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ABSTRACT Since AI-assisted content generation has received due attention of late, prompt reordering
has emerged as a promising method for prompt tuning. This paper presents a framework named Interactive
Prompt Permutation Optimization (IPPO) for text-to-image generation, which optimizes the order of prompt
words according to user preferences. IPPO integrates user feedback into the optimization process in order
to enhance personalization as well as reduce costs. We design a surrogate model in concert with an ordering
matrix, which efficiently estimates user preferences from sparse feedback from the user. Furthermore,
we develop a Permutation Genetic Algorithm (PermGA) equipped with a novel repairing operator derived
from the surrogate model’s dominance information in order to further enhance the efficiency of optimization.
A set of experiments on the Linear Ordering Problem benchmark demonstrated the fundamental effectiveness
of our approach. We also conducted experiments on image generation in order to verify the framework’s
validity in reflecting user preferences, achieving competitive results in terms of image quality and relevance
compared to SOTA methods.

INDEX TERMS Genetic algorithm, interactive evolutionary computation, personalized image generation,
prompt engineering, surrogate model.

I. INTRODUCTION
With the rapid advancement of diffusion-based generative
technologies [1], the importance of prompt optimization
for personalized content creation has become increasingly
evident. Prompt optimization is a crucial field of research
due to the high sensitivity of text-based generative models
to input prompts, which significantly affects the resulting
output. This sensitivity is even more pronounced in image
generation, where the black-box nature of diffusion models
poses a substantial challenge for predicting outcomes based
solely on prompts.

The sensitivity arises not only from the keywords of
the prompts but also significantly from the order in which
these keywords are arranged. Text-to-Image (T2I) models are
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influenced by the position and order of words during the
text embedding process [2], [3], which can lead to subtle
yet meaningful differences in the emphasis, composition,
and style of the final image. For instance, permutations
of the same keyword set {beautiful, woman, red, dress}
might generate images focusing differently on the person,
the attire, or the overall mood, depending on the word
order. Addressing the challenge of optimizing prompt order
is therefore a promising research avenue for fine-grained
control over image generation.

Previous studies [4], [5] have attempted to automate
prompt optimization by leveraging large prompt-image
datasets and training models using CLIP embeddings.
However, these approaches face significant limitations in
personalized content creation. The high computational costs
associated with extensive datasets and large-scale training
make them expensive. Additionally, these models are often
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trained tomaximize objectivemetrics like Aesthetic Scores or
CLIP similarity, which may not align with a user’s subjective
aesthetic preferences.

More recently, approaches using Large Language Models
(LLMs) to refine prompts have been proposed [6], [7]. While
powerful, these methods incur API call costs and often alter
the prompt’s core content by adding or replacing words (e.g.,
adding ‘‘masterpiece, 4k’’). While LLMs excel at content
generation and rewriting, they may not be ideal when the
goal is subtle nuance control over a fixed set of concepts,
and they introduce external computational dependencies and
costs. In contrast, prompt permutation offers a cost-effective
mechanism for fine-tuning the nuance and emphasis of a
given set of keywords, which is often crucial for aligning
generation with subjective user aesthetics without altering the
core semantic content.

This context reveals three key research gaps hindering
effective personalized image generation through prompt
engineering:

1) High Cost and Dependency: State-of-the-art methods
rely on costly large-scale training or external LLMAPI
calls.

2) Lack of Subjective Personalization: Optimization
based on objective scores fails to adequately capture
individual user preferences.

3) Absence of Automated Order Optimization:
Reordering keywords offers a powerful yet underex-
plored avenue for fine-tuning, but lacks systematic
and automated exploration strategies beyond manual
trial-and-error.

