
Supplementary Material for PosterIQ
A Design Perspective Benchmark for Poster Understanding and Generation

We first present the statistical details of PosterIQ, fol-
lowed by a description of how we obtain the evaluation re-
sults for each task. To validate the automatic evaluation, we
also conduct a human evaluation and provide the annota-
tor guideline used to construct the benchmark. Finally, we
provide visual examples for each task to aid understanding.

1. Benchmark Statistics
Figure 1 summarizes the data distribution of our bench-
mark. For the understanding part (top), the dataset con-
tains 7,765 items in total, with font-related tasks taking the
largest share: Font Attributes (1,813, 23.3%) and Font Size
OCR (1,400, 18.0%) together account for over 40% of all
instances. OCR and layout–related tasks, including Logo
OCR, Poster OCR, Simple/Hard OCR, Text Localization,
Layout Comparison, Empty Space, and Layout Generation,
form the bulk of the remaining samples, while Style Un-
derstanding, Composition Understanding, Intention Under-
standing, and Overall Rating provide higher-level assess-
ments of visual design and semantics.

For the generation part (bottom), the 822 instances are
evenly distributed: Style Generation (256, 31.1%) and In-
tention Generation (200, 24.3%) dominate the set, whereas
Font Generation (135), Composition Generation (117), and
Dense Generation (114) each contribute roughly 14–16%
of the total, ensuring balanced coverage across different as-
pects of poster synthesis.

2. Task Evaluation
OCR Accuracy (Text Instance Level): For logo OCR
and poster OCR, we evaluate accuracy at the text-instance
level. Invisible characters (e.g., spaces and line breaks) are
stripped from both prediction and ground truth, and an in-
stance is counted as correct only under exact match. The
overall accuracy (AC) is then given by the average propor-
tion of correctly recognized text instances:

AC =
1

N

N∑
i=1

1

(
T̂i = Ti

)
, (1)

where N is the total number of text instances, T̂i is the
predicted text for instance i, and Ti is the corresponding

Figure 1. Benchmark statistics for understanding tasks (top) and
generation tasks (bottom).

ground-truth text. The function 1(·) is an indicator that re-
turns 1 if the condition holds and 0 otherwise. Each logo is
counted as a single text instance, while a poster can contain
multiple text instances.

Word-level Recall for Robust OCR: This metric is used
for the synthetic OCR tasks: Simple OCR, Hard OCR,
and Font-Size OCR. Given a ground-truth text string, we
split it into consecutive units g, each consisting of five char-
acters. For each unit g, we check whether it appears as a
substring in the model-predicted long text output. This nor-
malization makes scores comparable across texts of differ-
ent lengths. The word-level recall (WR) is then defined as
the proportion of ground-truth units that are recovered in the
prediction:
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WR =

∑
g∈G 1 (g ⊆ output)

|G|
, (2)

where G denotes the set of all five-character units ex-
tracted from the ground-truth text, and 1(·) is an indicator
function that returns 1 when the condition is satisfied and 0
otherwise. Before segmentation, spaces and escape charac-
ters are stripped, and each word is guaranteed to appear at
most once in a given image.

We define ∆ as the difference between the WR scores
on Simple OCR and Hard OCR. This gap reflects the ro-
bustness of the model to noise: a larger ∆ indicates higher
sensitivity to background clutter, missing context, rotation,
and other perturbations.

For the Font-Size OCR task, we additionally report the
standard deviation Std of the WR scores across 14 differ-
ent font sizes. This metric captures the robustness of the
model’s OCR performance with respect to changes in font
size: lower Std indicates more stable recognition across
scales.
K-Option Scoring for Multiple-Choice Tasks: For tasks
where the model predicts a label from a finite set of op-
tions, we use multiple-choice style metrics. This applies
to the font-related tasks (Font Matching, Font Attributes,
and Font Effects), where we report Score, Effect Score, and
Color Score; to the Style Understanding task, where we
report a style classification Score; to the Text Position task,
where Alignment and Rotation are cast as discrete choices;
and to Layout Comparison, where we also use a multiple-
choice Score. For multiple-choice tasks with k answer op-
tions, let the model’s accuracy be a, where a ∈ [0, 1].
The scoring formula normalizes the score such that random
guessing results in a score of zero, and perfect accuracy re-
sults in a score of one:

