
PosterReward: Unlocking Accurate Evaluation for High-Quality Graphic Design
Generation

Supplementary Material

This is supplementary material for PosterReward: Un-
locking Accurate Evaluation for High-Quality Graphic
Design Generation.

We present the following materials in this supplementary
material:
• Sec.1 Qualitative comparison of Best-of-8 selection per-

formance against HPSv3, UnifiedReward, and MLLMs,
highlighting robustness to scoring failures and position
bias.

• Sec.2 Visual and quantitative comparison of SD3.5-
Medium fine-tuned via Diffusion-NFT using PosterRe-
ward versus baselines like HPSv3, UnifiedReward, and
PaddleOCR.

• Sec.3 Analysis of the dataset construction pipeline, in-
cluding multi-model verification, position bias mitigation
strategies, and quality assessment via Kendall’s Coeffi-
cient of Concordance.

• Sec.4 Investigation into the impact of dataset scale, fil-
tering stringency, and the integration of general aesthetic
data on downstream model performance.

• Sec.5 Detailed training hyperparameters within the MS-
Swift framework and construction specifications for the
PosterRewardBench Advanced and Basic subsets.

• Sec.6 Discussion on computational overhead and MLLM
evaluation constraints, alongside future directions for ef-
ficiency and scalability.

1. Test-Time-Scaling with PosterReward via
Best-of-8 Selection

We investigate the feasibility of using PosterReward for
poster selection. Based on the poster data generated by
various models in the PosterBench benchmark, we selected
several samples and apply Test-Time-Scaling via Best-of-8
(Bo8) selection. The results are presented in Figure 1.

As illustrated in the figure, PosterReward demonstrates
a more accurate assessment of the poster content. Com-
pared to HPSv3[6], PosterReward can more precisely
evaluate text accuracy and layout requirements, show-
ing a significant advantage in graphic design scenarios.
UnifiedReward[9] is unsuitable for Bo8 selection, as it fre-
quently produces identical scores for different candidates,
making it difficult to distinguish the best one. We also at-
tempted Bo8 selection using Multi-modal Large Language
Models (MLLMs), which involved providing multiple im-
ages as input and prompting the model to identify the in-
dex of the optimal one. Our experiments indicate that
the MLLMs struggle to make accurate choices among sev-

eral visually similar images. Furthermore, we observe that
even state-of-the-art proprietary MLLMs exhibit position
bias[5, 7] when selecting among multiple similar images.
Taking Gemini-2.5-Pro[2] as an example, when the first im-
age in a sequence is of sufficient quality, the model demon-
strates a tendency to select it, with its Chain-of-Thought
(CoT) predominantly focusing on justifying the first image
as the optimal candidate. The prompt for using MLLM for
Bo8 selection is shown in Figure 8.

2. Reinforcement Learning with PosterReward
via Diffusion-NFT

With the increasing prevalence of post-training reinforce-
ment learning (RL) in image generation, numerous eval-
uation models have been adopted as reward models to
furnish optimization signals. Consequently, we evalu-
ate the efficacy of RL utilizing PosterReward. We select
DiffusionNFT[11] as our reinforcement learning paradigm.
Unlike conventional Policy Gradient methods that dis-
cretize the reverse sampling process, DiffusionNFT opti-
mizes the diffusion model directly on the forward process
via the flow matching objective. It contrasts positive and
negative generations to define an implicit policy improve-
ment direction, naturally incorporating reinforcement sig-
nals into a supervised learning objective:

L(θ) = Ec,πold,t

[
r∥v+

θ (xt, c, t)− v∥22

+ (1− r)∥v−
θ (xt, c, t)− v∥22

] (1)

where v+
θ and v−

θ denote the implicit positive and negative
velocities, respectively. This formulation enables efficient
optimization compatible with arbitrary black-box solvers
without requiring likelihood estimation.

We benchmark against reward models including
HPSv3[6] and UnifiedReward-Qwen-7B. Both output
scalar scores, representing state-of-the-art discriminative
and generative reward paradigms, respectively. Further-
more, given our specific focus on poster and graphic design,
we incorporate PaddleOCR as a reward model; it provides
signals by evaluating the Levenshtein edit distance between
the recognized text and the ground-truth text required
for rendering. We employ Stable Diffusion 3.5 Medium
(SD3.5-M) as the base model. The fine-tuning process
utilizes 8 NVIDIA A100 GPUs, with an additional 4 A100
GPUs dedicated to reward model deployment. All training
hyperparameters adhere to the original DiffusionNFT
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… large, vibrant pink sans-serif letters form the title “Zoey” with the number “102” in a 
smaller, light purple sans-serif font on a rounded rectangular background, nestled 
against the ‘y,’ indicating a continuation or sequel … Beneath the title, in white sans-
serif text, is “STREAMING JULY 27,” horizontally positioned, clearly …

The prominent text, "national treasure," appears in a clean, sans-serif font, set in a 
light color that provides a subtle contrast against the slightly desaturated background.  
Positioned in the upper right quadrant, horizontally oriented  …

… seemingly engaged in playing a piano in the lower right corner of the frame, set 
against a gradient background transitioning from golden yellow at the top to a warmer, 
darker yellow at the bottom, with the overall visual tone being softly lit and intimate. The 
poster text, "Saints Rest," appears in large, dark blue script across the upper portion of 
the image …

... movie poster depicts the iconic character of Tony Montana, portrayed by Al Pacino, 
split down the middle with contrasting black and white backgrounds, symbolizing 
his dual nature and the choices he faces. The style is high-contrast and minimalist, 
utilizing negative space and bold outlines to create a dramatic …

… bright saturated colors (neon pink, electric blue, sunny yellow), energetic vibrant mood, 
bold title at top "Unlock New Horizons", smaller subtitle at bottom "Investment 
Opportunities in Events & Culture" …

… a vintage brass astronomical telescope on a wooden tripod in the middle right, and a 
glowing circular neon star emblem hanging above the telescope. The background 
features a deep indigo gradient with faint grid lines, evoking a modern, nocturnal 
atmosphere. At the top is the title "Museum Night: Geometric Wonders", in the center is 
the text "Explore After Dark | Free Admission".