To overcome these limitations and address the identified
gaps, we propose a novel approach using prompt permutation,
focusing on optimizing keyword order to align with user
preferences. In this paper, we introduce the Interactive
Prompt Permutation Optimization (IPPO) framework. Cen-
tral to IPPO is a novel surrogate model based on an
ordering matrix, designed to rapidly learn pairwise keyword
preferences from minimal user feedback, thereby enabling
efficient heuristic search within the vast permutation space.
IPPO leverages direct user interactions on generated images
to gather preference scores. These scores dynamically update
the surrogate model, which guides a specialized heuris-
tic algorithm, Permutation Genetic Algorithm (PermGA),
towards optimal permutations. The IPPO framework operates
self-contained without requiring additional large datasets or
external model calls, relying solely on a limited number of
user interactions.

The main contributions of this research are summarized as
follows:

1) Formulating prompt reordering as an interactively
learned Linear Ordering Problem (LOP).

2) Proposing the IPPO framework, integrating user
feedback with efficient surrogate-based optimization
for personalized T2I.

3) Developing an ordering matrix-based surrogate model
for effective preference estimation from sparse subjec-
tive data.

4) Designing a specialized PermGA featuring a novel
surrogate-guided repairing operator to enhance search
efficiency.

5) Validating IPPO’s effectiveness and competitive per-
formance through objective (LOP) and criteria-based
(T2I) experiments.

II. BACKGROUND AND RELATED WORKS
A. PERSONALIZED IMAGE GENERATION AND PROMPT
OPTIMIZATION
Personalized image generation aims to customize content to
meet individual user preferences, a technique increasingly
used in creative industries [8], [9]. Diffusion models have
emerged as the state-of-the-art method for this task [9],
[10], [11], [12]. These models generate images by iteratively
refining random noise through a denoising process [13].
While this process yields high-fidelity images, the black-box
nature of diffusion models makes precise control over outputs
challenging without effective prompt engineering [14].
Prompt optimization is a key methodology within prompt
engineering that seeks to find the best possible prompt to
maximize a desired objective.

Existing approaches to automate prompt optimization can
be broadly categorized.

1) RL/GRADIENT-BASED PROMPT OPTIMIZATION
Some methods leverage large prompt-image datasets
for training. For instance, Hao’s Promptist [4] employs
reinforcement learning, fine-tuning a model on col-
lected data and using aesthetic rewards. Wen’s PEZ [5]
utilizes gradient-based discrete optimization to directly
enhance text-image similarity in the CLIP embedding
space.

2) LLM-BASED PROMPT REFINEMENT
Recent work has explored using powerful LLMs to
refine user prompts. These methods typically take a sim-
ple user input and expand or rewrite it into a more
detailed prompt designed to produce higher-quality images
[6], [7].
However, these state-of-the-art approaches present signif-

icant limitations, particularly for cost-effective personaliza-
tion. Both RL/Gradient-based methods, requiring extensive
training on large datasets, and LLM-basedmethods, incurring
API call costs, involve substantial computational expense.
Furthermore, methods optimizing objective scores like CLIP
similarity (e.g., PEZ) or general aesthetics (e.g., Promptist)
often fail to capture the nuanced, subjective preferences of
individual users. This highlights a critical research gap: the
need for low-cost prompt optimization techniques capable
of effectively incorporating subjective user feedback for true
personalization.
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FIGURE 1. Visualization of the prompt permutation search space (5n) for Personalized Image Generation. Each point π represents a
specific keyword permutation that generates a unique image. The underlying heatmap conceptually illustrates the user preference
landscape Score(π) approximated by our surrogate model (S). IPPO aims to efficiently navigate this vast, high-dimensional space to identify
the optimal permutation (π∗

S ) that maximizes user satisfaction, bypassing the need for exhaustive evaluation.

B. PROMPT PERMUTATION AS A COST-EFFECTIVE
ALTERNATIVE
An alternative, cost-effective strategy for influencing T2I
output is prompt permutation (or reordering). T2I models
exhibit sensitivity not just to the keywords present but also
to their order, likely due to mechanisms like positional
encoding influencing attention during the embedding pro-
cess [3]. Rearranging the words within a fixed set can thus
significantly alter the generated image’s emphasis or style
without changing the core semantic content. This approach
requires no additional data or external model calls, making it
highly practical and applicable across various prompt-based
models [15]. Tools like Midjourney’s permutation feature
allow users to explore this effect manually.

