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Figure 1: We introduce APPO, a prompt optimization framework guided by user preferences. With APPO, the user simply
needs to iteratively select the generation results they prefer among options that are most aligned with their implicit goals,
and APPO will improve the underlying prompts using three strategies: retain, which preserves preferred prompts from the
previous iteration; align, which adjusts non-preferred prompts toward the user’s preference; and expand, which explores
diverse directions by generating new prompts. The outputs generated from the optimized prompts are presented to the user for
evaluation in the next iteration. By combining these strategies, our method balances exploration and exploitation, enabling
efficient, user-guided prompt optimization with minimal effort.
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Abstract
Generative models are increasingly powerful, yet users struggle to
guide them through prompts. The generative process is difficult to
control and unpredictable, and user instructions may be ambiguous
or under-specified. Prior prompt refinement tools heavily rely on
human effort, while prompt optimization methods focus on numer-
ical functions and are not designed for human-centered generative
tasks, where feedback is better expressed as binary preferences and
demands convergence within few iterations. We present APPO, a
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preference-guided prompt optimization algorithm. Instead of it-
erating prompts, users only provide binary preferential feedback.
APPO adaptively balances its strategies between exploiting user
feedback and exploring new directions, yielding effective and effi-
cient optimization. We evaluate APPO on image generation, and
the results show APPO enables achieving satisfactory outcomes
in fewer iterations with lower cognitive load than manual prompt
editing. We anticipate APPO will advance human-AI collaboration
in generative tasks by leveraging user preferences to guide complex
content creation.

CCS Concepts
• Human-centered computing → Interactive systems and
tools; • Computing methodologies→Machine learning.
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1 Introduction
Generative models are becoming increasingly prevalent in everyday
life, supporting end-users in various tasks such as writing [4, 53],
coding [19, 31], and image or video generation [13, 26, 54, 59]. In im-
age generation, where users primarily interact with models through
textual prompts that are expected to include all essential informa-
tion, such as detailed composition of objects, explicit vibes, etc.
and often lead to iterative trial-and-error for producing the desired
image. However, crafting effective prompts is challenging [56, 60].
This difficulty arises from the combination of implicit human sub-
jective goals and the black-box nature of generative models. Users’
generation targets are vague and implicit throughout the genera-
tion process [51]. They usually do not have a precise target in mind;
instead, they may only have a general idea of the essential objects
and a rough visual style. They then gradually refine and finalize
their goals as they observe intermediate results. Moreover, even if
they have concrete targets in mind, perfectly translating the ideas
to effective textual prompts requires experience and trial-and-error.
Simultaneously, the generation process is opaque to users, provid-
ing them with little understanding of how the outcomes are exactly
generated from the prompts. Therefore, the prompt creation often
relies on iterative trials, which is time-consuming and cognitively
demanding, making prompt refinement intrinsically challenging.

Prior works attempted to address this challenge via three rough
approaches: supporting users to manually refine the prompt, au-
tomatically optimizing prompts without users’ involvement, and
iteratively refining prompts by incorporating user feedback. In HCI
field, previous studies have explored various interfaces and tools to
supportmanual prompt refinement in image generation [1, 2, 17, 44].
For example, DesignPrompt [47] and PromptPaint [10] provide dif-
ferent interfaces that allow users to better combine textual prompts

with sketches and color themes to steer the image generation pro-
cesses. PrompTHis [22] takes a different approach; it visualizes the
outcomes of different prompt variations, allowing the users to visu-
ally analyze the effects. These works offer interfaces that support
users in better editing prompts; however, the decision-making for
creating the prompts ultimately relies on humans.

Automatic prompt optimization is an established topic in the
machine learning domain. Several works focus on training prompt
generation models, for instance, by optimizing prompt embeddings
with gradient-basedmethods tomaximize a fixed reward [14, 42, 67],
exploring prompts that produce more aesthetic outputs via rein-
forcement learning [24], or dynamically adjustingwordweights and
timing during generation [45]. This direction relies on large train-
ing data, and the resulting model does not generalize to different
tasks well. Other works focus on refining prompts using Large Lan-
guage Models (LLMs) to simulate optimization strategies [50, 74]
or perform prompt evolution (e.g., edit or mutate existing prompts
or combine them) [12, 18, 21, 58] to progressively improve perfor-
mance. They all operate on numerical evaluation functions to judge
the quality of generation results, without a strict search limit. In
reality, this assumption rarely holds: human users cannot reliably
and consistently score generation outcomes. Rather, humans are
better at providing preferences among options [8, 33, 35]. More
fundamentally, when a human is involved, it is critical to converge
quickly, leading to a stricter budget limit.

Iterative prompt refinement that incorporates user feedback of-
fers a third direction. DSPy [32], for example, implements a self-
improvement LLM pipeline in which prompts are iteratively refined
based on users’ natural language feedback. ConstitutionMaker [49]
transforms user rewrites into structured principles that are ap-
pended to the optimizer’s prompt, steering the optimization process
toward the user’s preference. Similarly, Promptimizer [62] collects
user-authored prompt refinements and uses them to guide the se-
lection and ranking of prompts in subsequent iterations. Although
this approach benefits from more explicit and richer information
from users, it also imposes a higher cognitive burden, since users
must carefully articulate their intents with texts. Further, this is
not always feasible, as users may not identify the most effective
prompts for achieving the optimal results.

Previous work, thus, leaves a clear research gap: How can au-
tomatic prompt optimization methods be integrated into human-
centered image generation tasks in a way that reduces user effort
and remains efficient? Such a method would need to operate from
minimal user input—ideally just preference selections rather than
manual prompt editing or numerical scoring—while maximizing the
utility of this sparse feedback to converge quickly. There, our goal
is to develop a method that supports a novel generative workflow
driven solely by preference feedback (e.g., selecting from options),
thereby minimizing human effort and eliminating the need for man-
ual prompt tuning. We further aim to maximize the utility of the
sparse feedback from users to ensure high sample efficiency.

In this paper, we introduce Adaptive Preferential Prompt Op-
timization (APPO ), a prompt optimization method that is driven
by users’ preference feedback. APPO begins with a simple initial
prompt provided by the user, which should capture the essential
elements (e.g., in image generation, specifying the required objects)
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of the goal, while the details (e.g., adjectives to the objects, and vi-
sual style) can be ambiguous or loosely structured, or even missing.
APPO will then iteratively generate a batch of prompts, each leads
to a specific generative outcome, and present them to the users.
The users, instead of carefully fine-tuning the prompts, only need
to select the ones that are aligned with their implicit preferences.
Crucially, users are not required to explain their reasoning, provide
evaluation scores, or manually edit the prompts. After the selec-
tions, APPO interprets the human’s selection and infers the human
preferences, further refining the prompt batch, leading to a set of
different outcomes. Through repeated preference collection, APPO
gradually aligns the optimization process with the implicit goals.
The user’s role is limited to simple preference selection, which min-
imizes effort while still allowing them to meaningfully steer the
optimization.

Prompt optimization faces a fundamental challenge: searching
within the vast space of natural language instructions. This chal-
lenge becomes even more severe when relying solely on preference
selections but not human edits. To achieve both effectiveness and
sample efficiency, APPO must systematically balance exploration,
which keeps diversity in prompt proposals, and exploitation, which
actively leverages user intent. Overemphasizing exploration would
require many interactions before convergence, while relying only
on exploitation risks premature convergence to local optima. To
address this, APPO allocates its limited per-iteration generation
budget (i.e., the number of outputs shown to users in each iter-
ation) across three complementary strategies: retainment, align-
ment, and expansion. Retainment preserves prompts preferred in
the previous iteration, ensuring output can be at least as good as
the previous iterations. Alignment exploits user selections by re-
fining non-preferred prompts, shifting them closer in structure or
semantics to preferred ones. Expansion explores the neighborhood
around preferred prompts to uncover potentially better solutions.
Finally, to actively regulate exploration and exploitation, we intro-
duce an adaptation policy that adapts the expansion range. When
the alignment strategy yields semantically similar prompts, indi-
cating convergence toward a local optimum, the policy expands
the mutation range to encourage broader exploration. Conversely,
when alignment already provides sufficiently diverse prompts, ex-
pansion restricts its mutation range to support a more focused,
efficient search. This adaptive mechanism enables APPO to steer
toward users’ preferences while retaining flexibility to escape local
optima.

Accompanying our method, we propose a preference-guided
generation workflow, which is then evaluated through ablation
studies and a user study on image generation tasks. In the ablation
study, we analyze the contribution of each component by compar-
ing variants without expansion, without alignment, and without
adaptive exploration. We also compared APPO with state-of-the-
art automatic prompt optimization approaches. The results show
that APPO effectively optimizes prompts from binary preference
feedback and that its components, together with adaptive explo-
ration, enable the system to escape local optima and converge on
better solutions. APPO also outperformed other prompt optimiza-
tion methods by achieving better results in fewer iterations and
producing better final outcomes. We then evaluate the workflow
with real user prompts in a user study involving two scenarios: a

target-matching image generation task, where participants repro-
duced a given image using our workflow versus manually revising
prompts, and an open-ended image generation task, where partic-
ipants generated images aligned with their own intent without a
reference. Results show that our workflow helps users reach satisfy-
ing generation outcomes with fewer iterations and less interaction
time compared to a state-of-the-art prompt-engineering tool [65]
and existing prompt optimization methods [32] Participants also
reported lower cognitive load and less manual effort when using
APPO, while perceiving a stronger sense of exploration. Together,
these findings demonstrate that our workflow empowers users to
control image generation more effectively, achieve desired results
with fewer iterations, and experience a more engaging and satisfy-
ing creative process.

In summary, we make the following contributions:
• APPO, an automatic prompt optimization approach that leverages
users’ binary preference feedback to refine prompts for image
generation tasks. It adaptively balances exploiting users’ feedback
and exploring new directions, enabling users to achieve satis-
factory outputs within a few iterations without manual prompt
editing.
• a preference-driven generation workflow powered by APPO. We
demonstrate its effectiveness and generalizability through syn-
thetic evaluations and user studies on image generation tasks.

2 Related Work
2.1 Interfaces for Prompt Engineering
Creating effective prompts remains a non-trivial challenge. In HCI
domain, prior work has investigated interfaces and tools that sup-
port users by visualizing generation results with their prompts,
providing refinement suggestions, and enabling multimodal inputs
for more precise control.

Since users have limited understanding of how the prompts af-
fect the generation results, previous work has proposed visualizing
generation outcomes corresponding to user inputs. PrompTHis [22]
visualized prompts alongside their generated images, helping users
understand how specific prompt elements influence outcomes and
refine them accordingly. PromptMagician [17] introduced inter-
active visualizations, allowing users to evaluate and filter images
based on self-defined criteria and to explore prompt keywords and
guidance scales for images of interest. PromptCharm [65] assists
novice users by mapping parts of the text prompt to regions in
the generated image, facilitating more effective refinement. For
text generation tasks, ChainForge [1] provided a visual toolkit for
improved prompt engineering, while PromptAid [44] allowed users
to compare prompt versions and analyze performance differences.
In 3D generation, Self3DCraft [69] visualized the contribution of
each keyword in the prompt alongside the generated 3D mesh.

Beyond visualization, prior work also explored providing prompt
suggestions to support refinement. Promptify [2] offers automatic
prompt recommendations based on generated image clusters. Drosos
et al. proposed generating multiple prompt options from an ini-
tial user prompt for selection [15]. PromptAid [44] and Prompt-
Magician [17] also provide keyword recommendations alongside
visualization.
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In addition to text-based prompts, several interfaces support
multimodal input to guide generation. DesignPrompt [47] allows
users combining images, colors, and text for more expressive de-
sign exploration. DirectGPT [43] supports users specifying spatial
positions and arranging content via drag-and-drop alongside tex-
tual prompts. PromptPaint [10] enables flexible steering of image
generation through interactions resembling traditional painting
mediums (e.g., oil, watercolor). FusAIn [48] allows designers to cre-
ate personalized pens loaded with objects or attributes (e.g., color,
texture) to provide additional input during generation.

While these tools facilitate crafting more effective prompts, they
still rely on users’ judgment and manual edits, which remain cogni-
tively demanding and limit everyday usability for end-users. There-
fore, we aim to optimize the prompts automatically with only users’
preference feedback, minimizing users’ effort in generation tasks.

2.2 Prompt Optimization for Image Generation
There are several challenges in generating images that match a
desired outcome using textual prompts. First, it is difficult to know
in advance the appropriate and enough level of specification needed
to express an intended visual quality. Further, even when the de-
sired quality is clear, finding the phrasing that produces the in-
tended effect often requires extensive exploration, especially for
abstract properties such as visual style. These challenges often in-
teract and are mixed. Prompt optimization is the broad concept
that refers to the iteratively improving prompts to achieve a de-
sired outcome. Its goal is to identify the most effective prompt
formulation that produces results aligned with the user’s intent.
Unlike optimizing system-level prompts that govern a model’s gen-
eral behavior to better address a set of tasks [50, 74], the prompt
optimization concept discussed in this paper focuses on instance-
level prompts tailored to generating a specific target output. This
goal is alignedwith prior works [12, 24, 42, 45]. Existing approaches
can be grouped into two main strategies. The first relies on refine-
ment of the prompts, in which users iteratively adjust prompts or
provide clarifications [20, 62]. The second is automatic optimiza-
tion: the system evaluates prompt candidates and infers how to
improve output quality without requiring direct edits [24, 42, 50].
Below, we review these two categories in turn.

2.2.1 Refining prompts by human users. Recent work has explored
prompt optimization driven by user textual feedback or rewriting
to align the generation results with user preferences and intents.
Gao et al. infer latent user preferences directly from edits: by com-
paring the original output with user-modified outputs, they learn a
latent preference representation, which is then used to condition
the model for future generations without requiring numeric scor-
ing [20]. ConstitutionMaker [49] converts natural user rewrites
into structured principles that are appended to the prompt con-
text, steering the model to generate outputs consistent with user-
specified style, content, or tone. Promptimizer [62] collects user-
driven prompt refinements and uses them to guide the selection and
ranking of prompts in subsequent iterations, effectively aligning
outputs to individual preferences. DSPy [32] is a popular frame-
work for enabling self-improvement in LLMs. It can dynamically
select an appropriate reasoning strategy (e.g., chain-of-thought [66],
ReAct [73]) based on a provided evaluation function or guideline.

As an example use case, DSPy can be used to optimize prompts for
image generation: users provide natural-language feedback, and
DSPy evaluates multiple prompt variations against the feedback to
identify the most effective refinements.