Gemini-2.5-Pro

Figure 1. Test-Time-Scaling results using Best-of-8 (Bo8) Selection. Comparison of poster selection performance between PosterRe-
ward, HPSv3, and Gemini-2.5-Pro. PosterReward demonstrates superior accuracy in assessing text and layout quality, avoiding the scoring
failures and position biases observed in other models.

configuration. We select the model fine-tuned for 350
steps for evaluation. For the original SD3.5-M model, we
followed the setting of CFG=4.5, while for the fine-tuned
model, we used CFG=1.0. The seed used during generation
is always fixed at 0.

For completeness, we additionally present the Flux.1-
dev visual comparison in Figure 4. We present a com-

prehensive evaluation of SD3.5-M optimized by various
reward models, with visual comparisons detailed in Fig-
ure 2 and Figure 3, and quantitative user study results sum-
marized in Figure 5. Regarding text accuracy, although
HPSv3[6] and UnifiedReward[9] effectively improve the
rendering of key headlines, they inadvertently introduce
a substantial amount of illegible small text—resembling



This vibrant, cinematic poster for "Standing Up, Falling Down" features two male subjects framed against a bright yellow background, divided by a microphone stand 
at the center. On the left, an older man with a beard wears a dark fedora and a purple scarf; on the right, a younger man with a slight smile looks towards the viewer. 
The poster's energetic style uses a warm, optimistic color palette to suggest a comedic or feel-good narrative. The title, "STANDING UP FALLING DOWN," is 
prominently displayed in large, bold, white uppercase sans-serif font, positioned at the top and horizontally centered, conveying the film's central theme of 
resilience and overcoming obstacles. The stark white text contrasts sharply with the yellow background, ensuring high visibility and immediate recognition. The layout 
strategically places the two subjects on either side of the central microphone, implying their connection within the story, likely related to comedy or performance. 
The large title at the top dominates the visual hierarchy, directing the viewer's attention to the film's identity before drawing them into the character portraits below. The 
overall composition creates a sense of balance while hinting at the dynamic between the two figures.

The poster for "Night Hunter" is a dark, atmospheric composition featuring four figures against a background of fractured ice and fog, suggesting a chilling mystery.  
The poster adopts a cinematic, dramatic style, utilizing a cool, desaturated color palette dominated by deep greens, blues, and grays. The title, "NIGHT HUNTER," is 
centrally positioned in two lines of text, the top word "NIGHT" in a smaller, lighter teal sans-serif font and the bottom word "HUNTER" in a much larger, bold white sans-
serif font. Both words are presented horizontally and contrast starkly with the dark, misty background, creating a strong visual anchor.  The top of the poster is 
dominated by the brooding face of a man in profile, partially obscured by swirling darkness, his gaze directed towards the right.  Below him and to the left are two 
other male figures, rendered in profile and shown from the chest up, their expressions serious.  A woman's face is positioned between these figures and the central 
man, her striking blue eyes looking directly forward.  At the bottom of the poster, a solitary figure stands beside a stack of logs in a desolate, foggy landscape. The 
layout is layered, with the figures positioned in the upper and middle sections, progressively receding into the background towards the top, while the landscape 
grounds the scene at the bottom, all unified by the encompassing, icy and foggy texture that envelops the entire frame.

This compelling poster for *Fight Club* features a double exposure illustration of two male figures, one in profile with closed eyes and another facing mostly forward, 
overlaid with a sense of motion blur, conveying a feeling of internal conflict and a fragmented identity, all rendered in a bold, graphic style with distinct outlines and 
color blocking. The overall aesthetic is a blend of illustration and cinematic abstraction, utilizing a limited color palette of muted greens, blues, and deep reds 
to create a moody and unsettling atmosphere. The text "FIGHT CLUB" is centrally positioned near the bottom, written in a clean, sans-serif font that appears to glow 
with a bright pinkish-red neon effect, suggesting the clandestine and vibrant nature of the underground activity. The letters are slightly distorted and angled, enhancing 
the sense of motion present in the illustration, and it is oriented horizontally. The layout is vertically dominant, with the figures occupying the upper and central 
portions of the frame, and the title serving as a grounding element at the bottom. The overlapping figures and the motion blur create a dynamic visual tension that 
draws the viewer's eye upwards, while the glowing title acts as a focal point, reinforcing the central theme of the film.

Figure 2. Visual comparison of SD3.5-Medium fine-tuned with various reward models (Part 1). From left to right, the columns display
the outputs of the original SD3.5-Medium, followed by models fine-tuned using PosterReward, HPSv3, UnifiedReward, PaddleOCR, and
the combined UnifiedReward + PaddleOCR. The corresponding prompts are enclosed in the purple boxes at the bottom.

“credit blocks”—which severely compromises the overall
visual coherence. In contrast, PosterReward significantly
elevates text rendering quality while effectively preventing
the generation of redundant content. Furthermore, while

incorporating PaddleOCR[3] as a fine-tuning signal yields
higher character recognition accuracy, it compromises tex-
tual aesthetics (e.g., font style and integration) and exhibits
a lower success rate when handling complex, multi-text ren-



The poster features a stark visual of a woman's face, illuminated by a vibrant blue light that wraps around her form, positioned diagonally across a dark background, 
creating a sense of dynamism and intrigue, giving the poster a cinematic and slightly mysterious style. The dominant text in the poster is the word "CIRCUIT," which 
serves as the title, presented in bold, sans-serif block letters with a metallic, slightly weathered texture, evoking a sense of urban grittiness or digital decay. 
These letters are arranged horizontally across the lower central portion of the poster and are angled slightly upwards, mirroring the diagonal line of the figure, further 
integrating the text with the overall visual composition. The layout employs a strong diagonal line that draws the viewer's eye from the top left, across the illuminated 
figure, and down to the prominent title at the bottom, creating a sense of movement and emphasizing the central subject and the film's title in a cohesive and 
impactful design.