Score = max

(
0,

k · a− 1

k − 1

)
. (3)

Under random guessing, the expected accuracy is 1
k ,

which maps to a score of zero in our formulation. When
the model attains perfect accuracy a = 1, the score reaches
one. This scoring scheme is used for the font-related tasks,
the text positioning task, and the layout comparison task.
Bbox-Related Metrics: For the Text Localization task,
ground-truth bounding boxes are first sorted in descending
order by area. We then evaluate the average Intersection
over Union (IoU) over the top-n predicted boxes:

IoU =
1

n

n∑
j=1

|Bpred
j ∩Bgt

j |
|Bpred

j ∪Bgt
j |

, (4)

where Bpred
j and Bgt

j denote the predicted and ground-truth
boxes for the j-th instance.

To further assess prompt-following behavior, we exam-
ine how well the number of predicted boxes matches the
number of queried text instances. For each sample, if the
model predicts fewer boxes than requested, we compute the
recall as the ratio between the number of predicted boxes
and the number of queried objects. If it predicts more boxes
than requested, we assign a recall of 1. The final recall score
is the average over all samples:

Recall Rate =
1

N

N∑
i=1


npred
i

nquery
i

, if npred
i ≤ nquery

i ,

1, otherwise,
(5)

where N is the total number of evaluation samples, npred
i is

the number of predicted boxes for sample i, and nquery
i is the

number of query objects specified in the prompt.
In the Layout Generation task, there is no uniquely

correct placement of layout boxes, so standard IoU-based
matching is not directly applicable. Instead, we evaluate
the predicted layout by comparing the relative positions and
areas of predicted boxes with those of the ground truth.
Higher-quality layouts exhibit smaller Center Bias and an
Area Ratio closer to 1.

Center Bias quantifies the normalized Euclidean dis-
tance between the centers of the predicted and ground-truth
boxes:

Center Bias =
1

N

N∑
i=1
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i

∥∥
2
, (6)

where Cpred
i and Cgt

i are the normalized center coordinates
of the predicted and ground-truth box for the i-th element.

Area Ratio measures how similar the box areas are by
taking the ratio between the smaller and larger area:

Area Ratio =
1

N

N∑
i=1
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i , Agt
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)
max
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) , (7)

where Apred
i and Agt

i denote the areas of the predicted and
ground-truth boxes, respectively.
Empty-Space Evaluation. In the Empty-Space task, both
the ground truth and the model output are represented as
sets of patch IDs. The ground truth set corresponds to the
patches annotated as suitable empty regions, and the model
is asked to predict a set of patch IDs for placing new content.
We first measure the agreement between these sets using
Intersection over Union (IoU):

Patch IoU =
1

N

N∑
i=1

|Ppred ∩ Pgt|
|Ppred ∪ Pgt|

, (8)

where Ppred and Pgt denote the predicted and ground-truth
patch ID sets, respectively.



Match Accuracy. The prompt also specifies how many
patch IDs should be returned. We therefore evaluate
prompt-following behavior by checking whether the pre-
dicted set size matches the requested size. Match Accuracy
is defined as the proportion of samples that satisfy this con-
straint:

Match Accuracy =
1

N

N∑
i=1

1
(
|Ppred| = |Pgt|

)
, (9)

where N is the number of evaluation samples, Ppred is the
predicted patch set for sample i, |Pgt| is the number of patch
IDs requested in the prompt, and 1(·) is an indicator func-
tion that returns 1 if the condition holds and 0 otherwise.
Point Score for Advanced Understanding Metrics: For
intention understanding, each creative advertisement
poster is paired with a set of manually annotated key ele-
ments that summarize the intended semantic or conceptual
message of the design. To evaluate whether an MLLM can
correctly capture and verbalize these elements, we use GPT-
5 as an automatic judge. Given a model-generated caption,
the judge checks for each key element whether it is correctly
identified and explicitly mentioned. For a given poster, the
prediction is labeled Yes if all annotated key points are cov-
ered, and No otherwise. The resulting Point Score is defined
as the fraction of posters judged as Yes:

Point Score =
NYes

NTotal
, (10)

where NYes is the number of posters whose model-
generated captions successfully cover all key points, and
NTotal is the total number of evaluated posters.