While user textual feedback can provide more information than
sparse preference signals, it imposes a higher cognitive load, re-
quiring users to carefully articulate how they want the results to be
improved. In many cases, this is infeasible, as users may not know
the precise words to achieve the desired outcome, otherwise they
would include them in the initial prompt. Therefore, we investigate
a different approach: prompt optimization in which the system
learn from evaluation outcomes and evolve the prompts without
human editing.

2.2.2 Automatic Prompt optimization with evaluation results. Re-
cent ML research focused on automatic prompt optimization to im-
prove generation results. Most approaches rely on a reward function
to evaluate outputs, such as semantic consistency between prompts
and generations [7, 27, 29], aesthetics for images [24, 57], or other
task-specific metrics. With such reward signals, optimization meth-
ods can compute gradients and apply learning-based techniques.
Promptist [24] fine-tuned a language model with reinforcement
learning to transform user inputs into model-preferred prompts.
PAE [45] similarly applied reinforcement learning to adjust word
weights and injection time steps, improving generation outcomes.
DPO-Diff [63] reduced the search space via LLM-generated syn-
onyms and antonyms, then optimized negative prompts with gra-
dient descent. Wen et al. [67] proposed mapping prompts into
embeddings, applying gradient-based optimization, and decoding
back to the nearest natural language expressions.

Beyond embedding-level methods, recent works leverage LLMs
directly for prompt-level optimization. OPT2I [42] iteratively im-
proves prompts using historical feedback to enhance text-to-image
consistency. OPRO [71] frames optimization as an iterative prompt-
ing process, where LLMs are queried with previous histories as
context. PromptAgent [64] treats prompt optimization as a strate-
gic planning problem, applying Monte Carlo tree search to sys-
tematically explore expert-level prompts. Prior research has also
explored self-improving prompts using automatically generated
checklists [11, 61]. These methods derive a checklist from the orig-
inal instruction and use it to verify whether the generated out-
puts satisfy each requirement. If any checklist item is unmet, the
system iteratively refines the prompt until the output fulfills all
items. The growing capabilities of LLMs have also enabled them
to simulate classical optimization strategies. Automatic Prompt
Optimization [50] and TextGrad [74] introduce natural language
“gradients,” drawing analogies to gradient descent for guiding edits.
We also adopt this idea in our implementation to identify effec-
tive prompt elements based on user preferences. Similarly, evolu-
tionary approaches such as PromptBreeder [18], EvoPrompt [21],
PhaseEvo [12], and GAAPO [58] use LLMs to generate, mutate, and
refine candidate prompts; we also adopt LLM-driven evolutionary
search in our implementation for exploration.
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While these methods have proven effective, they are typically
developed and evaluated using pre-defined numerical reward func-
tions. However, they struggle in real-world settings involving hu-
man users, as humans cannot reliably or consistently provide nu-
merical ratings for generation outcomes. Human ratings are in-
herently noisy and subjective, due to individual differences in per-
ception and personal preferences. Consequently, models trained
on numerical reward functions are unable to effectively optimize
prompts based on actual user scalar feedback. Although humans
are generally better at expressing preferences among options rather
than providing absolute ratings, binary preferences convey far less
information than scalar ratings. Therefore, these models may not
converge to a good solution within limited iteration budget by con-
verting these preferences into scalar signals. Several datasets of
human preferences for image generation have been collected and
used to fine-tune generative models [36, 68, 70]. However, these
datasets are typically aggregated across large populations and there-
fore capture only general human preferences. In practice, users’
preferences and generation goals are highly diverse and inherently
individual, limiting the applicability of existing preference-based
prompt optimization methods. In contrast, our method aims to
directly optimize prompts based on online user preferences in a
real-time generation task.

2.3 Preference-Guided Optimization
The notion of preference can be formally expressed as a pairwise
comparison: an outcome 𝑥 is preferred over𝑦 if 𝑓 (𝑥) > 𝑓 (𝑦), where
𝑓 (·) represents the latent preference function in a user’s mind [9].
Compared to providing explicit numerical ratings, it is easier and
more reliable for users to indicate which of two options they pre-
fer [5, 72]. Such pairwise judgments reduce noise and inconsistency
in human feedback, making them a valuable signal for optimization.
Since preferences ultimately guide users’ decisions and behaviors,
they serve as an important channel for computational models to
better understand users and generate improved outcomes.

A well-established approach to modeling such feedback is to use
Gaussian Processes to estimate the probability that 𝑓 (𝑥) > 𝑓 (𝑦)
from observed comparisons [16]. By integrating this probabilistic
model with Bayesian Optimization, humans can iteratively steer the
optimization process through their preferences, an approach known
as Preferential Bayesian optimization [3, 30]. Building on this line of
work, researchers have developed interfaces that make preference
elicitationmore natural and efficient. For instance, [33] introduced a
single slider that aggregates multiple latent factors, allowing users
to adjust image appearance without explicitly controlling each
dimension; the slider range is refined based on preference feed-
back. Similarly, [34] proposed a gallery-based interaction where
users select from candidate options, and the system adaptively
presents the next most promising set. This strategy was further
improved in efficiency by leveraging prior optimization experi-
ence [35]. Researchers have also leveraged Gaussian Processes to
guide the generation of generative adversarial networks, where the
generative space is constrained to specific objects or subjects, and
textual prompts are not involved [46]. In this paper, we adopt the
gallery-based paradigm [34, 35] for preference collection in image

generation tasks, as it offers a lightweight and intuitive comparison
mechanism for users.

However, when dealing with more complex tasks involving high-
dimensional input spaces, traditional probabilistic preference mod-
els often struggle to scale. At the same time, capturing human
preference structures becomes increasingly challenging. To address
this, our work uses preference feedback primarily as a directional
signal for optimization, without attempting to explicitly model the
entire preference function.

3 Preference-Driven Generation Workflow
Here, we first describe the preference-driven image generation
workflow that enables completing generative tasks. This provides
the necessary context for understanding the subsequent preference-
guided prompt optimization algorithm and how it operates inter-
nally to support the workflow.

3.1 Prerequisites
We define an image generation task as the process in which a user
leverages a generative model to produce images for a specific goal.
The user provides an initial prompt, and our APPO edits it itera-
tively based on the user’s preferences until a satisfactory results
that meet the specific goal. To succeed, prompts must encode two
complementary types of information. The first is “essential infor-
mation” : explicit elements that must appear in the output and are
typically clear and easy for users to specify. In image generation, for
example, objects such as apple or river represent essential informa-
tion. The second is “implicit intention” : broader but implicit goals
that shape how the essential information should be realized. These
include aspects such as mood (sad, joyful), visual style (vintage,
cold), or object attributes (tall, thin). Unlike essential information,
implicit intentions are harder to articulate as they may be abstract
or ambiguous (e.g., “a vintage style”), or they may not be a user’s
immediate focus when drafting an initial prompt.

In our framework, we assume that users can reliably specify the
essential information upfront, which anchors the initial prompt.
This assumption is crucial: the essential information constrains
the search space, ensuring that optimization focuses on specific
implicit intentions rather than blindly exploring the unbounded
prompt space. For example, if a user specifies “a cat sitting on a
chair” as essential information, our method ensures that all gener-
ated candidates retain both a cat and a chair. The optimization then
operates only on reasonable implicit aspects, such as mood (playful
or lonely), style (cartoon or photorealistic), or descriptors (wooden
chair or metal chair). Without this constraint, the optimizer might
drift toward implicit intentions that are misaligned with the core
goal, such as “surrounded by ocean” or “grand medieval battlefield.”
These descriptors are semantically rich but typically incompatible
with a cat on a chair, leading the system to generate irrelevant or
incoherent results. We further assume that both essential informa-
tion and implicit intention remain consistent throughout a single
task; if either changes, the process constitutes a new task. Under
these assumptions, APPO focuses on searching the prompt space
to discover effective textual representations of the implicit inten-
tions, progressively aligning them with the user’s underlying goals.
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These assumptions are aligned with the state-of-the-art prompt
optimization approaches [21, 24, 26, 40, 41].

Below, we provide user interactions within our workflow.

3.2 Workflow
The workflow starts with the user providing an initial prompt, as
illustrated in Figure 2, using image generation as an example. This
prompt serves as a starting point: it should include essential ele-
ments of the task (e.g., specifying core objects in image generation)
but may remain underspecified or vague with respect to style, com-
position, or other modifiers. In the first iteration, the optimizer
expands the initial prompt in two ways: it completes missing de-
tails to form viable prompts, and it explores diverse directions in
the prompt space. Since no preference information is available yet,
the focus at this stage is to explore a broad range of possibilities.
The expanded prompts are then passed to the generative model,
yielding a set of candidate outputs. The candidate outputs are dis-
played to the user through an interface, where the user selects one
or more results that best capture their implicit goal. This feedback
is then passed to the optimizer, which analyzes differences between
preferred and non-preferred prompts to infer user preferences and
underlying intent. Based on these insights, the optimizer generates
refined prompt candidates that place greater emphasis on directions
aligned with the user’s evolving goals. The generative model trans-
forms these prompts into a new set of outputs for user to evaluate.
Through this iterative cycle of selection, analysis, and refinement,
the prompts progressively converge toward results that satisfy the
user’s intent.

3.3 Core elements
Our preference-driven generation workflow contains four intercon-
nected core elements: the human user, the interface for presenting
results, the prompt optimizer, and the generative model. Together,
these components form a closed feedback loop through which im-
plicit user goals are progressively externalized and the outputs are
increasingly aligned with those goals.

User. The human user initiates the generation task by providing
an initial prompt and subsequently evaluating generated outputs
at each iteration. Rather than editing prompts iteratively, users
simply select the results that best align with their implicit goals.
This interaction is designed to be lightweight: preferences are ex-
pressed in a binary manner (selected vs. not selected), reducing
both cognitive and manual effort while still providing meaningful
feedback to guide optimization.

Interface. Generated results are presented to the user through
an interface designed to support efficient inspection and preference
expression. In image generation, outputs are typically arranged
in a gallery, as in prior work [33, 35] and illustrated in Figure 2,
allowing users to visually compare multiple candidates at once.
While galleries are effective for visual media such as images or
videos, alternative layouts may be more appropriate in other do-
mains to allow users to access outputs and provide binary feedback.
For example, text-based tasks may benefit from presenting fewer
candidates at a time for more detailed reading.

Optimizer. The optimizer refines prompts using APPO in each
iteration. It takes the user’s preference feedback and the current

set of prompt candidates as input, while also maintaining a history
of prompts explored in previous iterations. Based on this informa-
tion, it outputs a new set of optimized prompts for the generative
model. We employ an LLM to perform the operations in the opti-
mizer, ensuring that the optimized prompts remain human-readable.
This preserves transparency and allows for optional user interven-
tion when desired. In contrast, embedding-based approaches often
sacrifice interpretability, making them less suitable for workflows
in which users actively participate. We describe the optimizer’s
internal mechanisms in section 4.

GenerativeModel. The generativemodel translates refined prompts
into concrete outputs. Depending on the task, this may involve
LLMs for text generation, diffusion models for image synthesis,
motion generation models for motion creation, or other domain-
specific generators. As the realization layer of the workflow, the
generative model produces the artifacts that are presented to users
for evaluation, thereby closing the feedback loop that drives subse-
quent iteration.

4 Adaptive Preferential Prompt Optimization
In this section, we introduce Adaptive Preferential Prompt Opti-
mization (APPO), our adaptive prompt optimization method that
refines prompts based on user preferences. We begin by outlining
the key challenges of preference-guided prompt optimization will
face, then present the working principles of our method, and finally
provide a detailed description.

4.1 Challenges
As described in the workflow, preference-guided prompt optimiza-
tion must rely on users’ feedback while aiming to fulfill their im-
plicit generation goals efficiently. Meeting these requirements gives
rise to several challenges, which we detail below.

Challenge 1: How to leverage sparse preference signals
to guide prompt optimization? In generation tasks, the prompt
search space is enormous, yet users can only evaluate a small subset
of prompts because human evaluation is both time-consuming and
cognitively demanding. Consequently, user feedback is inherently
sparse, covering only a tiny fraction of possible prompts. Moreover,
users often struggle to provide consistent numerical ratings; in-
stead, binary preference feedback (e.g., indicating which option is
preferred) has been shown to provide a more accurate and reliable
signal [33–35]. The key challenge is, therefore, how to maximize
the utility of these sparse preference signals to effectively guide the
next iteration of prompt generation.

Challenge 2: How to maintain diversity and escape local
optima in prompt optimization? The opposite problem arises
when the optimizer relies too heavily on exploiting user prefer-
ences. Overfitting to a small set of selections can cause all prompts
to converge too quickly toward a narrow region of the search space.
This reduces the diversity of subsequent generations, forcing users
to review iterations of highly similar outcomes and preventing
the discovery of their broader options. In optimization terms, the
process is known as being trapped in a local optimum. How to main-
tain diversity and systematically escape premature convergence is
therefore another key challenge.
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preference

prompt variant 1
prompt variant 2

......
prompt variant n

generation outcome 1
generation outcome 2

......
generation outcome n

a boy in uniform, wooden 
table, bread, blue bag, kitchen

optimizer

generative 
model

interface

user

initial prompt

Figure 2: Preference-driven generation workflow enabled by APPO, with image generation as an example. The user begins with
an initial prompt specifying the objects to be included in the generated images (top left). In the first iteration, the optimizer
expands this prompt to explore diverse possibilities and generate multiple prompt variants (right). The generative model then
produces outputs corresponding to these variants (down), which are presented to the user in a gallery (left). The user selects
their preferred results (up), which are then fed into the optimizer who infers their preferences to generate refined prompts.
These refined prompts are used by the generative model to produce new outputs, which are further evaluated by the user in
subsequent iterations.

Challenge 3: How to strike the balance between explo-
ration and exploitation for efficient prompt optimization?
Building on the prior two challenges, a more fundamental issue
is how to balance exploitation and exploration. Exploitation lever-
ages user preferences to refine prompts in a stable direction but
risks reducing diversity. Exploration, in contrast, probes new re-
gions of the prompt space, which may uncover better solutions
but also risks producing inferior results and increasing instability.
Striking the right balance between these two strategies is a known
dilemma in general optimization, but it becomes especially critical
in human-involved tasks where evaluations are costly. Here, sample
efficiency is an important constraint: the optimizer must approach
high-quality prompts in as few iterations as possible while still
preserving the ability to escape local optima.