A woman with dark hair, styled messily and framing her face, is depicted in a close-up, looking directly at the viewer with a serious expression. Her left hand is raised, 
touching the back of her head amidst her hair, while her right arm is visible at the bottom left of the frame. A bandage is placed across the bridge of her nose. The 
backdrop is a muted yellow wall with a grid pattern of light gray tiles, suggesting an interior setting, possibly a bathroom or institutional space, contributing to the 
poster's raw and slightly unsettling visual tone. The overall style is cinematic and stark, with a raw, vérité feel due to the close-up perspective and the visible bandage. 
Prominently positioned at the top and center of the image is the title "SISTER MIDNIGHT". The communicative intent of this text is clearly to identify the film. The text is 
rendered in a clean, sans-serif font, appearing in a bright white against the slightly desaturated yellow and the woman's dark hair. The letters have a crisp edge and 
solid texture, contrasting sharply with the grainy, slightly out-of-focus background. Both lines of text are horizontally aligned. The layout strategically places the text 
above the woman's head, drawing immediate attention to the title while the woman's gaze and the visual detail of the bandage create a compelling focal point at the 
center of the frame, hinting at vulnerability or a challenging narrative.

A neumorphic poster for culture-tech journal recommendations, featuring a leather-bound book (left), sleek tablet (center), globe (right), and stylus (below) on a soft 
blue-gray gradient surface. At the top is the title "Top Journal Picks: Culture & Tech"; in the center is the text "Where Heritage Inspires Tomorrow".

Figure 3. Visual comparison of SD3.5-Medium fine-tuned with various reward models (Part 2). Consistent with the previous figure,
the columns represent the original SD3.5-Medium, PosterReward, HPSv3, UnifiedReward, PaddleOCR, and the joint UnifiedReward +
PaddleOCR, respectively. Text prompts are provided in the bottom purple boxes.

dering scenarios. In terms of aesthetics and composition,
PosterReward provides superior and more precise reward
signals, whereas HPSv3 underperforms in both dimensions.
While UnifiedReward exhibits a relatively high standard of
aesthetics and composition, its scores are diminished by
text accuracy defects and a noticeable reduction in image
realism. Additionally, the dual-reward model combining
PaddleOCR and UnifiedReward marginally sacrifices aes-

thetic and compositional quality to prioritize text correct-
ness. Consequently, in terms of overall preference, the
model fine-tuned with PosterReward successfully outper-
forms all competitors, demonstrating its capability to pro-
vide high-quality, holistic reward signals for poster genera-
tion tasks.



A neumorphic poster for a new tech 
product launch, featuring a sleek silver 
smartphone centered, a matte black 
earbud case to its right, and a compact 
gold-accented power bank below. Soft 
gray backgrounds with metallic blue 
highlights create a futuristic mood. At 
the top is the title "Introducing NextGen 
Innovations", and in the center below 
the devices is the text "Available 
Worldwide".

A neumorphic poster for a new tech 
product launch, featuring a sleek silver 
smartphone centered, a matte black 
earbud case to its right, and a compact 
gold-accented power bank below. Soft 
gray backgrounds with metallic blue 
highlights create a futuristic mood. At 
the top is the title "Introducing NextGen 
Innovations", and in the center below 
the devices is the text "Available 
Worldwide".

This historical poster for "DC 9/11 Time 
of Crisis" features a serious portrait … At 
the top, centered horizontally and 
rendered in black, is "TIMOTHY 
BOTTOMS".  Below this, with a black 
horizontal line above and below, and 
occupying the middle of the right half of 
the frame, is the title "DC 9/11", also in 
large black sans-serif.  Underneath this, 
between another black horizontal line 
and the bottom, is the impactful subtitle 
"TIME OF CRISIS", rendered in the same 
large, bold black sans-serif font. All text 
is oriented horizontally …

A minimalist poster for a new single-
origin coffee launch, featuring a glass 
pour-over dripper on the left, a ceramic 
mug filled with dark coffee to its right, a 
pile of roasted coffee beans in the 
foreground, and a small paper bag 
labeled "Single Origin" behind the beans. 
The background is a soft beige, creating 
a serene, sophisticated atmosphere. At 
the top is the title "New Single-Origin 
Coffee", and below the subjects is the 
text "Freshly Roasted & Ready to Brew".

Figure 4. Visual comparison of Flux.1-dev fine-tuned with various reward models. From left to right, the columns display the outputs of
the original Flux.1-dev, followed by models fine-tuned using PosterReward, HPSv3, UnifiedReward and PickScore. The corresponding
prompts are enclosed in the purple boxes on the right.

3. Details and Quality Analysis of the AI Pref-
erence Dataset

In the preference data pipeline, we employ four Multimodal
Large Language Models (MLLMs): GLM-4.5v[8], GPT-5,
Gemini-2.5-Flash-lite, and Gemini-2.5-Pro. The “Think-
ing” mode is activated for all models; specifically, for
the Gemini-2.5-Flash-lite and Gemini-2.5-Pro, the thinking
budget is set to 4096. Regarding sampling parameters, the
temperature is set to 1.0 for GPT-5, while a value of 0.7 is

maintained for the remaining models. The specific prompts
utilized for ranking and preference judgment are presented
in Figure 13, Figure 14 and Figure 15.

We employ Gemini-2.5-Pro to annotate data for both
single-image analysis and the collection of paired-image
preference Chain-of-Thought (CoT) sequences required for
fine-tuning. The detailed prompts utilized for these tasks are
presented in Figure 9 and Figure 10. Specifically, during
the acquisition of preference CoTs, we explicitly provide
the ground-truth preference labels to the model, instructing
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Figure 5. User study results comparing PosterReward with varying baselines. The evaluation covers four dimensions: Aesthetic,
Composition, Text Accuracy, and Overall Preference. The bars represent the win (purple), tie (gray), and loss (red) rates of the model
fine-tuned with PosterReward against SD3.5-M, HPSv3, UnifiedReward, and PaddleOCR[3]. PosterReward demonstrates a consistent
preference advantage across most metrics.

it to articulate the reasoning behind the selection.
To evaluate the visual quality and semantic alignment of

the generated movie posters, we employed a multi-round
ranking strategy utilizing the Gemini-2.5-Flash-lite multi-
modal large language model. Given the stochastic nature
of Large Language Models (LLMs), a single inference may
not accurately reflect the model’s stable preference. There-
fore, for each creative brief, we presented a set of m = 6
candidate images to the model and instructed it to rank them
from best to worst based on specific criteria (e.g., prompt
adherence, aesthetic quality, and text rendering). This pro-
cess was repeated k = 6 times independently to obtain a
distribution of rankings.