For Composition Understanding, we adopt the same
Point Score metric.
Overall Rating Metric: In the Overall Rating task, both
humans and MLLMs assign a quality score in the range 0–
10 for each poster. We first normalize human and model
scores to have zero mean, and then measure their agreement
via cosine similarity. Formally, let h ∈ RN and m ∈ RN

denote the human and model score vectors over N posters.
We compute the zero-mean versions

h̃ = h− h̄1, m̃ = m− m̄1, (11)

where h̄ and m̄ are the mean human and model scores, and 1
is an all-ones vector. The final metric is the cosine similarity
between the two normalized vectors:

Overall Rating =
h̃⊤m̃

∥h̃∥2 ∥m̃∥2
. (12)

Point Score for Poster Generation: For the Dense Gen-
eration, Composition Generation, and Intention Gener-
ation tasks, we use the Point Score to evaluate whether the

generated image covers all required key elements. Each
generated poster is associated with multiple checkpoints
(e.g., required objects, layout cues, or semantic intentions),
and a MLLM judge determines for each checkpoint whether
it is correctly realized in the image.

Concretely, we use GPT-5 as the automatic judge for
Dense Generation and Intention Generation, and Gemini-
2.5-Pro as the judge for Composition Generation. The
Point Score is then computed as in Eq. (10), i.e., as the frac-
tion of images whose generated content is judged to cover
all annotated key points.
Score for Style Generation. In the Style Generation task,
the generative model is instructed (via a textual prompt) to
produce a poster in a specified target style. A MLLM is
then asked to classify the generated poster into one of the
predefined style labels. We compare the predicted style la-
bel with the ground-truth target label and compute a style
generation score as the accuracy over all evaluated samples:

Style Score =
1

N

N∑
i=1

1
(
ŝi = sgt

i

)
, (13)

where N is the number of generated posters, ŝi is the
style label predicted by the MLLM (GPT-5) for the i-th
poster, sgt

i is the corresponding ground-truth style label, and
1(·) is the indicator function.
Font Richness for Font Generation. In the Font Gen-
eration task, the generative model is prompted to produce
posters with diverse typography, where the prompt explic-
itly specifies the target text and encourages the use of varied
font styles. After generation, we ask an MLLM with strong
font understanding ability (GPT-5) to describe the typogra-
phy of each poster using a fixed vocabulary of font attributes
(e.g., modern, playful, serif, italic, etc.).

Let A be the set of all font attributes (e.g., the 37 at-
tributes in our implementation), and |A| = M . For a
batch of N generated posters, we define a binary indicator
xi,a ∈ {0, 1} that equals 1 if GPT-5 assigns attribute a ∈ A
to the i-th poster, and 0 otherwise. For each attribute a, we
first compute its coverage ratio over the batch:

Ra =
1

N

N∑
i=1

xi,a, (14)

which measures how frequently attribute a appears across
generated posters.

The overall Font Richness Score is then defined as the
average coverage ratio over all attributes:

Richness =
1

M

∑
a∈A

Ra =
1

NM

∑
a∈A

N∑
i=1

xi,a. (15)

Intuitively, this metric reflects how widely the generator ex-
plores the font attribute space: higher values indicate that a



broader range of font attributes is realized across the gener-
ated posters.

3. Human Evaluation
To verify the reliability of our automatic evaluation, we con-
duct a series of human studies on both understanding and
generation tasks. For several understanding tasks that rely
on LLM-based textual judgments (e.g., Composition Un-
derstanding and Intention Understanding), we compare
the decisions of the automatic judge with those of human
annotators. On a subset, the agreement between the LLM
judge and human evaluation reaches approximately 92%,
indicating that our LLM-as-judge protocol is largely con-
sistent with human judgments.

