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Fig. 1. We present 12 reference images created by real artists (middle), each showcasing different styles and content. Human—-Al
collaboration is employed both to replicate these images (left) and to enhance their creativity (right).

Alimage-generation tools allow users to create novel images tailored to their preferences. This paper examines how human collaboration
with these tools helps align outputs with user preferences and support more creative results. We design two tasks to study both the
process and outcome of human-AlI interaction for image generation. The first task focuses on how humans describe images through
content and style controls, and the second evaluates whether human participation can enhance the aesthetic value of original images.
We analyze the effectiveness of human prompt modifications across image categories and show how these adjustments improve
resemblance to reference images. We further study how human involvement affects the perceived aesthetic quality of generated
images. Our findings pinpoint where human participation provides the most benefit and suggest directions for improving generative

models for human-in-the-loop image generation.
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1 INTRODUCTION

As Artificial Intelligence (AI) continues to evolve, its role has expanded far beyond automating routine tasks, becoming a
powerful tool for enhancing human creativity across industries like music, filmmaking, and literature [1, 17, 24]. Among
the different forms of Al-generated content (AIGC), image-generation is particularly noteworthy for its vibrant outputs,
as well as its accessibility. Over recent years, platforms like Civitai ! and LiblibAI ?, alongside other Al image-generation

communities, have experienced rapid growth, driven by increased user engagement with generative techniques.

Uhttps://www.civitai.com.
https://www.liblib.art.
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As the popularity of Al image-generation grows, research has increasingly focused on enhancing human interaction
with these tools to provide users with greater control over the creative process. One of the most widely adopted methods
is the use of text-based prompts, which allow users to shape the Al-generated images by describing the desired outcome
in words [6]. This practice, commonly referred to as "prompt engineering," has emerged as a key factor in optimizing the
performance of text-to-image models [19]. Well-crafted prompts have a significant impact on the final output, helping
to align the AT’s creations more closely with the user’s vision [15]. Beyond text prompts, more advanced models such as
LoRA [28] and tools like IP-Adapter [26] and ControlNet [27] offer even greater flexibility by allowing users to control
style and structure, thus broadening the creative possibilities in Al-generated image production.

Along with the improvement in user control of image-generation process, evaluating the aesthetics of Al-generated
output has also become a major research focus. Studies consistently show that Al-generated art is rated lower in
quality compared to human-made art, revealing a persistent bias [3, 12]. This has led to criticism that the creative
potential of Al is frequently over-hyped [21], with Al-created and human-created works not being perceived as equal
in artistic value [11]. This disparity raises a crucial question: How can Al-generated art achieve the same level of
impact as human-made artwork? To address the aesthetic limitations of Al-generated images, various deep neural
network architectures and models have been utilized to improve Al-generated art [14]. Research primarily focused
on optimizing algorithms and developing advanced network architectures to address this issue [5]. However, relying
solely on technical advancements makes it difficult to pinpoint which specific aesthetic aspects need improvement.
Few studies have tackled this challenge from a human-centered perspective, focusing on how the creative process
can be improved by identifying the weaknesses in the generative pipeline. This approach is essential because human
involvement plays a pivotal role in enhancing the aesthetic quality of Al-generated content, offering insights that
machines alone cannot provide [10].

To bridge this gap, our study explores the impact of human-AI collaboration on image control and the aesthetic
value of the output. We also examine how human intervention contributes to improving image quality and identify
the aspects that benefit most from human participation. We focus on two key aspects of Al image-generation: user
controllability and aesthetic value. To explore these dimensions, we designed two tasks: The first task investigates how
users manipulate content (via prompt refinement) and style (via LoRA models) to create images that align with their
intention. This task is designed to simulate real-world scenarios where users have a conceptual target in mind and seek
to achieve it through Al tools. The second task examines whether users can enhance the aesthetic quality of the real
image by using a style transfer workflow, specifically through IPAdapter, where the original image serves as a guide.

Our study aims to answer the following research questions:

(1) RQ 1: To what extent does human-in-the-loop involvement enhance the controllability of Al-generated images
in aligning with a reference image, and which aspects of alignment benefit most from human intervention?
(2) RQ 2: How does human-in-the-loop involvement enhance the aesthetic quality of the original images, and in

what aspects does human intervention make improvements?

