
Adaptive Prompt Elicitation for Text-to-Image Generation
Xinyi Wen

Aalto University & University of
Helsinki & ELLIS Institute Finland

Helsinki, Finland
xinyi.wen@aalto.fi

Lena Hegemann
Aalto University
Helsinki, Finland

lena.hegemann@aalto.fi

Xiaofu Jin
Aalto University
Helsinki, Finland

xjinao@connect.ust.hk

Shuai Ma
Aalto University
Helsinki, Finland

mashuai@iscas.ac.cn

Antti Oulasvirta
Aalto University & ELLIS Institute

Finland
Helsinki, Finland

antti.oulasvirta@aalto.fi

App icon for hiking.

· · ·

Manual Prompt Engineering

A

App icon with a mountain 

peak at sunset.

App icon with a mountain, 

without people.

App icon for hiking with 

a mountain.

App icon for hiking.

What graphic motif would you like to include?

What color scheme would you prefer?

· · ·

Adaptive Prompt Elicitation

Sleek, flat-design icon representing a snow 
covered mountain peak in light powder blue ... 
clean geometric shapes .

· · ·

Intent

C

D

B

Figure 1: Manual prompt engineering (A) requires users to iterate extensively. Adaptive Prompt Elicitation (APE) addresses
this by (B) presenting visual queries, (C) updating its belief about user intent (solid curve) to align with the user’s latent intent
(dotted curve) based on responses, and (D) generating optimized prompts from its beliefs.

Abstract
Aligning text-to-image generation with user intent remains chal-
lenging, as users frequently provide ambiguous inputs and struggle
with model idiosyncrasies. We propose Adaptive Prompt Elici-
tation (APE), a technique that adaptively poses visual queries to
help users refine prompts without extensive writing. Our technical
contribution is a formulation of interactive intent inference under
an information-theoretic framework. APE represents latent user
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intent as interpretable feature requirements using language model
priors, adaptively generates visual queries, and compiles elicited
requirements into effective prompts. Evaluation on IDEA-Bench
and DesignBench shows that APE achieves stronger alignment
with improved efficiency. A user study with 128 participants on
user-defined tasks demonstrates 19.8% higher perceived alignment
without increased workload. Our work contributes a principled
approach to prompting that offers an effective and efficient com-
plement to the prevailing prompt-based interaction paradigm with
text-to-image models.
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1 Introduction
Text-to-image generation models have achieved remarkable ad-
vances in synthesizing imagery from natural language descrip-
tions [67, 68, 79], however,aligning model outputs with user intent
remains an outstanding challenge. This stems from the di�culty of
articulating rich visual concepts precisely through text [54, 62, 69]
besides inherent limitations in model capacity. This problem is par-
ticularly pronounced for users who lack familiarity with prompt
engineering conventions and the characteristics of the speci�c
model [51, 87, 90]. Even experienced users struggle to anticipate
how speci�c linguistic choices in�uence generation outcomes, lead-
ing to iterative trial-and-error cycles that are time-consuming and
cognitively taxing [59, 85].

Our work converges on two lines of prior research. One line aims
to guide users to write better prompts, via keyword-rich descrip-
tions, style modi�ers, artist references, or quality tokens [51, 59].
These approaches, however, require familiarity with technical vo-
cabulary or interaction styles that may not be accessible to non-
expert users [90]. A second line focuses on developing automatic
prompt optimization methods that translate user input into high-
quality prompts without requiring manual re�nement. These meth-
ods implicitly assume that user intentions are clearly articulated,
may leave users to re�ne the prompt iteratively through trial and
error [54, 66].

In this paper, we introduceAdaptive Prompt Elicitation
(APE), a computational method that inverts the traditional prompt-
ing paradigm by actively eliciting user's latent intent and compiling
it into e�ective prompts. From the user's perspective, APE acts like
a human interviewer experienced in the domain of interest and
asks guiding questions that direct the conversation: �Would you
like this or that more?�. As shown in Figure 1, after receiving an
initial prompt that sets the theme for interaction, APE presents vi-
sual queries that help users progressively clarify their intent. These
queries require only visual judgments rather than linguistic ar-
ticulation, reducing reliance on domain knowledge and linguistic
ability. Users respond through simple selections, and APE syn-
thesizes these responses into re�ned prompts that capture their
clari�ed intent. APE is designed for scenarios where users have
latent visual preferences but struggle to articulate them precisely
through text, a documented challenge in text-to-image generative
interaction [28, 54].

Technically, to bridge the gap between user intent and the model,
we establish an explicit set of interpretable visual features as a par-
tial observation of users' latent intent, operationalized through
language model priors that map natural language to structured
feature requirements. APE maintains a belief distribution over pos-
sible intents and selects visual queries grounded in an information-
theoretic framework [9, 64], providing a powerful model-based
framework for choosing designs automatically. Speci�cally, it en-
sures that each query maximally reduces misalignment about intent
while respecting constraints on user interaction time. By grounding
the elicitation process in a coherent probabilistic framework, APE
adaptively tailors queries to individual users and tasks, achieving
well-aligned images within a few iterations.