For the Generation tasks, we employ MLLMs to repeat-
edly assess the quality and faithfulness of generated images.
Specifically, in Dense Generation, Composition Genera-
tion, and Intention Generation, the judge verifies whether
multiple key pieces of information are correctly rendered
in the image, while in Font Generation and Style Gen-
eration, the judge directly assigns font or style labels to
each poster. To validate these automatic scores, we ran-
domly sample 30 generated images per task and obtain hu-
man ratings under the same criteria. We observe that the rel-
ative ranking of generative models remains largely consis-
tent across different MLLM judges and human annotators,
suggesting that our automatic evaluation provides a stable
and trustworthy proxy for human assessment.

4. Annotator Guideline
We adopt a multi–stage pipeline for data collection and an-
notation. First, we gather poster images from free sources
that explicitly permit research use. All raw images are man-
ually cleaned to remove samples with blurry content, severe
artifacts, or copyright concerns. For OCR-related under-
standing tasks, we rely on reliable digital sources as ground-
truth text. Human annotation is mainly required for layout-
related tasks, advanced understanding tasks, and the overall
rating task.

For each such task, at least three expert annotators in-
dependently label every sample. A senior annotator (the
leader) then cross-checks all submissions, resolves dis-
agreements, and filters out ambiguous cases, retaining only
samples with high inter-annotator agreement. Below we
summarize the concrete annotation guidelines for represen-
tative tasks.
Empty Space Task. We begin from partially edited poster
designs, where some design elements have been intention-
ally removed from the original PSD files. The resulting
posters are rendered with an overlaid grid, and the grid
patch indices are visible to annotators. Each poster is sent
to three annotators with the following instruction: “This

is an unfinished poster. New design elements need to be
added. Please identify all patch IDs that you consider suit-
able empty regions for placing new content.” The leader ag-
gregates the proposed patch sets and retains only those sam-
ples whose recommended regions achieve more than 90%
agreement across annotators, making a final decision when
minor discrepancies occur.
Composition Understanding Task. We collect posters
that exhibit strong visual reconstruction or structural com-
position (e.g., displacement, nesting, segmentation). Each
poster is distributed to multiple annotators with the instruc-
tion: “Using concise natural language, list the visual de-
sign techniques used in this poster (such as displacement,
nesting, segmentation, extension, focus, mirroring, cut-out,
arrangement, etc.). Describe only the necessary compo-
sition cues in bullet points.” The leader reviews and con-
solidates all descriptions, and keeps only those posters for
which different annotators provide highly consistent com-
position cues.
Intention Understanding Task. We curate posters that
contain clear visual metaphors or conceptual designs. Each
poster is assigned to several annotators with the instruc-
tion: “First, carefully read the content in the poster. Then,
search for the original source or explanation of this poster
online. If the external explanation aligns with your own
understanding, keep this sample and decompose its core
metaphor or concept into several key pieces of informa-
tion. If the external explanation conflicts with your inter-
pretation, discard this sample.” The leader then collects and
refines the key-intention annotations, merging overlapping
items and removing noisy or inconsistent samples.
Overall Rating Task. For the overall quality assessment,
we distribute each poster to multiple annotators with the
instruction: “Please rate the overall design quality of this
poster on a scale from 0 to 10, where 0 is the worst and 10 is
the best. Consider font properties, layout, textual commu-
nication, and creative concept in your score.” Because dif-
ferent annotators may use different scoring ranges, we first
standardize their score distributions (zero-mean and vari-
ance normalization), and then discard posters whose inter-
annotator score range exceeds a predefined threshold. The
remaining posters, which exhibit high rating consistency,
are averaged to obtain a stable ground-truth score used in
our benchmark.



5. Task Illustration

Logo OCR Please extract text from the image, and return only the plain text without any punctuation or symbols.

Please extract text from the image, and return only the plain text without any punctuation or symbols.Poster OCR

Simple OCR Please extract text from the image, and return only the plain text without any punctuation or symbols.



