featuring a beige wireless Bluetooth speaker,

a transparent glass scented candle, a wooden tray

stacked with colorful building blocks, and a chilled

mineral clock as the main elements. The text
should read \"Enjoy Life\" at the top and \"Quality

Every Day\" at the bottom.

Type: Layout-driven 

Seedream-4.0 PosterOmniBagel Qwen-Edit [2509]Reference ImageImage-to-Poster Prompt FLUX-Kontext

Refer to the layout of this poster and create a new

poster featuring a small bottle as the central object

on a desktop, with a pair of sunglasses placed on

the left side, an open novel on the right side, and a

lit scented candle at the bottom. The text should
read \"Serene Afternoon Moments\" at the top and

\"Aesthetic Living\" at the bottom.

Type: Layout-driven 

Seedream-4.0 PosterOmniBagel Qwen-Edit [2509]Reference ImageImage-to-Poster Prompt FLUX-Kontext

with the Referencing the layout of this poster,

create a new poster following elements: on the left,

a series of interlocked building blocks; in the center,

a broken colored pencil; on the right, a map with

worn and frayed edges. … Type: Layout-driven 

Figure 8. Visual comparison of different model outputs on the layout-driven poster generation task. Red boxes highlight errors and
distorted entities, while yellow boxes indicate incorrect or missing text elements. Compared to other methods, our PosterOmni model
follows the reference layout more faithfully and produces coherent, well-structured posters with superior aesthetic quality.



Seedream-4.0 PosterOmniUniWorld-V2-Qwen Seedream-3.0Reference ImageImage-to-Poster Prompt Qwen-Edit [2509]

Referencing the style of this poster, create a new poster

featuring a telescope positioned at the center of the

image, with a winding river next to it. Include the

text \"Explore the Universe\" at the top and

\"Discover Infinite Possibilities\" at the bottom of
the poster.

Type: Style-driven 

Refer to the style of this poster and create a new one

fea turing a bookshelf in the lower left corner as the main

subject, set against a misty city skyline. A winding track

extends through the middle of the image. Include the title

\"Urban New Perspectives\" at the top and the subtitle

\"Curated Book Routes\" at the bottom.

Type: Style-driven 

Seedream-4.0 PosterOmniUniWorld-V2-Qwen Seedream-3.0Reference ImageImage-to-Poster Prompt Qwen-Edit [2509]

Seedream-4.0 PosterOmniUniWorld-V2-Qwen Seedream-3.0Reference ImageImage-to-Poster Prompt Qwen-Edit [2509]

Referencing the style of this poster, create a new poster

fea turing a silver-gray high-rise office building as the

central subject positioned towards the left-center of the

image. In the upper right corner, incorporate a rotating

gear glowing with a mysterious purple aura. At the bottom,

place a semi-transparent crysta l-structured key. Include

the text \"Future Metropolis\" at the top and \"Innovation

Driven\" at the bottom of the poster.

Type: Style-driven 

Figure 9. Visual comparison of different model outputs on the style-driven poster generation task. Red boxes highlight errors and
distorted entities, while yellow boxes indicate incorrect or missing text elements. Compared to other methods, our PosterOmni model
better preserves style fidelity and global artistic coherence, while also achieving excellent aesthetic quality.



Reference Image

An abstra ct, ar tistically stunning digita l illustration in poste r style.

Slightly left of ce nte r in the composition stands a fluffy, pure white

rabbit, quie tly poised. Its ea rs are long and supple, and a pair of

lively, inquisitive amber eyes gaze forward atte ntively. The

rabbit' s fur is lush and shiny, with every fine hair cle ar ly depicted

as if softly illuminated by the first gentle morning light. Main title:

\"Pure White Chronic le\"Style: Soft light brown color, rounde d

and playful type face with smooth, artistic brushstrokes, radiating

wa rmth and a dre amy atmosphere. Subtitle: \"Kindle Your Ge ntle

Moments\"Style: De eper gra y-blue color, slender, ele ga nt, and

modern font, clear and easy to read, forming a refined contra st

with the main title."