Our complementary evaluations provide convergent evidence for
APE's e�ectiveness and e�ciency. On two text-to-image generation
benchmarks, IDEA-Bench [47] and DesignBench [27], APE achieves
stronger alignment between generated images and ground-truth
intents compared to baseline prompting approaches, while requir-
ing signi�cantly fewer interaction steps. A user study with 128
participants with varying experience levels further validates these
�ndings in ecologically valid settings with self-de�ned creative
tasks. Participants reported a 19.8% increase in perceived alignment
between generated outputs and their intention compared to man-
ual prompting. Qualitative analysis reveals that APE's interactive
elicitation process helps users discover and articulate preferences
they could not initially verbalize, suggesting that the approach not
only elicits existing intent but facilitates intent formation through
guided exploration [52, 66].

Our primary contributions are as follows:

� We present a novel adaptive prompt elicitation method that
formalizes prompt optimization as interactive intent infer-
ence over interpretable feature spaces under an information-
theoretic framework, integrating principled query genera-
tion with visual interaction design for text-to-image genera-
tion.

� We demonstrate through systematic evaluations that APE
achieves superior alignment with improved e�ciency across
both controlled benchmarks and user-de�ned tasks, showing
that visual query interactions can serve as an e�ective and
accessible complement to text-based prompting.

Our work demonstrates that reframing prompting as bi-directional
communication, where systems actively elicit preferences rather
than passively interpret text, can address alignment challenges that
model improvements alone fall short of. By combining information-
theoretic query selection with transparent, editable representa-
tions, APE makes text-to-image generation more accessible to
general users. Source code is available at https://github.com/e-
wxy/Adaptive-Prompt-Elicitation.

2 Related Work
Our work draws upon research across three primary areas: prompt
optimization for text-to-image generation, interactive techniques
in text-to-image systems, and preference learning from human
feedback.

https://doi.org/10.1145/3742413.3789149
https://doi.org/10.1145/3742413.3789149


Adaptive Prompt Elicitation for Text-to-Image Generation IUI '26, March 23�26, 2026, Paphos, Cyprus

2.1 Prompt Engineering for Text-to-Image
Generation

Early research established foundational principles for prompt de-
sign. Liu et al. [51] provided comprehensive guidelines on prompt
keywords and model hyperparameters, while Oppenlaender [59]
systematically categorized prompt modi�ers through an ethno-
graphic study, identifying six key types: subject terms, style modi-
�ers, image prompts, quality boosters, repeating terms, and magic
terms. These guidelines consistently suggest that more detailed and
speci�c prompts tend to produce higher-quality images.

Complementing this line of work, automatic prompt optimiza-
tion techniques have been proposed to help users write e�ective
prompts without extensive learning. A prominent approach in-
volves training specialized language models as prompt optimizers.
Promptist [29] and BeautifulPrompt [7] combine supervised learn-
ing on curated preference data with reinforcement learning from
AI feedback to improve semantic alignment and aesthetic quality.
Prompt Expansion [15] and UF-FGTG [32] train deep generative
models to transform input prompts into high-quality, detailed de-
scriptions using large-scale prompt expansion datasets, thereby
enhancing the aesthetic quality and diversity of generated images.
More recently, large language models have been explored as black-
box prompt optimizers [10, 31, 50, 56], leveraging their natural
language understanding capabilities to re�ne user inputs.

While manual prompt design o�ers more precise control and
user agency, it su�ers from steep learning curves and strong model-
speci�c knowledge requirements, limiting scalability across users
and use cases [28, 54]. Automatic prompt optimization reduces
the need for user expertise but often overlooks the fundamental
challenge of enabling users to express their intentions precisely, as
well as the personalized and nuanced nature of user preferences
[27, 54, 82].

2.2 Interaction Techniques in Text-to-Image
Generation

Interaction techniques have emerged as a critical middle ground
between manual prompt engineering and fully automatic optimiza-
tion. By integrating human feedback into the generation loop, these
techniques seek to bridge the gap between abstract user intent
and concrete model outputs. We categorize prior work into three
primary paradigms: interface-driven exploration, mixed-initiative
control, and query-based ambiguity resolution.

To mitigate the trial-and-error nature of prompting, several sys-
tems provide structured interfaces for exploring the prompt space.
Promptify [4], PromptMagician [21], and PrompTHis [25] support
iterative re�nement through prompt suggestions and history visu-
alization. PromptMap [1] visualizes large collections of prompts
as semantic maps, helping users navigate high-dimensional design
spaces by clustering similar aesthetic outcomes. ThematicPlane [44]
enables users to navigate and manipulate high-level semantic con-
cepts within an interactive thematic design plane. While these tools
reduce the memory burden of tracking iterations, they still rely on
users to manually evaluate and synthesize multiple prompt candi-
dates, which can become cognitively overwhelming as the search
space grows.