Hard OCR Please extract text from the image, and return only the plain text without any punctuation or symbols.



Font Size OCR Please extract text from the image, and return only the plain text without any punctuation or symbols.



Font Matching

From the nine options (A–I), select the one that
matches the font of the target text. Please output a
single answer letter directly, without any other
explanation or output

From the nine options (A–I), select the one that
matches the font of the target text. Please output a
single answer letter directly, without any other
explanation or output

Font Attribute

Please select the font that matches the attribute
'angular' from the options. Please output a single
answer letter directly, without any other
explanation or output.

Please select the font that matches the attribute
'attention-grabbing' from the options. Please
output a single answer letter directly, without any
other explanation or output.

Font Effect 1

Please select the option with a shadow font effect
from the choices (A-D). Reply only with the letter,
no additional output.

Please select the option with a highlight font effect
from the choices (A-D). Reply only with the letter,
no additional output.



Font Effect 2

This image displays stylized text. Please select, from
the options below, the color and effects that match the
primary text color and the artistic font effect. color
options: ['azure', 'beige', 'black', 'blue', 'colorful', 'gray',
'green', 'indigo', 'orange', 'pink', 'purple', 'red', 'reddish-
brown', 'silvery', 'white', 'yellow'] effects options: ['blue
and purple gradient light', 'bubble material', 'colorful
background', 'composed of balloon', 'composed of
coral', 'composed of flame', 'composed of lava rocks',
'composed of legos', 'composed of rainbow',
'composed of roses', 'composed of sand', 'composed
of stars and nebulae', 'covered by frost', 'covered by
snowflakes', 'covered with foam', 'crystals', 'cyberpunk
neon light tube', 'daisies', 'dynamic splash', 'fireworks',
'flame', 'fluorescent', 'frost texture', 'frosty texture',
'furry', 'glass material', 'glossy', 'glossy finish',
'glowing', 'glowing particles inside', 'grasslands', 'icy
texture', 'leather', 'lighting', 'metallic texture', 'outline',
'pebble-colored spots', 'pink and purple gradient',
'plants', 'porcelain', 'reflection', 'rose background',
'scattered with colored powder', 'smoke', 'translucent',
'using stars and nebulae', 'water droplets', 'wood grain
texture'] Please select the possible answers from the
options and output them directly.

This image displays stylized text. Please select, from
the options below, the color and effects that match the
primary text color and the artistic font effect. color
options: ['azure', 'beige', 'black', 'blue', 'colorful', 'gray',
'green', 'indigo', 'orange', 'pink', 'purple', 'red', 'reddish-
brown', 'silvery', 'white', 'yellow'] effects options: ['blue
and purple gradient light', 'bubble material', 'colorful
background', 'composed of balloon', 'composed of
coral', 'composed of flame', 'composed of lava rocks',
'composed of legos', 'composed of rainbow',
'composed of roses', 'composed of sand', 'composed
of stars and nebulae', 'covered by frost', 'covered by
snowflakes', 'covered with foam', 'crystals', 'cyberpunk
neon light tube', 'daisies', 'dynamic splash', 'fireworks',
'flame', 'fluorescent', 'frost texture', 'frosty texture',
'furry', 'glass material', 'glossy', 'glossy finish',
'glowing', 'glowing particles inside', 'grasslands', 'icy
texture', 'leather', 'lighting', 'metallic texture', 'outline',
'pebble-colored spots', 'pink and purple gradient',
'plants', 'porcelain', 'reflection', 'rose background',
'scattered with colored powder', 'smoke', 'translucent',
'using stars and nebulae', 'water droplets', 'wood grain
texture'] Please select the possible answers from the
options and output them directly.

