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Figure 1. Image numbers per prompt of each dataset.

1. Image Sources of HPDv3

Table 1 summarizes the source models and images in
HPDv3. Our dataset includes outputs from recent state-
of-the-art image generation models, high-quality real-world
images, and images generated by Midjourney, resulting in a
total of 1.08M text-image pairs. Additionally, we compare
the text-image pairs in HPDv3, HPDv2, PickScore, and Im-
ageReward datasets. Figure 1 reveals that HPDv2 [18],
PickScore [8], and ImageReward [20] datasets often asso-
ciate identical prompts with more than 100 images, lead-
ing to an uneven distribution with significant outliers. Such
imbalances can negatively affect model training. In con-
trast, HPDv3 maintains a more balanced distribution, with
no prompt linked to more than 50 images, ensuring consis-
tent and unbiased training for learning user preferences.

2. Category distribution of HPDv3

To better reflect user preferences for prompt categories, we
categorize user prompts in JourneyDB [16] into 12 dis-
tinct classes, ensuring that the class proportions in HPDv3
closely match those in JourneyDB.

As shown in Figure 2, we compare the category distri-
butions of HPDv3, HPDv2, ImageReward, and Pick-a-Pic
datasets. The result shows that HPDv3 aligns most closely
with the category proportions of JourneyDB, indicating that
HPDv3 effectively captures user preferences for prompt cat-
egories, making it more representative and balanced.

Figure 2. Distribution of real images across 12 categories col-
lected from the Internet.

3. HPDv3 Dataset Construction
3.1. Real Image Collection
We collect aound 5M high-quality real images from the In-
ternet, covering a wide range of categories such as architec-
ture, people, objects, animals, plants, landscapes, products,
and posters. This diverse sampling ensures that the dataset
is broad and representative.

The collected images are predominantly authentic pho-
tographs. This forms a strong foundation for a high-quality
dataset. However, despite our careful collection process, the
dataset still contains some noise and irrelevant samples that
require further refinement.

3.2. Aesthetic Model Training
To efficiently filter large volumes of images based on their
aesthetic quality, we develop a specialized visual assess-
ment model. As our analysis reveals, the model trained by
open-source community [15] exhibits a strong preference
for oil painting, which may not accurately reflect human
aesthetic preferences. This bias could potentially skew our
image quality assessments toward a particular visual style
rather than capturing more universal aspects of image qual-
ity. To address this limitation and better align with diverse
human aesthetic judgments, we decide to retrain the model
using our newly developed dataset.
Model Training We keep the model architecture similar to
the open-source aesthetic model [15] but refine it to address



Image Source Type Num Images Prompt Source Split

High Quality Image (HQI) Real Image 57759 VLM Caption Train & Test
Midjourney - 331955 User Input Train
CogView4 [23] DiT 400 HQI+HPDv2+JourneyDB Test
FLUX.1 dev [1] DiT 48927 HQI+HPDv2+JourneyDB Train & Test
Kolors [17] DiT 49705 HQI+HPDv2+JourneyDB Train & Test
HunyuanDiT [9] DiT 46133 HQI+HPDv2+JourneyDB Train & Test
Stable Diffusion 3 Medium [6] DiT 49266 HQI+HPDv2+JourneyDB Train & Test
Stable Diffusion XL [12] Diffusion 49025 HQI+HPDv2+JourneyDB Train & Test
PixArt-Σ [3] Diffusion 400 HQI+HPDv2+JourneyDB Test
Infinity [7] Autoregressive 27061 HQI+JourneyDB Train & Test
Stable Diffusion 2 [14] Diffusion 19124 HQI+JourneyDB Train & Test
CogView2 [4] Autoregressive 3823 HQI+JourneyDB Train & Test
FuseDream [10] Diffusion 468 HQI+JourneyDB Train & Test
VQ-Diffusion [5] Diffusion 18837 HQI+JourneyDB Train & Test
Glide [11] Diffusion 19989 HQI+JourneyDB Train & Test
Stable Diffusion 1.4 [14] Diffusion 18596 HQI+JourneyDB Train & Test
Stable Diffusion 1.1 [14] Diffusion 19043 HQI+JourneyDB Train & Test
HPDv2 [18] / 327763 - Train

Total 1088274

Table 1. Image Sources of HPDv3. The dataset contains images from both high-quality real photographs and various types of image
generation models, including autoregressive models, DiT-based models, and diffusion models.

aesthetic bias. We train our model on a single NVIDIA
A100 80GB GPU using our carefully curated 20, 000-image
annotation dataset. The training configuration employs a
learning rate of 5 � 10−3 and a batch size of 256.