Moving beyond simple text entry, recent work has introduced
mixed-initiative systems that combine automated optimization with
�ne-grained user control. PromptCharm [84] exempli�es this ap-
proach by integrating an automated prompt optimizer (Promp-
tist [29]) with explainable AI features, such as visualizing token-
level attention to help users understand how speci�c words in�u-
ence the generated image and enable targeted re�nement. Other
systems expand the interaction modalities: PromptPaint [13] and
SketchFlex [48] allow users to constrain generation through spatial
sketches, while AdaptiveSliders [36] enables continuous adjust-
ment of semantic concepts. StyleFactory [92] facilitates style align-
ment by o�ering an interactive interface for granular style-strength
adjustment and systematic evaluation. Brickify [73] supports ex-
pressive design intent speci�cation through direct manipulation
of design tokens. Although these methods o�er expressive control,
they often raise the barrier to entry, as interpreting attention maps
or specifying spatial constraints may require technical expertise or
artistic skills that novice users may lack.

Most closely related to our work, Proactive Agent [27] parses
user prompts into belief graphs to identify underspeci�ed attributes
or entities, and generates clarifying questions to �ll these gaps.
Twin-Co [82] uses image captioning to detect discrepancies be-
tween user descriptions and generated outputs, then asks targeted
questions to resolve mismatches. These pioneering works estab-
lish query-based interaction as a powerful paradigm for eliciting
intent. However, query e�ciency and the articulation burden of
textual interaction remain underexplored. APE addresses these lim-
itations by grounding query generation in information-theoretic
principles and shifting from textual to visual interaction, enabling
more e�cient and accessible preference elicitation with potential
to generalize to more complex professional design tasks.

2.3 Preference Learning from Human Feedback
Preference learning from human feedback has emerged as a pow-
erful paradigm for aligning generative models with user intent.
Reinforcement Learning from Human Feedback (RLHF) enables
the training of models using comparative human feedback with-
out requiring task-speci�c reward engineering [11]. Optimization
methods such as Proximal Policy Optimization (PPO) [61, 71] and
Direct Preference Optimization (DPO) [63] have been proposed to
align language models with human preferences. Recent extensions
of RLHF have been applied to image generation, where large-scale
preference signals are leveraged to train text-to-image models, lead-
ing to improvements in aesthetic quality, prompt alignment, and
visual �delity [3, 45, 88].

Beyond o�ine population-level training, Interactive Machine
Learning (IML) [18] facilitates real-time adaptation to user feedback.
Given the high cost of human attention, sample e�ciency is para-
mount. Information-theoretic frameworks, such as Bayesian exper-
imental design, provide principled foundations for making optimal
decisions in this context [9, 35, 64, 75]. Such principles underpin ac-
tive learning strategies for acquiring labeled data [23, 33, 37, 39, 53],
and manifest speci�cally as active preference learning, which fo-
cuses on e�ciently eliciting user preferences through strategic
query selection. Related ideas have been widely explored within
Preferential Bayesian Optimization (PBO) [24], which aims to �nd
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the optimum of black-box functions based on preference feedback,
and applied to assist users in various design tasks, including visual-
ization, photography, and typography [5, 41, 42, 78, 89]. BayesGe-
nie [6] further integrates Bayesian Optimization with large lan-
guage models (LLMs) to optimize image editing parameters based
on user feedback. However, these methods typically operate over
prede�ned continuous parameter spaces, limiting their applicability
to open-ended tasks where user requirements are heterogeneous,
not known a priori, and di�cult to parametrize numerically.

More recently, LLM-based preference elicitation methods have
emerged that use language models to learn user preferences through
natural language dialogue [40,46,55], enabling more �exible design
spaces and a more natural alignment with human intent.

Building upon these insights, this work extends active preference
learning to text-to-image generation by grounding information-
theoretic query selection in interpretable visual feature spaces. Un-
like prior methods that operate over �xed low-dimensional param-
eter spaces [6], APE uses dynamically generated visual queries to
reduce articulation burden while maintaining principled optimiza-
tion of intent alignment.

3 Adaptive Prompt Elicitation
This section presentsAdaptive Prompt Elicitation (APE), our
interactive method for aligning text-to-image generation with user
intent through strategic visual queries. We �rst illustrate the system
through a walkthrough scenario, then formalize the alignment
problem and describe our technical approach.

3.1 System Walkthrough
We introduce APE through a realistic scenario where Sarah, a hiking
enthusiast with no prompt engineering experience, wants to create
an app icon for her club's upcoming events. Sarah begins with
a simple, underspeci�ed prompt:�an app icon for hiking.�Based
on this initial input, the system presents a visual query � �What
should be the main visual element?� � accompanied by several
image options, including mountains, backpacks, boots, and trails
(Figure 2A). Sarah selects the mountain option, which best aligns
with her design intent. APE then updates its interpretation of her
intent and generates the next visual query accordingly. If none of
the options are satisfactory, Sarah can specify her preferences using
the �Other� option.

