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Abstract

The rapid advancement of generative Al has
democratized access to powerful tools such as
Text-to-Image (T2I) models. However, to gen-
erate high-quality images, users must still craft
detailed prompts specifying scene, style, and
context—often through multiple rounds of re-
finement. We propose PromptSculptor, a novel
multi-agent framework that automates this it-
erative prompt optimization process. Our sys-
tem decomposes the task into four specialized
agents that work collaboratively to transform
a short, vague user prompt into a comprehen-
sive, refined prompt. By leveraging Chain-of-
Thought (CoT) reasoning, our framework effec-
tively infers hidden context and enriches scene
and background details. To iteratively refine
the prompt, a self-evaluation agent aligns the
modified prompt with the original input, while
a feedback-tuning agent incorporates user feed-
back for further refinement. Experimental re-
sults demonstrate that PromptSculptor signif-
icantly enhances output quality and reduces
the number of iterations needed for user satis-
faction. Moreover, its model-agnostic design
allows seamless integration with various T2I
models, paving the way for industrial applica-
tions.

1 Introduction

The rapid development of large-scale models since
2022 has introduced Generative Al tools to a wide
audience. Text-to-Image (T2I) models (Zhang
et al., 2023) like Midjourney and Large Language
Models (LLMs) such as ChatGPT now produce
astonishing, often human-level creative outputs.
However, effectively harnessing these technologies
typically requires subtle and specific prompting.
For T2I models, for instance, prompts must include
precise details on scene composition, style param-
eters, and even technical jargon, creating a high
entry barrier for new Al users (Mahdavi Goloujeh
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et al., 2024). This challenge has led to the emer-
gence of specialized professionals—"Midjourney
Artists"—who need to optimize customers’ brief
inputs into detailed, high-quality prompts through
iterative refinement based on generated outputs and
user feedback.

Previous works (Cao et al., 2023; Feng et al.,
2023; Mo et al., 2024) have tried to build a system
to automate this prompt engineering workflow. But
there are significant challenges for the system. A
primary challenge is inferring user intent: initial
prompts are often short and vague, peppered with
abstract metaphors. For example, “draw a painting
as a birthday blessing for my friend, he is like a
lion” might lead a T2I model to interpret “lion”
literally as a real fierce lion rather than as a symbol
of confidence and courage. The second challenge
is enriching these sparse inputs with detailed scene
and background descriptions (Mahdavi Goloujeh
et al., 2024). This requires the system to associate
abstract concepts with concrete visual elements.
Besides T2I models usually cannot fully satisfy
user requirements in a single generation attempt.
Therefore, prompts must be adjusted iteratively
based on user feedback after observing initial re-
sults.

However previous works have primarily focused
on parameter editing while neglecting to enrich
prompts with detailed background and scene de-
scriptions. As a result, the generated outputs often
remain too similar to the original, lacking the neces-
sary contextual depth. Moreover, these approaches
typically do not address the challenge of interpret-
ing abstract concepts—if a prompt contains hard-
to-visualize terms, the generated image may fail
to capture the user’s true intent. In addition, most
methods lack an iterative mechanism for updating
the prompt based on feedback after the generation
process.

To address these challenges, we propose a multi-
agent system (MAS) that decomposes the task
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“A high-energy commercial advertisement
visual for an energy drink, showcasing a
dynamic explosion of vibrant liquid that
symbolizes power, vitality, and intense

@ / refreshment.”

“Draw a figure as

acommercial ad for 0
ourenergy drink”

"A vibrant daytime photo captures a smiling
athlete running through a bustling city street

under a bright, clear sky. Sunlight highlights the ...

sleek can of the energy drink in their hand,
making its logo stand out against the runner’s
dynamic motion. Skyscrapers gleam in the
background, while cheering onlookers add to the
excitement of the scene. The mood is lively and
uplifting, emphasizing the athlete’s joy and the
drink’s promise of invigorating energy."

Final Result

Figure 1: This diagram shows a comparison between naive prompt extension and our MAS-based prompt optimiza-
tion. Our model successfully depicts a commercial ad scene to propaganda the drink which better aligns with user’s

intent.

of prompt optimization into specialized functions.
Our system includes four primary agents: 1) In-
tent Inference Agent; 2) Scene and Style Agent; 3)
Feedback and Tuning Agent ; 4) Self-Evaluation
Agent.