To quantify the reliability and consistency of the model’s
rankings across these k iterations, we calculated Kendall’s
Coefficient of Concordance (Kendall’s W )[4]. Kendall’s W
is a non-parametric statistic that assesses agreement among
raters—in this context, the distinct inference rounds act as
pseudo-raters.

Let m be the number of images (items) and k be the
number of ranking rounds (raters). Let ri,j denote the
rank assigned to the i-th image in the j-th round, where
1 ≤ ri,j ≤ m. The sum of ranks, Ri, given to the i-th
image is calculated as:

Ri =

k∑
j=1

ri,j (2)

The mean of the sum of ranks, R̄, is given by:

R̄ =
1

m

m∑
i=1

Ri =
k(m+ 1)

2
(3)

Kendall’s W is defined as the ratio of the observed sum
of squared deviations (S) to the maximum possible sum of
squared deviations. First, we calculate S:

S =

m∑
i=1

(Ri − R̄)2 (4)

Assuming no ties in the rankings, Kendall’s W is com-
puted as:

W =
12S

k2(m3 −m)
(5)

The value of W ranges from 0 to 1, where W = 1 in-
dicates complete agreement across all ranking rounds (im-
plying the model’s preference is highly stable), and W = 0
indicates no agreement. We utilize this metric to filter out
instances where the model hallucinates or fails to distin-
guish quality differences effectively, thereby ensuring the
robustness of the final averaged ranking.

To further guarantee the robustness of the constructed
preference pairs and mitigate the potential biases inherent to
a single evaluator, we implemented a rigorous multi-model
verification pipeline. We employed an ensemble of three
state-of-the-art multimodal large language models: Gemini-
2.5-Pro, GPT-5, and GLM-4.5v.

Addressing the phenomenon of position bias—where
models may exhibit a systematic preference for the first or



Table 1. Analysis of dataset quality under different filtering crite-
ria. N denotes the number of samples. Corr., Err., and Controv.
represent the percentages of samples classified as Correct, Error,
and Controversial, respectively.

Method N Corr. (%) Err. (%) Controv. (%)

All Correct 20K 87.2 4.6 8.2
5 Correct + 1 Tie 33K 85.0 5.8 9.2
5 Correct + 1 Tie/Error 70K 78.6 10.7 10.7

second image in a sequence—we adopted a bidirectional
evaluation strategy. For every candidate pair (IA, IB),
each of the three models performed the evaluation twice:
once with the original order and once with the image order
swapped (i.e., (IB , IA)). This procedure yields a total of six
independent assessments per sample. In each assessment,
the models were tasked with a holistic evaluation covering
fundamental integrity, typographical precision, and artistic
quality, classifying the relationship as a clear preference, a
tie, or a rejection of both images. This ensemble approach
allows us to quantify the confidence level of each preference
label based on the consensus among the six judgments.

To compare the reliability of our automated annotation
framework under different filtering conditions, we manu-
ally annotate and analyze a subset of 1,000 samples from
PosterPreference-70K. As described in Section 3, the final
filtering stage involves three models, each performing two
evaluations with the image order swapped, resulting in a
total of six assessments per sample. We investigate three
filtering strategies with varying levels of stringency: (1) re-
taining samples where all six model assessments are unan-
imous; (2) retaining samples with at least five consistent
preference assessments, allowing for one tie; and (3) retain-
ing samples with unanimous preference, allowing for one
tie or one conflicting assessment. These samples are then
annotated by four human experts and categorized into three
groups: Correct, where the preference aligns with at least
three annotators; Error, where the preference contradicts at
least three annotators; and Controversial for all other cases.

As shown in Tab. 1, while the consistency between the
automated filtering and human evaluations naturally de-
creases as the criteria become less stringent, the 5 Correct
+ 1 Tie/Error strategy still maintains a robust alignment
rate of 78.6%, with a relatively low error rate of 10.7%.
This indicates that even under a slightly more relaxed filter-
ing threshold, the data quality remains within an acceptable
range for effective preference learning. Consequently, we
elect to utilize the full 70K dataset for training. We posit
that the significant increase in sample diversity and volume
(from 20K/33K to 70K) outweighs the marginal gain in pre-
cision offered by stricter filtering, as larger-scale datasets
typically drive better generalization capabilities in reward

modeling. This 70K dataset is subsequently combined with
a 100K preference pair subset from HPDv3 to form our final
training corpus.

4. Ablation Studies on the Dataset Components

Table 2. Ablation study on dataset components. We compare the
impact of using partial (33K) vs. full (70K) PosterPreference (PP)
data, both independently and in combination with HPDv3. All
values represent accuracy (↑).

Training Dataset Combination HPDv3 PRB-Ad PRB-Basic

PosterPreference-33K (Ours) 63.0 84.9 81.9
PosterPreference-70K (Ours) 63.9 84.6 83.0
HPDv3-100K 75.8 34.1 57.0
HPDv3 + PP-33K 76.9 84.5 80.8
HPDv3 + PP-70K (Final) 77.1 85.0 83.9

To validate our dataset selection strategy and quantify
the contribution of different data sources, we conducted
comprehensive ablation studies. Specifically, we investi-
gate the performance of reward models trained on five dis-
tinct dataset configurations: (1) The high-consistency sub-
set of our domain-specific dataset (PP-33K); (2) The full
filtered domain-specific dataset (PP-70K); (3) The general
aesthetic preference dataset (HPDv3-100K); (4) A combi-
nation of HPDv3 and the high-consistency subset (HPDv3
+ PP-33K); and (5) A combination of HPDv3 and the full
domain dataset (HPDv3 + PP-70K). We evaluated these
models on the general HPDv3 test set as well as our domain-
specific benchmarks, PRB-Ad and PRB-Basic.