Through these tasks, our findings reveal the critical aspects where human participation enhances image quality and
offer insights into how existing generative models, such as Stable Diffusion XL, can be improved for more effective

human-in-the-loop interactions.
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2 RELATED WORK
2.1 Al as a Catalyst for Human Creativity

By collaborating with humans in creative processes, Al fosters novel ideas and artistic content across various fields [17].
For entertainment, the 2016 film Sunspring was entirely written by Al and the recent album Hello World marked the
first Al-produced music album [1]. In writing, Stojanovic demonstrated that Al enhances creative writing by providing
new inspirations, improving consistency, and refining grammar [24]. In visual arts, text-to-image generators like
Midjourney, Stable Diffusion, and DALL-E have revolutionized digital artwork creation by automating artistic processes
[29]. Research showed that these text-to-image generators increase human creative productivity by 25% and enhance
artwork value, with a 50% higher likelihood of receiving a favorite per view [29].

These studies suggest that people tend to hold negative attitudes toward Al-generated art. To address this, our
research explores whether integrating human input into the Al generation process can reduce this bias by allowing

users to collaborate with Al in shaping the style and outcome of generated images.

2.2 Biasin Al-generated Art

As Al tools become more popular for creating art, assessing the aesthetics of Al-generated artwork has emerged as a
key area of research. Studies consistently show that Al-generated art is rated lower than human-made art in terms of
quality [3, 4, 12, 16], highlighting a bias favoring human involvement in creativity. Chiarella et al. [5] confirmed this
bias, revealing that skepticism toward Al art stems from perceptions of effort and narrative depth. However, positive
attitudes toward Al can sometimes mitigate this bias.

These studies suggest that people tend to hold negative attitudes toward Al-generated art. To address this, our
research explores whether integrating human input into the AI generation process can reduce this bias by allowing

users to collaborate with Al in shaping the style and outcome of generated images.

2.3 Advancements in User Controls for Al-generated Art

With the rise of image generative models, methods like prompt engineering have emerged to help users create images
aligned with their preferences [6, 18, 22]. Oppenlaender [19] introduced six prompt modifiers to guide models, while
Goloujeh et al. [15] explored how users refine prompts based on intent. Claris6 et al. [6] proposed a domain-specific
language (DSL) for platform-independent prompts, ensuring adaptable results across Al systems. Beyond text prompts,
tools like IP-Adapter [26] use target images for guidance, ControlNet [27] refines specific features, and LoRA [28]
fine-tunes models with small datasets. The "MultiDiffusion" framework [2] generates diverse, high-quality images based
on user-defined controls.

Building on these methods, our research integrates prompts, IP-Adapter, ControlNet, and LoRA, offering users
multiple ways to control the image generation process. Additionally, we introduce Al-generated prompts using a
state-of-the-art image captioning model to help users refine their prompts, combining human insight with machine

efficiency to improve the quality and alignment of generated images.

3 METHODS
3.1 Study Design

3.1.1 Image-Generation Task. We designed two tasks to study human-AI collaborative image-generation. The first

task aims to assess whether humans can effectively control the content, structure, and style of output images (see
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Fig. 2. Overview of Task 1 (left): The reference image is first captioned by LLaVa-NeXT [13], and the user then modifies the prompt to
create a more accurate description. The modified prompt is then fed into Stable Diffusion XL [20] to generate the output. Default
workflow for Task 1 (right): Describe the reference image, load Al-generated captions, and iteratively refine the prompt based on the
output image.

Figure 2). To achieve this, we asked users to replicate an artist’s image using a provided workflow. Users were first
asked to describe the reference image in their own words. An Al-generated caption, produced by a state-of-the-art
image captioning model, was then provided for comparison. Participants were tasked with modifying this caption to
more accurately describe the reference image. Importantly, users were only allowed to use the prompt as a guide, not
the reference image itself, as the goal was to study the effectiveness of prompt modification. However, they were free to
choose LoRA models and adjust hyperparameters as needed. Additionally, users could further refine the prompts based
on the output images to achieve better alignment with the target image.

The second task is to explore how effectively humans can enhance the aesthetic value of images (see Figure 3). To
allow for creative freedom, minimal restrictions are placed on the generation process. The only requirement is that
the major content of the image must be preserved, as this is essential for studying aesthetic improvements. Therefore,
users were required to use the reference image as a content guide. We provided users with a basic IP-Adapter workflow
that enables the use of a single-image LoRA for style transfer on the reference image. Additionally, users were free to
adjust various hyperparameters, such as the weight of the style and content guides, and may employ any additional
workflows to refine the output according to their preference.