Text Localization

You are a vision-language model assistant
for text detection. Given an image and a list
of text elements, return a Python list of
normalized bounding boxes in the format
[[xmin, ymin, xmax, ymax], ...]. Each
coordinate should be: \n 1. Expressed as
decimals relative to the image's width (x-
axis) and height (y-axis) \n 2. Precise to
exactly 3 decimal places \n 3. Ordered as
[left, top, right, bottom] in normalized
coordinates. \n eg. [[0.123, 0.456, 0.789,
0.901],[0.050, 0.112, 0.950, 0.188],[0.001,
0.923, 0.999, 0.987]] \nReturn only the list
(empty if no matches). No explanations.
Text Elements to locate: \n['REVOLUTION',
'Rock', 'Show', 'FRIDAY, 28 FEB.', 'SOUND
OF', '@ THE INN', 'PERFORMERS', 'DOORS
OPEN AT 9PM', 'MAIN STREET      YOUR
CITY', 'LIVE', 'WWW.WEBSITE.COM      555
666 444', 'SLAYMOORE', 'ROBSHOTS', 'THE
OWLZ', '30$', 'ZEPPELIN', 'PRESENTS', '&
SPECIAL GUEST', 'TICKETS', 'FACEBOOK',
'YOUTUBE', 'TWITTER', 'VIMEO']"

You are a vision-language model assistant
for text detection. Given an image and a list
of text elements, return a Python list of
normalized bounding boxes in the format
[[xmin, ymin, xmax, ymax], ...]. Each
coordinate should be: \n 1. Expressed as
decimals relative to the image's width (x-
axis) and height (y-axis) \n 2. Precise to
exactly 3 decimal places \n 3. Ordered as
[left, top, right, bottom] in normalized
coordinates. \n eg. [[0.123, 0.456, 0.789,
0.901],[0.050, 0.112, 0.950, 0.188],[0.001,
0.923, 0.999, 0.987]] \nReturn only the list
(empty if no matches). No explanations.
Text Elements to locate: \n['LiveSupport
band namemusic band name',
'MoustacheParty', 'Got Mo?Get Free Enter',
'Your Place Name. Street
12/Dwww.movemberparty.com ', '30.Nov.15']

Text Positioning

Please examine the orientation of the text in
the image and choose one of the following
rotation options: [clockwise rotation, no
rotation, counterclockwise rotation]. If there
is a rotation, the angle will not exceed 90
degrees. Please select the correct rotation
direction. Output only the answer, without
any additional explanation.

Please observe the text alignment and
choose one of the following alignment
options: [left-aligned, center-aligned, right-
aligned]. Output only the answer in this
format, without any additional explanation,
for example: ['center-aligned']



Empty Space

This draft poster is overlaid with a 7×7 white
grid, dividing it into 49 equally sized
patches numbered 0 to 48 in reading order
(top to bottom, left to right):\nRow 1: 0, 1, 2,
3, 4, 5, 6\nRow 2: 7, 8, 9, 10, 11, 12, 13\nand
so on through Row 7: 42–48.\nPlease
identify visually “empty” or under-utilized
areas—for example, large background
regions with no text or graphics. Taking into
account the poster’s overall symmetry and
the spatial relationships between patches,
select 24 patches that are most suitable for
adding new design elements. Return only
the 24 selected patch IDs as a list, with no
additional output. \nExample answer: [35,
36, 37, 38, 39, 40, 41, 43, 44, 45, 46, 47]

This draft poster is overlaid with a 7×7 white
grid, dividing it into 49 equally sized
patches numbered 0 to 48 in reading order
(top to bottom, left to right):\nRow 1: 0, 1, 2,
3, 4, 5, 6\nRow 2: 7, 8, 9, 10, 11, 12, 13\nand
so on through Row 7: 42–48.\nPlease
identify visually “empty” or under-utilized
areas—for example, large background
regions with no text or graphics. Taking into
account the poster’s overall symmetry and
the spatial relationships between patches,
select 27 patches that are most suitable for
adding new design elements. Return only
the 27 selected patch IDs as a list, with no
additional output. \nExample answer: [35,
36, 37, 38, 39, 40, 41, 43, 44, 45, 46, 47]

Layout Comprison

Which poster image, A or B, has a more
visually appealing layout? Please output A
or B directly

Which poster image, A or B, has a more
visually appealing layout? Please output A
or B directly