The core advantage of our method lies in its
multi-agent architecture, which significantly en-
hances language understanding over traditional
single-agent systems. First, our Intent Inference
Agent decomposes brief and ambiguous inputs by
breaking down abstract terms into detailed concepts
and specific objects. This refined information is
then passed to the Scene and Style Agent, which en-
riches the prompt with detailed scene, background,
and style descriptions by linking these concepts
to concrete visual elements. The Self-Evaluation
Agent and the Feedback and Tuning Agent fur-
ther refine the prompt until the final output meets
expectations. Since our system is built on LLM
agents and leverages user feedback, it can seam-
lessly transfer across different T2I models without
requiring additional fine-tuning.

Our system also integrate Chain-of-Thought
(CoT) reasoning (Wei et al., 2022) into user in-
tent understanding and scene enrichment process.
which requires agent to provides transparent, step-
by-step rationales for each enrichment stage. This
decomposition process increase the agent’s ability
to understand complex terms and requirements.

Our innovation and contributions are as follows:

* We propose a novel multi-agent framework
that decomposes the complex T2I prompt op-
timization task into specialized agents, each

handling a distinct subtask. This simplifies
the process and significantly improves genera-
tion quality and flexibility compared to prior
single-agent systems (Cao et al., 2023; Mo
et al., 2024). To the best of our knowledge,
this is the first use of a MAS for T2I prompt
optimization, achieving state-of-the-art perfor-
mance as shown in Table 1.

* Our system features a self-evaluation agent
based on a Vision-Language Model (VLM)
for semantic alignment, paired with a
feedback-tuning agent. This feedback loop
iteratively refines prompts until the generated
image matches the user’s intent, reducing the
number of required runs, as demonstrated in
Table 2. This is the first introduction of such a
feedback mechanism in T2I prompt optimiza-
tion.

* Our framework is model-agnostic and works
across various T2I models (e.g., Midjourney,
DALL-E 3, Stable Diffusion) without model-
specific tuning, ensuring strong scalability and
broad applicability.

2 Related Work

2.1 Prompt optimization

Prompt optimization has gained attention for
enhancing LLMs without parameter fine-tuning.
Early research focused on white-box models
like AutoPrompt(Shin et al., 2020) and Fluent-
Prompt(Shi et al.), which optimize by accessing
embeddings or logits. With the rise of closed-
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“I want to send a birthday

blessing to my friend, and — Intent Inference Agent - Scene and Style Agent |  Model
—_——)

he is like a lion.”

\"/ Final Result

B

Feedback and
Tuning Agent

.

fext-to-image!

®

“I want this man to be
younger, shown in full
body, with the scene set
on a mountaintop.”

) !

Self-Evaluation Agent
If CLIP Score < Thres, then
prompt will be refined.

Figure 2: This diagram shows the PromptSculptor model’s process, where the user’s prompt is analyzed, enriched,
and refined by different agents. The system optimizes the prompt and generates an image that aligns with the user’s

intent, adjusting based on feedback and evaluation scores.

source models like GPT(Brown et al., 2020),
research shifted toward black-box optimization.
‘While methods like BBTv2(Sun et al., 2022), and
Clip-Tuning still rely on embeddings, recent ap-
proaches like GRIPS(Prasad et al., 2023) and
APO(Pryzant et al., 2023) optimize by editing and
selecting candidate prompts. Other methods use
evolutionary algorithms, reinforcement learning,
or planning strategies, such as EvoPrompt(Guo
et al., 2025), Promptbreeder(Fernando et al., 2024),
BDPL(Diao et al.), and PromptAgent(Wang et al.).
APE(Zhou et al.) generates candidate prompts
with LLMs, and OPRO(Zhang et al., 2024) frames
optimization as a black-box problem solved by
LLMs. OPT2I(Maias et al.) refines prompts
to improve consistency. Some studies, like In-
structZero(Chen et al., 2024b) and INSTINCT(Lin
et al.), treat prompt optimization as a continu-
ous problem, while ZOPO(Hu et al., 2024) en-
hances performance through zero-order optimiza-
tion. Recently, DPO(Rafailov et al., 2023) and
SLiC(Khorasgani et al., 2022) bypass reinforce-
ment learning using preference datasets. Unlike
these methods, this paper proposes a plug-and-play
multi-agent system for prompt optimization, with-
out fine-tuning.