Despite its potential and cost-effectiveness, prompt permu-
tation currently suffers from a major drawback: the reliance
on manual exploration. Given that n keywords yield n!
possible permutations, the search space grows factorially,
rendering manual trial-and-error inefficient and unlikely to
discover the optimal ordering for a user’s specific preference.
This limitation points to a clear research gap: the need for
methods that can automate and intelligently guide the search
within the permutation space, leveraging user feedback
effectively.

C. INTERACTIVE GENETIC ALGORITHM (IGA) FOR
SUBJECTIVE OPTIMIZATION
To address the challenge of subjective optimization, we turn
to surrogate model-based optimization, which uses computa-
tionally efficient models to approximate complex evaluation
functions [17], [18]. Given the discrete nature of the
permutation problem, we employ a Genetic Algorithm (GA),
a subset of Evolutionary Algorithms (EAs) known for
effectively handling discrete search spaces, unlike methods
such as Particle Swarm Optimization (PSO) or Differential

Evolution (DE) which are primarily designed for continuous
optimization.

Interactive GA (IGA) [21] is a specific variant of
GA designed to refine solutions based on subjective user
feedback. IGAs iteratively update a surrogate model using
user preference scores, allowing the optimization to evolve
towards solutions that better match user preferences. While
other surrogate approaches like Gaussian Processes or simple
regression models exist, the ordering matrix is particularly
well-suited for permutation problems as it directly models
pairwise relationships and can learn effectively from the
sparse and potentially noisy feedback inherent in inter-
active systems, unlike data-hungry reinforcement learning
approaches. This makes IGA a powerful tool for complex,
user-driven optimization problems [24].

This paper connects the research gaps identified in the
preceding sections. Our work addresses the following central
research question:

Can we automate the cost-effective search for
prompt permutations by using an IGA framework
with an efficient surrogate model to learn from a
user’s subjective feedback?

To our knowledge, the application of IGA specifically to the
prompt permutation problem in T2I models using an ordering
matrix surrogate is novel. We bridge this gap by proposing
IPPO, which combines an IGA framework utilizing a GA
with an efficient LOP-inspired surrogate model (S) to solve
the prompt permutation optimization problem formulated in
Section III.

III. PROBLEM FORMULATION
In T2I models, the order of words in a prompt can signifi-
cantly influence the resulting image’s nuance and emphasis.
This work aims to find the optimal word permutation that
best satisfies a user’s subjective preference for a given set of
keywords.
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FIGURE 2. The workflow of the Interactive Prompt Permutation Optimization (IPPO) framework. The
Interactive Evaluation Process is the front end that interacts with the user, while the Prompt Optimization
Process is the back end that conducts the actual optimization. The framework iteratively repeats the steps
of (a), (b), (c), (d) until the user is satisfied with the generated image.

We start with a fixed set of n unique keywords, W =

{w1,w2, · · · ,wn}. A solution π = (p1, p2, · · · , pn) is a
permutation of the setW , where pi ∈ W denotes the keyword
at the i-th position in the sequence π . The set of all possible
permutations, 5n, constitutes the search space, with a size
of |5n| = n!. A user provides a subjective preference score
Score(π ) for an image generated from a given permutation
π . The function Score is a black-box, as its internal logic is
unknown and dependent on both the T2I model and the user.

The objective of this work is to find the optimal
permutation π∗ that maximizes the user’s preference score
within the entire set of permutations5n. This can be formally
defined as:

π∗ = argmax
π∈5n

Score(π )

Solving this optimization problem faces two major
challenges:
• Combinatorial Explosion: The search space size,
n!, grows factorially with the number of keywords
n, making an exhaustive search infeasible even for
moderate n.

• Costly and Noisy Evaluation: Obtaining a value for
Score(π ) is expensive, requiring both computational
time for image generation by the T2I model and
human time for subjective evaluation. Furthermore, this
evaluation is inherently noisy and can be inconsistent
due to its subjective nature.