4.2 Prompt Generation Strategies
In each iteration of the workflow, the system generates 𝑛 outcomes
based on prompts, presents them to the user, and then receives bi-
nary preference feedback. Here, 𝑛 denotes the per-iteration genera-
tion budget. This budget is divided across complementary strategies,
which are designed to address the challenges outlined above.

Strategy 1: Retain user-preferred prompts (Retainment).
A straightforward way to exploit preference signals observed thus
far (addressing Challenge 1) is to retain the most preferred prompts
from previous iterations. This strategy, commonly used in prefer-
ential optimization methods [34], provides stability by ensuring

that output quality either improves (when users prefer a newly
generated outcome) or remains consistent (when they re-select the
same option). From the user’s perspective, this creates a sense of
steady progress, reinforcing trust in the system and supporting a
positive overall experience.

Strategy 2: Align prompts toward the preferred selections
(Alignment): Instead of simply discarding non-preferred prompts,
the optimizer leverages them by comparing them against preferred
ones (Challenge 1). This comparison reveals which qualities or as-
pects better align with the user’s implicit preferences. The resulting
differences can be interpreted as a “text gradient” (e.g., Pryzant
et al. [50]), which is then applied to adjust non-preferred prompts,
moving them closer to the user’s intent. Implementation details of
how this gradient is estimated and applied are provided later.

Strategy 3: Expand the prompt search space for diversity
(Expansion). Continued exploration of the prompt space is es-
sential to avoid local optima and to encourage discovery of novel
solutions (Challenge 2). A common approach is to vary prompts
using evolutionary principles, including operations such as adding,
deleting, mutating, or recombining words (e.g., Guo et al. [21]).
The degree of change directly determines the search range: Uncon-
strained mutations produce a broad but largely random exploration,
and guided edits on specific words focus the search on a narrow
region and lean toward exploitation behavior. This trade-off (Chal-
lenge 3) is essentially to balance exploration and exploitation.
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Figure 3: The concept of optimization methods behind APPO with a concrete example. In each iteration, APPO takes the
preferred prompts (green) and non-preferred prompts (red) from the previous iteration as input. Three strategies are applied: It
first retains the preferred prompts. In parallel, the expansion strategy applies evolutionary operations to explore new prompts.
This begins with crossover, mixing elements of the preferred prompts (words in different green colors), followed by mutation
to generate additional prompts (orange). Simultaneously, the alignment strategy estimates the textual gradient from both
preferred and non-preferred prompts to identify elements generally favored by the user (blue). This gradient is then applied
to non-preferred prompts to better align them with user preferences. Finally, all of the three retainment, expansion, and
alignment prompts form the set of prompts for the next iteration.

To address this, we introduce a policy for controlling ex-
ploration intensity. At the high level, the policy ensures the
overall optimization moves from exploration to exploitation across
iterations; that is, the diversity within the prompts in each iter-
ation should gradually decrease. Beyond that, the policy also en-
sures enough exploration within each iteration, avoiding the mu-
tation also highly focused on the selected prompts from the previ-
ous rounds. Specifically, APPO computes the semantic similarity

between retained prompts and newly aligned prompts to assess
whether the aligned prompts explore diverse regions. If they are
highly similar, the policy encourages random, less-constrained ex-
ploration; otherwise, it restricts exploration to the local vicinity
of promising regions. Overall, this policy adapts the expansion
strategy, making the prompt generation controlled and efficiently
balancing diversity with convergence.
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4.3 Implementation of APPO
With the working principles identified above, we implemented our
preference-guided prompt optimization method as summarized
in Algorithm 1.

4.3.1 Overview. Our method starts with an initial prompt 𝑃0 and
refines it continuously based on user feedback until the user is
satisfied or a predefined maximum number of iterations is reached.
Importantly, the initial prompt should contain the essential infor-
mation that must be correctly presented, such as objects to include.
This assumption and our intended optimization goal are introduced
in subsection 3.1. In the first iteration, before any preference feed-
back is given, the optimization performs random exploration to
generate a diverse set of candidate prompts from the initial input.
From the second iteration onward, new prompts are generated
through three strategies: retainment, alignment, and expansion (see
subsection 4.2). Specifically, the generation budget 𝑛 first reserves
slots for the items selected in the previous iteration, and then divides
the remaining budget equally between alignment and expansion. A
consistency check step follows to ensure that essential information
from the initial prompt is preserved. The generated candidates are
then passed to the generative model, and the resulting outputs are
presented to the user, who selects preferred (𝑃𝑝 ) and non-preferred
(𝑃𝑛) options. This feedback informs the next iteration of prompt gen-
eration. In the following sections, we provide a detailed description
of each step of APPO.

4.3.2 Random Exploration. In the first iteration, no historical in-
formation about the user’s preferences is available. The optimizer
only has access to the initial prompt, so it can only rely on random
exploration to generate diverse candidate prompts. We leverage an
LLM to rewrite the initial prompt into complete and well-formed
variants. Each variant explores different directions (e.g., in image
generation, diverse styles, visual details, or wording) while preserv-
ing the core objects and descriptors of the original prompt. This
approach ensures that the generated candidates are both coherent
and highly diverse, providing a rich starting point for subsequent
iterations.

4.3.3 Retainment. In each iteration, APPO always applied one
strategy, which directly carries over the prompts marked as pre-
ferred by the user in the previous round. These retained prompts
are included unchanged in the new candidate pool, ensuring that
best options remain available for the next iteration.

4.3.4 Alignment. The second strategy involves aligning non-preferred
prompts toward the preferred ones. We achieve this using a textual
gradient approach [50], inspired by gradient descent in continuous
optimization. In numerical optimization, gradients provide a direc-
tion for improving performance. In prompt optimization, however,
true gradients are unavailable, since the only way to assess the
quality of prompts is feeding it to the target model, generating
the outcome, followed by user evaluation. Prior research [50, 74]
has demonstrated that LLMs can approximate a “textual gradient”
by comparing different prompts. The model analyzes differences
between these prompts to infer which components contribute pos-
itively to desired outcomes and which should be modified or re-
moved. This information acts as a directional signal: it guides the

transformation of non-preferred prompts toward patterns found
in the preferred prompts, effectively “nudging” them in the direc-
tion of user-aligned language without requiring explicit human
rewriting.

Given the sparsity of human feedback, our method incorporates
the history of prompts from previous iterations when estimating
the textual gradient. By summarizing the history of preferred and
non-preferred prompts, the LLM can better identify recurring ef-
fective elements than only relying on the current selections. Using
this information, the non-preferred prompts are gradually adjusted
toward the preferred prompts while keeping their other charac-
teristics, allowing the optimizer to exploit user-indicated elements
efficiently without requiring extensive evaluation.

The procedure is formalized in Algorithm 2. First, our method
summarizes (LLM𝑠 ) the history of preferred (𝐻𝑝 ) and non-preferred
prompts (𝐻𝑛) to capture the effective elements that consistently
lead to desirable outcomes (𝑆). Next, it computes a textual gradi-
ent (𝑔) between the preferred (𝑃𝑝 ) and non-preferred prompts (𝑃𝑛),
highlighting the elements to retain and the elements to modify. Fi-
nally, our method uses this gradient, together with the summarized
history, to iteratively generate (using LLM𝛿 ) a set of new prompts
that are closely aligned with the user’s preferences, ensuring both
high quality and diversity in the candidate set for the next iteration.

4.3.5 Expansion. The third operation further explores candidate
prompts based on the preferred prompts. Because prompts are
discrete natural language, we leverage LLMs to perform an evolu-
tionary algorithm (EA) to evolve the textual prompts. Prior work has
demonstrated that this approach is effective for evolving prompts [18,
21].

Such LLM-based EA works as follows. First, a subset of the cur-
rent candidate prompts is selected to serve as parents. These parents
form the foundation for generating new prompts. Next, a crossover
operation combines elements from multiple parents, such as tokens,
phrases, or structural patterns, to produce new child prompts that
inherit characteristics from more than one high-quality candidate.
Following this, a mutation step introduces additional variations,
such as replacing or reordering words, insertingmodifiers, or adjust-
ing sentence structure. This step ensures diversity in the candidate
pool and helps the algorithm escape local optima. Finally, a selection
step evaluates all generated children according to a fitness function.
Only high-quality candidates are retained for the next iteration. By
repeatedly applying this cycle of selection, crossover, and mutation,
the algorithm progressively expands the search around promising
regions, improving the chances of discovering prompts that better
align with the user’s intent.

When adopting EAs in our method, human users provide the
preferred prompts, which serve as parent prompts. It then generates
new candidates through a crossover process that combines features
from multiple parents. Each resulting child prompt is then mutated
by the LLM to introduce additional variation, controlled by the mu-
tation number and intensity. Finally, we select a subset of children
using a fitness function. The fitness function evaluates eachmutated
child prompt based on two complementary objectives: similarity
to the parent prompts and diversity among the children. Similarity
ensures that the generated prompts remain aligned with the user’s
preferred directions, while diversity encourages exploration of the
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Algorithm 1 Preference-Guided Prompt Optimization
Require: 𝑃0: initial prompt, 𝑇 : maximum iterations, 𝐺 (·): generative model, 𝑛: per-iteration generation budget
1: Initialize iteration counter: 𝑡 ← 1
2: Initialize prompt set: 𝑃 ← 𝑃0
3: Initialize history: 𝐻𝑝 ← ∅, 𝐻𝑛 ← ∅
4: Initialize exploration parameters: 𝑣 ← 0, 𝑣min ← 0, 𝑣max ← 0
5: while 𝑡 ≤ 𝑇 do
6: if 𝑡 = 1 then
7: 𝑃 ′ ← Randomize(𝑃) ⊲ Initial exploration for diversity
8: else
9: Retainment: 𝑅 ← 𝑃𝑝 ⊲ Keep user-preferred prompts
10: Alignment: 𝐴← Align

(
𝑃𝑝 , 𝑃𝑛, 𝐻𝑝 , 𝐻𝑛,

⌊
𝑛−|𝑅 |

2

⌋ )
⊲ Balance retained and non-preferred prompts

11: Update intensity: (𝑣, 𝑣min, 𝑣max) ← UpdateIntensity(𝑅,𝐴, 𝑣min, 𝑣max) ⊲ Adjust exploration strength
12: Expansion: 𝐸 ← Expand(𝑃𝑝 , 𝑛 − |𝑅 | − |𝐴|, 𝑣) ⊲ Generate variations around retained prompts
13: Candidate set: 𝑃 ′ ← 𝑅 ∪𝐴 ∪ 𝐸
14: Consistency Check: 𝑃 ′′ ← Reflect(𝑃0, 𝑃 ′) ⊲ Ensure key information from 𝑃0 is preserved
15: end if
16: Generate outcomes: 𝐶 ← 𝐺 (𝑃 ′′)
17: Collect feedback: (𝑃𝑝 , 𝑃𝑛) ← UserFeedback(𝐶) ⊲ 𝑃𝑝 : preferred, 𝑃𝑛 : non-preferred prompts
18: Update history: 𝐻𝑝 ← 𝐻𝑝 ∪ 𝑃𝑝 , 𝐻𝑛 ← 𝐻𝑛 ∪ 𝑃𝑛
19: if user is satisfied with any 𝑃𝑝 then
20: return final optimized prompt 𝑃𝑝
21: end if
22: 𝑃 ← 𝑃 ′

23: 𝑡 ← 𝑡 + 1
24: end while
25: return final optimized prompt 𝑃𝑝 and the satisfied generation outcomes

Algorithm 2 Align(·), corresponding to line 10 in Algorithm 1
Require: 𝑃𝑝 : preferred prompts from the last iteration; 𝑃𝑛 : non-

preferred prompts from the last iteration 𝐻𝑝 : history of pre-
ferred prompts; 𝐻𝑛 : history of non-preferred prompts;𝑚: num-
ber of gradient-based candidates return 𝑃 ′: aligned candidate
prompts for the next iteration

1: 𝑃 ′ ← ∅
2: 𝑆 ← LLM𝑠 (𝐻𝑝 , 𝐻𝑛) ⊲ Summarize historical prompts to extract

salient patterns
3: 𝑔← LLM∇ (𝑃𝑝 , 𝑃𝑛) ⊲ Estimate textual gradient from preferred

vs. non-preferred prompts
4: for 𝑖 ← 1 to𝑚 do
5: 𝑝′𝑖 ← LLM𝛿 (𝑆, 𝑔) ⊲ Generate a new candidate aligned with

preferred features
6: 𝑃 ′ ← 𝑃 ′ ∪ {𝑝′𝑖 }
7: end for
8: return 𝑃 ′

local search space. We compute a Pareto front over these two objec-
tives (similarity and diversity) to identify prompts that optimally
trade off alignment and variation. From this Pareto front, a fixed
number of children are selected for the next iteration, guaranteeing
that the resulting candidate set is both high-quality and diverse,
efficiently guiding the optimization process. This iterative process
allows the system to efficiently explore the local neighborhood

Algorithm 3 Expand(·), corresponding to line 12 in Algorithm 1
Require: 𝑃𝑝 : preferred prompts from the last iteration; 𝑘 : number

of children to select; 𝑣 : mutation intensity return 𝑆 : selected
candidate prompts for the next iteration

1: 𝐶 ← LLM𝑐 (𝑃𝑝 ) ⊲ Crossover: generate children from parent
prompts

2: 𝑀 ← ∅
3: for 𝑖 ← 1 to |𝐶 | do
4: 𝑚𝑖 ← LLM𝑚 (𝐶𝑖 , 𝑣) ⊲ Mutate each child with adaptive

intensity 𝑣
5: 𝑀 ← 𝑀 ∪ {𝑚𝑖 }
6: end for
7: 𝐹 ← ∅ ⊲ Evaluate fitness of mutated prompts
8: for 𝑖 ← 1 to |𝑀 | do
9: 𝑠𝑖 ← Sim(𝑚𝑖 , 𝑃𝑝 ) ⊲ Similarity to parent prompts
10: 𝑑𝑖 ← Div(𝑚𝑖 , 𝑀 \ {𝑚𝑖 }) ⊲ Diversity relative to other

children
11: 𝐹𝑖 ← (𝑠𝑖 , 𝑑𝑖 )
12: 𝐹 ← 𝐹 ∪ {𝐹𝑖 }
13: end for
14: 𝑆 ← SelectPareto(𝑀, 𝐹, 𝑘) ⊲ Select 𝑘 Pareto-optimal children

balancing similarity and diversity
15: return 𝑆

around preferred prompts while maintaining alignment with user
preferences. The procedure is formalized in Algorithm 3.
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4.3.6 Policy for Adaptive Expansion. While the three strategies of
generating new prompts ensure coverage of prompts close to the
user-preferred ones and local exploration, the system may still get
stuck in local optima. In particular, the only mechanism for explo-
ration is the mutation step in the EAs. When all parent prompts
are highly similar, a default mutation that only makes minor word
changes can fail to sufficiently explore the broader prompt space.