2.2 Multi-agent system

Multi-agent system works by coordinating multi-
ple large language models to finish a complex task.
Recent advances in large language models have
catalyzed multi-agent paradigms into dynamic co-
ordination (Chen et al., 2024a; Guo et al., 2024,
Leong and Wu, 2024), which has being explored

in multiple areas including text and code genera-
tion (Zhang et al., 2025b; Zeng et al., 2025b), data
labeling (Lu et al., 2025), bioinformatics analysis
(Wu et al., 2024), financial forecasting(Xu et al.,
2025b,c,a; Zhang et al., 2025a), autonomous driv-
ing (Zeng et al., 2025a) and privacy protection (Chu
et al., 2025b,a). Building on these trends, we posi-
tion our approach as a plug-and-play multi-agent
prompt optimization framework that operates at the
prompt level without fine-tuning, and is compatible
with closed-source or API-only models.

2.3 Improve the Consistency of T2I Model

In recent years, some studies have focused on us-
ing cross-attention to guide LLMs in generating
prompts that better align with user intent(Feng
et al.; Epstein et al., 2023; Wu et al., 2023a;
Chefer et al., 2023). Other research transforms
text prompts into layouts, which are then fed
into layout-to-image generation models(Cho et al.,
2023; Lian et al.). Some approaches fine-tune T2I
models using human feedback(Lee et al., 2023;
Wau et al., 2023b; Wallace et al., 2024), AI model
feedback(Sun et al.), or image selection(Karthik
et al., 2023). Unlike these methods, our approach
doesn’t require model fine-tuning but uses a correc-
tion agent to check if the input prompt aligns with
the natural language query, operating only at the
prompt level. This allows our method to work with
more T2I models, including those only accessible
via API as Midjourney (Midjourney, 2024).
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3 Methodology

In this section, we introduce the design of our
model, PromptSculptor, which comprises three
main stages: (1) a MAS for initial prompt opti-
mization, (2) VLM-based prompt alignment and
(3) a feedback-based tuning agent. Our system
is intended for users with limited experience in
prompt engineering, where the initial T2I prompt
may be vague or too simplistic. To address this, our
system first analyzes the user’s intent to automati-
cally enrich and detail the prompt. It then evaluates
whether the generated image aligns with the user’s
intent and, if necessary, further refines the prompt
using a pre-trained VLM.

3.1 Multi-Agent System Overview

As shown in Figure 2, our system consists of four
specialized agents:

1. Intent Inference Agent: Extracts the user’s
core idea and missing details.

2. Scene and Style Agent: Builds on that intent
to craft a vivid, detailed scene.

3. Self-Evaluation Agent: Generates an image,
checks its CLIP score against the original in-
tent, and fine-tunes the prompt if the score is
too low.

4. Feedback and Tuning Agent: Incorporates
user feedback to further refine the prompt and
close any remaining gaps.

3.2 Intent Inference Agent

(&3 user Input

System Prompt: “You are an expert language
analyst. Your task is to extract the main
intent and important details from the user’s
input. Sometimes user‘s input may not really
reflect what they want, you need to use
reasoning to figure out what they want. And
the intent should be able to be visualized.
Before giving your final answer, explain your
reasoning step by step. Your final output
should be in JSON format with two keys:
“extracted intent” and “chain of thought”.”

“I want to send a birthday
blessing to my friend, and he is
like a lion.”

; 5
Intent In\ference Agent:

“extracted intent”: “Create and send a personalized
birthday blessing that celebrates the friend’ s lion-
like qualities, highlighting his strength, courage,
and leadership.”,

“chain of thought”: “The user mentioned a desire to
send a birthday blessing and described the friend as
“like a lion’. This metaphor suggests attributes such
as strength, bravery, and regality. Therefore, the
intent is to craft a birthday message that visually
and emotionally celebrates these qualities, making the
greeting both personal and vivid.”

Figure 3: Prompt display of the Intent Inference Agent.

The primary function of the Intent Inference
Agent is to perform a deep analysis of the user’s
input, capturing not only the explicit request but
also the latent, nuanced intent embedded within
brief or ambiguous prompts. As shown in Fig-
ure 3, our system prompt is meticulously designed
to guide the model to probe beyond surface-level

text—extracting implicit cues, contextual hints, and
even emotional undertones.