We used ComfyUI 3 for building the image-generation workflow due to its flexibility in adjusting hyperparameters

and its efficient integration of multiple workflows, including LoRAs.

3.1.2  Evaluation of Generated Image. We used Streamlit * to build our rating interface (see Figures 4 and 5). For Task 1,
which focuses on testing the effectiveness of prompt modification, we established a control group. In this setup, images
were generated using Al-generated captions, user-selected hyperparameters, and user-selected LoRA models. The only
difference between the control group and the user-refined group was the modification of the prompt. Each real image
was paired with two generated images—one based on the human-refined prompt and one based on the unmodified
Al-generated caption. This resulted in 12 groups of images. In the evaluation interface, raters viewed three images
at once: the real image, labeled as "Reference Image", and the two generated images labeled as "Image 1" and "Image
2". Raters need to vote for the image that best matches the reference, choosing from Style, Content, and Structure as
reasons for their choice.

3https://github.com/comfyanonymous/ComfyUI
“https://github.com/streamlit/streamlit
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w1 * Composition w2 * Style

Fig. 3. Overview of Task 2 (left): Choose a composition image from the predefined set of 12 and select any style image based on user
preference. Adjust the weights for the composition (w1) and style (w2) guides to control the final generated output. Default workflow
for Task 2 (right): Select a composition image, upload a style image, and adjust hyperparameters for IP-Adapter and ControlNet.

Which one is more similar to reference image ?

Why choose this image?

O style

The color and textures are similar.

& Structure

The layout and shapes are similar.

O cContent

Most of details from the original are included.

Fig. 4. Task 1 Voting Interface: Users compare Image 1 and Image 2 to the reference image, pick the most similar one, and choose the
reasoning behind their decision from the following options: Style, Structure, or Content.

For Task 2, the evaluation followed a comparable structure, with images grouped into 12 sets. Each real image was
paired with two generated images, and users were tasked with comparing two images from each set at a time, with
all combinations sampled equally. To ensure fair and consistent comparisons, we used the Elo rating system, which
dynamically adjusted image ratings based on user preferences. This method ensured that the ratings fairly reflected the
relative quality of the images. Users were also asked to provide reasons for their choices, selecting from six criteria:
Color, Details, Creativity, Composition, Line and Brushwork, and Emotional Effect.

To prevent user fatigue and maintain high-quality evaluations, each rater was assigned only one task to rate, and
users were directed to the task with fewer ratings to ensure a balanced distribution between the two tasks. Additionally,
to avoid bias caused by differences in image size or cropping positions between generated and reference images, all
images were resized to the same dimensions by centering and cropping outward based on the smallest width and height
ratio within the group. To further maintain rating consistency, we prioritized sampling pairs with fewer ratings to

ensure balanced coverage and approximately the same number of ratings per image.
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The idea is unique and interesting.
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The lines are smooth, and the brushwork is skillful.
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It creates a strong emotional response.

Fig. 5. Task 2 Voting Interface: Users vote for the image they prefer, then select the reason for their choice from the following criteria:
Color, Details, Creativity, Composition, Line and Brushwork, or Emotional Effect.

3.2 Participant Recruitment

For the image-generation task, we recruited 11 participants through social media, specifically targeting individuals
with backgrounds in design or experience with Al-generated content. This group consisted of 9 females and 2 males,
aged between 18 and 30, with expertise ranging from Computer Science to Interaction Media Art. Among them, 4
participants are frequent designers, and 10 participants are familiar with ComfyUL

In the image evaluation stage, we expanded recruitment by sharing a public link to the rating interface. A total of 57
participants rated the images generated in Task 1, with 24 having experience in Al-generated content (AIGC). For Task
2, 52 participants provided ratings, 26 of whom had AIGC experience.

3.3 Image Selection

We selected 12 reference images from Google Arts & Culture ® and Pinterest °, ensuring a diverse representation of
artistic styles and content. Specifically, the images consist of three distinct styles: oil painting, watercolor, and line art,
and four content categories: single-figure, scenery, object, and multi-figure. To maintain a focus on aesthetic evaluation
and minimize bias, we deliberately excluded images depicting religious themes, historical events, or content that could

cause discomfort.