As presented in Table 2, models trained solely on
domain-specific data (PP-33K/70K) perform well on
poster-related benchmarks but show limited generalization
on the general HPDv3 test set. Conversely, training exclu-
sively on HPDv3 yields strong general aesthetic judgment
but suboptimal performance on poster-specific tasks (PRB-
Ad/Basic), indicating a domain gap.

Crucially, combining the general and domain-specific
datasets yields significant performance gains. Comparing
the two combined settings, the model trained with the full
PP-70K dataset consistently outperforms the one trained
with the smaller PP-33K subset across all benchmarks. We
also noted that the performance improvement was particu-
larly significant on the out-of-domain test set PRB-Basic,
indicating that more samples are beneficial for improving
the generalization ability of the reward model. This em-
pirical evidence supports our hypothesis in Section 3 that
the benefits of increased data scale and diversity in the 70K
dataset outweigh the marginal improvements in label con-
sistency found in the 33K subset. Consequently, the HPDv3
+ PP-70K configuration is adopted as our final training set,
achieving the best balance between general aesthetic under-
standing and domain-specific expertise.



Hackathon poster for Culture & Technology category, Japanese negative space 
style, minimalist composition, laptop, traditional Japanese calligraphy brush, 
circuit board, small paper lantern, muted blues, whites, soft grays, earthy brown 
accents, harmonious blend of tradition and innovation atmosphere, bold modern 
title at top \"Hack Culture & Tech\", subtle tagline below \"Innovate Beyond Limits\"

A Brutalist poster for a skiing open championship, featuring a pair of skis against a 
rough concrete wall, a snowboard beside them, a jagged metal scoreboard, and ski 
poles lying on the snow. Set on a snowy mountain slope under a gray sky. Colors: 
icy blues, grays, whites. At the top: \"2024 Snow Peak Ski Open\". In the center: 
\"Ride the Brutal Slopes\".

A New Bauhaus-style poster for a developer conference on culture and technology, 
featuring a digital tablet with glowing code in the center, a traditional ink wash 
painting to its right, a circuit board below, and a 3D printed sculpture to its left. At 
the top is the title \"Developer Conference: Culture & Tech Fusion\", and in the 
center below the tablet is the tagline \"Innovating Tradition, Coding Future\". 
Mood: modern innovation; colors: muted grays, deep blues, earthy browns.

动物保护公益海报, 极简主义, 雪豹, 亚洲象, 绿海⻳, 简洁对称构图, 低饱和⾃然⾊调, 
宁静治愈氛围, 底部粗体字标题\"守护⽣命\"

⼀幅洋溢波普艺术 (Pop Art) 活⼒的家庭聚餐海报，画⾯中央摆着⼀只焦⾹诱⼈的
烤全鸡，左侧是盛满鲜虾蟹⻉的巨型瓷盘，右侧堆着彩虹般的⽔果沙拉，前⽅⽴
着冒着冷⽓的可乐杯。海报顶部有艺术字标题“全家欢聚·美味盛宴”，画⾯右下⻆
标注“限时特惠价”。

… composed of three white squares containing the black block letters \"BBC.\"  
Beneath the Doctor, stretching across the lower portion of the poster, is the title 
text \"DOCTOR WHO\" in a stylized, bold, and luminous gold font. The letters have a 
metallic, slightly weathered texture, suggesting age and significance, and the \"O\" 
in \"WHO\" is a perfect circle. The title is horizontally oriented.  Beneath the main 
title, positioned towards the bottom center and horizontally oriented, is the subtitle 
\"THE NIGHT OF THE DOCTOR\" in a clean, white sans-serif font …

The poster features a close-up, medium shot of two people embraced at sunset, 
with a camera dangling from the neck of the person in the foreground, creating a 
cinematic yet intimate feel. The image is presented in a slightly desaturated, gritty 
style, enhancing a sense of raw emotion.  Prominently displayed across the center of 
the poster are the words \"CAT SKIN,\" serving as the film's title.  The title text, 
rendered in a bold, sans-serif font with a slightly distressed texture, suggesting wear 
or rawness, is stacked vertically, with \"CAT\" positioned above \"SKIN.\”…

… The dramatic lighting casts the scene in deep shadows, with highlights catching 
the metal of the gun and the woman‘s determined face, emphasizing the intense, 
thriller style of the poster. The only text present is the title, \“CRAWL,\” rendered in 
a bold, all-caps, sans-serif font with a slightly distressed texture that appears 
etched into the dark background. The vibrant red color of the text creates a strong 
contrast against the black, drawing immediate attention and conveying a sense of 
danger and urgency. Positioned prominently in the upper left quadrant, the word 
is horizontally oriented and occupies a significant portion of the negative space…

这幅复古⻛格海报以⽐尔·默⾥为主⻆，他⾝着棕⾊三件套⻄装并搭配⻩底花纹领带，
居中站⽴(Standing in the center) 于泛⻩的堪萨斯州古地图之上。地图作为核⼼视
觉元素，清晰标注了县区、河流与主要城市，呈现出做旧的陈旧质感。整体设计营
造出电影般的怀旧氛围，犹如历史题材作品。海报顶部横向排列着\“堪萨斯流⾏地
图\”字样，采⽤加粗⽆衬线字体并带有印刷做旧效果，仿佛直接印在地图表⾯；底
部\“法兰⻄特派\”标题以独特加粗字体呈现，每个字⺟均⽤⽩⾊⼩圆点填充形成发
光效果，犹如霓虹灯牌般引⼈注⽬…

Figure 6. Sample preference pairs from PosterRewardBench-Advanced. This subset comprises images generated by Seedream and
Qwen-Image-Lightning. It features complex poster layouts and supports both Chinese and English text rendering evaluations. The left side
of each group shows the chosen image, the right side shows the rejected image, and the bottom displays an excerpt from the prompt.