To ensure transparency and enhance inter-
pretability, the agent is equipped with a CoT mech-
anism. This mechanism prompts the agent to doc-
ument its reasoning process step by step. For ex-
ample, when processing a prompt like "A birthday
painting for a friend who is like a lion," the agent’s
CoT may detail steps such as identifying the ex-
plicit elements ("birthday painting" and "friend"),
interpreting "lion" as a metaphor for qualities like
strength, majesty, or courage, and synthesizing
these insights to reveal the underlying intent. This
comprehensive extraction of both overt and hidden
intentions, supported by its explicit CoT, forms the
foundation for further prompt enrichment in our
multi-agent pipeline.

3.3 Scene and Style Agent

[~ system Prompt: “You are a creative writing
assistant specializing in scene setting.
Given the structured intent and chain-of-
thought from the previous agent, craft a
detailed scene description that enhances the
original greeting. In the prompt, you should

“extracted intent” and “chain of
thought” from Intent Inference

Agent determine on how to choose these context:

° Subject:person, animal, character, location,

* object; Medium:photo, painting, illustration,

'Q G 4 5 sculpture, doodle, tapestry; Environment:
indoors, outdoors, on the moon, under water,

“scene_description”: “Imagine an oil-painted portrait in the city; Lighting: soft, ambient,

overcast, neon, studio lights; Color: vibrant,
muted, bright, monochromatic, colorful, black
and white, pastel; Mood: sedate, calm,
raucous, energetic; Composition: portrait,
headshot, closeup, birds-eye view; and so on.
There are some requirements for a good prompt:
your prompt should be detail and specific
instead of vague, you don 't need to have long
description for medium, lighting, color and
mood; you can add other context to better fit
the features I will provide. If there is some
J| abstract words in the features, like
“confident”, “courageous”, you can use
concrete things to replace them to make it
more specific.

set in a golden savanna at sunset. In the foreground, a
noble man stands confidently, his features softened by
the warm, ambient light. His hair subtly merges into a
stylized lion’s mane, symbolizing strength and courage.
Beside him,a majestic lion with a wise, steady gaze
mirrors his regal bearing. The background features
gently swaying tall grasses and a vast horizon, evoking
endless possibilities. The composition is a closeup
portrait that celebrates leadership and bravery, using
rich, vibrant colors and soft textures to create a mood
of dignified festivity.”

Figure 4: Prompt display of the Scene and Style Agent.

After Intent Inference Agent has detailed the
user’s intent and context, the second step is for
Scene and Style Agent to set up the scene and en-
rich the detail in the figure. As shown in Figure 4
this agent will try to visualize the abstract concept
in the previous prompt and use detail object to vi-
sualize them to make the figure more vivid. This
is exactly what human artists are doing: they use
some detailed object to represent abstract things
to make them more impressive and easy to under-
stand.

When artist creates a painting, there are several
factors they need to consider including the subjects,
medium, environment, lighting, color, mood com-
position and so on. We all instruct this agent to
consider all these factors based on the previous
inference. If without the inference and context ex-
planation from the previous agent, it may be more
difficult for the Scene and Style Agent to generate
an accurate settings. This shows the advantage of
our MAS.
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[ system Prompt: “You are an evaluation agent
for prompt optimization. Your role is to

3.4 Self-Evaluation agent
assess whether the current optimized prompt

? aligns with the original user intent. You

—1 Will be provided with the original prompt,
N the optimized prompt, and a caption generated
from the optimized prompt If the caption
reveals that the generated image diverges
from the intended concept (e.g., a prompt
like 'birthday blessing for my friend, he is
like a lion' produces an image that lacks the
intended abstract qualities such as majesty
or confidence), update the optimized prompt
to better incorporate these missing details.
Your final output should be an updated scene
description that moves the generated image
L closer to the original intent.”

Updated Scene T
“scene_description”: “Imagine an oil-painted portrait
set in a golden savanna at sunset. In the foreground, a
noble man stands confidently, his features softened by
the warm, ambient light. His hair subtly merges into a
stylized lion’s mane, symbolizing strength and courage.
Beside him,a majestic lion with a wise,steady gaze
mirrors his regal bearing. The background features
gently swaying tall grasses and a vast horizon, evoking
endless possibilities. The composition is a closeup
portrait that celebrates leadership and bravery, using
rich, vibrant colors and soft textures to create a mood
of dignified festivity.”

Figure 5: Prompt display of the Self-Evaluation Agent.