3.3. High-quality Real-image Selection
Using our trained aesthetic model, we evaluate the qual-
ity of all collected images. Fisrt, we filter out all images
with a quality score below 4.0, as these are consistently
lower quality. Then, to ensure category diversity, we apply
category-specific evaluation and proportional selection, fo-
cusing on the highest-scoring images within each category
while maintaining the ratios of each category in HPDv3.

This process results in a final curated dataset compris-
ing 58k high-quality real images. The category distribu-
tion of these selected images, shown in Figure 3, closely
aligns with the proportions seen in Figure 2, ensuring a
well-balanced and high-quality dataset.

3.4. Pairwise Image Generation
We use various generative models with their recommended
configurations to create images based on prompts from
HPDv2, descriptions of real images, or JourneyDB. For im-
ages generated from HPDv2 and JourneyDB prompts, we
use square dimensions to maintain consistency. For images
based on real image descriptions, we match the aspect ratios
of the original images to preserve their structure and visual
integrity. assessment of content and aesthetic qualities in-
dependent of image proportions.

Figure 3. Category distribution of high-quality real images in
HPDv3 dataset.

After generation, we group images by the same prompt
into pairs comparing outputs from different models. These
pairwise comparisons allow us to evaluate the relative per-
formance of generative models under identical prompts,
providing more detailed insights into their strengths and
weaknesses. This pairwise approach forms the foundation
for further annotations and model training.



Standard

Based on the text you see two pictures, please combine the degree of detail �nesse, chipping, text, artistry,
aesthetics and other dimensions of comprehensive consideration, choose the one you prefer.
Tips: do not only consider the text and image correlation, do not consider the impact of image size, need to
combine multiple dimensions to make a comprehensive judgment!

Table 2.Details of the annotation guideline.

Figure 4. Demographic Pro�le of Annotators: Gender Distri-
bution and Age Strati�cation.

Figure 5.Annotation interface of pairwise image comparison.

4. Annotation Details

4.1. Image Annotation.

To build a reliable training dataset, we subject the pairwise
image data to thorough human annotation, following a stan-
dardized evaluation protocol.

As shown in Table 2, human evaluators are provided
with detailed guidelines that de�ne clear criteria for judg-
ment. This structured approach helps ensure consistent an-
notations while capturing the multidimensional aspects of
human preferences.

Each image is scored by9 � 19 experts, with an inter-
annotator agreement threshold set at0:9 to ensure high re-
liability. The annotation process follows the same rigorous
methodology described in the pairwise data annotation sec-
tion of the main paper. By maintaining consistent evaluation
standards across all stages of dataset creation, we ensure the
overall quality and reliability of the annotated data.

Example 1: Question ID: xxxxxxx
Image Type: Hunyuan VS SD3
Ground Truth: 1
Con�dence Score:0.98
Average Completion Time:9.56 seconds
Response Distribution: 8/9 users (88.9%) correctly
identi�ed the image as synthetic
User Capability: Only one user had measured capabil-
ity score (68.0)
Speed Range:From 1.269s to 22.814s
Example 2: Question ID: xxxxxxx
Image Type: Real image VS SD3
Ground Truth: 0
Con�dence Score:0.95
Average Completion Time:5.74 seconds
Response Distribution:19/19 users (94.7%) incorrectly
identi�ed the real image as synthetic
User Capability: Three users had measured capability
scores (68.0, 68.0, 73.5)
Speed Range:From 0.945s to 22.253s

Table 3. User response analysis for pairwise image analysis tasks

4.2. Demographic of annotators.

As shown in Figure 4, our annotation team has a rela-
tively balanced gender distribution, with56:13% female
and43:87%male participants. The age demographics show
that most annotators fall within the young to middle-aged
categories, with88:95% aged between18 and 40 years,
and the21 � 30 age group being the largest (38:65%).
This demographic composition offers several advantages,
such as a strong familiarity with modern language pat-
terns and current fashion trends. Additionally, the anno-
tators come from diverse professional backgrounds, includ-
ing college students, freelancers, artists, teachers, and engi-
neers. This diversity brings a wide range of perspectives to
the annotation process. Such a well-balanced and diverse
group ensures that the annotations capture the preferences
of fashion-conscious consumers effectively, enhancing both
the quality and relevance of our annotated dataset.