Qwen-Edit [2509] Seedream-3.0 Seedream-4.0 PosterOmniImage-to-Poster Prompt

Type: ID-driven

Gemini-2.5-Flash

Centered in the composition floa ts a vibrant goldfish, its ora nge-

red sca les glow ing with delica te shimmer. The translucent fins

gently sprea d like silk in the wa ter , ca pturing a sense of ca lm

motion. The background melts into a dre amy blend of blue-gre en

hues with shallow-focus bokeh, forming an etherea l lakeside

atmosphere of pure color and light. Main title: “Golden Moments”.

Style: White, ele ga nt, f low ing brushstroke lette ring, bright and

artistic. Subtitle: “A Glimpse of Aquatic Grace”. Style: White,

slender, minimalist, cle an and refined.

Type: ID-driven

Reference Image Qwen-Edit [2509] Seedream-3.0 Seedream-4.0 PosterOmniImage-to-Poster Prompt Gemini-2.5-Flash

A warm, high-resolution still-life poste r capturing a freshly baked

I talian pizza at ce nte r stage. Stea m rise s softly from the golden

crust, while melted moz zarella , r ich toma to sauce , basil lea ve s,

and glistening salami slice s crea te an irresistibly appetizing texture.

The background dissolves into a festive blend of golden, amber,

and red bokeh with floa ting sparkles, forming a cozy holiday

atmosphere and smooth, dreamy depth of field. Gentle side

lighting highlights every detail of the pizza ’s surface. Main title:

“Pizza Perfection” . Style: Warm golden tone , bold yet ele ga nt

brushstroke lette ring with a glossy finish. Subtitle: “A symphony

of taste in every slice”. Style: Soft ivory, slender, modern,

minimalist, highly readable.
Type: ID-driven

Reference Image Qwen-Edit [2509] Seedream-3.0 Seedream-4.0 PosterOmniImage-to-Poster Prompt Gemini-2.5-Flash

Reference Images Qwen-Edit [2509] Seedream-3.0 Seedream-4.0 PosterOmniGemini-2.5-Flash

A dynamic, high-resolution produc t-photography poste r set in a

colorful, energetic playground sce ne. A sharp fluore scent gre en

tennis ball f loa ts on the left; a neatly coiled neon-pink jump rope

with metallic handle s sits near ce nte r; and a slee k black skateboard

anchors the bottom. The background blends ele ctr ic blue , pink,

yellow, and orange gradients with glow ing bokeh and soft motion

stre aks, crea ting a festive , high-energy vibe. Bright studio lighting

highlights all details against a shallow, smooth depth of field. Main

title: “Playtime Pulse”. Style: White, bold, hand-dra wn

brushstrokes with gra ff iti-like energy. Subtitle: “Unleash Passion.

Sweat with Style.” Style: Vibrant pink, slender, modern, smooth

brush lette ring.

Image-to-Poster Prompt

Type: ID-driven

Figure 10. Visual comparison of different model outputs on the ID-driven poster generation task. Red boxes highlight errors and
distorted entities, while yellow boxes indicate incorrect or missing text elements. Compared to other methods, our PosterOmni model
maintains object identity more faithfully and delivers coherent, high-quality posters with excellent aesthetic consistency.



Reference Image Seedream-3.0 Seedream-4.0 PosterOmniImage-to-Poster Prompt

Rescale the poster from

16:9 to 2:3.

Type: Rescale

Qwen-Edit [2509]FLUX-Kontext

Reference Image Seedream-3.0 Seedream-4.0 PosterOmniQwen-Edit [2509]FLUX-Kontext

Reference Image Seedream-3.0 Seedream-4.0 PosterOmniQwen-Edit [2509]FLUX-Kontext

Rescale the poster from

16:9 to 1:1.

Type: Rescale

Rescale the poster from

9:16 to 4:3.

Type: Rescale

Figure 11. Visual comparison of different model outputs on the poster rescaling task. Compared to other methods, our PosterOmni
model not only maintains the integrity of core objects and text when rescaling posters, but also intelligently recomposes the image, gener-
ating high-quality posters with visual coherence and excellent aesthetic consistency.



Prompt 7.1 (Prompt Construction for Text-to-Image Generation)

You are an expert creative director for commercial posters. Your task is to write a single high-quality prompt for a
text-to-image model. The model will only see the prompt you output, not the instructions below.