Although the Scene and Style Agent enriches
the scene description, the inherent vagueness of the
original input may still result in generated images
that do not fully align with the user’s intent. To ad-
dress this gap, we designed a self-evaluation agent
to further refine the prompt if needed.

Our self-evaluation agent serves as a quality as-
surance module within our multi-agent prompt op-
timization pipeline. Its primary role is to verify
that the generated image accurately reflects the
user’s original intent. To achieve this, the agent
first computes a CLIP similarity score (Patashnik
et al., 2021) between the generated image and the
original prompt. As shown in Algorithm 1 if the
similarity score falls below a predetermined thresh-
old, the agent leverages the BLIP-2 model (Li et al.,
2023)—a state-of-the-art VLM—to generate a de-
tailed caption for the image. This caption provides
an independent description of the image’s visual
content.

By comparing the BLIP-2-generated caption
with both the original prompt and the current op-
timized prompt, the agent identifies discrepancies
or missing elements. For example, if the user’s
input emphasizes abstract qualities like “lion-like
majesty” but the caption describes only a generic
birthday scene, the agent infers that critical visual
attributes (e.g., strength, regality) may be under-
represented. Based on this analysis, the system
automatically refines the optimized prompt, adding
or modifying details to better capture the intended
semantic content.

This iterative feedback loop—driven by the com-
bination of CLIP-based evaluation and BLIP-2 cap-
tioning—ensures that the enriched prompt aligns
closely with the user’s intent. It provides a ro-
bust, quantitative measure to guide the continu-
ous improvement of prompt quality, ultimately en-
abling consistent and high-quality image genera-
tion across different T2I models.

Algorithm 1 Self-Evaluation Agent (SEA) for
Prompt Improvement

Require: Generated Image I, Original Prompt P,
Optimized Prompt F,,;, Threshold 7
s + CLIP(I, P,)
if s > 7 then
return P,
else
C «+ BLIP2(J)
Piproved < SEA(Py, Popt, C)
return P, 00ed
end if

> Compute similarity score

> No further refinement needed

> Generate a caption for the image

D> Refine prompt

e A U o S

3.5 Feedback and Tuning Agent

(Optimized Prompt

b Feedbacki’Tuning Agent

(©) User Feedback

“I want this man to be younger,

shown in full body, with the
scene set on a mountaintop”

System Prompt: “You are a prompt refinement
expert. Your task is to update the original
prompt based on direct user feedback
regarding the generated image. The user
feedback may indicate which aspects of the
image are missing, over-emphasized, or
misaligned with their intent. Using the
original prompt and the feedback, craft an
improved prompt that more accurately captures
the desired scene, style, and abstract
concepts. Provide a clear, concise, and
updated scene description as your output.”

Updated Scene Description:
“scene_description”: “Envision a vibrant, close-up
illustration taking place at the summit of a towering
mountain under clear daylight. In the foreground stands
a younger man with a bright, confident expression, his
face gently illuminated by the crisp sunlight. His hair
seanlessly transitions into a stylized lion’s mane.
Beside him, a majestic lion mirrors the man’s poised
stance. In the background, rugged slopes and an
expansive sky convey a sense of grandeur and boundless
possibility.”

Figure 6: Prompt display of the Feedback-Tuning
Agent.

While the Self-Evaluation Agent ensures that the
generated image scores highly against the original
prompt, it may still miss the user’s true intent. To
bridge this gap, we introduce a Feedback and Tun-
ing Agent that takes direct user feedback and uses
it to iteratively refine the prompt. Because the ini-
tial prompt often contains only limited information,
this feedback loop is essential for aligning the final
image with the user’s vision. As shown in Figure 6,
the agent applies user comments to continuously
improve the optimized prompt until the generated
result fully meets the user’s requirements.

4 Experiments

4.1 Experiment Settings

Implementation detail We used the API from
OpenAl to build our multi-agent system. We use
GPT-40 as the basemodel. Each input prompt will
first pass the Intent Inference Agent and Scene
and Style Agent sequentially. Then an image will
generate from the extended prompt. Later the Self-
Evaluation agent will keep improve the prompt
until its generated image is aligned with the orig-
inal prompt. If there are feedbacks from user,
the Feedback and Tuning Agent will further im-
prove the prompt. We utilize the Stable-Diffusion-
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Method CLIP Score(1)  PickScore(1)  Aes Score(T)
Original 0.289 19.43 5.87
Extended 0.232 20.28 6.21
MagicPrompt 0.246 18.69 6.11
Ours w/o SEA 0.257 20.26 6.68
Ours 0.263 21.31 6.96

Table 1: Performance comparison for different methods. "SEA" stands for Self-Evaluation Agent.