5. Detailed Experimental Settings, Benchmark
Construction

All experimental stages are conducted within the MS-Swift
framework. We utilize DeepSpeed Zero-3 for Joint Su-
pervised Fine-Tuning (Stage 1), Joint Rejection Sampling
Fine-Tuning (Stage 2), and GRPO Fine-Tuning (Stage 4),
while Zero-2 is employed for Scoring Module Training
(Stage 3). Regarding hyperparameters, we set the per-
device batch size to 1 with 2 gradient accumulation steps
for the first two stages. For Stage 3, the batch size is set to 4
with 2 accumulation steps, whereas the GRPO stage uses a

batch size of 1 with 8 accumulation steps. The adamw torch
optimizer is consistently applied across all stages.
PosterRewardBench. The PosterRewardBench com-
prises a total of 1,740 preference pairs. Specifically,
PosterRewardBench-Advanced contains 1,223 pairs de-
rived from Seedream 3.0, Seedream 4.0, and Qwen-Image-
Lightning, while PosterRewardBench-Basic consists of
517 pairs sourced from Flux.1-dev, Flux.1-Krea-dev, and
SD3.5-M. Within the Advanced subset, 488 pairs (39.9%)
feature Chinese prompts and font rendering instructions,
with the remainder comprising English counterparts. Con-
versely, given the incompatibility of Flux and SD3.5 with



This Goosebumps poster features a dynamic composition set against a murky, green-
tinged background that evokes a sense of the supernatural. At the center, a large book 
bursts open, emitting a blinding yellow light and energy, from which monstrous limbs 
and creatures emerge ... The prominent title, \"Goosebumps,\" appears in large, 
ornate, golden letters at the bottom of the poster. The text style of the title is heavy 
and slightly distorted, giving it a slightly monstrous or aged quality, as if it were carved 
or formed from a metallic substance …

… The text reads \"TRAILER PARK BOYS\" at the top, signifying the title, followed by a 
subtitle at the bottom: \"DRUNK, HIGH, & UNEMPLOYED,\" which explicitly sets the 
tone and theme of the depicted scene and the show itself. The title text \"TRAILER 
PARK BOYS\" is rendered in a bold, blocky font with a red and white outline…

… \"natasha henstridge\" is in a smaller, plain white sans-serif font positioned 
horizontally in the upper center. Below it, the film's title, \"ICE girls,\" is in a large, 
stylized white sans-serif font with a textured, icy appearance, also positioned 
horizontally and centered. The \"ICE\" portion is particularly large, suggesting a 
focus on the sport. The layout places the title above the two main figures, who are 
slightly angled, drawing the viewer's eye from the title down to the contrasting figures 
and their elaborate costumes.

The main title, \"LITTLE WOMEN,\" is set in large, clean sans-serif capital letters, a 
modern contrast to the period aesthetic, rendered in a soft pink hue that stands out 
against the muted background. It is centrally positioned and horizontally oriented 
in the top right quadrant of the frame, overlaying the image of the characters. Above 
it, \"A GRETA GERWIG FILM\" is subtly placed in a smaller, light sans-serif font, 
signaling the director's authorship. Below the title, \"OWN YOUR STORY\" serves as a 
powerful, unifying message, also in a light sans-serif font, smaller than the title and 
horizontally oriented...

Neumorphic poster for grad admissions in culture/tech, a traditional scroll, digital 
tablet, and graduation cap arranged diagonally. At the top: \"2024 Graduate 
Admissions: Culture & Tech\". In the center: \"Explore Interdisciplinary Excellence\".

A New Bauhaus-style poster for a drone performance, featuring two geometric drones 
circling a stylized traditional Chinese lantern against a dark night sky, with a glowing 
digital circuit board below. At the top is the title \"Sky Lanterns\", in the center is the 
tagline \"Culture & Tech Fusion\".

Figure 7. Sample preference pairs from PosterRewardBench-Basic. This subset consists of images generated by Flux.1 and SD3.5
models. Due to model limitations, this benchmark focuses exclusively on English text rendering and standard graphic designs. The left
side of each group shows the chosen image, the right side shows the rejected image, and the bottom displays an excerpt from the prompt.

the Chinese language, PosterRewardBench-Basic consists
exclusively of English prompts. These pairs have been fil-
tered from initial pools of 1,500 and 600 raw pairs, respec-
tively. Four professional annotators evaluate preferences
across multiple dimensions, and we retain only those pairs
where at least three annotators reach a consensus. The data
collection process spans approximately eight working days,
with sample pairs illustrated in Figure 6 and Figure 7. In the
pairwise evaluation, to verify decision stability regarding
input order, we perform assessments with the “Chosen” im-
age positioned both first and last. The specific prompts uti-
lized are detailed in Figure 12. We also provide the prompt
used by the analysis module when performing single-image
analysis, as shown in Figure 11.
PosterBench. The PosterBench evaluation dataset con-
sists of 250 prompts randomly sampled from PosterReward-
Bench, stratified into 100 cinematic and 150 non-cinematic
themes. To rigorously assess compositional generalization,
we employ distinct resolution strategies for each category.
All cinematic prompts are standardized to a fixed vertical
resolution of 832 × 1216 pixels (approximate aspect ratio
of 2 : 3), reflecting conventional movie poster standards.
Conversely, the non-cinematic subset is designed to test
adaptability to diverse geometries; each of the 150 prompts

is assigned a unique target resolution (Hi,Wi) derived
from its corresponding reference ground truth. Crucially,
while target aspect ratios vary significantly between differ-
ent prompts—spanning landscape, portrait, and square for-
mats—the target resolution for any specific prompt remains
constant across all evaluated models, ensuring a consistent
baseline for comparative analysis.

Implementation of these target resolutions varies by
model accessibility. Open-weights models (e.g., Qwen-
Image[10], Flux[1]) are conditioned to generate images
at the exact target dimensions (Hi,Wi) without resizing.
However, for proprietary APIs with discrete resolution con-
straints, we employ an adaptive mapping strategy to ap-
proximate the target geometry. For Nano-Banana, arbitrary
target dimensions are mapped to the nearest supported as-
pect ratio (e.g., 1 : 1, 2 : 3, 16 : 9). Similarly, for GPT-
Image-1, targets are bucketed into three presets: portrait
(1024 × 1536) if the aspect ratio α = W/H < 0.8, land-
scape (1536× 1024) if α > 1.2, and square (1024× 1024)
otherwise. This approach minimizes distortion while ensur-
ing that closed-source models adhere



6. Limitation and Future Work
Despite the promising results achieved by our framework,
several limitations remain to be addressed.