Given:
• A high-level poster category: {CATEGORY} (e.g., commercial product, food & drink, film/entertainment, event/-

travel, culture/education/tech, nature/public service);
• A fine-grained scenario inside this category: {SCENARIO} (e.g., “hand-brew coffee workshop”, “city marathon”,

“AI developer summit”);
• A visual style tag: {STYLE} (e.g., minimalism, Art Deco, Swiss grid, Y2K, Wabi-sabi, vaporwave, etc.).
Your goal is to produce one fluent poster-generation prompt that would be directly fed to an image generator. The
prompt must satisfy:
1. Clear scene and subjects. Describe a concrete scene for a single poster, including 3–4 distinct main objects that

are important visual elements (e.g., products, props, devices), not tiny decorations or parts of another object.
2. Spatial composition. Explicitly mention the spatial layout and relationships between subjects (left/right, fore-

ground/background, “A placed next to B”, “C on top of D”, etc.) so that the composition is easy to follow.
3. Style, mood, and color. Make the scene reflect the given style tag {STYLE}, including overall mood (e.g., calm,

energetic, luxurious) and a dominant color palette.
4. Preference for non-human subjects. Prefer inanimate objects, scenes, or abstract elements as the main subjects;

include people only when they are essential to {SCENARIO}.
5. Rendered text on the poster. Invent up to three short pieces of text that should appear on the poster (e.g., main

title, slogan, time/place). For each piece:
• Indicate its approximate position with phrases such as “at the top of the poster”, “in the center”, “small text

below the product”;
• Put the exact text to be rendered in double quotes, e.g., "Summer Rhapsody".
Do not explain the text; only provide what should be drawn on the image.

6. Format. Output a single, coherent prompt (either a short paragraph or a comma-separated keyword-style descrip-
tion) with moderate length; do not include bullet points, numbering, or meta-comments.

Only output the final prompt sent to the image generator. Do not repeat the instructions above.

Figure 12. VLM prompt used to synthesize text-to-image prompts for PosterOmni data. We instantiate this template in both Chinese and
English, and in natural-language or keyword-style form, while sampling {CATEGORY}, {SCENARIO}, and {STYLE} from our theme
and style tables.



Prompt 7.2 (Task-Matching Prompt for PosterOmni-Bench)

You are a professional image classifier for image-to-poster generation tasks. Given a single poster image, your goal
is to decide which image-to-poster task it is most suitable for.

Global rules.
• Strict matching. Only assign a task when the visual evidence strongly and clearly fits its definition.
• Single choice. If an image could fit multiple tasks, select the best-matching one.
• Final output. Output exactly one label from the closed set:
["EXTENDING", "FILLING", "RESCALING", "ID-DRIEVN POSTER GENEREATION",
"LAYOUT-DRIEVN POSTER GENEREATION", "STYLE-DRIEVN POSTER GENEREATION",
"NONE"].

Task definitions (PosterOmni tasks).
1. Extending poster generation. The main subject occupies a central region with surrounding background that can

be naturally expanded. Subjects should not already fill >80% of the frame, and boundaries between subject and
background are reasonably clean so that adding more canvas around them is meaningful.

2. Filling poster generation. The image contains a clearly localized region that could be removed, masked, or
replaced (e.g., a logo, an object, or a hole inside the main scene). The area to modify is well supported by
surrounding context so that plausible local content can be generated.

3. Rescaling poster generation. The image has one or more clearly defined subjects with a non-trivial background,
and the scene would remain valid under a change of aspect ratio (e.g., from 4:3 to 16:9). The background is neither
completely plain (solid color) nor extremely cluttered; subjects and background are separable so that recomposing
the frame around them is feasible.

4. ID-driven poster generation. The image contains at least one subject with distinctive, fine-grained identity
features that must be preserved across edits, such as a specific cat fur pattern, a unique product shape or texture,
or a recognizable branded object. The key identity features should be visual rather than text labels or watermarks.

5. Layout-driven poster generation. The poster exhibits a clear, regular arrangement of elements that could serve
as a layout template (e.g., evenly spaced product grid, symmetric columns, pyramid stacking, ring or radial ar-
rangement). Positions and relative sizes of major elements are visually structured rather than random or heavily
occluded.