XL(SDXL) (Podell et al., 2023) and Midjourney
(Midjourney, 2024) as the T2I model. For each test,
all methods to compare will choose the same T2I
model.

Methods to compare We have selected a few
famous models as our baselines and counterparts:

* Original prompt.

* Simple extend prompt: we ask GPT 4 to add
more detail to the original prompt.

* MagicPrompt (Gustavosta): A prompt en-
richment framework trained with 80000 im-
ages from stable diffusion. They use simple-
enriched prompt pair to fine-tune a GPT-2.

* PromptAgent(Wang et al.): State-of-the-Art
in prompt optimization using multi-agent sys-
tem.

Metrics It is not straightforward to compare the
quality of different optimized prompts. We use
the generated image from T2I model as a metrics
for the quality of a prompt. Then we calculate
the PickScore (Kirstain et al., 2023), CLIP score
(Radford et al., 2021), Aesthetic score (Schuhmann
et al., 2022) between original prompts and the
generated images. CLIP score evaluate the sim-
ilarity between the prompts and the generated im-
age. PickScore evaluate the alignment between
the prompts and the generated image and also the
overall quality. Aesthetic score evaluate the human
preference on the aesthetic of the generated images.

4.2 Overall Results

Table 1 presents a comprehensive performance
comparison. Here, “Original” denotes the initial
short prompt, “Extended” refers to the GPT-4 ex-
panded prompt, and “MagicPrompt” or "PromptA-
gent" represents the prompt extended using Mag-
icPrompt or PromptAgent from the original sim-
ple prompt. Our method achieves the highest
PickScore, Aesthetic Score and human expert pref-
erence score , demonstrating that it effectively
aligns the optimized prompt with the generated

Method Preference Score(?)  Number of Runs({)
Original 69.85 % 6.08
Extended 75.32 % 4.22
MagicPrompt 67.28 % 5.33
Ours 80.12 % 2.35

Table 2: Human Evaluation Comparison.

image and produces higher-quality images with
enhanced aesthetic appeal and user preference. Ad-
ditionally, our method attains the second highest
CLIP score, indicating strong alignment between
the generated image and the original user request.
Note that the CLIP score is calculated using the
original prompt and the generated image, which is
why the image generated from the original prompt
shows the highest similarity to that prompt.

Ablation Study Table 1 shows that our Self-
Evaluation Agent (SEA) consistently improve the
evaluation performance compared to without this
agent. Thanks to the automatically alignment evalu-
ation, our method can achieve higher output quality
without additional user’s feedback.

4.3 Human Evaluation

In addition to our model-based evaluation, we con-
ducted a human evaluation. Twenty volunteers
generated 60 real-world prompts that were inten-
tionally vague, using abstract words and metaphors.
They then rated the first-round generated images
on a scale from O to 100 and recorded the number
of prompt modifications needed to reach satisfac-
tion. As shown in Table 2, our method consistently
achieved the highest preference scores. This indi-
cates that our approach meets real-world prompt
auto-completion requirements. Moreover, thanks
to the Self-Evaluation Agent’s ability to identify
misalignments and the Feedback-Tuning Agent’s
efficient prompt optimization, our method required
the fewest modifications to achieve satisfaction.

4.4 Visualization Results

We have included visualization results in the Ap-
pendix A. Our method consistently shows better
output quality and close alignment to users’ intent
compared to other methods.
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We also include the prompt comparison in the
appendix.

5 Industry Impact

We are collaborating with a startup to build a
platform that integrates T2I model prompt auto-
completion and optimization. As we have men-
tioned, there are many people who lack Prompt
Engineering Experience but are willing to try Text-
to-Image models. The goal of this platform is to
empower these users in generating impressive fig-
ures from just a simple idea. The platform in under
development and is supposed to be public very
soon.