First, regarding the inherent position bias in MLLMs,
we currently mitigate this issue in pairwise comparisons
through a data balancing strategy. However, this strategy is
not easily scalable to multi-image evaluation scenarios (e.g.,
ranking a batch of images simultaneously), where the com-
binatorial complexity of position swapping becomes pro-
hibitive. Future work will focus on exploring more robust
mechanisms to enhance the reliability and consistency of
MLLMs in multi-image assessment tasks, reducing the de-
pendency on permutation-based data augmentation.

Second, our proposed two-stage reward model, while
offering superior interpretability and accuracy, entails a
higher computational cost compared to standard discrimi-
native reward models. The requirement for two inference
steps inherently limits the model’s real-time inference effi-
ciency. In future research, we aim to optimize this archi-
tectural pipeline to reduce computational overhead. Addi-
tionally, we plan to conduct a comprehensive analysis of
model scaling to investigate how different model sizes im-
pact the trade-off between performance and efficiency in
multimodal preference learning.
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Prompt 6.1 (MLLM Bo8 Prompt)

The following eight images were all generated by this Prompt:
{prompt}
Please compare these images and choose the one you think is the best to submit. Only the image number (1-8) will
be returned.

Figure 8. Prompt for MLLM Ranking in Best-of-8 Selection.

Prompt 6.2 (Pointwise Analysis Collection Prompt)

You are a meticulous AI Image Quality Analyst and Creative Director. Your mission is to provide a detailed, structured analysis
for a provided image based on the prompt.
Your Step-by-Step Analysis Process:
1. Deconstruct the prompt:
First, carefully read and internalize every detail of the provided prompt. Isolate its core components to establish your evaluation
criteria.
2. Structured Image-by-Image Analysis:
For the provided image, you will conduct a methodical evaluation based on the following five criteria. Your analysis MUST
address all five points in this specific order, analyzing both compliance and deviation within each point.
• 1. Fundamental Image Integrity: Assess the image’s foundational technical quality, independent of the prompt’s creative

instructions. Scrutinize for any objective flaws such as unintended blur, pixelation, overexposure, underexposure, or digital
noise that detract from a professional finish.

• 2. AI Artifact and Realism Evaluation: Examine the image specifically for common AI generation artifacts and assess its
overall textural fidelity. If characters are present, conduct a rigorous check for anatomical inconsistencies, such as malformed
hands, distorted facial features, or unnatural limb positioning. Evaluate whether the image achieves a believable, cohesive sense
of realism or if artifacts disrupt the illusion.

• 3. Typographical Precision Analysis: When the prompt includes text, perform a granular analysis of its execution. Evaluate
adherence to the specified content, checking for spelling errors, omissions, or additions. Scrutinize the rendering of typograph-
ical details: font family, style, color, weight, and capitalization. Assess layout aspects like kerning, leading, alignment, and
scale. Conclude by evaluating the overall legibility and seamless integration of the text.

• 4. Visual Prompt Interpretation: Beyond text, assess the image’s faithfulness to all other thematic and compositional direc-
tives in the prompt. Evaluate the accuracy of core elements (characters, objects, setting), the composition, layout, and adherence
to the specified artistic style, mood, and color palette. Identify every element that aligns with the brief, as well as any deviations
or creative misinterpretations.

• 5. Standalone Artistic Evaluation: Disregarding the prompt’s specific constraints, judge the image purely on its own artistic
and aesthetic merits. Evaluate its composition, use of light and shadow, color theory, emotional impact, and overall visual
appeal. Assess the technical execution and the creative choices made, determining if it is a compelling and well-crafted image
in its own right.

The prompt is as follows:
“{creative brief}”
Required Output:
Your final output must be structured as follows. Do not include any conversational introductions or summaries outside of this
defined structure. Provide your structured analysis for the image. Use a clear heading for Image Analysis. Within this analysis,
you must use the five numbered subheadings in the specified order. The total length should be within 500 words.
(Example of the final part of the output)
Image Analysis
1. Fundamental Image Integrity:
[Your analysis here.]
...
5. Standalone Artistic Evaluation:
[Your analysis here.]

Figure 9. Prompt used for Pointwise Analysis Data Collection.



Prompt 6.3 (Pairwise Preference Reasoning Prompt)

The images were generated by the prompt: “{prompt}”.

Why is Image {better image index} better than Image {worse image index}?

When analyzing, you can consider these dimensions: Image Quality, AI Artifacts, Prompt Adherence, Text Rendering, and Aes-
thetic Value. Focus only on the key differentiating factors that make Image {better image index} superior. You don’t need to
cover all dimensions—only explain the core reasons.

Provide your analysis as a single paragraph.

Figure 10. Prompt used for Pairwise Preference Reasoning Data Collection.

Prompt 6.4 (Pointwise Analysis Generation Prompt)

Please analyze this image generated from the prompt: “{creative brief}”.
Provide a detailed analysis across these five dimensions:
1. Fundamental Image Integrity,
2. AI Artifact and Realism Evaluation,
3. Typographical Precision Analysis,
4. Visual Prompt Interpretation, and
5. Standalone Artistic Evaluation.

Figure 11. Prompt used for Pointwise Analysis Generation Training and Inference.

Prompt 6.5 (Pairwise Preference Prediction Prompt)

The following two images are generated from this prompt: “{prompt}”.
Is Image 1 better than Image 2?
Please answer Yes or No first, then provide the reason.

Figure 12. Prompt used for Pairwise Preference Prediction Training and Inference.



Prompt 6.6 (Multi-Round Ranking Prompt (Part 1))

You are a meticulous AI Image Quality Analyst and Creative Director. Your mission is to provide a detailed, structured analysis
for {image ref} based on a creative brief, culminating in a definitive ranking presented in JSON format.

Your Step-by-Step Analysis Process:

1. Deconstruct the Creative Brief:
First, carefully read and internalize every detail of the provided prompt. Isolate its core components to establish your evaluation
criteria.

2. Structured Image-by-Image Analysis:
For each of the {num images} images, you will conduct a methodical evaluation based on the following five criteria. Your analysis
for each image MUST address all five points in this specific order, analyzing both compliance and deviation within each point.