3.4 Metric and Model Selection

We used DreamSim, a perceptual metric introduced at NeurIPS 2023, to evaluate image similarity based on human visual
perception. Unlike traditional pixel-based metrics, DreamSim focuses on mid-level attributes such as layout, object
positioning, and semantic content, capturing subtleties in image perception more effectively. Trained on synthetic data,
DreamSim has shown strong generalization to real images and outperforms previous metrics and large vision models in

tasks like image retrieval and reconstruction [9].

Shttps://artsandculture.google.com/
Chttps://www.pinterest.com/
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Model Type Blip Deepseek Moondream2 UForm- LLaVa- LLaVa-
Gen NeXT 13b  NeXT 13b
+ GPT-40
Average similarity 0.5406 0.4450 0.4551 0.4556 0.4448 0.4514
across seeds
Average standard 0.1251 0.1056 0.0915 0.1027 0.0722 0.0733

deviations across seeds

Table 1. Comparison of different image captioning models based on average similarity and standard deviation scores. The result is
computed by DreamSim metric. The results demonstrate that LLaVa-NeXT 13b achieved the lowest DreamSim score and standard
deviation, indicating strong and robust performance in generating captions.

This metric is applied in two ways: (1) evaluating the captioning capabilities of text-to-image models by comparing
the generated images against reference images, and (2) providing an early-stage evaluation in Task 1 to predict which
images human viewers are likely to perceive as most similar to the reference. DreamSim offers us an initial quantitative
assessment of image similarity, which we subsequently confirm through human rating scores.

To identify the state-of-the-art model for image captioning, we evaluated five models: BLIP [23], Deepseek-vl-7b-chat
[8], Moondream2 [25], UForm-Gen [7], and LLaVa-NeXT 13b [13]. For each model, we generated captions for 12
reference images. Using these captions, we employed Stable Diffusion XL [20] to create images based on 10 consistent
random seeds. To assess the performance, we measured the similarity between the reference and generated images
using DreamSim. We then calculated the average similarity score and standard deviation across the 10 seed sets for
each model. Since a lower DreamSim score indicates better performance, the results showed that the LLaVa-NeXT 13b
model not only achieved the lowest DreamSim score but also had the lowest standard deviation, indicating strong and
robust performance across different seeds (see Table 1). Based on these findings, we selected LLaVa-NeXT 13b as the
optimal model for image captioning.

Additionally, since Stable Diffusion XL can only process 77 tokens at a time, we observed that the captions generated
by LLaVa-NeXT 13b consistently exceeded this limit, averaging 153 tokens per image. To address this, we used GPT-40
mini to shorten the captions and format them as a sequence of short phrases for improved readability. After refinement,

the average caption length was reduced to 46.5 tokens per image.

3.5 Data Analysis

To evaluate the effectiveness of human-in-the-loop methods, we compared images across two main categories: those
generated with human-refined prompts versus those generated without, and user-generated images versus real images.
Our analysis focused on two key outcomes: (1) the number of wins in each category, and (2) the reasons contributing to
each image category’s evaluation. We further categorized images based on content and style.

In Task 1, the number of wins was determined by counting the images with the higher votes. In addition to user
ratings, we employed DreamSim to calculate similarity scores for both the user-refined and control groups against the
reference images, providing an objective measure of image quality. We also analyzed the percentage distribution of
the reasons for each vote. By comparing the percentage changes in reasons before and after refinement, we identified
specific areas where user involvement improved image outcomes.

In Task 2, we applied the same process to compare user-generated images with real images. We ensured proportional

sampling of image groups (one real and two user-generated) and retained Elo scores for each image. A win was counted
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for the real image if it had no higher-rated user-generated competitors, and vice versa. We then compared the percentage
changes in voting reasons between the real and user-generated images. To maintain fairness, we aggregated the results
of the two user-generated images into a single representation (1:1 ratio). This allowed us to identify which aspects of
image quality were enhanced by user involvement.

To further explore the effectiveness of human-AI collaboration, we grouped the 12 images by both content and style,
analyzing whether improvements varied across content types (e.g., single-figure, multi-figure, scenery, object) and
art styles (e.g., oil painting, watercolor, line art). We further compared data changes within these groups to identify
patterns that revealed areas where human input improved or failed to improve the quality of the generated images

compared to those from human artists.