To address this, we incorporate a policy for adaptive control
of mutation intensity. The default mutation modifies only a few
words without changing the overall meaning or composition. How-
ever, LLMs can rewrite prompts in more substantial ways, allowing
for both subtle and extensive exploration. We introduce a muta-
tion intensity variable 𝑣 ∈ [0, 1] to control the mutation behavior:
When 𝑣 = 0, the mutation is minimal, and only small word-level
changes without altering the core meaning. On the contrary, when
𝑣 = 1, mutation is maximal, and the optimizer performs random
exploration as in the first iteration.

In our method, the mutation intensity is determined based on
the semantic similarity between the Retained prompts (preferred
prompts from the last iteration) and the Aligned prompts (non-
preferred prompts aligned to preferred ones). If the Aligned prompts
are very similar to the Retained prompts, the system increases the
mutation intensity to explore a wider area. Conversely, if the simi-
larity is low, indicating that the Aligned prompts already introduce
local variations, the mutation intensity remains low to avoid drift-
ing too far from user-preferred prompts.

To quantify semantic similarity between prompts, we employ
the CLIP model [52] to encode prompts into embeddings within a
shared representation space. We then compute cosine similarity be-
tween the embedding vectors, where higher values indicate greater
semantic similarity (i.e., a smaller angular difference between the
vectors). This similarity serves as the basis for controlling muta-
tion intensity during optimization. A naive approach would be to
directly map the absolute similarity values to mutation intensity.
However, absolute similarity scores are difficult to interpret: the
same value can correspond to very different levels of semantic re-
latedness depending on the task and context. For example, in an
image generation task, the prompts “a red apple” and “a green apple”
may yield an extremely high similarity score, despite producing
visually distinct outputs. Conversely, the prompts “a magical forest”
and “a fantasy-world woodland” may produce a lower similarity
score, even though the resulting outputs are expected to be nearly
indistinguishable. Thus, relying on absolute similarity values would
make mutation intensity overly sensitive to task context rather than
reflecting meaningful differences between prompts. To address this,
we normalize similarity scores dynamically for each task: in each
iteration, the similarity value is rescaled relative to the observed
upper and lower bounds from previous iterations. This normaliza-
tion produces values that more reliably reflect the relative diversity
of prompts, independent of the absolute scale of the task. The re-
sulting normalized similarity determines the mutation intensity for
the current iteration, after which the bounds are updated. Adaptive
expansion begins from the third iteration, once sufficient data are
available to initialize the bounds.

Algorithm 4 UpdateIntensity(·), corresponding to line 11 in Algo-
rithm 1
Require: 𝑅: retained prompts; 𝐴: aligned prompts; 𝑣min, 𝑣max: his-

torical similarity bounds
Ensure: 𝑣 : updated mutation intensity; 𝑣min, 𝑣max: updated similar-

ity bounds
1: Compute pairwise similarities: 𝑠𝑖 𝑗 ← Sim(𝑅 [𝑖], 𝐴[ 𝑗])
2: 𝑠avg ← mean(𝑠𝑖 )
3: Normalize similarity: 𝑣 ←

𝑣max − 𝑠avg
𝑣max − 𝑣min

4: Clamp 𝑣 ← min(max(𝑣, 0), 1)
5: Update bounds: 𝑣min ← min(𝑣min, 𝑠avg); 𝑣max ←

max(𝑣max, 𝑠avg)
6: return (𝑣, 𝑣min, 𝑣max)

This adaptive strategy ensures a dynamic balance between lo-
cal exploitation and broader exploration, allowing the prompt op-
timization process to escape local optima while respecting user
preferences.

4.3.7 Consistency Check. At the final stage of optimization, we
introduce a consistency check step that ensures all essential in-
formation from the initial prompt is preserved in the optimized
outputs. Although the alignment and expansion strategies refine
the prompt, they may also omit or distort crucial elements from
the initial prompt. For example, in image generation tasks, users
typically specify the objects that should appear in the initial prompt,
yet these objects may be removed or altered during optimization.
To prevent such issues, we employ a separate LLM instance to
perform a structured comparison between the original and opti-
mized prompts. This comparison extracts the essential elements
from the initial prompt (e.g., objects to include and their descrip-
tors), checks whether they are preserved, and restores any that are
missing. Through this process, the consistency check step ensures
that prompt optimization progresses toward user preferences while
aligning with the user’s original, core intent.

4.4 Synthetic Tests
We evaluated APPO through synthetic tests to assess its effective-
ness and to evaluate the contributions of our optimization strategies
and policy (see SupplementaryMaterial). In particular, we examined
variants of APPO that omit key components: expansion, alignment,
or adaptive exploration, in order to analyze the contribution of each.
To simulate generation goals, we modified initial prompts from ex-
isting datasets by adding a specific visual style. User preferences
were simulated by computing the similarity between the generation
results of candidate prompts and those of the target prompt.

Our results show that variants without expansion or without
alignment stuck at suboptimal solutions after approximately 6–8
iterations, yielding only a limited improvement (9.38% for without
expansion and 9.87% for without alignment) compared to simply
paraphrasing the initial prompt. The variant without adaptive explo-
ration achieves a larger improvement (14.66%), but fails to make fur-
ther progress after around 10 iterations. In contrast, APPO reaches
a better solution within approximately 5 iterations and continues
to improve, ultimately achieving an improvement of 19.64%. These
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findings demonstrate that APPO can effectively optimize prompts
based on sparse feedback, while highlighting the contribution of
each component.

We further compared APPO to two state-of-the-art automatic
prompt optimization methods, TextGrad [74] and Self-TICK [11],
both of which aim to align generation results with prior observa-
tions. The results show that APPO consistently outperforms both
baselines. While the baselines reach their best performance (6.45%
for TextGrad and 8.06% for Self-TICK) after approximately five it-
erations, they fail to make further improvements. These findings
suggest that APPO is more effective than existing automatic prompt
optimization methods for image generation tasks, even when rely-
ing solely on preference-based feedback.

5 User Study
Alongside the synthetic tests, we conducted a user study compar-
ing APPO with three representative alternatives: a state-of-the-
art prompt-engineering tool for image generation [65], a prompt-
optimization method that incorporates user feedback [32], and a
prompting method that helps users to specify their goals in their
prompts by asking them clarification questions [23].

5.1 Design
To investigate if our method could help users to obtain generation
outcomes that aligned with their intent with less effort, we adopted
a within-user study design including four conditions:
• PromptCharm: Participants used PromptCharm [65], a state-
of-the-art prompt engineering interface for image gener-
ation. PromptCharm suggested automated refinements to
users’ prompts, allowed users to adjust the attention given
to each word, provided image style suggestions, and sup-
ported comparison of generation results across iterations. It
also helped users understand the correspondence between
prompt words and parts of the generated image, further aid-
ing in prompt refinement. We directly employed the original
code and interface for our study 1.
• DSPy: In this condition, participants provided an initial prompt
and observed 9 candidate images generated by paraphrasing
that prompt. They could then give textual feedback along
with their preferred images. We adopted DSPy [32] to refine
the user preferred prompts based on their feedback and then
paraphrase the prompts for the next iteration.
• Clarification: Participants in this condition began by provid-
ing an initial prompt and were then presented with a series
of clarification questions designed to make their prompts
more specific. They could answer these questions to provide
additional details until they were ready to view the gen-
erated images. The clarification questions were generated
using the method proposed in [23], which has been shown
to effectively align image generation results with the user’s
intended goals. In each iteration, 9 candidate images were
generated based on the previous clarification responses. Par-
ticipants could select their preferred images, further edit the
corresponding prompts, and answer additional clarification
questions to refine the results in subsequent iterations.

1https://github.com/ma-labo/PromptCharm

• APPO : Using APPO, participants followed the workflow de-
scribed in subsection 3.2. They started with an initial prompt
and then selected the generation results aligned with their
goal from 9 candidates in each iteration. Then our method
automatically optimized the prompts and generated new can-
didates. In our study, we hided all prompts from participants,
in order to investigate the participants’ performance when
using APPO with minimal effort.

To be noted, except for the PromptCharm condition, participants
were shown 9 image candidates in each iteration, to evaluate how
our preference-guided prompt optimization performs compared
to existing methods. For the DSPy and Clarification conditions,
these candidates were generated by paraphrasing the optimized
prompt nine times in each iteration, while in APPO , the candidates
came from our three strategies. The study interface is illustrated as
in Figure 4.

In the study, we included two kinds of image generation tasks:
close- and open-ended tasks, following prior work [17, 65]. In the
close-ended tasks, participants were asked to generate an image as
similar as possible to a target image, in terms of appearing objects,
visual style, composition and so on. For the open-ended tasks, par-
ticipants were asked to have their own target in their mind, which
could be vague and uncertain, but at least including the essential
objects and a few visual details and the general vibe. Then they
were asked to generate an image to achieve their implicit goal.

To control the difficulty across trials and participants, we con-
trolled the number of appearing objects in the generation task. We
first extracted a set including 20 objects that appeared the most
from the TIFA160 dataset [27]. Then for the close-ended tasks, we
randomly sampled 3 objects from the set and asked a LLM to gener-
ate a target image prompts by adding descriptors and general visual
vibe to these objects. For the open-ended tasks, we asked partici-
pants to include at least 3 objects in their target image. They could
select from the given set or come up with the objects themselves,
while keep using different objects across trials.

In each iteration, if participants were satisfied with the current
generation results (or with one of outcomes), they clicked "sat-
isfactory" and stopped the current trial, otherwise "see more" to
enter the next iteration. To assess the optimization efficiency, we
recorded the minimum number of iterations needed to reach satis-
faction in each trial. We also collected subjective feedback using
the NASA-TLX [25] and the Creativity Support Index (CSI) [6]
questionnaire.

5.2 Procedure
Participants were first introduced to the study and asked to provide
their demographic information. Then they completed a warm-up
trial in each condition to get familiar with the interface. Once they
were ready, they started one trial by providing an initial prompt.
In each iteration, participants were asked to observe the current
generation results and decide if they were satisfied with the current
results and stop the trial. If not, participants refined the prompts by:
in PromptCharm, they edited the prompts using the tools provided;
in APPO , they selected the images that best aligned with their
goals; in DSPy, they selected preferred images and provided textual
feedback to guide prompt refinement; and in Clarification, they

https://github.com/ma-labo/PromptCharm
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initial prompts: 
A traffic light and a signpost at a 
crossroads intersection near a waterway.

iteration 1 iteration 3 iteration 5

preferred results

Figure 4: User study interface and intermediate results from APPO. Participants are presented with nine candidate images and
select one or more that best align with their generation goal. They can indicate whether they are satisfied with the current
iteration’s outcome or wish to see additional candidates. In the results shown here, iteration 3 (middle) converges toward
the “old-film” theme selected by the user in previous iterations (left), demonstrating that APPO effectively guides generative
models toward user preferences. By iteration 5 (right), APPO detects that the optimization has converged to a local optimum
and responds by exploring unknown directions to continue improving the results.

edited their preferred prompts and answered more clarification
questions. Each trial lasted at most 10 iterations to constraint the
overall user study time.

Each participant completed 8 trials (4 conditions × 2 tasks × 1
image). They always began with the close-ended task: after com-
pleting all 4 close-ended trials, they proceeded to the open-ended
tasks. We kept this order to present participants with concrete ex-
amples first, thereby providing inspiration and reference points
for their subsequent open-ended tasks. The condition order was
counterbalanced with a latin-square. After each trial, participants
were asked to fill out the NASA-TLX and the CSI questionnaire.
The study lasted approximately 60 minutes.

5.3 Apparatus & Participants
We recruited a total of 16 participants, with 10 males and 6 females,
aged 24 to 28 (𝑀 = 26.78 , 𝑆𝐷 = 1.21 ). The study was conducted on
a desktop computer connected to a server running Ubuntu 24.04
with an NVIDIA H200 GPU. We used the Stable Diffusion XL model
configured with a guidance scale of 7.5 and 50 diffusion iterations.
Each image was generated at a resolution of 1024 × 1024 pixels,
requiring less than 5 seconds for a single image and approximately

20 seconds for a batch of 9 images. Participants interacted with the
system via mouse and keyboard, with the interface presented in
full-screen mode on a 27-inch monitor with a resolution of 2560
× 1920. The underlying language model was Gemini 2.5 Flash. All
prompts are provided in the Supplementary Material.

5.4 Results
We recorded the minimum number of iterations required to obtain a
satisfactory outcome, as well as the total time spent. This is because,
in the Clarification condition, participants were allowed to ask
as many questions as they wanted and could provide substantial
information within a single generation iteration. Such flexibility
makes the iteration counts comparison across conditions unfair
and thus, we instead focus on comparing the time used to complete
the generation tasks. The total time excludes the duration of image
generation and captures only the time during which participants
actively interacted with the systems. We also collected NASA-TLX
and CSI questionnaire responses for all conditions.

We first conducted Shapiro–Wilk tests to assess the normality of
the minimum iteration counts and time used. The results indicated
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close-ended open-endedopen-endedclose-ended

Figure 5: Number of iterations and total time (in seconds) spent required to achieve satisfactory for both close- and open-ended
tasks across three conditions (means and standard deviations). (*: 𝑝 < 0.05, **: 𝑝 < 0.01, ***: 𝑝 < 0.001).

no violation of normality (𝑝 > .05). Accordingly, we applied one-
way repeated-measures ANOVA to examine the effect of Condition
on the number of satisfactory iterations and total time for both close-
and open-ended tasks. Post-hoc comparisons were performed using
paired t-tests with Bonferroni correction. For subjective measures,
we conducted Friedman tests for each NASA-TLX and CSI metric,
followed by Wilcoxon signed-rank tests with Bonferroni correction
for pairwise post-hoc analyses. Full tatistical analysis results are
reported in Appendix C.