6. Style-driven poster generation. The entire image is dominated by a strong, coherent artistic style or visual
treatment, such as cyberpunk neon, vaporwave, vintage film, watercolor ink wash, or strict minimalism. The style
is expressed consistently in color palette, lighting, textures, and composition, not just by a small local color effect.

7. NONE. Choose this when the image is too low-quality, ambiguous, or visually generic to reliably match any of
the tasks above, or when it clearly violates multiple task requirements.

Required output format. Return only a single word, exactly one of: EXTEND, FILL, RESCALE, ID
CONSISTENCY, LAYOUT TRANSFER, STYLE TRANSFER, or NONE. Do not include any explanation or extra
text.

Figure 13. Task-matching meta-prompt used with Gemini-2.5-Flash to automatically decide whether a candidate image is suitable for
extending, filling, rescaling, ID-driven, layout-driven, or style-driven poster generation, or none of these tasks.



Prompt 7.3 (Preference Evaluation)

You are a decisive AI Image Quality Analyst. Your task is to force a choice between two AI-generated images
(Image 1 and Image 2). You MUST decide which one is better. Do not declare a tie or say that both are bad.

Task Type & Instructions. For each pair, we specify a task type t ∈
{extending, rescaling, filling, id, layout-driven generation, style-driven generation} and plug in a task-specific
description:
• extending. This is an extending task. The goal is to extend the canvas of the reference image, seamlessly integrating

new content that matches the original style, lighting, and subject matter, based on the creative brief. Key criteria: (1)
Seamless integration: the transition between original and extended areas should be visually invisible; (2) Content
preservation: the core content of the original image must be perfectly preserved; (3) Aesthetic cohesion: the
extended region should look natural and enhance the overall composition.

• Rescaling. This is a rescaling task. The goal is to change the reference image’s aspect ratio by filling new regions
without cropping or distorting the main subject. Key criteria: (1) Subject integrity: the main subject must not
be stretched, squashed, or unnaturally cropped; (2) Plausible filling: newly generated areas must be logical and
contextually appropriate; (3) Composition: the final image should be balanced and aesthetically pleasing.

• Filling. This is a filling task. A region of the reference image is masked and regenerated according to the creative
brief. Key criteria: (1) Contextual appropriateness: the filled content should match the surroundings in texture,
lighting, and color; (2) Object realism: the new region or object should be realistic and follow the prompt; (3)
Boundary invisibility: the border of the inpainted region should be undetectable.

• ID-driven generation. This is an ID-driven generation task. The goal is to generate an image of a subject from
the prompt while preserving its key identity features from the reference image, but possibly in a new pose or
context. Key criteria: (1) Identity preservation: recognizable features (e.g., patterns) must be maintained; (2)
Prompt adherence: the new scene, style, and action should follow the creative brief; (3) Image quality: the result
should be high quality, without obvious artifacts.

• Layout-driven generation. This is layout-driven generation task. The goal is to generate an image whose com-
position mirrors the layout of the reference image, while the content is newly described by the creative brief. Key
criteria: (1) Compositional similarity: the arrangement of major elements should structurally mirror the reference
layout; (2) Content generation: the new content should match the prompt; (3) Aesthetic quality: the final image
should be visually coherent as a poster.

• Style-driven generation. This is a Style-driven generation task. The goal is to apply the artistic style (e.g., colors,
mood) of the reference image to a new subject from the creative brief. Key criteria: (1) Style fidelity: the generated
image should capture the distinctive visual style of the reference; (2) Content clarity: the new subject must remain
recognizable; (3) Artistic merit: the result should be a compelling fusion of style and content.

Input Images. We provide all reference images followed by two candidates:
• Reference Image i: the i-th original reference image (if any);
• Image 1: the first generated candidate;
• Image 2: the second generated candidate.
Decision Task. Compare Image 1 and Image 2. Based on the task-specific criteria above and the creative brief,
decide which image is superior.

The Creative Brief (Prompt) is: “{creative brief}”

Required Output Format. Your response MUST be only

"Image 1" or "Image 2"

with no additional text or explanation.

Figure 14. Meta-Prompt used to query Gemini-2.5-Pro for pairwise preference labels over PosterOmni-SFT results.