Crucially, your analysis for each image must be completely independent and self-contained. Do not make comparisons or
references to any other image within an individual analysis block (e.g., in the analysis for Image 1, do not mention Image
2). All comparative logic is reserved for the final ranking synthesis.

• 1. Fundamental Image Integrity: Assess the image’s foundational technical quality, independent of the prompt’s creative
instructions. Scrutinize for any objective flaws such as unintended blur, pixelation, overexposure, underexposure, or digital
noise that detract from a professional finish. Conversely, note the image’s strengths in clarity, sharpness, and clean rendering.

• 2. AI Artifact and Realism Evaluation: Examine the image specifically for common AI generation artifacts and assess its
overall textural fidelity. If characters are present, conduct a rigorous check for anatomical inconsistencies, such as malformed
hands, distorted facial features, or unnatural limb positioning. Evaluate whether the image achieves a believable, cohesive sense
of realism or if artifacts disrupt the illusion.

• 3. Typographical Precision Analysis: When the prompt includes text, perform a granular analysis of its execution. Evaluate
adherence to the specified content, checking for spelling errors, omissions, or additions. Scrutinize the rendering of typograph-
ical details: font family, style, color, weight, and capitalization. Assess layout aspects like kerning, leading, alignment, and
scale. Conclude by evaluating the overall legibility and seamless integration of the text.

• 4. Visual Prompt Interpretation: Beyond text, assess the image’s faithfulness to all other thematic and compositional direc-
tives in the prompt. Evaluate the accuracy of core elements (characters, objects, setting), the composition, layout, and adherence
to the specified artistic style, mood, and color palette. Identify every element that aligns with the brief, as well as any deviations
or creative misinterpretations.

• 5. Standalone Artistic Evaluation: Disregarding the prompt’s specific constraints, judge the image purely on its own artistic
and aesthetic merits. Evaluate its composition, use of light and shadow, color theory, emotional impact, and overall visual
appeal. Assess the technical execution and the creative choices made, determining if it is a compelling and well-crafted image
in its own right.

Figure 13. Prompt used for Multi-Round Ranking Data Collection (Part 1: Analysis Criteria).



Prompt 6.7 (Multi-Round Ranking Prompt (Part 2))

3. Synthesize and Establish Ranking Logic:
After analyzing all images, synthesize your findings from the five-point analysis to establish a final ranking from best to worst.
Your ranking must be a direct result of weighing your findings against this strict, four-tier hierarchy of importance:

• Priority 1: Fundamental Image Integrity. This is the primary gatekeeper for quality. An image must first be technically
sound. Any image with significant fundamental flaws (e.g., pervasive blur, noise, or exposure issues) will be penalized heavily,
regardless of its performance in other areas. This is evaluated in point 1.

• Priority 2: Comprehensive Prompt Adherence. Once an image passes the fundamental quality check, its faithfulness to
the creative brief is the next most critical factor. This encompasses both textual accuracy and visual interpretation. Within
this tier, accuracy in text is paramount. This is evaluated in point 3 (Typographical Precision) and point 4 (Visual Prompt
Interpretation).

• Priority 3: AI-Generated Artifacts. Images that are technically sound and prompt-adherent are then judged on their level of
polish and realism. The absence of distracting AI-specific rendering errors, such as anatomical distortions or illogical object
blending, is the third most important factor. This is evaluated in point 2 (AI Artifact and Realism Evaluation).

• Priority 4: Standalone Aesthetic Appeal. This is the final consideration, used primarily to differentiate between images that
perform similarly in the top three tiers. It is a subjective measure of the image’s artistic merit, including composition, lighting,
and overall impact. This is evaluated in point 5.

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

Required Output:
Your final output must be structured as follows. Do not include any conversational introductions or summaries outside of this
defined structure. First, provide your structured analysis for each of the {num images} images. Use a clear heading for each image
(e.g., Image 1 Analysis). Within each analysis, you must use the five numbered subheadings in the specified order. Following the
analysis of all {num images} images, provide the final ranking in a single, clean JSON block. The JSON block must be the very
last thing in your response and contain only the ranking.

(Example of the final part of the output)
...
Image {num images} Analysis
1. Fundamental Image Integrity:
[Your analysis here.]
...
5. Standalone Artistic Evaluation:
[Your analysis here.]

‘‘‘json
{
"rank": {ranking_example}
}
‘‘‘

*Replace the numbers with the image numbers (1-{num images}) in order from best to worst.*

Figure 14. Prompt used for Multi-Round Ranking Data Collection (Part 2: Synthesis and Output).



Prompt 6.8 (MLLM Preference Assessment Prompt)

System Instruction: You are an AI Image Quality Analyst. Your task is to evaluate a pair of AI-generated images based on a
creative brief and determine their data quality.

Evaluation Criteria:
Analyze each image based on its:
1. Fundamental Image Integrity: Technical quality (clarity, exposure, no major flaws).
2. AI Artifacts and Realism: Presence of AI artifacts, anatomical correctness, overall realism.
3. Typographical Precision: (If text is present) Accuracy of content, font, style, and layout.
4. Visual Prompt Interpretation: Faithfulness to the creative brief’s theme, composition, style, and elements.
5. Standalone Artistic Quality: Aesthetic appeal, composition, lighting, and emotional impact.

Decision Task:
Based on a holistic evaluation of the criteria above, you must categorize the image pair into one of the following four options.

Output Options:
• “Image 1”: If Image 1 is clearly better than Image 2.
• “Image 2”: If Image 2 is clearly better than Image 1.
• “Tie”: If both images are good and of comparable quality.
• “Both are bad”: If both images significantly fail the prompt’s core requirements. This includes, but is not limited to: major

errors in text or subject matter, missing key content, severe image quality issues, or extremely low aesthetic value.

The Creative Brief (Prompt):

“{creative brief}”

Required Output Format:
Your final output must contain only one of the four decision strings and nothing else. Do not provide analysis, justifications, or
any other conversational text.

Example:
Image 1

Figure 15. Prompt used for MLLM Pairwise Preference Verification. This prompt guides the model to evaluate image pairs across five
dimensions, specifically filtering out low-quality samples via the “Both are bad” option.
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