Participants using APPO needed fewer iterations and less time to
reach satisfactory results compared to all baselines. As shown in Fig-
ure 5, participants using APPO reached satisfactory outcomes in
fewer than four iterations on average. In contrast, PromptCharm
required more than six iterations on average before participants
were satisfied. Although participants using DSPy completed a simi-
lar number of iterations, they spent substantially more time overall,
because they needed to interpret the generated results and craft
precise textual feedback. Participants in the Clarification condi-
tion similarly spent more time, as they were required to answer
multiple clarification questions before seeing each new set of can-
didates. Overall, both DSPy and Clarification required significantly
more time than APPO , even when completing a similar number of
iterations.

Participants experienced lower workload and effort with APPO ,
while achieving comparable or better performance compared to all
baselines. As shown in Figure 6, participants reported significantly
lower mental demand, physical demand, and overall effort when
using APPO than when using any of the three baselines. They also
perceived their task performance to be better thanwith PromptCharm
and Clarification (for close-ended tasks), and comparable to DSPy.
These differences arise because the baseline methods required par-
ticipants to actively provide textual feedback or refine prompts
themselves, which imposed additional mental effort, while APPO
relied on simple interactions with minimal physical and mental de-
mand. Participants also felt less frustration with APPO . In contrast,
PromptCharm required considering multiple refinement strategies
that did not always yield better results, and Clarification sometimes
asked too many clarifying questions, which participants found un-
comfortable. Overall, these findings indicate that APPO enables

participants to achieve comparable or even better performance with
significantly less workload and frustration.

Participants felt their results were more worthwhile with APPO ,
with the cost of reduced expressiveness. As shown in Figure 7, par-
ticipants rated the worth of their results significantly higher when
using APPO compared to all baseline conditions, suggesting that
they perceived APPO enabling good outcomes with less effort.
However, participants reported significantly lower expressiveness
with APPO . This is likely because, in the baseline conditions, they
could convey preferences or generation intents through textual
feedback or refining the prompts, while APPO only allowed them
selecting preferred images.

5.5 Discussion
Preference-only feedback versus richer forms of feedback. In our

study, we compared APPO with two baselines: PromptCharm, a
state-of-the-art prompt-engineering tool, and DSPy, which refines
prompts using users’ textual feedback. Participants using APPO
achieved comparable or better results with significantly less effort
and experiencing lower workload. These findings reinforce our core
motivation: although tools like PromptCharm or DSPy can help
users reach desirable outcomes, they still rely on users to reason
about prompt refinements or articulate detailed feedback. Conse-
quently, the cognitive load still remains on the human. In contrast,
APPO requires only binary preference feedback, shifting the rea-
soning process to the model and achieving similar performance in
fewer iterations.

Integrating preferences with richer forms of feedback. However,
APPO and richer forms of feedback could be compatible. It is cer-
tainly possible to expose the intermediate prompts to users and
allow them to provide richer forms of feedback beyond preferences.
When issues are obvious or easy to articulate, textual feedback
can resolve them more quickly than waiting for the algorithm to
infer them. Likewise, when the model introduces a new keyword
that inspires the user, it may be beneficial to allow users explicitly
refining the prompts. However, this comes with the same challenge
faced by traditional prompt refinement workflows: users often lack
the knowledge to judge how specific prompt elements influence
the generation process. Therefore, future research should explore
how to combine preference feedback with richer user signals in
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(a) NASA-TLX results for close-ended tasks.
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(b) NASA-TLX results for open-ended tasks.

Figure 6: NASA-TLX questionnaire results for both close- and open-ended tasks across all four conditions (means and standard
deviations). (*: 𝑝 < 0.05, **: 𝑝 < 0.01, ***: 𝑝 < 0.001).
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(a) CSI results for close-ended tasks.
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(b) CSI results for open-ended tasks.

Figure 7: CSI questionnaire results for both close- and open-ended tasks across all three conditions (means and standard
deviations). (*: 𝑝 < 0.05, **: 𝑝 < 0.01, ***: 𝑝 < 0.001).

ways that amplify both strengths while mitigating potential biases
or misguidance.

Advantages and disadvantages to present prompts to users. In our
user study, we intentionally did not show optimized prompts to
participants, even though our system keeps them readable. This is
due to we would like to investigate how much APPO can refine the
promptswithminimal user effort. In contrast, both Clarification and
PromptCharm required participants to read and evaluate prompt
variants in each iteration, which added extra workload to users. Our
study results further revealed that though participants perceived
more expressiveness in these conditions, they also reported signifi-
cantly more workload and took longer to complete the tasks. These
findings show that hiding the prompts does not hinder our method
effectively refining the prompts based on participants’ preference
signal. While in practical employment, users may still be given the
option to inspect prompts when they desired. For instance, they
could learn the vocabulary from the optimized prompts that could
support future generation tasks.

These points further highlight our motivation and contribution
in this paper: we aim to reduce user effort while improving out-
comes in interactive generation tasks. By combining efficiency,
satisfaction, and creativity support, APPO brings generative model
closer to everyday creative tasks, where users benefit from quick,
inspiring, and satisfying generation without extensive trial-and-
error.

Intermediate results using APPO. As shown in Figure 8 and Fig-
ure 9, we illustrate two example generation processes to demon-
strate how APPO refines prompts using only preference feedback.

In Figure 8, the participant’s task was to imitate the target image
on the left. Although the participant began with a very simple initial
prompt, the first iteration already preserved key elements (a bird
and cyberpunk city) while exploring diverse visual styles. For exam-
ple, the top image depicts a low-poly or robotic bird, whereas the
bottom image emphasizes neon lighting in the city. After the par-
ticipant selected two preferred images, APPO refined the prompts.
By the second iteration, the outputs aligned more closely with the
target: the skylight remains consistent across the top two images,
the bird becomes more realistic and airborne, and the background
city maintains the neon cyberpunk aesthetic. The algorithm also
explores variations that the user did not specify but are relevant to
the target, such as colorful birds and a skyline resembling the target
image, despite these details not appearing in the initial prompt. By
the third iteration, the participant selected an image they judged
sufficiently similar to the target.

Similarly, in Figure 9, the participant began with a simple prompt
describing a vehicle in a cyberpunk city. In the first iteration, the
participant selected two images featuring trucks and a third fea-
turing a car in neon lights. Notably, all three images shared the
characteristic of wet ground, which reflected vehicle shadows and
aligning with the “raining night” description. In the second iter-
ation, APPO integrated these preferences by generating images
of a truck within a cyberpunk setting, illuminated by neon lights.
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target image iteration 1 iteration 2 iteration 3

“a bird flying in a futuristic, 
cyberpunk city”

Figure 8: Intermediate results from P3 after the 1st, 2nd, and 3rd iterations using APPO on close-ended tasks.

iteration 1 iteration 2 iteration 3

“cyberpunk style, with a 
vehicle driving in a city, 

rainning night”

initial prompt

Figure 9: Intermediate results from P10 after the 1st, 2nd, and 3rd iterations using APPO on open-ended tasks.

However, these images still lacked sufficient city context. Through
mutation, APPO expanded its exploration in the third iteration,
adjusting the scene’s perspective to reveal more of the urban en-
vironment. And the participant found this final result satisfactory.
Together, these two examples illustrate how APPO learns from
users’ preference feedback and preserves elements that users favor
while maintaining diversity across candidates, effectively balancing
exploration and exploitation to converge on a desirable outcome.

"Failure" cases using APPO . Across the 32 trials completed with
APPO , only two resulted in participants failing to reach a satisfac-
tory image within 10 iterations. Both cases occurred in open-ended
tasks. By collecting participants’ feedback, examining their initial
prompts, and their intermediate results, we identified potential

causes. In the first case, the participant did not follow our instruc-
tion, which is the key objects must be clearly provided. Theywanted
the generated image to include a specific fantasy animal but could
not recall its name. They provided only a vague description (P7:
"a big creature that has a long, coiled body, sharp teeth, and scary
eyes" but he actually wants "Jörmungandr"). While other aspects
of the image matched the expectation and APPO explored several
types fantasy creatures across iterations, the exact animal the par-
ticipant’s in mind was never correctly generated. This is reasonable
as the key object was never correctly provided in the first place,
violating our assumption of the system. In the second case, the
participant (P4) included many distinct features that would like
to have in the generation outcomes. And he/she encountered a
promising image early on but also selected several alternatives



Preference-Guided Prompt Optimization for Text-to-Image Generation CHI ’26, April 13–17, 2026, Barcelona, Spain

that contained additional features they hoped could be combined
later. However, these selected candidates also included features that
were not part of the participant’s desired set and conflicted with
the wanted features. This made it difficult for APPO to determine
which parts of the prompts influenced the participant’s selections.
As a result, it failed to find the correct combination of features
within the limited interaction budget. These examples highlight po-
tential limitations of APPO. First, it could struggle when users have
highly specific intents that they cannot describe precisely. Second,
including too many features makes it hard for APPO to identify
the correct combination within the limited interaction budget. In
such cases, allowing the users to review the current prompts and
further edit can effectively address the challenge. APPO can easily
be extended to offer this feature, as our prompt search remains
comprehensible and directly editable by human users.

We also present example generation results from the user study
using APPO in Figure 10 and Figure 11.

6 Discussion
APPO enables users to guide the generation process with their
preferences by automatically optimizing prompts based on prior
feedback. Essentially, APPO adopts three strategies: retainment,
alignment, and expansion, which together enable the optimization
explores users’ potentially satisfactory regions in the broad prompt
space by learning from their sparse but high-quality feedback. To
escape local optima suggested by preference signals, APPO employs
an adaptive mechanism that balances the three strategies. This
ensures both effective exploitation and active exploration across
iterations, ultimately achieving better results in fewer steps. In
doing so, APPO not only addresses the challenge that users often
lack the right vocabulary to refine prompts, but also adapts to
their evolving goals by continuously learning from feedback while
maintaining active exploration.

Extending Preference-Guided Optimization to Other Generation
Tasks. While this paper focuses on image generation, the core prin-
ciples of our preference-guided prompt optimization are poten-
tially applicable to other generative domains, including text gen-
eration [4, 53], code synthesis [19, 31], and music generation [28].
Conceptually, the interactions will remain the same for other appli-
cations: generate candidate outputs from an initial prompt, collect
preference feedback, and iteratively refine the prompt using our
strategies and adaptive policy. Extending to these domains may
require task-specific adjustments, such as designing appropriate
candidate representations or feedback interfaces. Moreover, some
generation outcomes (such as videos) may involve richer or more
complex information which can be difficult to fully articulate in a
single prompt. This introduces additional challenges that are not
present in image generation tasks, as discussed below.

Extending Preference-Guided Optimization to Complex Generation
Tasks. In this paper, we evaluated our method on tasks where users
could provide an initial prompt containing the key information
necessary for generation. Our results show that preference-guided
optimization can effectively identify relevant descriptors and modi-
fiers, but recovering missing key elements (e.g., the primary object
in an image) remains challenging due to the vast search space

and the sparsity of preference signals. This limitation raises con-
cerns for more complex tasks. First, the assumption that users can
specify all essential elements upfront may not hold. For example,
designing a webpage with numerous components and intricate
layouts is difficult to capture in a single prompt, and designers
typically refine iteratively while observing intermediate results.
Second, the assumption that the optimizer can reliably infer the
correct modifiers or descriptors becomes less feasible as the space of
possible descriptors grows, such as when generating entire 3D en-
vironments—potentially requiring many more iterations or making
optimization impractical. Furthermore, when users provide addi-
tional information mid-process, prior optimization experience may
no longer apply, forcing the system to restart and increasing frustra-
tion and cognitive load. More broadly, extending preference-guided
optimization to support tasks that require iterative user input and
evolving goals remains an open challenge and a critical direction
for future work.

Toward multi-modal prompt input. Textual prompts remain the
most common and primaryway for users to interact with generative
models, so we focus on optimizing textual prompts to support a
wide range of tasks that rely solely on text. However, modern
generative models increasingly support multi-modal inputs. For
instance, recent models such as DALL·E 3 accept both text and
images to better steer the generation process. Our workflow can
naturally extend to these scenarios: the fundamental principle of
APPO lies in contrasting preferred and non-preferred outcomes and
generating new variations. Modernmodels (e.g., VLMs) have similar
ability for such analysis across modalities. Nevertheless, multi-
modal prompts introduce new challenges, such as determining
how to balance and combine signals of modalities, how to preserve
essential elements when modalities carry overlapping or conflicting
information, and how to design interfaces that let users express
preferences efficiently across different types of media.

Leveraging Shared Preferences for Efficient Optimization. While
preferences in generative tasks are highly individual and context-
dependent, they often exhibit recurring patterns across users and
tasks.We can potentially leverage the accumulated optimized prompts
and their corresponding outputs to improve the efficiency and qual-
ity of future generations. This idea aligns with the concept of meta-
learning, or “learning to learn” in machine learning [35, 37–39].
Although optimized prompts inevitably diverge across tasks and
users, reusing them as a population source for initialization can ac-
celerate optimization. For example, when a user specifies a keyword
or descriptor (e.g., comic-like), the system could query a repository
of previously optimized prompts containing similar descriptors and
integrate them into the expansion strategy. Similarly, user-specific
tendencies can be captured: a designer who consistently favors a
particular color theme will have optimized prompts that encode
effective text–modifier combinations for obtaining that theme. By
reusing and recombining such prompts, the optimizer can reduce
redundant exploration and converge more quickly to satisfactory
outcomes. Future work should investigate maintaining a bank of
optimized prompts together with a query mechanism to identify
relevant prior prompts for reuse. Such mechanisms would allow
optimization to start from a stronger baseline, improving both effi-
ciency and personalization, while also raising new questions about
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target image satisfactory results target image satisfactory results

target image satisfactory results target image satisfactory results

Epic steampunk crimson dragon, 
meticulously detailed metallic 

scales, perched on a grand castle 
ruin, dramatically back-lit by an 
impressionistic molten sunset, 
colors bleeding into a foggy, 

industrial-tinged sky

Ethereal bio-luminescent space 
tree embracing crumbling gothic 
castle under a nebula-swirl sky, 

dramatic alien shadows, oil painting, 
intricate brushstrokes, Renaissance 

aesthetic

A retro-anime cityscape with 
shimmering holographic signs, 

low-poly forest elements, a glowing 
emerald mountain, and a prominent 

geometric tower under a dark, 
slightly purple neon sky

P10: a tree is growing from a castle, 
under a sky with colorful nebula

P15: A red dragon stands on a 
castle, with its wings open, sunset

P2: a cyberpunk city, with neon 
lights, a tower in the center of the 
city, with mountains in the back

Moonlit, impressionistic watercolor: 
a shimmering, snow-dappled forest 
cradles a crystalline river, its surface 

blurring ancient pines under a 
delicate, atmospheric glow

P5: winter forest with a small river 
running through the trees, with the 

sun reflected in the water.