Therefore, the core challenge is to efficiently approximate π∗

while minimizing the number of calls to the expensive and
noisy evaluation function Score(π).
Our approach tackles this challenge by reframing the

intractable optimization task as a tractable learning task.

We propose to learn a surrogate model, S, that approximates
the user’s underlying preference structure from the holistic
Score(π ) scores. Figure 1 provides a conceptual visualization
of this approach, showing how the surrogate model S
approximates the underlying, costly-to-evaluate preference
landscape. S is defined as an n×nmatrix designed to capture
the underlying pairwise preferences between keywords.

The goal of our approach is twofold.

1) To learn the O(n2) parameters of S using only the
limited and noisy, holistic Score(π ) scores.

2) To search for the optimal permutation on the learned,
low-cost surrogate model S.

This reframing effectively transforms the original n! search
problem into a more manageable O(n2) parameter estimation
problem. Section IV details our IPPO framework designed to
learn S and subsequently find the optimal permutation.

IV. IPPO FRAMEWORK
This section introduces the Interactive Prompt Permutation
Optimization (IPPO) framework, a human-in-the-loop sys-
tem designed to solve the intractable search problem
formulated in Section III. As illustrated in Figure 2, IPPO is
composed of two primary modules:

• The Interactive Evaluation module manages the
human-in-the-loop component, querying the user to
obtain the expensive and noisy Score(π ) feedback.

• The Prompt Optimization module is the core algo-
rithmic engine. It receives the user’s feedback, learns
the surrogate preference model S, and then uses a
Genetic Algorithm (GA) to search for the next optimal
permutation π based on S.
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The following sections detail the mechanisms of each
component.

The overall workflow of IPPO, as outlined in Algorithm 1,
involves the following iterative steps:

1) Initialization: The framework begins by initializing
the surrogate model S to a zero matrix (line 1) and
creating an initial random population (Population) of
N permutations (line 2). A subset (K = 20) of these
permutations is selected as the initial set of samples
(#samples) to present to the user (line 3).

2) Interactive Evaluation (Image Generation & User
Evaluation): The selected samples (#samples) are used
to generate images via the T2I model. These images
are presented to the user, who provides subjective
preference scores (UserScores) for each (line 5). This
step terminates early if the user assigns a maximum
score (+10), indicating satisfaction.

3) Surrogate Model Update: The collected user scores
are used to update the surrogate model S. For each
evaluated pair (π, Score(π)), a corresponding pairwise
preference matrix sπ is created (line 7) and accumu-
lated into S (line 8).

4) Permutation Optimization (PermGA): The spe-
cialized genetic algorithm, PermGA (detailed in
Algorithm 2), takes the current population and the
updated surrogate model S as input and evolves the
population to find permutations with higher estimated
fitness (Fit) according to S (line 10).

5) Sample Selection for Next Iteration: A new set of
top K samples (#samples) is selected from the evolved
population based on their fitness values according to S
(line 11). These samples will be presented to the user
in the next iteration.

6) Termination and Output: The main loop (steps 2-
5) repeats until the user indicates satisfaction (e.g.,
by giving a +10 score). Once terminated, the best
solution (π∗S ) found in the final population according
to the final surrogate model S is identified (line 13) and
returned as the optimized prompt permutation (line 14).

The key idea is that as more user feedback (Score(π)) is
incorporated into S through repeated iterations, S becomes
a more accurate model of the user’s underlying preferences.
Consequently, the solution π∗S found by optimizing S (using
Fit) will gradually approach the true optimal solution π∗.
IPPO aims to find this approximation π∗S ≈ π∗ with minimal
calls to Score(π).