4.3. Annotation interface and guidelines.

Figure 5 illustrates our user-friendly annotation interface for
pairwise image comparison. The interface displays two im-
ages generated from the same textual prompt, along with
the prompt itself to provide contextual clarity. Annotators
are required to select the image they prefer based on clearly
de�ned evaluation guidelines.

The annotation protocol guides evaluators to assess im-
ages across three key dimensions:
• Prompt Alignment : How well the image matches the

given textual description.



Figure 6.Average convergency score by categories.

Data Source Description Pair Num

HPDv3
Real images and comparisons 652k

Golden trainset �ltered from HPDv2 250k

Pick-A-Pic Randomly selected subset 350k
ImageReward Randomly selected subset 120k

Midjourney Real user choice data 150k

Total 1522k

Table 4. Composition of the training dataset used for HPSv3
model training.

• Aesthetic Quality: The visual appeal and technical exe-
cution of the image.

• Overall Coherence: The logical consistency and natural-
ness of the scene depicted.

These structured criteria ensure that the annotations capture
meaningful differences in quality while minimizing subjec-
tive bias. Table 3 provides examples of annotation out-
comes, including �nal preferences, con�dence scores, and
an assessment of annotator quality. This systematic ap-
proach helps maintain the reliability and consistency of the
dataset annotations.

4.4. Convergency of Annotations.

We evaluate the annotation convergence for each data cate-
gory to measure the consistency of annotator decisions. Fig-
ure 6 visualizes the level of convergence of annotations in
all categories. Convergence is calculated by assessing the
agreement among annotators when evaluating image pairs
with the same text prompt.

5. HPSv3 Training Details

5.1. Training Dataset

For training our �nal model, we use data from four sources:
HPDv3, subsets of Pick-A-Pic and ImageReward, and real
user preference data collected from Midjourney. In total, the
training dataset comprises1:5 million pairwise samples.

Speci�cally, the HPDv3 dataset is composed of two
parts. The �rst part includes pairwise comparisons of real

Model ImageReward PickScore HPDv2 HPDv3

HPSv3 (HPDv2) 62.6 64.4 82.3 66.6
HPSv3 (ImageReward) 65.5 64.4 80.5 63.4
HPSv3 (PickScore) 61.0 70.6 80.2 64.9
HPSv3 (Ours) 66.8 72.8 85.4 76.9

Table 5. Dataset ablation. We train HPSv3 using the training
datasets from HPDv2, ImageReward, and PickScore. The results
demonstrate that training with HPDv3 training dataset achieves
the highest accuracy across all test sets, showcasing its superior
performance.

images and images generated based on prompts from Jour-
neyDB and HPDv2. These comparisons are annotated using
the annotation pipeline, and only those with a con�dence
score of0:95or higher are selected for training.

The second part is a manually curated golden train-
ing set. This contains high-quality sample data. We use
this golden trainset to train a �ltering model, which shares
the same architecture and training methodology as HPSv3.
This �ltering model is applied to choose samples from
HPDv2. And we randomly select250; 000pairs from sam-
ples picked from HPDv2. This process enriches the HPDv3
dataset by increasing both model diversity and pairwise data
diversity. To further boost the contribution of the golden
set, we duplicate some of its samples during the training
process.

Additionally, we include 350; 000 pairwise samples
from Pick-A-Pic and120; 000samples from ImageReward.
These datasets provide additional variety to enhance model
performance.

Furthermore, we collect150; 000 pairs of real user-
choice data from Midjourney via the Internet. This real-
world preference data is crucial for improving HPSv3's
ability to handle user selections during CoHP.

In summary, as detailed in Table 4, the training dataset is
a diverse and comprehensive mix of high-quality, curated,
and real-world user preference data. This careful composi-
tion ensures robust and adaptable model performance.