Layout Generation

Natural‑language Descriptions: The text \"New arrival\"
vertically dominates a significant portion of the right
side, taking up much of the vertical space and giving a
sense of prominence in the design. \"Outfita Instagram
Stories Template\" is discreetly placed at the bottom left
corner of the design, nestled within a darker band, and
occupies a smaller area, offering a subtle foundation.
The phrase \"SHOP NOW\" is centrally aligned within an
orange circular element on the right side, near the top,
creating a focal point that draws attention without
dominating the space. Lastly, \"DAILY LOOK\" is
positioned at the top left, within a narrow horizontal
strip, giving a header-like feel with minimal spatial
coverage. \nBased on the image layout and the
natural‑language descriptions, directly generate the
positions where the following text elements could be
placed in the image. Texts: ['New arrival', 'Outfita
Instagram\\rStories Template', 'SHOP\\rNOW', 'DAILY
LOOK'] \nOutput only the list of bounding boxes
([x_min, y_min, x_max, y_max]) for each text element,
using normalized decimal coordinates. Here is an
example output:[[0.123, 0.456, 0.789, 0.901],[0.050, 0.112,
0.950, 0.188],[0.001, 0.923, 0.999, 0.987]]

Natural‑language Descriptions: The text \"Mamma
Mia\" occupies a prominent position near the top of
the layout and stretches broadly across the upper
part of the design. It is centrally placed, giving it
significance and drawing immediate attention. Below
it, there's the phrase \"Love is companionship,\"
which also spans widely but covers a slightly smaller
area. This text is positioned just under \"Mamma
Mia,\" continuing the thematic engagement across
the upper section. Lastly, the word \"beautiful\" is
horizontally oriented toward the bottom of the
grouping of text elements, occupying an area slightly
larger than the previous text. It features a flowing
script style, creating an elegant touch as it is
positioned nearer to the middle of the layout, giving
balance to the overall design. Together, these text
elements create a harmonious overlay above the
lower central image, effectively blending with the
floral motif around the edges. \nBased on the image
layout and the natural‑language descriptions, directly
generate the positions where the following text
elements could be placed in the image. Texts:
['beautiful', 'Mamma Mia', 'Love is companionship']
\nOutput only the list of bounding boxes ([x_min,
y_min, x_max, y_max]) for each text element, using
normalized decimal coordinates. Here is an example
output:[[0.123, 0.456, 0.789, 0.901],[0.050, 0.112,
0.950, 0.188],[0.001, 0.923, 0.999, 0.987]]



Style Understanding You are a professional visual design analyst. Task: Given an input poster image, identify its *dominant visual style* based on composition, color palette, typography, and artistic features.
Return only one style name from the following list: \n['Flat Design', 'Illustrative Style', 'Minimalist Style', 'New Chinese Aesthetic', 'Japanese Style', 'Cinema 4D Style', 'Retro Style', 'Diffuse Glow
Style', 'Acid Graphics', 'Papercut Style', 'Pixel Art', 'Pop Art', 'Vaporwave Style', 'Cyberpunk Style', 'Glitch Art', 'Memphis Style', 'Typographic Minimalism'] \nGuidelines:\n- Do not add
explanations or probabilities. \n- Output must exactly match one of the items in the list.



Composition Understanding Please describe the poster in detail, including its composition, visual hierarchy, spatial relationships between elements, typography.



Intention Understanding Please provide a detailed description of this poster and explain the design metaphors used in it.



Overall Rating Please carefully evaluate the given poster and assign a score from 1 to 10 based on the following three aspects:\n1. Typography Design – clarity, creativity, and consistency of font
usage.\n2. Layout Composition – balance, hierarchy, and visual flow of the overall structure.\n3. Visual Metaphor and Aesthetics – how effectively the poster conveys meaning
through imagery, symbolism, and color harmony.\n\nOutput only a single number (1–10) representing your overall score, without explanation or extra text.



6. Generation Task Results

Dense Generation Results



Font Generation Results



Style Generation Results



Composition Generation Results



Intention Generation Results
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