A. INTERACTIVE EVALUATION PROCESS
This process (lines 5-9 of Alg. 1) collects preference scores
Score(π ) from the user.

1) IMAGE GENERATION & USER EVALUATION
In each iteration, up to K candidate images (K = 20)
generated from selected permutations are presented to
the user via a GUI. The user assigns an integer score

Algorithm 1 The IPPO Framework Algorithm
Input:W = {w1,w2, · · · ,wn} (A set of n keywords)
Output: Optimized permutation π∗S
1: S ← [0]n×n
2: Population← RandomPermutations(N )
3: #samples← SelectTopK(Population,K )
4: while NOT UserSatisfaction do
5: UserScores← GetUserScores(#samples)
6: for all (π, Score(π )) ∈ UserScores do
7: sπ ← CreateMatrix(π, Score(π ))
8: S += sπ
9: end for
10: Population← PermGA(Population, S)
11: #samples← SelectTopK(Population,K )
12: end while
13: π∗S ← GetBestSolution(Population, S)
14: return π∗S

Score(π ) ∈ [−10,+10] to each image based on their
subjective preference. Crucially, the user does not necessarily
need to evaluate all K images. If the user finds a satisfactory
image among the candidates and assigns the maximum
score (+10), the evaluation process for the current iteration
terminates immediately, and the framework proceeds to the
next step. This design aims to minimize user fatigue by
allowing early termination while still presenting a reasonable
number of options (up to 20) for exploration. All collected
(π, Score(π )) pairs from each iteration are recorded.

B. PROMPT OPTIMIZATION PROCESS
This process (lines 6-11 of Alg. 1) uses the collected user
feedback to update the surrogate model S and then employs
a specialized Genetic Algorithm (PermGA) to find the
permutation that maximizes the fitness Fit(π; S) according
to S.

1) SURROGATE MODEL UPDATE
In this step, the surrogate model S is updated using the
scores recorded in the database DB, which contains all
(π, Score(π )) pairs evaluated so far. For each evaluated pair,
a mathematically designed ordering matrix sπ is constructed.
This matrix reflects the pairwise relationships implied by the
Score(π ) for that specific order. The surrogate model S is
the accumulation of these individual matrices, as shown in
Equation (1):

S =
∑

π∈DB

sπ

sπ =

p1
p2
p3
...

pn

p1 p2 p3 . . . pn
0 Score(π ) Score(π) . . . Score(π)
0 0 Score(π) . . . Score(π)
0 0 0 . . . Score(π)
...

...
...

. . .
...

0 0 0 . . . 0


(1)
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FIGURE 3. The Surrogate Model S: Update and Evaluation Mechanisms. (a) Surrogate model update: The surrogate model S
is cumulatively updated. An ordering matrix sπ (blue entries) is constructed from a given π and its Score(π), and then
accumulated into S. (b) Evaluation: To get Fit(π; S), S is reordered by π , and its upper triangular entries (red) are summed
(see Eq. 2).

Thematrix sπ is an n×n upper triangularmatrixwhere for a
permutation π = (p1, . . . , pn), the entry (pi, pj) for all i < j is
set to Score(π ). This process essentially distributes the overall
score Score(π) across all pairwise precedence relationships
present in π . Figure 3 (a) illustrates this update.

2) PERMUTATION OPTIMIZATION (PermGA)
Once the surrogate model S is updated, a specialized
Genetic Algorithm named PermGA is used to efficiently
search for the permutation π∗S that maximizes the fitness
functionFit(π; S). PermGA is designed to handle the discrete
permutation domain effectively and can rapidly optimize
based on real-time user preference updates without requiring
retraining. The overall process of PermGA is outlined in
Algorithm 2. It iterates through evaluation and evolution steps
until convergence.

The key steps within each generation are detailed below.

a: EVALUATION
All solutions π in the population are evaluated by the
surrogate model at every evolutionary step. Each π =

(p1, . . . , pn) is assigned a fitness value Fit(π; S) using the
surrogate model S. To clarify this process, Figure 3 (b)
shows a simple example of how S calculates the fitness for
a given π . The fitness value is calculated by summing the
relevant pairwise preference entries from S according to the
permutation π , as shown in Equation (2).