Each selection incrementally re�nes Sarah's design intent, which
is continuously re�ected and updated in the requirements panel
(Figure 2B). In addition to responding to system-generated visual
queries, Sarah can directly add or modify the textual requirements
in this panel to further articulate her desired outcome. Once the
requirements are �nalized, she clicks �Submit� (Figure 2C) to gen-
erate an image. This process can be repeated iteratively until she
achieves a satisfactory result.

3.2 Problem Formulation
Let c represent a text-to-image model that maps promptsG to
distributions over images~. Each user has a latent visual intent\ �

that characterizes their preferences across visual features like style,
composition, mood, and subject matter. The goal is to �nd a prompt
G� that generates images maximally aligned with the user's true

intent:

G� = arg max
G2X

E~� c ¹� jGº »* \ � ¹~º¼ (1)

where* \ � is the alignment utility function parameterized by\ � .
This formulation assumes access to the user's true intent\ � , which
is unknown in practice.

In manual prompt engineering, users attempt to learn a mapping
5c : � ! X that translates latent intent\ � into e�ective prompts,
despite limited knowledge of the modelc and the di�culty of
expressing abstract visual concepts in natural language. This results
in ine�cient trial-and-error search in a high-dimensional prompt
space.

Automatic prompt optimization instead learns a transformation
6c : X ! X that re�nes an initial prompt. While e�ective at
capturing population-level preferences through curated data, these
methods may fail to adapt to individual users and assume that the
initial prompt su�ciently re�ects the user's latent intent.

Both paradigms su�er from complementary forms of information
asymmetry: users do not know how the model interprets prompts,
while the system does not know the user's true intent. We address
these limitations via a bi-directional interactive optimization, which
jointly optimizes prompts while adaptively eliciting\ � through user
interaction, bridging the gap between what users envision and what
models produce.

3.3 System Overview
APE consists of three main components that work in concert to
elicit user intent and generate optimized prompts (Figure 3): (1)
User Intent Modeling , which represents and updates beliefs about
user preferences; (2)Adaptive Query Generation , which selects
informative visual queries based on current uncertainty; and (3)
Prompt Synthesis , which translates elicited intent into e�ective
prompts. We describe each component in detail below.

3.4 User Intent Modeling
The intent modeling component maintains and re�nes APE's un-
derstanding of the user's latent visual intent\ � as responses are
collected. We parameterize the user's intent through visual features.
Let V denote the space of relevant visual features (e.g., "artistic
style," "lighting," "color palette"), where each featureE2 V has an
associated value domain (e.g., "impressionist" or "photorealistic"
for style). The user's true intent\ � speci�es desired values for each
feature. Rather than committing to a single hypothesis in the full
feature space, APE represents uncertainty through a partial speci�-
cation' Cand models plausible completions using language model
priors.

Partial Intent Speci�cation.At iteration C, APE maintains a struc-
tured speci�cation' C= f¹ E8•B8ºgconsisting of feature-value pairs.
Each pair¹E8•B8º indicates that visual featureE8 (e.g., �artistic style�,
�lighting�) should take valueB8 (e.g., �watercolor�, �golden hour�).
Initially, ' 0 summarizes features explicitly stated in the user in-
put. As users respond to queries,' Cgrows incrementally:' Ç 1 =
' C[ f¹ E@C• 0CºgwhereE@C is the queried feature and0Cis the user's
selected value. This representation serves as a transparent interface
between user and model, allowing the system to update its belief



Adaptive Prompt Elicitation for Text-to-Image Generation IUI '26, March 23�26, 2026, Paphos, Cyprus

Figure 2: User interface design. The left area functions as feature speci�cation, consisting of (A) question panel that presents
visual queries, and (B) requirements panel that presents visual feature requirements speci�ed during the interactions. (C)
The user can generate an image by clicking the �Submit� button, which translates the requirements into e�ective prompts to
generate an image.

adaptively. Additionally, it provides an interpretable trace of elicited
preferences that users can review and modify if needed.

Dynamic Feature Space.To better adapt to the user's needs, in-
stead of �xing the feature taxonomy a priori, APE's feature space
VCevolves dynamically based on context. Speci�cally, we utilize
the LLM's in-context learning ability to propose relevant features
conditioned on the current speci�cation' C. For example, if' C
contains (subject, �portrait�), the LLM might propose features like
�facial expression�, �gaze direction�, or �background style� that are
semantically relevant to portraits but not to landscape scenes. This
adaptive approach ensures queries remain contextually appropriate
and generalizable to various tasks. We prompt the LLM with' Cand
request: �Given these speci�ed visual features, what other impor-
tant features would help clarify the user's vision?� The LLM returns
a list of candidate featuresVC = fE1• E2• ” ” ” • E=g, which forms the
basis for query generation.