Prompt 7.4 (Prompt for Extending Evaluation)

You are a professional creative director reviewing a poster design edit. The task is extending. You will be given
an original image, the extended poster, and a brief. Your evaluation must be strict, on a 5-point scale, from two
professional perspectives:

1. Task-Specific Execution (Seamlessness & Content Cohesion)
• 1 (Failure): The extended area is corrupt, empty, or contains nonsensical content that ignores the brief.
• 2 (Poor): A hard seam is visible. The new content’s style, lighting, or perspective clashes strongly with the

original.
• 3 (Acceptable): The transition is noticeable upon inspection (e.g., slight blur, texture mismatch). The new

content is plausible but generic or slightly inconsistent with the brief.
• 4 (Good): The seam is nearly invisible. The new content is detailed, logical, and adheres strictly to the brief,

creating a coherent scene.
• 5 (Exceptional): The transition is absolutely flawless and undetectable, even under scrutiny. The extended

content is creative, detailed, and perfectly cohesive.
2. Poster Aesthetic & Design Quality

• 1 (Failure): The extension destroys the poster’s original composition, balance, focal point, or breaks existing
text layout/readability.

• 2 (Poor): The final poster is awkwardly composed, with unbalanced negative space or a confusing visual flow.
Newly available space for text is poorly used or disrupts typography.

• 3 (Acceptable): The composition is technically stable but uninspired. The extension adds space without adding
real design value; text placement and hierarchy remain basic or slightly weakened.

• 4 (Good): The extension creates a well-composed, balanced, and professional poster that effectively uses the
new canvas space. Text blocks are well-positioned and maintain good readability.

• 5 (Exceptional): The extension masterfully enhances the original composition, improving its balance, impact,
and visual narrative. The final poster is significantly better than the original, with text and visual elements
orchestrated into a stronger layout.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 15. Meta-prompt for Gemini-2.5-Pro evaluation on the extending task. The model scores task execution and poster aesthetics
on a 1–5 scale.



Prompt 7.5 (Prompt for Filling Evaluation)

You are a professional creative director reviewing a poster design edit. The task is filling. You will be given an image
before and after filling, and a brief describing what to fill. Your evaluation must be strict, on a 5-point scale, from
two professional perspectives:

1. Task-Specific Execution (Inpainting Precision & Adherence)
• 1 (Failure): Completely failed to fill, filled with the wrong object, or the area is corrupted.
• 2 (Poor): The correct object class but with major errors in attributes (lighting, scale, perspective). The filled

patch is obvious.
• 3 (Acceptable): The filled content is correct but has noticeable flaws (e.g., soft edges, slight lighting mismatch,

texture inconsistency) a casual viewer might spot.
• 4 (Good): Very good integration. The filled area is technically sound with only minute flaws visible under close

scrutiny. It perfectly matches the surrounding context.
• 5 (Exceptional): Absolutely flawless inpainting. The filled area is completely indistinguishable from the original

image in every aspect (lighting, texture, grain, perspective).
2. Poster Aesthetic & Design Quality

• 1 (Failure): The edit severely damages the poster’s composition, visual focus, or overall aesthetic, including
breaking text layout or readability.

• 2 (Poor): The filled area, while technically present, creates a visually awkward or amateurish result that detracts
from the poster’s design. Nearby text appears misaligned, cramped, or stylistically inconsistent.

• 3 (Acceptable): The filled area is contextually fine but does not add to or may slightly weaken the poster’s
overall design appeal. The result looks generic; text and image coexist without obvious harmony.

• 4 (Good): The edit is well-integrated and maintains the poster’s professional design quality. The final result is
visually coherent, with text, imagery, and the filled region working together cleanly.

• 5 (Exceptional): The edit not only fills the area perfectly but enhances the poster’s overall composition, focus,
and commercial appeal. The interaction between text and newly filled content strengthens the visual story.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 16. Meta-prompt for Gemini-2.5-Pro evaluation on the filling task. The model scores inpainting quality and poster aesthetics
on a 1–5 scale.