Figure 10: Example of generation results in close-ended tasks by participants using APPO.

how to balance prior knowledge with the flexibility to adapt to
novel user goals.

Preference Shifts and Re-Optimization. Users’ preferences can
evolve even within a single generation task, particularly as they
explore different outputs as they might have a more clear goal when
seeing various outcomes. These shifts imply that earlier feedback
may no longer reflect the user’s current intent, which can reduce
optimization effectiveness if all past feedback is treated equally.
To address this, future prompt optimization methods could incor-
porate strategies that dynamically adjust the influence of prior
observations. For example, the prompt optimizer could prioritize
more recent feedback or apply techniques such as sliding windows,
exponential decay, or other adaptive forgetting mechanisms. These
strategies allow the system to remain aligned with the user’s evolv-
ing preferences while still benefiting from earlier iterations. Inte-
grating such mechanisms into our prompt optimization framework
would make it more responsive and robust, enabling generative
models to adapt in real time as users refine their goals or explore

new directions. This could make our method balances efficiency
with flexibility, ensuring that optimization remains effective even
in dynamic or exploratory tasks.

Other Approach for Preference-Guided Prompt Optimization. In
this paper, we propose APPO, which iteratively refines prompts
based on users’ preference feedback to align themwith their genera-
tion intentions. Prior work has explored incorporating human feed-
back into prompt optimization in a different direction: training a sep-
arate model for prompt selection. Specifically, APOHF [40] trained
a neural network on simulated pairwise comparisons to predict the
goodness of prompts and then selected candidates from a predefined
database. A fundamental constrain is the fixed prompt database:
it cannot synthesize new prompts beyond the database, making it
difficult to adapt to novel or highly personalized goals. This limi-
tation reduces its applicability in real-world scenarios, where user
intentions are inherently open-ended and often not represented in
a predefined set. Future work should overcome this limitation by
developing a generative prompt optimizer that learns directly from
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Concept art illustration: Stylized 
retro-futuristic train, soft matte 

pastels, blooming floral interior with 
Zaha Hadid curvilinear patterns, 

expansive glass facade showcasing 
a dreamlike cherry blossom Paris, 

exterior shot.

A joyful, mischievous infant dragon, 
stylized yet textural, playing in a 

field among bioluminescent 
wildflowers and glowing, 

semi-realistic dragonflies, digital 
photo art with slightly desaturated 

colors.

Baroque oil painting, two pirate 
ships in a tempestuous mist, 

dramatic chiaroscuro from fiery 
cannon bursts, tenebrist lighting, 
intense high contrast, black sky, 
dynamic composition, unusual 

perspective.

Chaotic Impasto Landscape: Fluid 
stone path winding through 

explosive foxgloves, translucent 
cottage, atmospheric mountains. 

Heavy impasto, visible knife palette 
strokes, muted pastel layers, soft 

textural bleed.

P6 P8 P11 P12

Figure 11: Example of generation results in open-ended tasks by participants using APPO.

preference signals. Rather than being restricted to existing prompts,
such a model could generate open-ended, preference-aligned candi-
dates. This would combine the scalability of large-scale preference
learning with the adaptability needed to handle diverse and evolv-
ing user goals in practice.

7 Conclusion
We present APPO, a human-centered prompt optimization method
that allows users to guide image generation process using simple
selection-based preference feedback. APPO iteratively optimizes
the prompts based on the the preference feedback, which lead to
improvement in the generation outputs, gradually converging to-
ward the user’s implicit goals. To address the fundamental trade-off
between exploration and exploitation in the vast prompt space, we
introduce three complementary strategies: retainment, alignment,
and expansion. These strategies, together with an adaptive explo-
ration policy, support APPO avoid local optima and converge effi-
ciently toward high-quality prompts. We evaluated APPO through
ablation and user studies on both target-matching and open-ended
image generation tasks. Results show that it reduces the number
of iterations and cognitive effort compared to manual editing or
existing optimization methods, while maintaining high user satis-
faction and control over the outputs. These findings demonstrate
that our preference-guided optimization method can effectively re-
fine prompts via the simplest form of interaction, binary selections,
bridging the gap between human intent and automatic prompt ad-
justment. We envision this work as a step toward a new form of
human–AI collaboration, where AI not only translates human ideas
into outputs but, from the smallest yet meaningful preferential sig-
nals, actively aligns with human goals and discovers the language
to guide the generation.
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A Synthetic Tests
We present APPO, a framework that enables effective prompt op-
timization for image generation tasks purely from binary human
preferences. While our user study shows promising results, sev-
eral open-ended questions remain that cannot be fully addressed
without a controlled experiment. In practical image generation sce-
narios, there are different strategies for providing initial prompts
and the users may have different levels of target granularity in
mind. Yet, these cannot be systematically examined in a user study,
since human prompting strategies and their implicit goals are in-
herently noisy and difficult to control. Moreover, APPO integrates
multiple strategies and an adaptive policy, but the level of support
of each cannot be tested individually within the constraints of a
user study. To more thoroughly evaluate APPO ’s ability to infer
users’ generation intents and optimize prompts, we further com-
pare it against existing automatic prompt optimization methods
that do not incorporate human feedback. To do so, we conduct syn-
thetic tests on image generation using simulated users who provide
well-controlled initial prompts and reliable preference feedback.
Specifically, these are our goals for the synthetic tests:

(1) Validate the effectiveness of APPO under different sce-
narios:We assess whether APPO can offer consistent perfor-
mance with different initial prompts and for different granu-
larity levels of the targets.

(2) Compare performance without individual strategies:
We evaluate variants of APPO with alignment or expansion
removed to understand the resulting performance differ-
ences.

(3) Evaluate the adaptive expansion policy:We compare the
adaptive expansion policy against a non-adaptive baseline
to show its impact on convergence speed and final output
quality.

(4) Compare APPO with existing automatic prompt opti-
mization methods:We compare APPO against two state-
of-the-art approaches that aim to align generation results
with user intent or preferences. One method relies on self-
reasoning over previous observations to refine prompts [74],
while the other generates checklist questions based on prior
preference feedback to guide subsequent prompt refinement [11,
61].

A.1 Design
We first sample prompts from established, widely used datasets [27]
to obtain a set of unique base prompts. Each base prompt is then
expanded with additional details to construct a synthetic target
prompt; this step also generates different granularity levels of tar-
get prompts. The target prompt represents the ultimate, implicit
goal of the synthetic user, but it is not directly provided as the initial
prompt. This setup simulates the ambiguous and hard-to-articulate
nature of realistic textual instructions. Instead, we extract the key
information (i.e., the obvious, explicit, and easy-to-formulate ele-
ments) from the target prompt to form the initial prompt; this step
further leads to different initial prompting strategies. This mimics
how humans can clearly articulate some parts of their intent but
not the full specification.

These initial prompts are then given to different variants of
APPO (we will refer to them as variants in the following content)
and two state-of-the-art prompt optimization methods to start it-
erative refinement driven by preferences. At each iteration, the
synthetic user selects 𝑁 outputs that are most similar to the target
prompt, simulating preferential feedback; that is, users choosing
options that align with their implicit goals. To determine the simi-
larity between each generation output and the target prompt, we
employ the CLIP model [52] to encode outputs (not the candidate
prompts) and target prompt into vector embeddings. CLIP is a suit-
able model particularly because of its capability to map both texts
(e.g., target prompt) and images (e.g., generated images) into the
same embedding space, enabling computing the alignment across
modalities. We then use the cosine value between their embeddings
to indicate their similarity. Since different variants lead to differ-
ent candidates, the iterative process diverges across methods. We
track the similarity between the selected outputs and the target
prompt at each iteration, where higher similarity indicates better
performance.

Below, we expand details of the overall synthetic experiment
design.

Scenarios (initial prompt strategies and granularity levels of the
target): As mentioned, we aim to simulate different scenarios of
preference-guided generative processes. Two key factors determine
these scenarios: (1) The strategy for creating the initial prompt:
different users may provide varying levels of detail at the starting
point. (2) The granularity of the target: different users or contexts
may require goals with differing levels of specificity.

For every task, a pair of initial and target prompts are derived
from the same base prompt sampled from existing datasets. The
base prompt is varied into two types of initial prompts: A com-
plete initial prompt, which uses the base prompt directly, and
a keyword-based initial prompt, which is a simplified version
obtained by removing descriptors and extracting key terms us-
ing Rapid Automatic Keyword Extraction (RAKE) [55]. In parallel,
the base prompt is transformed into two types of target prompts:
A low-granularity target, which specifies only an overall style
or “vibe” without detailed attributes. A high-granularity target,
which specifies modifiers for individual objects and fine-grained
visual features. We performed the transformations with a language
model, using the prompt provided in subsection B.5.

We systematically combine these variations to create four sce-
narios:

(1) Complete initial prompt + low-granularity target prompt,
(2) Complete initial prompt + high-granularity target prompt,
(3) Keyword-based input prompt + low-granularity target prompt,
(4) Keyword-based input prompt + high-granularity target prompt.

Synthetic users: An important role in the synthetic tests is the
synthetic users, whose actions include (1) providing the initial
prompts, (2) iteratively comparing the similarity levels between
each generated output and the target prompt, and (3) selecting top
𝑁 similar outputs. We have provided how the initial prompts are
generated and how the similarity levels are computed. In every
iteration, the value of 𝑁 ∈ [1, 4] is randomly sampled from uniform
distribution.
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Shared apparatus. All experiments were conducted on Ubuntu
24.04 using a single NVIDIA H200 GPU. We used Gemini 2.5 Flash
to generate candidate prompts and Stable Diffusion XL 2 model,
configured with a guidance scale of 7.5 and 50 diffusion iterations,
to generate images. We define a task as a selection of a pair of
initial prompt and a target prompt; each task runs for 15 optimiza-
tion iterations, allowing us to observe how variants behave over
iterations.

A.2 Variants of APPO and Baselines
To investigate the contribution of individual strategies and com-
ponents in APPO, we compare it against a set of controlled vari-
ants and two state-of-the-art automatic prompt optimization meth-
ods. As introduced earlier, APPO is driven by three strategies
(retainment, alignment, and expansion), and it relies on an adaptive
policy to control exploration intensity. By selectively removing or
simplifying these components, we can individually investigate their
respective contribution.

APPO. The complete APPO integrates retainment, alignment,
and expansion, with adaptive control over exploration intensity.
This enables the optimizer to dynamically adjust its search strategy
based on progress.

No-Alignment. This variant removes the alignment strategywhile
retaining retainment and expansion. Preferred prompts aremutated
to generate new candidates, simulating a purely evolutionary pro-
cess without explicit guidance.

No-Expansion. This variant removes the expansion strategywhile
retaining retainment and alignment. It summarizes the textual gra-
dient to refine prompts but lacks the ability to introduce random
prompt mutations.

No-Adaptation. This variant removes the adaptive expansion
policy, eliminating deliberate control over exploration and exploita-
tion behaviors.

Paraphrase. A minimal baseline in which the prompt is para-
phrased into a different full sentence at each iteration, without
optimization or incorporating preference feedback. This reflects
the strategy of producing only complete sentences without guided
optimizations.

We further include two baselines to better demonstrate the ef-
fectiveness of APPO.

TextGrad. TextGrad [74] has been shown to effectively align
prompts toward outputs that are preferred or receive higher scores.
It estimates a textual gradient from the evaluation results and then
use the gradient to refine the prompt. In our setting, it provides
a natural baseline: the method first diversifies the initial prompt
into multiple candidate prompts, then infers the user’s generation
intent by comparing preferred and non-preferred outputs. Based
on these comparisons, it used the relative preferences to refine the
prompts in subsequent iterations.

Self-TICK. Self-TICK [11] is a state-of-the-art method for align-
ing LLM outputs with user instructions by generating checklist
2https://huggingface.co/stabilityai/stable-diffusion-xl-base-1.0

questions and applying them as constraints for generation. For
our prompt optimization setting, we adapt Self-TICK by deriving
checklist questions from the comparison between preferred and
non-preferred results. These checklist items are then used to refine
the prompt in subsequent iterations, guiding it toward the intent
revealed by previous observations.

A.3 Comparing Variants of APPO
We randomly sample 20 prompts from the TIFA160 dataset [27] to
be the base prompts. This dataset provides diverse, natural prompts
that reflect realistic user intent, making it well-suited for iterative
prompt refinement. As detailed in subsection A.1, we include four
scenarios in this task, leading to two types of initial prompts and
two granularity levels of targets. In the Expansion strategy of the
method variants, we generate five child prompts from each pair of
population prompts, and each child prompt is mutated twice.

A.3.1 Results. Figure 12 shows the simulation results using vari-
ants of APPO.

Goal 1: Validating the effectiveness of APPO under different scenar-
ios. Across all scenarios, APPO demonstrates clear improvements
over iterations. While No-Alignment and No-Expansion also im-
proves the results throughout iterations, APPO still consistently
outperforms the other variants. This demonstrates the overall ef-
fectiveness of APPO in improving generation performance. This
highlights its generalizability across different initial prompting
strategies and target granularity levels.

Goal 2: Comparing the performance without individual strategies.
We compare No-Adaptationwith No-Alignment andNo-Expansion
to evaluate the role of each strategy. Both No-Alignment andNo-Ex-
-pansion show initial gains in similarity during the first 5 iterations
but quickly plateau, indicating stuck in local optima. This demon-
strates that relying on a single strategy is insufficient for efficiently
discovering high-quality prompts. In contrast, No-Adaptation con-
tinues to improve until around iteration 10–12, suggesting that the
combination of alignment and expansion supports more effective
prompt optimization. Further analysis shows that No-Alignment
exhibits consistently higher variability, with larger standard devi-
ations, reflecting active exploration—but it remains unstable and
fails to reach a global optimum.

Goal 3: Evaluating the adaptive expansion policy. To evaluate the
adaptation policy, we compare APPO with No-Adaptation. While
both perform similarly in the early iterations, APPO begins to out-
perform No-Adaptation after about 6–8 iterations. This advantage
arises because the similarity estimates become more stable after
several iterations, enabling the adaptive policy to adjust expansion
intensity more effectively. As a result, APPO converges to higher-
quality final solutions, demonstrating the value of the adaptive
expansion policy.