LLM Persona for Uncertainty Modeling.When' C is underspeci-
�ed, many complete intents\ remain consistent with the speci�ed
features. APE reasons about this uncertainty by modeling the dis-
tribution over plausible complete intents through theLLM persona,
denoted?L ¹\ j ' Cº. The LLM persona captures prior knowledge

of visual intent based on the LLM's training on diverse visual de-
scriptions.

Handling User Response.When the user selects value0C for
queried featureE@C, we update the speci�cation to' Ç 1 = ' C [
f¹ E@C• 0Cºgand update the posterior of user intent via?L ¹� j ' Ç 1º.
This resampling incorporates the user's feedback, causing the LLM
to generate samples consistent with both previous and newly spec-
i�ed features. Through iterative re�nement, the sampled intents
progressively converge toward the user's true latent intent\ � .

3.5 Adaptive Query Generation
The query generation component determines which visual feature
to query next. Although a straightforward approach that enumer-
ates all features would yield complete knowledge of user intent,
it risks expending user e�ort on irrelevant or low-impact dimen-
sions. We formulate query generation as a decision-making problem
within an information-theoretic framework [9, 35, 64], with the ob-
jective of proposing queries that are expected to maximally increase
alignment utility.

Candidate Query Generation.At iteration C, we �rst generate a
set of candidate queriesQCfrom the dynamic feature spaceVC. For
each candidate featureE 2 VC that has not yet been speci�ed in
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Figure 3: APE's computational pipeline. The system maintains a user intent model over visual features, adaptively generates
visual queries to infer the user's intent, and then synthesizes optimized prompts for text-to-image generation models.

' C, we generate diverse value options that partition the feature's
domain. To ensure complete coverage when �nite options cannot
exhaustively represent all possibilities, we include a residual option
(�Other�) that allows users to indicate their preference lies outside
the presented choices. If selected, this triggers a follow-up free-
form query where users can specify their desired value in natural
language.

Adaptive Query Selection.For each candidate query@about fea-
tureE@with options fB1• ” ” ” •B< g, we de�ne the Expected Alignment
Utility Gain (EAUG) as:

EAUG¹@;' Cº = UE@ � � »?¹� j E@• ' Cº¼

= � UE@

<Õ

8=1

?¹B8 j E@• ' Cº log?¹B8 j E@• ' Cº
(2)

where� »?¹� j E@• ' Cº¼denotes the Shannon entropy quantifying
our uncertainty about which value the user prefers for featureE@,
which collapses to zero upon observing a de�nitive response, assum-
ing user feedback is su�ciently reliable and can be calibrated. The
weighting factorUE@ captures the extent to which featureE@in�u-
ences overall alignment. For computational tractability, we approx-
imate these quantities using the LLM persona samplesf \ ¹: ºg 

: =1
drawn from the user intent model.

APE selects the query that maximizes the improvement in align-
ment quality:

@�
C = arg max

@2 QC
EAUG¹@;' Cº (3)

This strategy prioritizes queries about features that both have un-
certain outcomes and substantially impact �nal alignment quality.

Visual Query Presentation.Once query@�
C = ¹E@C•fB1• ” ” ” •B< gº

is selected, APE generates visual exemplars to present each option.
For each value optionB8, we:

(1) Construct a prompt that emphasizes the target feature-value
pair:G8 = 5¹f¹ E@C•B8ºg j ' Cº, where5 is a prompt synthesis
function as described in Section 3.6

(2) Generate an exemplar image:~8 � c ¹� j G8º using the base
text-to-image generation model

(3) Present imagesf~1• ” ” ” •~< g side-by-side with descriptive
labels

To emphasize the queried feature, we use a �xed random seed
and identical generation parameters across all options, varying
only the feature-speci�c prompt component. This controlled setup
isolates the e�ect of the target feature while keeping other visual
aspects consistent.

The query interface presents a simple multiple-choice question:
�Which [feature name] best matches your vision?� followed by
the labeled exemplar images. Users select their preferred option
through a single click, instead of articulating preferences textually.
This leverages recognition rather than recall, substantially reducing
the articulation burden.

3.6 Prompt Synthesis
The prompt synthesis component translates the elicited intent spec-
i�cation ' ) into an optimized natural language prompt. We formal-
ize synthesis as a function5 : R ! X that maps explicit intents to
text prompts.

G� = 5¹' ) º = L¹ <•2c • ' ) º (4)

whereL is a large language model,< is a meta-prompt that guides
synthesis, and2c is the context regarding the targeted image gen-
eration model. The meta-prompt< orchestrates synthesis in two
stages: We �rst askL to generate prompt engineering guidelines
speci�c to the target modelc . These elicited guidelines6 encode
model-speci�c best practices. Using6 as context, we instructL to
synthesize a prompt incorporating all features from' ) .