Prompt 7.6 (Prompt for Rescaling Evaluation)

You are a professional creative director reviewing a poster design edit. The task is rescaling. You will be given an
original image, the rescaled poster, and a brief for new content. Your evaluation must be strict, on a 5-point scale,
from two professional perspectives:

1. Task-Specific Execution (Subject Integrity & Plausible Fill)
• 1 (Failure): The main subject is severely distorted, cropped, or damaged. Filled areas are corrupt or nonsensical.
• 2 (Poor): The subject is noticeably stretched/squashed. Filled areas are contextually wrong or ignore the brief.
• 3 (Acceptable): The subject is preserved with minor, noticeable distortions. Filled areas are plausible but generic

and lack detail or adherence to the brief.
• 4 (Good): The subject is perfectly preserved without distortion. The filled areas are detailed, contextually

appropriate, and follow the brief accurately.
• 5 (Exceptional): The subject is perfectly intact. The filled areas are not just plausible but creative, realistic, and

seamlessly integrated, looking as if they were part of the original shot.
2. Poster Aesthetic & Design Quality

• 1 (Failure): The new aspect ratio results in a compositionally broken and unusable poster, with damaged or
unreadable text.

• 2 (Poor): The final poster is awkward and unbalanced. The new content feels like filler and detracts from the
main subject; text placement becomes cramped, floating, or visually jarring.

• 3 (Acceptable): The composition is passable but unremarkable. It is a technically correct resize but lacks design
intent or visual impact. Typography and text hierarchy are acceptable but not optimized for the new ratio.

• 4 (Good): The new composition is well-balanced, professional, and makes effective use of the new aspect ratio.
Text blocks are reflowed sensibly with clear hierarchy and good legibility.

• 5 (Exceptional): The rescale results in a far superior composition. The new layout improves the poster’s visual
hierarchy, impact, and storytelling, with typography and text layout carefully adapted to the aspect ratio, creating
a much stronger design.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 17. Meta-prompt for Gemini-2.5-Pro evaluation on the rescaling task. The model scores subject preservation and layout quality
on a 1–5 scale.



Prompt 7.7 (Prompt for ID-Driven Poster Generation Evaluation)

You are a professional creative director reviewing a poster design edit. The task is id-driven poster generation. You
will be given reference image(s) showing a subject, a final edited poster, and the creative brief. Your evaluation must
be strict, on a 5-point scale, from two professional perspectives:

1. Task-Specific Execution (ID Preservation Accuracy)
• 1 (Failure): Wrong subject generated or the subject’s core identity is completely lost.
• 2 (Poor): The subject is vaguely recognizable, but key features are distorted, missing, or inaccurate. The new

context/pose is wrong.
• 3 (Acceptable): The subject is recognizable, but has noticeable flaws (e.g., anatomical errors, inconsistent

details) that harm professional use. The new scene has minor deviations from the brief.
• 4 (Good): The subject’s key identity features are preserved with high fidelity, showing only minor, non-

distracting inaccuracies. The new scene is correctly executed.
• 5 (Exceptional): Flawless ID preservation. The subject is perfectly consistent across the new pose and style,

indistinguishable from another official shot. The scene perfectly matches the brief.
2. Poster Aesthetic & Design Quality

• 1 (Failure): The edit ruins the poster’s composition, typography, text readability, or visual hierarchy.
• 2 (Poor): The new subject is poorly integrated, appearing pasted-on with incorrect lighting/perspective, making

the poster look amateurish. Text layout, style, or legibility is clearly broken.
• 3 (Acceptable): The subject fits into the scene, but the overall result is visually generic, lacks impact, or has

awkward lighting/shadows. The design does not feel premium, and typography/text placement are merely pass-
able.

• 4 (Good): The subject is integrated seamlessly and the final poster is well-composed, visually coherent, and
maintains a professional standard. Text hierarchy, font choice, and readability are all handled cleanly.

• 5 (Exceptional): The edit not only preserves the ID but enhances the poster’s overall appeal. The final compo-
sition is more dynamic, emotionally resonant, and has a stronger commercial impact, with typography and text
treatment significantly elevating the design.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 18. Meta-prompt for Gemini-2.5-Pro evaluation on the id-driven poster generation task. The model assesses ID consistency
and poster aesthetics on a 1–5 scale.