A.4 Comparing APPO to Baselines
We used the same prompts as in the previous tests and included four
scenarios, resulting in two types of initial prompts and two levels
of target granularity. In the Self-TICK condition, we generated five
checklist questions in each iteration and refined the prompt for up

https://huggingface.co/stabilityai/stable-diffusion-xl-base-1.0
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preferred results

keyword + coarse keyword + detail

complete + coarse complete + detail

Figure 12: Ablation study results using variants of APPO. We also directly use the target prompt in each scenario to generate
results and compute the similarity between the target prompt and its own generated output, serving as the upper bound for the
optimization, noted as “Direct Target.” As shown in the figure, when the target prompt is low-granularity, APPO refines the
prompt to achieve results comparable to this upper bound. When the target prompt is high-granularity, however, APPO yields
slightly lower similarity scores because the target prompt includes multiple descriptors that are missing in the initial prompt
and they are difficult to fully recover through the optimization process. These results demonstrate that APPO effectively
discovers prompts that produce images aligned with the target under diverse input–target settings.

to three refinement rounds or until the prompt satisfied all checklist
items.

A.4.1 Results. Figure 13 shows the simulation results using APPO
and other two prompt optimization methods.

Goal 4: Comparing APPOwith existing automatic prompt optimiza-
tion methods. We compare APPO against TextGrad and Self-TICK.
While all methods perform similarly in the first few iterations (ap-
proximately 3–4 iterations), APPO continues tomake improvements
afterward, while both baselines quickly converge and fail to fur-
ther refine the results. As a result, APPO ultimately achieves better

final outcomes than both baselines. These results demonstrate that
APPO achieves better exploration and exploitation with various
strategies and adaptive policy, leading to more effective outcomes.

A.5 Summary
The synthetic tests complement our user study by isolating fac-
tors that are difficult to control with real users and by enabling a
direct comparison between APPO and state-of-the-art automatic
prompt optimization methods. Together, the results address our
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keyword + coarse keyword + detail

complete + coarse complete + detail

Figure 13: Ablation study results comparing APPO with TextGrad and Self-TICK. We also include a “Direct Target” condition
to indicate the upper bound of achievable performance. As shown in the figure, across all four scenarios, APPO consistently
outperforms both TextGrad and Self-TICK. APPO achieves better results in the early iterations and converges to better final
outcomes. These results demonstrate that APPO outperforms existing automatic prompt optimization methods purely based
on preference feedback for image generation tasks.

research goals. First, APPO consistently improves output quality
across different initial prompt strategies and target granularity lev-
els, demonstrating robustness and generalizability. Second, the abla-
tion studies reveal that the combination of alignment and expansion
is essential for efficiently identifying high-quality prompts. Third,
the adaptive expansion policy proves critical for later iterations,
enabling APPO to converge to superior final solutions compared to
non-adaptive baselines. Finally, APPO outperforms existing prompt
optimization methods across all settings, further demonstrating the
effectiveness of our strategies and adaptive policy in optimizing
prompts solely based on preference feedback. In summary, these
findings validate the design of APPO, the effectiveness of individual
strategies, and the overall robustness.

B Meta-Prompts used in APPO
We present the meta-prompts used in APPO for optimizing prompts
in an image-generation task. These meta-prompts can be easily
adapted to other generation tasks by simply rephrasing the task
description.

B.1 Random Exploration
In the first iteration, because no historical information about the
user’s preferences is available, APPO generates prompts to explore
diverse directions using the following meta-prompt:
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1 Write {variant_num} variants based on this prompt
2 {initial_prompt}
3
4 Each variant should:
5 - Remain the objects and their composition in the old prompt
6 - Explore different style directions , as much different as possible.
7 - Be concise (under 60 words)
8 - Include visually rich and specific details
9 - Be diverse in composition and wording
10
11 Output only the {variant_num} new prompts. Each on its own line. No

explanation.

B.2 Alignment
In the Alignment strategy, APPO first summarizes the prompts that
users encountered in previous iterations:

1 You are an assistant that extracts ** stylistic and aesthetic trends ** from
prompt examples.

2
3 Below are previously preferred prompts:
4 {preferred_history}
5
6 Below are previously unpreferred prompts:
7 {unpreferred_history}
8
9 Your task:
10
11 1. Identify the ** distinct visual styles or aesthetics ** (e.g., cyberpunk ,

golden hour , anime , photorealism , minimalism , surrealism , vintage , etc.)
that appear in the preferred prompts. Be specific and name the styles.

12 2. Identify which ** specific styles or characteristics ** appear frequently
in the unpreferred prompts.

13 3. Clearly conclude which styles are ** consistently preferred ** and which
are **not preferred**, based on these examples.

14 4. Summarize this as:
15 - A short paragraph describing **which styles are most favored**, with

examples of good visual traits (e.g., dramatic lighting , deep contrast ,
cinematic framing).

16 - A short paragraph describing **which styles or traits are less favored or
problematic **, with examples (e.g., flat lighting , generic scenery ,
overused tropes).

17 5. Use clear , **style -labeled language ** and avoid repeating full prompt
texts.

18
19 Format:
20 Preferred style summary:
21 ...
22
23 Unpreferred style summary:
24 ...
25
26 Style preference conclusion:
27 ...

Then, APPO integrates the history summary with the user’s se-
lected prompts from the current iteration and generates the textual
gradient as follows:

1 You are assisting in refining image generation prompts based on user
preferences.

2
3 Users have shown a clear preference for the following prompts:
4 {preferred_prompts}
5
6 In contrast , the following prompts were not preferred:
7 {non_preferred_prompts}
8
9 Summary of preferences from earlier iterations:
10 {summary}
11
12 Please analyze the visual differences between the preferred and unpreferred

image prompts , focusing especially on the ** stylistic features and
fine -grained visual aesthetics ** that each prompt produces.

13
14 Identify what ** specific styles ** (e.g., cinematic , minimalist , painterly ,

photorealistic , surreal , vintage , anime , etc.) or ** visual
characteristics ** (e.g., lighting , texture , composition , color grading ,
camera angle , subject positioning , background complexity) are preferred.

15
16 Compare these features against those in the unpreferred prompts , and

describe what **key visual elements or stylistic patterns ** are lacking or
less desirable.

17
18 Provide a clear , **style -focused ** piece of feedback that reveals how

future prompts can better align with the preferred visual outcomes.
19
20 Respond only with the feedback , as it will be used as a global gradient

signal to enhance prompt quality.

With the textual gradient, APPO aligns the non-preferred prompts
using the following meta-prompts:

1 You are an expert prompt engineer for text -to-image generation. Your task
is to rewrite and improve the original prompt to create more preferred
image outputs.

2
3 The following prompts were not preferred by users:
4 {non_preferred_prompts}
5
6 Summarized feedback on why these prompts may be suboptimal:
7 {gradients}
8
9 Using this feedback , generate {num_variants - len(preferred_prompts)}

improved prompt variants that:
10 - Retain all key objects and their arrangement from the original prompt:

{initial_prompt}
11 - Draw inspiration from the original unpreferred prompts
12 - Address the common issues highlighted in the feedback
13 - Are concise (under 60 words)
14 - Include vivid , specific , and visually rich details
15 - Use feedback constructively , but do not overfit , allow creative detours
16
17 Output exactly {num_variants - len(preferred_prompts)} revised prompts ,

each on its own line , with no explanation.

B.3 Expansion
In the Expansion strategy, APPO applies an evolutionary algo-
rithm (EA) to evolve the prompts. It first uses the user’s preferred
prompts from the current iteration as the population for performing
crossover with the following prompts:

1 You are an AI assistant simulating crossover for evolutionary prompt
optimization in a text -to-image generation task.

2
3 Each parent prompt describes the **same object or scene**, but in a

** different visual style** (e.g., art medium , color palette , mood ,
lighting , texture , rendering technique , etc.).

4
5 The goal is to generate **three child prompts ** that:
6 1. ** Preserve the object or scene** described in both parent prompts
7 2. **Blend , recombine , or hybridize the stylistic elements ** of the parents
8 3. Explore ** diverse combinations ** of style modifiers (without assuming a

fixed target style)
9 4. Avoid exact repetition of full parent prompts
10 5. Can serve as exploratory candidates for downstream evaluation (e.g.,

human preference , image similarity , aesthetic score)
11 6. Each child prompt is under 60 words.
12
13 Be creative and descriptive. Focus on ** visual and stylistic traits ** such

as mood , lighting , rendering , detail level , color scheme , texture , medium ,
or technique. You may keep or alter the style names (e.g., "steampunk",
"cyberpunk", "oil painting", etc.), or omit them entirely in favor of
descriptive traits.

14
15 ---
16
17 Example Input:
18
19 Parent A: "a futuristic city skyline at dusk , rendered in low -poly 3D style

with pastel colors"
20 Parent B: "a futuristic city skyline at dusk , digital painting with

painterly brushstrokes and glowing lights"
21
22 Output:
23 Child 1: "a futuristic city skyline at dusk , a fusion of low -poly geometry

and painterly textures , glowing softly in pastel tones"
24 Child 2: "a futuristic city skyline at dusk , rendered in semi -abstract

style with blocky shapes and expressive lighting"
25 Child 3: "a futuristic city skyline at dusk , with glowing brushstrokes ,

soft gradients , and minimalist polygonal forms"
26
27 ---
28
29 Now , process the following two parents and output 1 new , diverse child

prompts:
30 Prompt 1: {prompt1}
31 Prompt 2: {prompt2}
32
33 Only return the child prompt.

Then, we perform mutations on each child prompt:

1 You are an AI assistant simulating ** mutation ** in an evolutionary
algorithm for optimizing text -to-image prompts.

2
3 ---
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4
5 ## Task
6 Given **one input prompt ** describing a specific object or scene , generate

**{ child_prompt_num} mutated versions ** by changing its ** stylistic
elements ** while keeping the **core subject ** exactly the same.

7
8 ---
9
10 ## Mutation Rules
11
12 ### 1. Preserve the Subject
13 - The main object or scene described in the original prompt must remain

unchanged.
14 - Do **not** add , remove , or replace the main subject or setting.
15
16 ### 2. Modify Style -Related Elements
17 Make changes only to style -oriented descriptors , such as:
18 - **Color palette ** (e.g., warm earthy tones -> neon pastels)
19 - ** Lighting ** (e.g., soft morning light -> dramatic chiaroscuro)
20 - ** Rendering technique ** (e.g., watercolor -> photorealism)
21 - ** Medium ** (e.g., pencil sketch -> digital painting)
22 - **Mood/atmosphere ** (e.g., serene -> chaotic)
23 - ** Texture ** (e.g., smooth glassy -> rough , grainy)
24 - **Level of abstraction ** (e.g., hyperrealistic -> minimalistic)
25 - **Other visual descriptors ** relevant to style
26
27 ### 3. Control the Degree of Change with `intensity `
28 The `intensity ` parameter determines **how far** the mutation deviates from

the original style:
29 - ** intensity = 0** -> Minimal stylistic change
30 - Alter **only one** style element slightly.
31 - Keep most wording and details identical.
32 - Small , subtle variations.
33
34 - ** intensity = 1** -> Maximum stylistic change (** totally random

variation **)
35 - Change **as many style elements as possible ** while keeping the subject

recognizable.
36 - Explore ** completely different artistic styles , lighting , moods , mediums ,

and composition choices **.
37 - Use ** different vocabulary , sentence structure , and tone** for each

output.
38 - Every mutated prompt should feel ** radically different ** in style from

both the original and from each other.
39
40 ---
41
42 ## Examples
43
44 ** Example Input Prompt :**
45 "A medieval castle on a hill at sunrise , painted in watercolor with soft

pastel colors ."
46
47 ** intensity = 0** (minimal change examples):
48 1. "A medieval castle on a hill at sunrise , painted in watercolor with

slightly warmer golden tones."
49 2. "A medieval castle on a hill at sunrise , painted in watercolor with a

cooler , misty color palette ."
50
51 ** intensity = 1** (totally random style examples):
52 1. "In a futuristic neon cityscape , a towering medieval castle rises above

the skyline , glowing in electric blues and magentas , rendered in glitch -art
style."

53 2. "A dreamlike medieval castle perched high on a hill , sculpted entirely
from molten glass , catching the light in fractal rainbows , in
ultra -detailed 8K realism ."

54 3. "An abstract cubist interpretation of a medieval castle on a hill ,
broken into geometric shards of crimson , gold , and midnight blue."

55 4. "A whimsical claymation scene of a medieval castle , its turrets swaying
slightly under a pink cotton -candy sky."

56 5. "A dark , cinematic shot of a medieval castle during a raging storm , lit
only by flashes of lightning , rendered in gritty black -and -white film
grain."

57
58 ---
59
60 ## Output Format
61 - Generate exactly **{ child_prompt_num }** mutated prompts.
62 - Each prompt should be on its own line.
63 - Do **not** include numbering , bullets , or explanations.
64 - Under 60 words.
65
66 ---
67
68 Current mutation intensity: {mutate_intensity}
69
70 **Input Prompt to Mutate :**
71 {prompt}

B.4 Consistency Check
At the final stage, APPO checks the optimized prompts to ensure
that all essential information from the initial prompt is preserved,
and restores any missing information.

1 You are a helpful assistant for prompt evaluation and refinement.
2
3 Your task is to:
4 1. Reflect on whether the following revised prompt retains all important

objects , relationships , and visual elements from the initial prompt.
5 2. If anything important is missing , revise the prompt to add those missing

elements while preserving clarity , conciseness (under 60 words), and visual
richness.

6 3. If nothing is missing , return the original revised prompt as-is.
7 4. Keep the revised prompt under 60 words.
8
9 Initial prompt:
10 "{ initial_prompt }"
11
12 Revised prompt:
13 "{ prompt }"
14
15 Only respond with the final prompt (either unchanged or improved to restore

missing content)

B.5 Generating Target Prompt for Synthetic
Tests

We use the following prompt to generate the low-granularity target
prompts in our synthetic tests.

1 Extend the following prompt by appending a short artistic or stylistic vibe
(e.g., "surreal", "dreamlike", "sci -fi", "vintage ") that complements the
visual tone and theme of the original prompt.

2
3 - Use only 1 to 3 words.
4 - The added phrase should enhance or harmonize with the mood and imagery

already present.
5 - Avoid disrupting the original meaning or introducing new objects.
6
7 Prompt:
8 {initial_prompt}
9 Only return the full modified prompt with the added style at the end.