6 Conclusion

In this paper, we introduce PromptSculptor, a novel
multi-agent framework that automates the itera-
tive refinement of T2I prompts. By decomposing
the complex prompt refinement process into spe-
cialized agents, our approach produces detailed,
context-aware prompts that better align with user
expectations from simple and vague input. Our
experiments demonstrate that PromptSculptor sig-
nificantly enhances both the quality and aesthetic
appeal of generated images from simple inputs.
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A Appendix

Figure 7 presents four prompt types used to gener-
ate images for six abstract themes. The results for
each theme are analyzed as follows:

In Figure 8, our prompt shows a schoolboy imag-
ining himself as a future astronaut exploring space,
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Dreams Fuel

Hope in the
Darkness

Original

MagicPrompt Extended

Ours

creating a vivid visual metaphor that highlights the
theme “Dreams Fuel Growth.” In contrast, other
prompts are more abstract or simplistic, lacking the
kind of concrete and engaging imagery that sparks
imagination. Moving to Figure 9, our prompt de-
picts sunlight breaking through dark clouds, with
doves symbolizing hope, freedom, and resilience.
This scene conveys a deeper emotional meaning
and a sense of uplift, whereas the other prompts
fall short of capturing such layered symbolism. In
Figure 10, our prompt illustrates children in a rural
classroom studying diligently, expressing their de-
sire to change their fate through knowledge. This
powerful imagery embodies hope and perseverance
in the face of hardship. By comparison, the other
prompts rely on more literal depictions of read-
ing and fail to capture the abstract essence behind
the pursuit of education. However, in Figure 11,
none of the prompts—including ours—clearly em-
phasize the crucial sense of distance needed to ef-
fectively express the idea that “True Love Tran-
scends Distance.” This remains an area for im-
provement. In Figure 12, unlike other prompts
that directly show injured people and clocks, our
prompt uses the imagery of rebuilding after a fire
to symbolically convey the idea that “Time Heals

Knowledge

Figure 7: Four Prompt Types for Constructing Images Based on Six Abstract Themes

Love Transcends Time Heals

_Distance

All Wounds.” This metaphorical approach offers a
more thoughtful and layered interpretation. Finally,
in Figure 13, our prompt integrates more human
and natural elements than the others, with greater
attention to emotional depth and visual detail. As
a result, it presents a more genuine and optimistic
atmosphere of peace, effectively capturing the in-
tended theme.

In summary, our prompts offer a more effective
interpretation and representation of abstract con-
cepts.
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Theme /
By method

Original
Prompts

Extended

Prompts

Magic
Prompts

Our
Prompts

Dreams Fuel Growth

I want to draw a figure showing “Dreams Fuel Growth”.

I want to draw a figure showing “Dreams Fuel Growth” — a child gazing up
at a glowing tree sprouting from an open book, its branches filled with
stars and symbols of imagination, reaching toward the sky."

I want to draw a figure titled “Dreams Fuel Growth”, in the style of +250k
concept art and character illustrations by Greg Rutkowski, Craig Mullins,
and Daniel Dociu — trending on ArtStation. The scene features a cloudy
background and ultra-realistic digital art.

I want to draw a figure showing “Dreams Fuel Growth”. A young boy with a
backpack stands on a quiet rooftop at dusk, gazing up at the sky. On the
right side of the scene, his imagined future self floats in space as an
astronaut, surrounded by stars and planets. A glowing trail of stardust
connects the boy to his dream, symbolizing growth and aspiration. Soft
ambient lighting, vibrant colors against a deep twilight sky, calm and
inspiring mood, cinematic composition.".

Figure 8: Four Prompt Types for Constructing Images Based on the Theme *Dreams Fuel Growth’

Theme /
By method

Original
Prompts

Extended
Prompts

Magic
Prompts

Our
Prompts

Hope in the Darkness

I want to draw a figure showing “Hope in the Darkness".

I want to draw a figure showing "Hope in the Darkness” — a single light
source breaking through shadows, highlighting a small symbol of resilience
like a blooming flower or an outstretched hand.

“I want to draw a color figure showing "Hope in the Darkness" (W1 9 8 2),
trending on artstation, award winning painting, cgi, art by greg rutkowski

I want to draw a figure showing “Hope in the Darkness". A breathtaking
scene above dense, stormy black clouds — a radiant golden sun breaks
through, casting light that the darkness cannot reach. High above, a few
birds glide effortlessly in the sunlight, symbolizing freedom and
resilience. The contrast between the shadowy clouds below and the glowing
sky above creates a powerful image of hope rising beyond despair.