Prompt 7.8 (Prompt for Style-Driven Poster Generation Evaluation)

You are a professional creative director reviewing a poster design edit. The task is style-driven poster generation.
You will be given a style reference, a final generated poster, and a content brief. Your evaluation must be strict, on a
5-point scale, from two professional perspectives:

1. Task-Specific Execution (Style & Content Fidelity)
• 1 (Failure): The style is not applied or the wrong style is used. The poster’s content does not match the brief.
• 2 (Poor): The style is only vaguely suggested and misses its core essence (e.g., color palette, texture). Key

content elements are wrong or missing.
• 3 (Acceptable): The style is partially applied but with noticeable deviations or a generic interpretation. The

content is recognizable but flawed.
• 4 (Good): The style is accurately captured with high fidelity to the reference. The content is correctly and clearly

generated per the brief.
• 5 (Exceptional): The style is perfectly replicated in every nuance (mood, texture, lighting, color). The content

is flawlessly rendered, exceeding the brief’s expectations.
2. Poster Aesthetic & Design Quality

• 1 (Failure): The style and content clash, resulting in a chaotic, unusable design with broken or unreadable
typography.

• 2 (Poor): The fusion is awkward and jarring. The style feels like a cheap filter rather than an integrated part of
the design. The poster lacks visual appeal, and text looks out-of-place, poorly styled, or hard to read.

• 3 (Acceptable): The combination is technically present, but the resulting poster lacks artistic merit, looks unin-
spired, or fails to create a compelling visual narrative. Typography and text layout are serviceable but not
stylistically convincing.

• 4 (Good): The result is an aesthetically pleasing and professional poster where the style and content are fused
harmoniously. Text design (font, hierarchy, spacing) matches the style and remains clear.

• 5 (Exceptional): The fusion is a masterful work of art. It creates a unique, memorable, and highly impactful
poster that is commercially outstanding and creatively brilliant, with typography and text treatment that perfectly
echo the style reference.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 19. Meta-prompt for Gemini-2.5-Pro evaluation on the style-driven poster generation task. The model evaluates style fidelity
and poster aesthetics on a 1–5 scale.



Prompt 7.9 (Prompt for Layout-Driven Poster Generation Evaluation)

You are a professional creative director reviewing a poster design edit. The task is layout-driven poster generation.
You will be given a layout reference, a final generated poster, and a content brief. Your evaluation must be strict, on
a 5-point scale, from two professional perspectives:

1. Task-Specific Execution (Layout Fidelity & Content Generation)
• 1 (Failure): The layout is completely different from the reference. The content is wrong or corrupt.
• 2 (Poor): Major elements are in the wrong positions or at the wrong scale. Key content from the brief is missing

or of very low quality.
• 3 (Acceptable): The overall structure is similar but with significant, noticeable deviations. The generated content

is recognizable but has clear flaws.
• 4 (Good): The layout is a close, accurate match to the reference with only minor differences. The content is

generated clearly and correctly.
• 5 (Exceptional): The layout is a perfect structural mirror of the reference. The content is generated at an

exceptionally high quality, exceeding the brief’s expectations.
2. Poster Aesthetic & Design Quality

• 1 (Failure): The final poster is a chaotic and incoherent mess, completely unusable, with broken text hierarchy
or unreadable typography.

• 2 (Poor): The layout and content feel disconnected, jarring, or amateurish. The poster lacks any clear focal point
or visual hierarchy, and text blocks are poorly placed or styled.

• 3 (Acceptable): The poster is technically functional but lacks artistic appeal or harmony. The composition is
bland and uninspired; typography and text placement follow the layout loosely but without strong design intent.

• 4 (Good): The result is a visually pleasing and professional poster with a strong composition and clear visual
flow. Text hierarchy, spacing, and font choices support the transferred layout effectively.

• 5 (Exceptional): The fusion of the layout and new content creates a stunning, masterfully composed poster that
is both creative and highly effective commercially. Typography and text arrangement strongly reinforce the
layout rhythm and storytelling.

Example response format:
Brief reasoning: A critical, professional explanation for the scores, under 20 words.
Task-Specific Execution: A number from 1 to 5.
Poster Aesthetic & Design Quality: A number from 1 to 5.
editing instruction is : <edit_prompt>.
Below are the images before and after editing:

Figure 20. Meta-prompt for Gemini-2.5-Pro evaluation on the layout-driven poster generation task. The model scores layout fidelity
and overall poster aesthetics on a 1–5 scale.
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