This adaptive design ensures synthesis is both faithful to user
intent and optimized for model-speci�c conventions. By explic-
itly eliciting guidelines, we make the LLM's prompt engineering
knowledge transparent and consistent.
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We now validate its e�ectiveness through systematic evaluation.
The following two sections assess APE's performance through com-
plementary lenses: controlled technical evaluation with ground-
truth benchmarks (Section 4) establishes whether the approach
achieves its core objectives of improving alignment and e�ciency,
while subsequent user studies (Section 5) examine how these tech-
nical capabilities translate to real-world user experience.

4 Technical Evaluation
To establish APE's technical capabilities, we conducted a controlled
evaluation on benchmarked tasks with ground-truth references.
This evaluation addresses fundamental questions about APE's core
mechanisms: whether adaptive query elicitation improves align-
ment quality, and how e�ciently information-theoretic query se-
lection converges compared to alternative strategies. We employed
LLM-based user simulators that responded to visual queries ac-
cording to prede�ned targets, enabling us to (1) evaluate at scale
across diverse tasks and (2) systematically compare strategies under
identical conditions.

Our evaluation addresses two research questions:

� RQ1: Does APE improve alignment between user intent and
generated images compared to existing prompt optimization
approaches?

� RQ2: How e�ciently does APE converge to high-quality
prompts, and how does information-theoretic query selec-
tion compare to alternative strategies?

We evaluate these questions across two complementary bench-
marks: DesignBench for users with visual preferences but limited
articulation ability, and IDEA-Bench for users with clear conceptual
goals requiring translation into e�ective prompts. Together, these
benchmarks provide comprehensive coverage of text-to-image use
cases and establish APE's technical foundations before examining
real-world user experience in Section 5.

4.1 Method
4.1.1 Datasets.We evaluated APE on two complementary bench-
marks that represent di�erent user scenarios and task complexities:

� DesignBench [27]: comprises 30 diverse cases for daily
usage, including hand-drawn cartoons, surreal photorealistic
scenes, and artistic photographs. Each case provides an initial
prompt, a target image, and a detailed description.

� IDEA-Bench [47]: encompasses comprehensive professional
design and art tasks for image generation, distilled from
real-world design cases across various platforms. From the
complete dataset containing both text-to-image and image-
to-image tasks, we selected 29 text-to-image generation cases
spanning architectural style, business cards, sculptures, tick-
ets, landmarks, logos, posters, and interior design. Each case
includes a concise task description and a ground truth text
prompt. We generated reference images using the ground
truth prompts with FLUX.1 [43] (5 images per case to estab-
lish robust references).

Together, these benchmarks cover the spectrum from intuitive
visual preferences to structured design requirements, providing
comprehensive coverage of text-to-image use cases.

4.1.2 User Simulation.To enable systematic evaluation at scale
while maintaining experimental control, we developed LLM-based
user simulators that represent di�erent user pro�les:

� Vision-Based Simulator (DesignBench). We employed an
LLM as a multi-modal user simulator that receives the target
image as its �unarticulated vision.� The simulator responds to
visual queries by analyzing the reference image, mimicking
users who know what they want when they see it but cannot
describe it initially. This approach simulates the common
scenario where users specify their preferences through visual
feedback.

� Intent-Based Simulator (IDEA-Bench). For professional
design tasks, we used an LLM simulator that adopts the
ground truth prompt as its internal �creative brief.� This
con�guration represents users with well-de�ned conceptual
goals who need assistance translating intent into e�ective
model input.

To ensure response quality and prevent hallucination, we de-
signed simulation prompts using Chain-of-Thought reasoning [86],
requiring simulators to analyze options before selection. To prevent
leaking the ground truth to APE, only the question answer updates
the feature speci�cation' C, with explanatory reasoning discarded.

While simulated users cannot fully replicate human preference
formation or capture the complexity of human perception, they
provide essential advantages for technical evaluation: perfect ex-
perimental control, reproducibility across conditions, elimination
of learning e�ects, and the ability to test at scale across diverse
scenarios. These controlled conditions allow us to isolate APE's
technical contributions.

4.1.3 Baselines.We compare APE against three conditions:

� Unoptimized : The initial prompts, establishing the starting
point and demonstrating overall improvement.

� Automatic Prompt Optimization (APO) : A non-interactive
automatic optimization approach that uses language mod-
els to re�ne initial prompts provided by the user [29]. This
isolates the value of interactive elicitation.

� In-Context Query : An interactive baseline that generates
queries based on LLM in-context reasoning without princi-
pled information-theoretic selection. This isolates the con-
tribution of our adaptive query selection strategy.

4.1.4 Evaluation Metrics.We employed multi-modal alignment
metrics to comprehensively assess di�erent aspects of generation
quality:

Image-Image Similarity measures visual �delity between gen-
erated and reference images using DreamSim [22], a perceptual
similarity metric trained on human judgments, and DINOv2 [60], a
self-supervised vision transformer capturing semantic visual fea-
tures. These metrics assess whether the generated images visually
resemble the intended target.