Figure 9: Four Prompt Types for Constructing Images Based on the Theme "Hope in the Darkness’
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Theme /
By method

Original
Prompts

Extended
Prompts

Magic
Prompts

Our
Prompts

Knowledge is Power

I want to draw a figure showing “Knowledge is Power”.

I want to draw a figure showing “Knowledge is Power” — a stylized
silhouette absorbing 1light from an open book, radiating energy or
transformation, in a clean, symbolic style.

I want to draw a figure showing “Knowledge is Power”, drawing of a concept
art by Mark Brooks and Brad Kunkle and Craig Mullins, trending on
artstation, 4k

I want to draw a figure showing “Knowledge is Power”. A group of ragged
children huddled in a dilapidated classroom, studying intently by the
faint light streaming through cracked windows, icy wind curling around
them. Despite the cold and decay, a soft, ambient glow surrounds their
books, casting warm light onto their faces — as if knowledge itself is
illuminating them. The room is bleak and gray, but the children’s focused
expressions and the golden light symbolize hope and strength. Vibrant
contrast between the dull surroundings and the inner 1light. Cinematic
composition, slightly low angle, moody and atmospheric.

Figure 10: Four Prompt Types for Constructing Images Based on the Theme *Knowledge is Power’

Theme /
By method

Original
Prompts

Extended
Prompts
Magic
Prompts

Our
Prompts

Love Transcends Distance

I want to draw a figure showing "Love Transcends Distance".

I want to draw a figure showing "Love Transcends Distance". Zhinu and
Niulang gaze at each other from afar, separated by a shimmering Milky
Way. Starlight and drifting cosmic dust surround them in silence.

I want to draw a figure showing "Love Transcends Distance". Love
Transcends Distance", trending on artstation, concept art.

I want to draw a figure showing 'Love Transcends Distance' — two people
reaching out to each other from opposite sides of a vast landscape or
starry sky.

Figure 11: Four Prompt Types for Constructing Images Based on the Theme ’Love Transcends Distance’
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Figure 12:

Theme /
By method

Original
Prompts

Extended
Prompts

Magic
Prompts

Our
Prompts

Time Heals All Wounds

I want to draw a figure showing “Time Heals All Wounds®”.

I want to draw a figure showing “Time Heals All Wounds” — a person sitting
quietly as seasons change around them, scars on his body gradually fading
into blooming flowers, symbolizing healing and renewal."

I want to draw a color figure “Time Heals All Wounds” by Marc Simonetti,
trending on artstation, Midjourney.

I want to draw a figure showing “Time Heals All Wounds”. A split-scene
landscape showing 'Time Heals All Wounds' — on the left, charred ruins
and ash-covered ground from a fire, barren trees under a gray, overcast
sky; on the right, the same place fully rebuilt with tidy villas, blooming
gardens, and children playing under warm sunlight. A gentle transition of
light and color connects the two halves, symbolizing recovery and hope.
Soft ambient lighting, vibrant greenery, emotional yet calm atmosphere,
cinematic wide-angle view.

Four Prompt Types for Constructing Images Based on the Theme *Time Heals All Wounds’

World Peace

I want to draw a figure showing the world will have peace in the end.

I want to create an image that speaks of hope and unity—a central, radiant
figure standing at the heart of a softly glowing globe. This figure,
draped in flowing robes of gentle blues and whites, reaches out with open
arms toward a horizon where the first light of dawn touches a landscape
of lush meadows, calm seas, and ancient trees. Around the figure, symbols
of peace—fluttering doves, delicate olive branches, and intertwined hands—
float in a serene dance. The overall atmosphere is one of quiet strength
and optimism, capturing the timeless promise that no matter the challenges,
the world will ultimately embrace peace.

I want to draw a figure showing the world will have peace in the concept
art, low angle, high detail, warm lighting, volumetric, godrays, vivid,
beautiful, trending on artstation, by Jordan grimmer, huge scene, grass,
art greg Rutkowski.

I want to draw a figure showing the world will have peace in the end. A
breathtaking scene of global peace: a sprawling meadow ablaze with vibrant
flowers, edged by a gently winding river. Diverse people—men, women, and
children—play and laugh under warm, golden sunlight, while graceful birds
soar in a clear blue sky, symbolizing hope and freedom.

Figure 13: Four Prompt Types for Constructing Images Based on the Theme *World Peace’

786