Fit(π; S) =
n∑
i=1

n∑
j=i+1

Spi,pj (2)

b: SELECTION
Parents for the next generation are selected using tournament
selection. In each tournament, two individuals are randomly
chosen, and the one with the higher fitness value proceeds.

c: CROSSOVER
The cycle-crossover step involves selecting two arbitrary
points in the parent individual, transferring the genes between

Algorithm 2 PermGA Process
Input: Current Population Pin, Surrogate Model S
Output: Evolved Population Pout
1: Pout ← ∅
2: gen← 0, best_fitness←−∞, stagnation_count ← 0
3: while gen < 100 AND stagnation_count < 20 do
4: Peval ← Evaluate(Pin, S) ▷ Using Eq. 2
5: current_best ← maxπ∈Peval Fit(π; S)
6: if current_best > best_fitness then
7: best_fitness← current_best
8: stagnation_count ← 0
9: else
10: stagnation_count ← stagnation_count + 1
11: end if
12: Parents← Select(Peval,N )
13: Offspring← Crossover(Parents)
14: Offspring← Mutate(Offspring)
15: Offspring← Repair(Offspring, S)
16: Pin← Offspring
17: gen← gen+ 1
18: end while
19: Pout ← Pin
20: return Pout

them into the offspring, completing the remaining genes in
sequence, and omitting those already included.

d: MUTATION
The displacement-mutation step involves selecting a gene
segment at random, removing it from its initial position, and
reintegrating it at another point in the sequence.

e: REPAIRING
As the final stage in the evolving step, the repair step traverses
individuals in the population to check for already found
unnecessary patterns. It is designed to leverage the learned
preferences in S and prune the search space.
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• Dominated Pattern Definition: For any two keywords
wi,wj ∈ W , if Swi,wj > Swj,wi , the pairwise order (wi,wj)
dominates (wj,wi).

• Repairing Operation: Each offspring π ′ generated
after crossover and mutation is scanned. If it contains
any pairwise order (wj,wi) that is dominated by (wi,wj)
according to S, the operator swaps their positions in π ′.
This forces solutions towards orderings consistent with
learned preferences, effectively repairing dominated
patterns into locally optimal ones based on the surrogate
model. This repairing process significantly accelerates
convergence by focusing the search on promising
regions of the permutation space.

f: STOPPING CRITERIA AND OUTPUT
The internal PermGA loop terminates when the convergence
criteria are satisfied, defined as a maximum of 100 gen-
erations or 20 stagnant generations. The resulting evolved
population (Pout ) is then passed back to the main IPPO loop
(Algorithm 1). From this final population, the top K (K= 20)
solutions based on Fit are selected and presented to the user
in the next interactive evaluation round.

V. EXPERIMENTS AND RESULTS
This section presents a comprehensive two-part experimental
evaluation designed to validate the proposed IPPO frame-
work. The first part, detailed in Section V-A, assesses the
fundamental efficacy of the core algorithmic components.
Specifically, we evaluate the surrogate model and the
PermGA enhanced with the repairing operator using the
objective LOP benchmark. The second part, described in
Section V-B, evaluates the performance of the complete
IPPO framework within its target application domain of
personalized text-to-image (T2I) generation involving prefer-
ences. All experiments were conducted on a system equipped
with an Intel Xeon Gold 6130 CPU and an NVIDIA
RTX 4090 GPU.

A. EXPERIMENTS ON THE SURROGATE MODEL AND
PermGA
Two experiments were conducted on the LOP benchmark to
analyze the key components of our approach:

1) Surrogate Model Fidelity: This experiment verifies
the accuracy with which our surrogate model (S)
approximates the ground-truth LOP objective function
when learned from sparse samples.

2) Ablation Study: This experiment quantifies the indi-
vidual contributions of the surrogate model and the
repairing operator to the overall optimization perfor-
mance of PermGA.