Text-Text Similarity evaluates prompt quality by measuring
semantic similarity between synthesized prompts and ground truth
descriptions. We used E5 [83], a state-of-the-art text embedding
model with strong cross-task transfer, and OpenAI's text-embedding-
3-large [58]. High text-text similarity indicates that APE success-
fully elicits and encodes the intended semantic content.
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Text-Image Similarity assesses cross-modal consistency be-
tween generated images and textual descriptions using VQAS-
core [49], which leverages visual question answering models to
compute alignment by measuring the probability of a�rmative
responses to �Does this �gure show [text]?� This metric captures
whether the visual output matches the linguistic speci�cation.

This multi-metric approach captures complementary aspects
of alignment: visual �delity (image-image), semantic correctness
(text-text), and cross-modal consistency (text-image).

4.1.5 Apparatus.Our evaluation employed the following con�gu-
ration: We used the FLUX.1-schnell text-to-image model [43] ac-
cessed via the Fal API1 with eight inference steps, providing a
balance between generation quality and computational e�ciency.
The user simulator is based on GPT-4o-mini [58], accessed through
the OpenAI API. Each simulation proceeded for a maximum of 15
iterations, ensuring su�cient exploration while maintaining realis-
tic interaction limits. In each round, up to �ve candidate queries
were generated, each with a maximum of �ve options, o�ering
diverse yet cognitively manageable choices. Finally, we performed
�ve independent experimental runs per case to establish reliable
con�dence intervals.

4.2 Improved Alignment Quality (RQ1)
4.2.1 Overall Performance.Table 1 presents comprehensive align-
ment results across both datasets. APE achieves the best perfor-
mance in 8 of 10 metric-dataset combinations, demonstrating consis-
tent improvements across diverse scenarios and evaluation modali-
ties. This multi-metric consistency suggests that APE e�ectively
bridges the gap between user intent and model interpretation.

For IDEA-Bench's challenging professional design scenarios,
APE demonstrates substantial gains over the baseline. Image similar-
ity metrics show marked improvements (DINOv2: +30.2%, Dream-
Sim: +12.1%), indicating that interactive elicitation provides consid-
erable value for complex creative tasks requiring domain-speci�c
vocabulary and nuanced speci�cations. These gains are particularly
pronounced compared to the more modest improvements observed
on DesignBench, suggesting that APE's bene�ts scale with task
complexity.

Comparing APE and In-Context Query against APO reveals the
critical value of bidirectional communication. APO shows minimal
improvement over baseline across both datasets, highlighting a
fundamental challenge of non-interactive approaches: discovering
user preferences that remain unexpressed in the initial prompt.
Even sophisticated language models operating on user input alone
lack su�cient signal to infer latent visual intentions, underscoring
the necessity of explicit preference elicitation.

APE's advantages over In-Context Query demonstrate the prac-
tical bene�ts of principled query generation. While both methods
engage users interactively, APE's information-theoretic approach
systematically identi�es more informative and impactful features,
translating to measurably better alignment outcomes. This advan-
tage appears across multiple metrics and task types, validating the
theoretical foundation of our query selection strategy.

1https://fal.ai/, accessed on Oct 10, 2025

4.2.2 Task-Specific Performance.Table 2 reveals heterogeneous
performance across IDEA-Bench's nine design categories, providing
insights into how task characteristics interact with our elicitation
approach.

Three categories demonstrate substantial gains: Interior Design
(DINOv2: +85.4%, DreamSim: +22.7% over baseline), Poster De-
sign (DINOv2: +83.7%, DreamSim: +8.6%), and Logo Design (DI-
NOv2: +59.3%, DreamSim: +18.3%). These tasks require coordinat-
ing multiple interdependent visual elements where initial prompts
underspecify numerous critical attributes. Architectural Style (DI-
NOv2: +29.6%, DreamSim: +2.0%) and Painting (DINOv2: +18.1%,
DreamSim: +8.3%) show moderate gains with notable metric diver-
gence�substantial DINOv2 improvements coupled with minimal
DreamSim changes may re�ect limitations in DreamSim's ability to
detect �ne-grained visual re�nements. Landmark Building shows
modest gains (DINOv2: +7.2%, DreamSim: +3.4%), with APE and
In-Context Query performing comparably. We hypothesize this
occurs because models possess strong priors for well-documented
landmarks from training data, making additional elicitation less
critical. Interestingly, In-Context Query (DINOv2: 0.577) slightly
outperforms APE (DINOv2: 0.499) in Business Card design. This
anomaly suggests that for highly constrained tasks with limited
degrees of freedom, strategic query selection may provide minimal
advantage over simpler interactive approaches.