5.2. Training on other datasets

Table 5 presents the results of the dataset ablation study,
where HPSv3 is trained on different datasets, including
HPDv2, ImageReward, PickScore, and HPDv3. The eval-
uation is conducted across four metrics: ImageReward,
PickScore, HPDv2, and HPDv3. Among the datasets,
HPSv3 trained with HPDv3 outperforms others, achieving
the best performance across all test sets—66:8% on Im-
ageReward,72:8% on PickScore,85:4% on HPDv2, and
76:9% on HPDv3. These results clearly indicate that the
HPDv3 dataset provides the most comprehensive and effec-
tive supervision for training. It signi�cantly enhances the
robustness and generalization of HPSv3, underscoring its



superiority over other datasets.

5.3. Clari�cation on Loss Function

In this section, we clarify that various loss functions men-
tioned in the literature [8, 18, 19, 22] (including this paper)
and the bradley-terry loss [2] share the same underlying op-
timization objective.

Form 1: Optimizing KL-divergence. In [8, 18, 22], the
predicted preferencêyi is calculated as::

ŷi =
exp (r i )

P 2
j =1 exp (r j ))

; (1)

wherer i denotes the preference score of samplex i . And
the model is optimized by minimizing the KL-divergence
between the ground truthy and the predicted distribution.
Speci�cally, y = [1 ; 0] if samplex1 is preferred overx2,
andy = [0 ; 1] otherwise. The loss function is formalized as
below to minimize KL-divergence:

L pref =
2X

j =1

yi (log yi � log ŷj ) : (2)

To simplify the problem, we assume that the samplexh

is the preferred sample, whilex l is the dispreferred one.
According to the order,yi will always be1. Substituting
them into the loss function, we obtain:

L pref = � log
�

exp(r h )
exp(r h ) + exp( r l )

�

= � log
�

1
1 + exp(r l � r h )

�

= log (1 + exp( r l � r h )) :

(3)

This shows that the KL-divergence formulation reduces to
a logistic loss comparing the preference scores of the two
samples.

Form 2: Bradley-Terry Loss. [2, 19] adopt the Bradley-
Terry loss to maximize the probability of the winning
(higher-ranked) samples over the losing (lower-ranked)
samples. The probability of the winning samples in
Bradley-Terry model can be de�ned as:

P(xh � x l ) =
exp(r h )

exp(r h ) + exp( r l )

=
1

1 + exp(r l � r h )

= sigmoid(r l � r h ):

(4)

The goal is to maximize this probability. Therefore,
the model is optimized by minimizing the negative log-
likelihood:

L BT = � logP(xh � x l )

= � log(sigmoid(r l � r h ))
(5)

However, we can continue to simplify it.

L BT = � log(sigmoid(r l � r h ))

= � log(
1

1 + exp(r l � r h )
) = log (1 + exp( r l � r h )) :

(6)

Equivalence Conclusion. We can observe that both Form
1 (KL-divergence) and Form 2 (Bradley-Terry) ultimately
converge to the same pair-wise logistic ranking loss:

L = log (1 + exp( r l � r h )) ; (7)

demonstrating their fundamental equivalence in optimiza-
tion objectives despite different theoretical origins.

6. HPDv3 Dataset Visualization

6.1. Dataset Visualization

Figure 7 showcases examples from the HPDv3 dataset.
Each image pair consists of different images generated from
the same prompt, with the images sourced from various im-
age generation models as well as real-world photographs.
For each prompt, we systematically create pairwise com-
parisons by pairing all possible image combinations. Hu-
man annotators then evaluate these pairs to provide prefer-
ence judgments, resulting in a detailed collection of pair-
wise preference data.

This rigorous pairwise annotation approach captures nu-
anced human preferences across different visual representa-
tions of the same concept. By including both AI-generated
images from diverse models and real photographs, the
dataset enables a comprehensive analysis of human pref-
erences across the spectrum of synthetic and authentic vi-
sual content. The resulting preference signals serve as a
rich foundation for training our HPSv3 model to better align
with human judgments.

6.2. Benchmark Visualization

Figure 8, 9 and 10 show sample prompts from the HPDv3
Benchmark. This benchmark is designed as a diverse
and standardized evaluation framework for assessing the
performance of image generation models. Speci�cally,
the HPDv3 Benchmark includes a carefully curated set of
1; 000 prompts for each of the12 categories, drawn from
three datasets: HPDv3, HPDv2, and JourneyDB. These
prompts cover a variety of styles and lengths to ensure com-
prehensive evaluation.