We use the following prompt to generate the high-granularity
target prompts.

1 Enhance the following prompt by adding descriptive details to each object.
2
3 Prompt:
4 {initial_prompt}
5 Ensure all original objects remain in the revised prompt. The enhanced

prompt must be a single line and under 60 words.
6
7 Return only the modified prompt.

We use the following prompt to generate the target prompt for
creative writing.

1 Rewrite the following writing prompt to make it more engaging by adding a
specific story style (such as sci -fi, fantasy , mystery , horror , or any
creative genre) chosen by you.

2 Keep it short , clear , and suitable as a story prompt:
3 {prompt}
4 The new prompt should have a similar length to the original one.
5 Only return the new prompt. No explanation. No reasoning.

C Full statistical analysis results
We here present the full statistical analysis results of our user study.
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Table 1: Statistical results for all metrics. Abbreviations: (a: APPO , c: Clarification, d: DSPy, p: PromptCharm). (*: 𝑝 < 0.05, **:
𝑝 < 0.01, ***: 𝑝 < 0.001).

Metrics Close-ended Open-ended
Iteration 𝐹2,30 =18.33, 𝑝 < 0.001*** 𝐹2,30 =14.05, 𝑝 < 0.001***
Total time 𝐹3,45 =101.98, 𝑝 < 0.001*** 𝐹3,45 =114.72, 𝑝 < 0.001***

Mental Demand 𝜒2 (3) = 22.85, 𝑝 < 0.001*** 𝜒2 (3) = 24.82, 𝑝 < 0.001***
Physical Demand 𝜒2 (3) = 36.02, 𝑝 < 0.001*** 𝜒2 (3) = 36.49, 𝑝 < 0.001***
Temporal Demand 𝜒2 (3) = 5.52, 𝑝 > 0.05 𝜒2 (3) = 4.15, 𝑝 > 0.05

Performance 𝜒2 (3) = 15.46, 𝑝 < 0.01** 𝜒2 (3) = 27.92, 𝑝 < 0.001***
Effort 𝜒2 (3) = 38.73, 𝑝 < 0.001*** 𝜒2 (3) = 43.46, 𝑝 < 0.001***

Frustration 𝜒2 (3) = 32.76, 𝑝 < 0.001*** 𝜒2 (3) = 30.71, 𝑝 < 0.001***
Enjoyment 𝜒2 (3) = 4.59, 𝑝 > 0.05 𝜒2 (3) = 3.75, 𝑝 > 0.05
Exploration 𝜒2 (3) = 7.87, 𝑝 < 0.05* 𝜒2 (3) = 22.70, 𝑝 < 0.001***

Expressiveness 𝜒2 (3) = 20.01, 𝑝 < 0.001*** 𝜒2 (3) = 33.02, 𝑝 < 0.001***
Immersion 𝜒2 (3) = 7.37, 𝑝 > 0.05 𝜒2 (3) = 1.84, 𝑝 > 0.05

Results Worth Effort 𝜒2 (3) = 9.23, 𝑝 < 0.05* 𝜒2 (3) = 9.46, 𝑝 < 0.05*

Table 2: Post hoc analysis for CSI metrics. Only significant pairwise differences are reported. Abbreviations: (a: APPO , c:
Clarification, d: DSPy, p: PromptCharm). (*: 𝑝 < 0.05, **: 𝑝 < 0.01, ***: 𝑝 < 0.001).

Metrics Close-ended Open-ended

Enjoyment

a–c: 𝑍 = 11.00, 𝑝 > 0.05 a–c: 𝑍 = 34.50, 𝑝 > 0.05
a–d: 𝑍 = 31.00, 𝑝 > 0.05 a–d: 𝑍 = 16.50, 𝑝 > 0.05
a–p: 𝑍 = 21.50, 𝑝 > 0.05 a–p: 𝑍 = 42.50, 𝑝 > 0.05
c–d: 𝑍 = 28.50, 𝑝 > 0.05 c–d: 𝑍 = 35.00, 𝑝 > 0.05
c–p: 𝑍 = 25.50, 𝑝 > 0.05 c–p: 𝑍 = 10.00, 𝑝 > 0.05
d–p: 𝑍 = 29.50, 𝑝 > 0.05 d–p: 𝑍 = 43.00, 𝑝 > 0.05

Exploration

a–c: 𝑍 = 3.00, 𝑝 < 0.05* a–c: 𝑍 = 8.00, 𝑝 < 0.05*
a–d: 𝑍 = 12.00, 𝑝 > 0.05 a–d: 𝑍 = 0.00, 𝑝 < 0.05*
a–p: 𝑍 = 15.50, 𝑝 > 0.05 a–p: 𝑍 = 14.00, 𝑝 < 0.05*
c–d: 𝑍 = 3.00, 𝑝 > 0.05 c–d: 𝑍 = 6.50, 𝑝 < 0.05*
c–p: 𝑍 = 15.00, 𝑝 > 0.05 c–p: 𝑍 = 7.00, 𝑝 > 0.05
d–p: 𝑍 = 13.50, 𝑝 > 0.05 d–p: 𝑍 = 15.00, 𝑝 < 0.05*

Expressiveness

a–c: 𝑍 = 17.00, 𝑝 > 0.05 a–c: 𝑍 = 5.00, 𝑝 < 0.05*
a–d: 𝑍 = 4.00, 𝑝 < 0.01** a–d: 𝑍 = 0.00, 𝑝 < 0.001***
a–p: 𝑍 = 0.00, 𝑝 < 0.01** a–p: 𝑍 = 0.00, 𝑝 < 0.01**
c–d: 𝑍 = 5.00, 𝑝 < 0.05* c–d: 𝑍 = 0.00, 𝑝 < 0.01**
c–p: 𝑍 = 0.00, 𝑝 < 0.05* c–p: 𝑍 = 12.00, 𝑝 > 0.05
d–p: 𝑍 = 13.50, 𝑝 > 0.05 d–p: 𝑍 = 13.50, 𝑝 > 0.05

Immersion

a–c: 𝑍 = 13.00, 𝑝 > 0.05 a–c: 𝑍 = 20.00, 𝑝 > 0.05
a–d: 𝑍 = 15.00, 𝑝 > 0.05 a–d: 𝑍 = 33.50, 𝑝 > 0.05
a–p: 𝑍 = 10.50, 𝑝 > 0.05 a–p: 𝑍 = 27.50, 𝑝 > 0.05
c–d: 𝑍 = 2.00, 𝑝 > 0.05 c–d: 𝑍 = 15.00, 𝑝 > 0.05
c–p: 𝑍 = 9.00, 𝑝 > 0.05 c–p: 𝑍 = 24.00, 𝑝 > 0.05
d–p: 𝑍 = 12.00, 𝑝 > 0.05 d–p: 𝑍 = 13.50, 𝑝 > 0.05

Results Worth Effort

a–c: 𝑍 = 20.00, 𝑝 > 0.05 a–c: 𝑍 = 1.00, 𝑝 < 0.05*
a–d: 𝑍 = 25.50, 𝑝 > 0.05 a–d: 𝑍 = 6.50, 𝑝 < 0.05*
a–p: 𝑍 = 5.00, 𝑝 < 0.05* a–p: 𝑍 = 3.50, 𝑝 < 0.05*
c–d: 𝑍 = 33.50, 𝑝 > 0.05 c–d: 𝑍 = 22.50, 𝑝 > 0.05
c–p: 𝑍 = 3.50, 𝑝 < 0.05* c–p: 𝑍 = 32.50, 𝑝 > 0.05
d–p: 𝑍 = 3.50, 𝑝 < 0.05* d–p: 𝑍 = 9.00, 𝑝 > 0.05
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Table 3: Post hoc analysis for iteration, total time, and NASA-TLX metrics. Only significant pairwise differences are reported.
Abbreviations: (a: APPO , c: Clarification, d: DSPy, p: PromptCharm). (*: 𝑝 < 0.05, **: 𝑝 < 0.01, ***: 𝑝 < 0.001).

Metrics Close-ended Open-ended

Iteration
a–d: 𝑡 (2) = 0.38, 𝑝 > 0.05 a–d: 𝑡 (2) = 0.60, 𝑝 > 0.05
a–p: 𝑡 (2) = 4.42, 𝑝 < 0.01** a–p: 𝑡 (2) = 4.19, 𝑝 < 0.01**
d–p: 𝑡 (2) = 5.37, 𝑝 < 0.001*** d–p: 𝑡 (2) = 3.82, 𝑝 < 0.05*

Total time

a–c: 𝑡 (2) = 4.74, 𝑝 < 0.001*** a–c: 𝑡 (2) = 8.90, 𝑝 < 0.001***
a–d: 𝑡 (2) = 6.02, 𝑝 < 0.001*** a–d: 𝑡 (2) = 7.00, 𝑝 < 0.001***
a–p: 𝑡 (2) = 8.55, 𝑝 < 0.001*** a–p: 𝑡 (2) = 9.31, 𝑝 < 0.001***
c–d: 𝑡 (2) = −1.88, 𝑝 > 0.05 c–d: 𝑡 (2) = −1.73, 𝑝 > 0.05
c–p: 𝑡 (2) = 6.58, 𝑝 < 0.001*** c–p: 𝑡 (2) = 6.86, 𝑝 < 0.001***
d–p: 𝑡 (2) = 10.37, 𝑝 < 0.001*** d–p: 𝑡 (2) = 10.45, 𝑝 < 0.001***

Mental Demand

a–c: 𝑍 = 1.00, 𝑝 < 0.001*** a–c: 𝑍 = 11.00, 𝑝 < 0.05*
a–d: 𝑍 = 0.00, 𝑝 < 0.001*** a–d: 𝑍 = 1.00, 𝑝 < 0.01**
a–p: 𝑍 = 1.50, 𝑝 < 0.001*** a–p: 𝑍 = 0.00, 𝑝 < 0.01**
c–d: 𝑍 = 46.50, 𝑝 > 0.05 c–d: 𝑍 = 21.50, 𝑝 > 0.05
c–p: 𝑍 = 49.00, 𝑝 > 0.05 c–p: 𝑍 = 8.00, 𝑝 < 0.05*
d–p: 𝑍 = 61.50, 𝑝 > 0.05 d–p: 𝑍 = 54.00, 𝑝 > 0.05

Physical Demand

a–c: 𝑍 = 1.00, 𝑝 < 0.01** a–c: 𝑍 = 1.50, 𝑝 < 0.01**
a–d: 𝑍 = 0.00, 𝑝 < 0.01** a–d: 𝑍 = 0.00, 𝑝 < 0.01**
a–p: 𝑍 = 0.00, 𝑝 < 0.01** a–p: 𝑍 = 0.00, 𝑝 < 0.01**
c–d: 𝑍 = 22.50, 𝑝 > 0.05 c–d: 𝑍 = 4.00, 𝑝 < 0.01**
c–p: 𝑍 = 45.00, 𝑝 > 0.05 c–p: 𝑍 = 0.00, 𝑝 < 0.01**
d–p: 𝑍 = 11.50, 𝑝 > 0.05 d–p: 𝑍 = 15.00, 𝑝 > 0.05

Temporal Demand

a–c: 𝑍 = 13.00, 𝑝 > 0.05 a–c: 𝑍 = 21.00, 𝑝 > 0.05
a–d: 𝑍 = 28.50, 𝑝 > 0.05 a–d: 𝑍 = 24.50, 𝑝 > 0.05
a–p: 𝑍 = 23.50, 𝑝 > 0.05 a–p: 𝑍 = 20.00, 𝑝 > 0.05
c–d: 𝑍 = 27.00, 𝑝 > 0.05 c–d: 𝑍 = 25.50, 𝑝 > 0.05
c–p: 𝑍 = 46.50, 𝑝 > 0.05 c–p: 𝑍 = 26.00, 𝑝 > 0.05
d–p: 𝑍 = 9.00, 𝑝 > 0.05 d–p: 𝑍 = 41.00, 𝑝 > 0.05

Performance

a–c: 𝑍 = 10.00, 𝑝 < 0.05* a–c: 𝑍 = 12.50, 𝑝 < 0.05*
a–d: 𝑍 = 53.00, 𝑝 > 0.05 a–d: 𝑍 = 17.00, 𝑝 > 0.05
a–p: 𝑍 = 9.50, 𝑝 < 0.05* a–p: 𝑍 = 11.50, 𝑝 < 0.01**
c–d: 𝑍 = 3.50, 𝑝 < 0.05* c–d: 𝑍 = 0.00, 𝑝 < 0.01**
c–p: 𝑍 = 41.50, 𝑝 > 0.05 c–p: 𝑍 = 18.00, 𝑝 > 0.05
d–p: 𝑍 = 15.50, 𝑝 > 0.05 d–p: 𝑍 = 0.00, 𝑝 < 0.01**

Effort

a–c: 𝑍 = 0.00, 𝑝 < 0.001*** a–c: 𝑍 = 0.00, 𝑝 < 0.001***
a–d: 𝑍 = 0.00, 𝑝 < 0.001*** a–d: 𝑍 = 0.00, 𝑝 < 0.001***
a–p: 𝑍 = 0.00, 𝑝 < 0.001*** a–p: 𝑍 = 0.00, 𝑝 < 0.001***
c–d: 𝑍 = 16.00, 𝑝 < 0.05* c–d: 𝑍 = 0.00, 𝑝 < 0.01**
c–p: 𝑍 = 20.00, 𝑝 > 0.05 c–p: 𝑍 = 15.00, 𝑝 > 0.05
d–p: 𝑍 = 31.50, 𝑝 > 0.05 d–p: 𝑍 = 2.00, 𝑝 < 0.01**

Frustration

a–c: 𝑍 = 0.00, 𝑝 < 0.001*** a–c: 𝑍 = 1.00, 𝑝 < 0.01**
a–d: 𝑍 = 0.00, 𝑝 < 0.01*** a–d: 𝑍 = 0.00, 𝑝 < 0.01**
a–p: 𝑍 = 0.00, 𝑝 < 0.01** a–p: 𝑍 = 0.00, 𝑝 < 0.01**
c–d: 𝑍 = 26.50, 𝑝 > 0.05 c–d: 𝑍 = 3.00, 𝑝 < 0.05*
c–p: 𝑍 = 7.00, 𝑝 < 0.05* c–p: 𝑍 = 31.50, 𝑝 > 0.05
d–p: 𝑍 = 28.00, 𝑝 > 0.05 d–p: 𝑍 = 5.00, 𝑝 > 0.05
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