4 RESULTS
4.1 Prompt Modification is Effective

We compared images generated with unmodified prompts to those generated with modified prompts, assessing the
impact of prompt refinements on image alignment. The evaluation using Dreamsim as metric revealed that the average
similarity score improved from 0.435 (before modification) to 0.404 (after modification), indicating an improved alignment
with the reference images. And the number of images with lower DreamSim scores rose from 3 to 9, further proved this
enhancement.

Furthermore, the results from the user ratings showed that the number of winning images increased from 3 to 9
following prompt modifications. In terms of category distribution, the percentage of winning images for Style, Content,
and Structure remained relatively stable, with slight shifts observed: Style (36.99% to 36.48%), Content (36.94% to 36.00%),
and Structure (26.06% to 27.51%).

4.2 Prompt Modification Enhances Structure Alignment for Single Figure Image

Image Type Reason Before (%)  After (%)
Pic#1 (single figure + oil painting) Structure 0.00 20.37
Pic#9 (single figure + watercolor) Structure 24.14 38.24
Pic#5 (single figure + line art) Structure 28.57 33.33

Table 2. Percentage of vote for Structure on single-figure images, both before and after prompt modifications. The percentages reflect
how much ’Structure’ contributed to the overall reasons for choosing each image, indicating an increasing performance on structure
alignment after changes to the prompts.

After conducting an image-wise analysis, we found that in the content-based groups, single-figure images consistently
showed significant improvements in structure alignment after prompt modifications, with gains as high as 20.37%
(see Table 2). This indicates a notable enhancement in structural quality for simpler compositions. However, for more
complex content types (multi-figure, scenery, and object), the improvements were less consistent, suggesting that prompt
modifications have a more pronounced effect on simpler, single-figure compositions. In the style-based groups, no
clear pattern emerged, indicating that prompt modifications did not significantly enhance the art style of the generated
images.

The structural alignment of Pic #1 showed the largest improvement, increasing by 20.37% after prompt modifications.

A closer comparison of the prompts before and after modification revealed that some structure-related changes were
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Before Prompt Modification ~ After Prompt Modification Reference Image

+ facing forward
+ slightly tilting her head up
+ headshot portrait of a beautiful woman

Fig. 6. By adding structure-related phrases into the initial prompt, the user-refined Picture 1 (middle) achieves better structural
alignment with the reference image (right).

effective, while others were not (see Figure 6). For example, including the phrase "headshot portrait” made the figure
appear larger, while "facing forward" caused the body to align more directly toward the front. However, the face remained
in a side-facing position. Additionally, phrases like "slightly tilting her head up" did not result in any noticeable changes
in the output.

The results from Task 1 indicated that generative models like Stable Diffusion XL need to improve their responsiveness
to nuanced prompt inputs, particularly in handling subtle adjustments. While broader instructions like "facing forward"
successfully influenced body alignment, finer details such as head orientation ("slightly tilting her head up") were not
reflected, highlighting a gap in interpretative precision. Enhancing the model’s sensitivity to minor structural and
stylistic tweaks would enable more effective human-in-the-loop interactions, giving users greater control over outputs

and ensuring that even small prompt adjustments lead to meaningful changes in the final image.

4.3 Human Involvement Enhances Color and Creativity, but Falls Short in Line and Brushwork

Image Type Color Details Creativity Composition Line and Brushwork Emotional Effect
Real Image 19.55% 16.99% 11.11% 10.69% 25.63% 16.02%
User-Generated 27.42% 1 16.11% 14.67% 10.92% 14.51% | 16.37%

Table 3. Percentage distribution of reasons for selecting winning images from Task 2 across various criteria. User-generated images
show a higher preference for color and creativity compared to real images, but real images are favored for line and brushwork. The
results suggest that while Al tools excel in enhancing creativity and color, they struggle to replicate the detail and craftsmanship of
human art. (An arrow indicates a significant change.)

When asked, "Which image is better?" only 4 out of 12 user-generated images were preferred over real paintings,

revealing that the aesthetics of user-generated images fail to surpass real images.
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A deeper analysis of the reasons behind image preferences shows that color and creativity are more frequently
appreciated in user-generated images (see Table 3), with selection rates of 27.42% for color and 14.67% for creativity,
compared to 19.55% and 11.11% for real paintings, respectively. However, real paintings dominate in terms of line and
brushwork, achieving a selection rate of 25.63%, the highest in all categories.