1) EXPERIMENTAL SETTING
The performance evaluation utilized 49 instances sourced
from the established LOLIB benchmark library for the
LOP [25]. The number of items to be ordered (n) varied across

FIGURE 4. Surrogate Model Fidelity Validation on LOLIB (n=49). This
figure compares the optimization performance (ARPD vs Iterations) using
the ground-truth matrix (Strue) versus our learned surrogate model (S).
The average trajectories (dashed lines) are nearly identical,
demonstrating that our surrogate, learned from sparse samples, is a
high-fidelity approximation that can effectively guide the optimization.

these instances, reflecting a range of problem sizes. Each
LOLIB instance provides a ground-truth pairwise preference
matrix Strue, enabling objective performance measurement.
We employed the Average Relative Percentage Deviation
(ARPD) as the primary performance metric:

ARPD = 1−
|fBest − ftrue(π∗S ; Strue)|

fBest
(3)

where ftrue(π∗S ; Strue) represents the true objective score
(computed using Strue) of the best solution π∗S found by
optimizing our surrogate S, and fBest denotes the known
optimal score for the instance. An ARPD value of 1 signifies
that the optimal solution was recovered.

2) EXPERIMENTAL RESULTS
a: SURROGATE MODEL FIDELITY
Figure 4 illustrates the convergence behavior when opti-
mizing using the learned surrogate model (S) compared to
optimizing directly using the ground-truth matrix (Strue). The
performance trajectories closely align. This indicates that S,
despite being constructed from limited samples, effectively
captures the underlying preference structure necessary to
guide the optimization process. The result substantiates the
viability of our surrogate-based approach for efficiently
finding high-quality solutions in a large search space.

b: ABLATION STUDY RESULTS
We conduct an ablation study to quantify the contribution of
our framework’s two core components: the surrogate model
S and the surrogate-guided repairing operator. The results are
presented in Figure 5.
• Effectiveness of the Surrogate Model: The ‘IPPO
without surrogate’ condition, which acts as a standard
GA baseline, performs significantly worse than the full
IPPO framework. This demonstrates the critical value of
the surrogate-guided search strategy.
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FIGURE 5. Ablation study on the components of IPPO. Average ARPD
(y-axis) versus optimization iterations (x-axis). We compare three
configurations: (1) IPPO, (2) IPPO without repairing operator, and
(3) IPPO without surrogate (standard GA baseline). The faint lines show
individual results from 49 instances, while the dashed lines represent the
average. The full IPPO’s 11% average performance gain over the baseline
confirms the synergistic contribution of both components.

• Effectiveness of the Repairing Operator: Disabling
the operator (‘IPPO without repairing’) also results in
a marked performance decrease, confirming its crucial
role in enhancing search efficiency.

The full IPPO framework achieves an 11% average ARPD
improvement over the standard GA baseline. This highlights
the synergistic benefit of combining the surrogate model
with the repairing operator.

The results of the ablation study, presented in Figure 5,
quantify the contributions of the core components. The ‘IPPO
without surrogate model’ condition represents a standard
GA baseline operating on the true objective function. The
full IPPO framework significantly outperforms this baseline,
demonstrating the effectiveness of the surrogate-guided
search strategy. Furthermore, disabling the repairing operator
(‘IPPO without pruning’) results in a marked decrease in
performance compared to the full framework, confirming
the operator’s crucial role in enhancing search efficiency.
The average ARPD improvement of approximately 11%
achieved by the full IPPO framework over the standard
GA baseline highlights the synergistic benefit derived from
combining the ordering matrix-based surrogate model with
the surrogate-guided repairing operator. This suggests an
enhanced efficiency in reaching near-optimal solutions,
implying a potential reduction in the number of evaluations
needed compared to standard evolutionary approaches.

B. EXPERIMENTS ON PERSONALIZED IMAGE
GENERATION
This section evaluates the practical applicability and effec-
tiveness of the complete IPPO framework in the target

FIGURE 6. Preference reflection examples of images generated with
varying preference criteria, including similarity, realism, and uniqueness.
Each image is derived from the same initial prompt and then created
using a prompt optimized for specific preference criteria.

task of personalized T2I generation based on pre-defined
preferences.