For prompts sourced from the HPDv3 dataset, we in-
clude the corresponding real-world reference images to fa-
cilitate comparisons with generated images. On the other
hand, prompts from the HPDv2 and JourneyDB datasets are
provided as text-only, focusing on evaluating a model's abil-
ity to generate images purely from textual input.

This setup enables evaluation from multiple perspec-
tives. The inclusion of real-world reference images pro-
vides a way to measure how closely generated images align
with actual visuals. At the same time, the text-only prompts
test the model's ability to interpret and generate images
solely based on textual descriptions. By combining these
approaches, the HPDv3 Benchmark offers a comprehensive
framework to assess image synthesis quality across vari-
ous content categories and prompt styles, promoting con-
sistent evaluation and progress in text-to-image generation
research.

7. More Result of CoHP

In this section, we present an extensive collection of gener-
ation results from CoHP. We showcase diverse outputs pro-
duced across multiple iterations. The �rst row of Figure 11
and 12 shows the best result of each model (Flux, Kolors
and Playground v2.5) generated in the Model-wise prefer-
ence stage. As illustrated in Figure 11 and Figure 12, the
Model-wise preference stage plays a critical role in CoHP
by selecting the best model that can generate images with
strong semantic understanding and well-constructed com-
positions. Meanwhile, the sample-wise preference stage
contributes by re�ning the images and enhancing their de-
tails.

Figure 13 and 14 demonstrate comparative results ob-
tained by implementing various human preference mod-
els within our framework. These expanded visualizations
provide insights into how different preference modeling
approaches in�uence the quality, diversity, and human-
alignment of the generated images.

8. HPSv3 as Reward Model

When using reinforcement learning (RL) to improve the
quality of generated images, the design of the reward model
is critically important. A well-designed reward model can
signi�cantly improve outputs by boosting realism, aesthetic
quality, and text-image alignment, or by aligning outputs
more closely with human preferences. Leveraging a care-
fully built wide-spectrum image quality dataset and a back-
bone based on a Visual Language Model, HPSv3 excels at
capturing human preferences more accurately. This reduces
reward hacking behaviors in RL, guiding the model to pro-
duce content that better matches human expectations.
DanceGRPO We employ DanceGRPO [21] as the rein-
forcement learning algorithm for image generation and

compare the results when using ImageReward, PiscScore,
HPSv2 and HPSv3 as reward models, respectively. Dance-
GRPO performs multiple sampling of diffusion trajectories,
scores the �nal generated image of each trajectory using the
reward model, and conducts policy gradient optimization
by calculating the advantage value of each trajectory rela-
tive to the average reward, thereby improving the model's
performance. For all reward models, we use the same de-
fault experimental settings in DanceGRPO. We use Stable-
Diffusion v1.4[13] as our base model, and performs 300
training iteration.
Experiment Results Figures 15 and 16 presents qualita-
tive results obtained after the same number of training iter-
ations. For convenience, we refer to the image generation
models trained with these reward models asM ImageReward,
M Pickscore, M HPSv2 and M HPSv3, respectively. The results
show that all these reward models improve the quality and
aesthetic appeal of the generated images.M HPSv3 produces
images with greater realism—more natural color saturation,
smoother lighting and shadows, and fewer artifacts and dis-
tortions. Moreover,M HPSv3 exhibits less reward hacking.
As shown in the �rst column of the third row, the second
column of the �fth row, and the �rst and second columns of
the sixth row,M HPSv2 tends to generate many meaningless
accessories, objects not mentioned in the prompt, or deco-
rative light effects and spots. This behavior suggests that
the model is engaging in reward hacking through these el-
ements, whereasM HPSv3 exhibits signi�cantly less of this
phenomenon. More results of DanceGRPO using HPSv3 as
the reward model are shown in Figure 17.

9. Term of Use of HPDv3

Ownership and Responsibility. The HPDv3 dataset con-
tains some parts of images obtained from the Internet,
which are not the property of MizzenAI. MizzenAI is not
responsible for the content or the meaning of these images.
Noncommercial Usage. Our funding resources, dataset,
and models are strictly limited to noncommercial use. This
aligns with the principle of ”fair use” as suggested by the
United States Supreme Court for educational and research
purposes. Any use of the HPDv3 dataset for commercial
purposes is strictly prohibited.
Restrictions on Usage. You agree not to reproduce, du-
plicate, copy, sell, trade, resell, or exploit, for any com-
mercial purposes, any portion of the images or any portion
of derived data from the HPDv3 dataset. You also agree
not to further copy, publish, or distribute any portion of the
HPDv3 dataset. However, it is permitted to make copies of
the dataset for internal use at a single site within the same
organization.
Removal of Content. If you wish to have your content or
product removed from the HPDv3 dataset, please contact
us, and we will address your request promptly.