This suggests that Al tools, while capable of enhancing creativity—especially in areas like color—struggle to capture
the detailed precision of line and brushwork as seen in traditional paintings. Even with human input, this supports

earlier research that Al-generated art does not surpass real paintings in overall preference [3, 12].

4.4 Human Involvement Enhances Color and Creativity in Scenery and Object-Based Images

Image Name Reason Real (%) User (%)
Pic#2 (scenery + oil painting) Color 24 34.05
Pic#6 (scenery + line art) Color 3.45 27.18
Pic#10 (scenery + watercolor) Color 27.18 34.53
Pic#3 (object + oil painting) Creativity 9.8 12.5
Pic#7 (object + line art) Creativity 6.45 9.3
Pic#11 (object + watercolor) Creativity 3.85 13.32

Table 4. Percentage of votes for Color and Creativity in scenery and object-based images (Real vs. User-Generated). The result
suggests that user-generated images often excel in Color and Creativity.

Image Name Reason Real (%) User (%)
Pic#5 (line art + single-figure) ~ Color 0 28.1
Pic#6 (line art + scenery) Color 3.45 27.18
Pic#7 (line art + object) Color 9.68 34.64
Pic#8 (line art + multi-figure) Color 0 25.22

Table 5. Percentage distribution of votes for Color in line art images (Real vs. User-Generated). This table provides insight into how
style adjustments impact the perception of color.

A closer examination of different image categories reveals that the selection rate for Color increases significantly in
scenery images, with an increment ranging from 7.35% to 23.73% (see Table 4). This trend suggests that user-generated
images of scenery tend to be more vibrant and visually impactful, likely due to stylistic choices that idealize the
environment. For images featuring object, Creativity sees a notable rise in user-generated images, with increments
ranging from 2.75% to 9.47%. This indicates that users tend to produce more imaginative and inventive content when
focusing on object.

For line art images, the most significant changes are observed in color (see Table 5). All of the images show over a
20% increase in the percentage of votes for color when comparing real images to user-generated images. This outcome
is expected, as the real images rely on simple lines, while user interaction enhances them by adding more intricate and
vibrant color schemes.

The results from Task 2 show that while generative models like Stable Diffusion XL are highly effective at producing

colorful and creative images, they need improvement in capturing finer artistic elements such as line quality, texture,
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and brushwork. To strike a balance, these models should enhance the display of fine details without allowing an

overemphasis on color and creativity to compromise realism and artistic sophistication.

5 LIMITATIONS AND FUTURE WORK

Through surveys, we found that users had difficulty controlling object positions through prompts. This highlights a
clear direction for future work: improving the responsiveness of image-generation to positional descriptions in prompts.
To better understand how users modify prompts to gain control, Task 1 should be expanded to trace users’ prompt
adjustments. This investigation will focus on identifying what makes prompt modifications successful and what causes
failures in generating high-quality images, by evaluating both the results and the process.

Besides, Al-generated art still falls short of human-created art in terms of aesthetics. The reasons for this gap remain
unclear, and further investigation is needed to determine if factors such as the "Al Effect" [5] contribute to these
differences. Future research should focus on enhancing generative models like Stable Diffusion XL by improving control
over key elements such as texture, lighting, and object positioning. Incorporating more sophisticated style modifications
and expanding prompt customization could provide valuable insights into the model’s potential. Continuous user
feedback and comparative studies across different user groups are crucial for refining Stable Diffusion’s algorithms to
better meet user expectations and improve the aesthetic quality of Al-generated images.

Lastly, future studies should involve a larger dataset, exploring the use of larger captioning models, testing various
methods for modifying image attributes, and including a diverse group of participants could help better distinguish
effective approaches. Future work should explore how individuals unfamiliar with Al-generated content (AIGC) navigate
these systems compared to more experienced users. Identifying strategies to enhance the user interface could improve
the accessibility and usability of AIGC tools. By addressing these areas, the experiment’s basic setup can be enhanced

to achieve more comprehensive results.