1) EXPERIMENTAL SETTING
The personalization experiments relied on subjective evalu-
ations provided by criteria-based scorers. These automated
scorers were designed to assign integer scores within the
range [−10, +10]. For the preference reflection experiment
(corresponding to Fig. 6), distinct scorers targeted specific
criteria: Similarity (rewarding minimal deviation from an
initial image), Realism (rewarding photorealistic appear-
ance), and Uniqueness (evaluating based on a distinctiveness
metric). In the quantitative evaluation involving target image
reproduction (Table 1), a scorer evaluated the perceived
similarity to the target image. The interactive optimization
loop (Algorithm 1) for each experiment was terminated upon
a scorer assigning the maximum possible score (+10) to a
generated image, signifying that the optimization target was
met.

Image generation was performed using a pre-trained Stable
Diffusion-v2 model [1]. All generation parameters (guidance
scale= 7, inference steps= 20, sampler= DPM-Solver++,
seed) were held constant throughout the experiments and
adopted from the setup reported by PEZ study [5] to facilitate
a fair comparison focused exclusively on the impact of
prompt permutation. IPPO’s performance was compared
against PEZ [5] and Promptist [4] using prompts generated
by thesemethods for specific target image reproduction tasks,
with source material from Lexica.art and Civitai.

2) EXPERIMENTAL RESULTS
a: PREFERENCE REFLECTION
Figure 6 provides qualitative evidence of IPPO’s effec-
tiveness in aligning image generation with varying pre-
defined criteria. By optimizing only the keyword order, the
framework successfully produced visually distinct outputs
corresponding to the targeted preferences (similarity, realism,
uniqueness). This demonstrates the potential of prompt
permutation as a mechanism for personalized fine-tuning.
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TABLE 1. Quantitative comparison with SOTA methods on target image
reproduction.

FIGURE 7. Example of the generating preference image process with the
IPPO framework. The images on the left shows progressive optimization
of image generation. The image on the right is the target image.

It should be noted, however, that these experiments utilized
relatively simple, single-criterion preference targets.

b: QUANTITATIVE RESULTS
The quantitative comparison results are summarized in
Table 1. IPPO achieved competitive performance in terms
of CLIP Score and Aesthetic Score relative to the PEZ
and Promptist methods. An example of the iterative image
reproduction process is shown in Figure 7. The slightly
lower Inception Score observed for IPPO is consistent with
the framework’s design philosophy. IPPO aims to converge
towards a specific user preference within the permutation
space defined by a fixed keyword set, and the repairing
operator actively prunes the search towards learned optima.
This represents an inherent trade-off between maximizing
alignment with the target preference and maximizing the
diversity of generated outputs.

VI. DISCUSSION
While IPPO demonstrates potential, its practical application
warrants consideration of several limitations.

A. HUMAN FEEDBACK DEPENDENCY
The framework’s performance inherently relies on the quality
and consistency of user feedback. Subjectivity, potential
noise, and user fatigue resulting from evaluating multiple
images can impact the surrogate model’s accuracy and
the overall optimization process [21]. IPPO mitigates these

challenges by requiring feedback on only a subset of
generated images to reduce the user’s cognitive load.

B. SCALABILITY
The O(N · n2) GA complexity per generation restricts appli-
cability to prompts with a very large number of keywords (n).
However, IPPO involves a trade-off, substituting the costs of
large-scale training or API calls with GA computation and
user interaction time.

VII. CONCLUSION
This paper introduced IPPO, an interactive framework
leveraging user feedback, an efficient ordering matrix-based
surrogate model, and a specialized PermGA with a repairing
operator to optimize prompt permutations for personalized
T2I generation. The core advantage lies in efficiently
estimating user preferences from sparse evaluations, enabling
personalization without extensive data or external model
dependencies.

Experiments confirmed the algorithmic components’
effectiveness on LOP benchmarks and demonstrated compet-
itive performance against SOTA methods in T2I relevance
and quality. This work validates interactive prompt per-
mutation as a cost-effective strategy for fine-tuning T2I
models according to subjective nuances. Despite limitations
concerning user interaction burden, model assumptions, and
scope, IPPO offers a lightweight path towards user-centric
generative AI. Its principles may extend to other generative
domains. Future work includes exploring active learning to
reduce user effort, adapting to multi-objective preferences,
and investigating hybrid optimization incorporating word
weighting.
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