Acceptance of Terms. By using the HPDv3 dataset, you
agree to comply with these Terms of Usage. Any violation
of these terms may result in the termination of your access
to the dataset and may lead to legal action.
Licensing Policy. To prevent unauthorized commer-
cial usage of our dataset and models, we employ the
”CC BY-NC-SA” license (Creative Commons Attribution-
NonCommercial-ShareAlike). This license permits others
to freely share and adapt our work for non-commercial pur-
poses, provided proper attribution is given, and derivative
works maintain the same licensing terms. This measure en-
sures ethical distribution while preserving our original in-
tent for non-commercial use.
Image Collection and Licensing Compliance.A signif-
icant portion of the real images in our dataset are sourced
from Unsplash, a platform offering high-quality images
through the CC0 license. The CC0 license permits unre-
stricted collection, distribution, and use of images, includ-
ing free utilization for research and educational purposes.
By inheriting these licensing terms, we ensure compliance
with intellectual property standards while fostering free and
open collaboration within the research community.
Commitment to Ethical and Fair Usage.We are commit-
ted to maintaining ethical standards in dataset construction
and model development. All materials have been vetted to
ensure adherence to licensing agreements and proper attri-
bution where applicable. We encourage the broader com-
munity to uphold these ethical principles when utilizing our
work, thereby fostering responsible research practices and
avoiding any misuse of intellectual property.

10. Limitation

While HPDv3 contains 1.08M text-image pairs and 1.17M
pairwise data, aiming to re�ect real-world user prefer-
ences, it is important to acknowledge its inherent limita-
tions, which may affect its generalizability and applicability
in certain contexts.
Prompt Distribution Bias The dataset construction is pri-
marily based on the prompt categories frequently observed
in the JourneyDB database, which re�ects general user in-
put patterns. While this approach captures a broad range of
typical generative use cases, it may inadvertently overlook
specialized domains such as medicine, biology, physics,
and other specialized �elds requiring unique data. For ex-
ample, generative models tailored for medical imaging or
scienti�c diagram generation might not perform accurately
when benchmarked with our dataset. This potential bias
could limit the dataset's usefulness for evaluating models
designed for these specialized applications.
Uni�ed Scoring Metric Our annotation pipeline employs
a uni�ed scoring metric to evaluate text-image pairs holis-
tically across all dimensions. While this approach simpli-
�es the evaluation process, it does not provide insights into

more �ne-grained dimensions such as color �delity, artistic
style, sharpness, or image clarity. This lack of granularity
might hinder more detailed analysis and benchmarking of
generative models, especially for applications where spe-
ci�c attributes are critical.
Annotator DemographicsThe dataset annotation process
did not enforce strict demographic controls or categoriza-
tions. Information about annotators' ethnicity, age, profes-
sional expertise, and cultural background was not collected
or utilized during data annotation. As a result, the anno-
tations may re�ect unintended bias based on the subjective
perspectives of the annotators. This lack of demographic
diversity could reduce the robustness of the dataset in eval-
uating generative models designed for global or culturally
sensitive contexts.
Challenges in Dif�cult Cases To ensure robust annota-
tions, we adopted a multi-annotator approach for labeling
text-image pairs, allowing feedback from multiple individ-
uals to improve the reliability of scores. However, this
approach encountered challenges when dealing with dif�-
cult or ambiguous cases. For prompts or images that were
subjective or had con�icting interpretations, annotators of-
ten struggled to converge on a consistent score. These
unresolved discrepancies can affect the accuracy of the
dataset and limit its ability to serve as a de�nitive bench-
mark in such cases. Despite these challenges, the multi-
annotator mechanism remains a valuable method for im-
proving dataset reliability overall.



Figure 7.HPDv3 Dataset Visualization.Our dataset contains a diverse range of images spanning multiple categories including animals,
architecture, characters, and other subjects. Each row displays different samples demonstrating the variety and quality of the dataset.
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