6 CONCLUSION

This paper explores the impact of human-AI collaboration on aligning outputs with preferences and enhancing the
aesthetics of original images. Our findings demonstrate that while structural alignment remains challenging to achieve
with prompt modification, certain image categories, such as single-figure images, are more amenable to structural
adjustments. Although human involvement effectively enhances aspects like creativity and color, the generated output
still cannot outperform the original images—real paintings created by human artists—in human rating evaluations. This
is primarily due to the superior detail and finer brushwork inherent in real paintings, which Al-generated images struggle
to replicate. Our results suggest that generative models require improvements in two key areas: (1) responsiveness to
nuanced prompt inputs, as evidenced by Task 1 where models like Stable Diffusion XL faced difficulties with subtle
prompt adjustments (e.g., head orientation), and (2) the ability to produce fine artistic elements such as line quality and

texture, which remains a challenge as demonstrated in Task 2.
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A APPENDIX: TASK 1 VOTING RESULTS

Image Name Vote Style Structure Content
1_after 41 36 13 16
1_before 5 4 1 1
2_after 44 28 24 32
2_before 2 1 1 2
3_after 40 30 14 26
3_before 6 2 2 3
4 after 35 18 16 22
4_before 11 2 5 10
5_after 39 26 24 18
5_before 7 2 3
6_after 18 15 9
6_before 27 18 18
7_after 6 4 2 4
7_before 39 28 13 17
8_after 36 16 21 28
8_before 9 7 4 3
9_after 24 9 14 15
9_before 21 13 7 12
10_after 32 23 14 16
10_before 14 8 6 5
11_after 18 5 10 7
11_before 28 18 12 16
12_after 39 23 20 19
12_before 7 2 3 3

13

Table 6. User voting information for all 12 image pairs in Task 1. Each pair includes an image generated with a human-refined prompt

("after") and one without human modification ("before").
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B APPENDIX: TASK 2 VOTING RESULTS

Image Name I Elo ‘ Color l Details l Creativity | Composition | Line and Brushwork | Emotional Effect

1st Image Pair

1_real 1173.687741 14 10 3 7 16 13

1_userl 862.5588998 4 5 3 3 4 2

1_user2 963.7533588 7 0 5 3 4 4
2nd Image Pair

2_real 1154.383252 21 19 3 12 14 19

2_userl 900.3447225 8 6 4 4 2 5

2_user2 945.2720252 9 3 2 3 1 3
3rd Image Pair

3_real 1126.220513 21 13 6 5 13 6

3_userl 916.408626 10 2 1 4 4 5

3_user2 957.3708607 8 3 5 4 3 2
4nd Image Pair

4 _real 1126.405762 15 18 3 6 12 9

4_userl 969.2771471 17 4 5 6 5 9

4_user2 912.4776366 1 5 2 2 2 1
5nd Image Pair

5_real 1064.283712 0 7 12 8 16 11

5_userl 1047.447413 8 8 2 5 10 7

5_user2 888.2688752 7 3 4 2 1 2
6nd Image Pair

6_real 1022.79489 2 12 5 4 12 5

6_userl 1082.522617 20 12 8 8 11 15

6_user2 894.6824929 4 1 4 2 1 3
7nd Image Pair

7_real 942.8803796 3 7 3 7 11 4

7_userl 1044.097105 14 7 1 3 7 7

7_user2 1013.022515 14 11 9 1 9 5
8nd Image Pair

8_real 1005.157521 0 2 10 6 9 7

8_userl 979.2840333 12 2 8 3 4 8

8_user2 1015.558445 10 10 14 5 6 11
9th Image Pair

9 _real 1074.663329 13 5 6 8 13 4

9_userl 887.1312248 8 2 5 1 3 4

9_user2 1038.205446 7 9 6 5 10 10
10th Image Pair

10_real 1021.94108 12 4 6 3 10 11

10_userl 1030.417558 16 4 7 3 6 10

10_user2 959.697343 12 9 3 4 6 5
11th Image Pair

11_real 922.3696558 8 4 2 2 10 6

11_userl 1089.190186 10 15 2 8 18 2

11_user2 988.4401583 10 8 10 5 5 5
12th Image Pair

12_real 1152.843797 24 17 2 5 14 13

12_userl 944.6520655 3 6 4 5 5 8

12_user2 902.5041377 5 0 3 2 3 5

Table 7. User voting information for all 12 image groups in Task 2. Each group includes a reference image ("real") and two user-
generated images ("user1" and "user2") based on the reference.
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