It is important to note that image similarity metrics may not
fully capture �ne-grained professional design quality. For Sculpture,
where the underlying text-to-image model is known to struggle
with geometrically accurate three-dimensional forms, and Ticket
Design, where the model notoriously fails at rendering coherent
text [47], similarity metrics may primarily capture whether the cor-
rect object category is present rather than professional design qual-
ity such as anatomical accuracy or typography legibility. The ob-
served improvements in these categories, while statistically mean-
ingful, should be interpreted with caution as metric gains may
not correspond to perceptually meaningful quality di�erences for
humans.

4.3 Improved Query E�ciency (RQ2)
Figure 4 tracks alignment quality evolution across interaction rounds,
revealing APE's superior convergence properties. On both datasets,
APE reaches higher �nal alignment scores while requiring fewer
interactions, with e�ciency gains particularly pronounced in early
iterations. This pattern suggests that APE's principled query strat-
egy identi�es high-impact features during this critical early phase,
enabling rapid convergence toward user intent. This e�ciency
advantage is more pronounced on IDEA-Bench, suggesting that
professional design tasks with richer feature spaces amplify the
value of strategic query selection. APE demonstrates steeper initial
improvement followed by gradual re�nement, indicating that it
e�ectively prioritizes foundational design decisions�those with
broad downstream impact�before addressing �ne-grained details.

The observed e�ciency gains translate to meaningful practical
bene�ts. Reducing the number of required interactions decreases
both user e�ort and cumulative interaction time. For text-to-image
systems where each generation cycle incurs computational cost and
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Table 1: Alignment quality on DesignBench and IDEA-Bench (mean � 95% CI). Best results per row bolded.

Dataset Modality Metric " Unoptimized APO In-Context APE (Ours)

D
es

ig
nB

en
ch

Text-Text
E5 0.887� 0.05 0.894� 0.05 0.898� 0.02 0.899� 0.02

OpenAI 0.732� 0.12 0.789� 0.10 0.811� 0.04 0.797� 0.04

Image-Image
DINOv2 0.664� 0.32 0.668� 0.33 0.676� 0.15 0.679� 0.16

DreamSim 0.639� 0.16 0.633� 0.15 0.636� 0.08 0.654� 0.08

Text-Image VQAScore 0.891� 0.14 0.890� 0.15 0.901� 0.04 0.904� 0.03

ID
E

A
-B

en
ch Text-Text

E5 0.888� 0.06 0.886� 0.04 0.903� 0.01 0.901� 0.02

OpenAI 0.785� 0.09 0.758� 0.12 0.788� 0.04 0.792� 0.04

Image-Image
DINOv2 0.471� 0.32 0.513� 0.30 0.596� 0.14 0.613� 0.14

DreamSim 0.554� 0.21 0.557� 0.18 0.611� 0.09 0.621� 0.09

Text-Image VQAScore 0.675� 0.23 0.675� 0.23 0.674� 0.11 0.678� 0.10

Table 2: Task-speci�c alignment quality on IDEA-Bench across design categories (mean � 95% CI). Best results per row bolded.

Design Type Metric " Unoptimized APO In-Context APE (Ours)

Architectural Style
DINOv2 0.432� 0.07 0.481� 0.08 0.503� 0.10 0.560� 0.06

DreamSim 0.586� 0.04 0.576� 0.01 0.520� 0.03 0.598� 0.02

Business Card
DINOv2 0.474� 0.09 0.453� 0.07 0.577� 0.09 0.499� 0.11

DreamSim 0.477� 0.05 0.471� 0.04 0.527� 0.03 0.508� 0.02

Interior Design
DINOv2 0.362� 0.04 0.619� 0.08 0.622� 0.05 0.671� 0.07

DreamSim 0.576� 0.04 0.634� 0.03 0.684� 0.01 0.707� 0.02

Painting
DINOv2 0.386� 0.06 0.372� 0.06 0.451� 0.03 0.456� 0.05

DreamSim 0.555� 0.06 0.554� 0.07 0.577� 0.05 0.601� 0.05

Sculpture
DINOv2 0.601� 0.07 0.611� 0.04 0.667� 0.04 0.737� 0.02

DreamSim 0.544� 0.02 0.545� 0.03 0.635� 0.02 0.630� 0.04

Ticket Design
DINOv2 0.560� 0.04 0.561� 0.06 0.551� 0.05 0.545� 0.06

DreamSim 0.570� 0.03 0.580� 0.01 0.609� 0.05 0.621� 0.03

Landmark Building
DINOv2 0.788� 0.04 0.813� 0.05 0.854� 0.01 0.845� 0.02

DreamSim 0.756� 0.02 0.793� 0.02 0.768� 0.01 0.782� 0.03

Logo Design
DINOv2 0.396� 0.03 0.567� 0.05 0.625� 0.03 0.631� 0.06

DreamSim 0.480� 0.03 0.489� 0.03 0.574� 0.05 0.568� 0.08

Poster Design
DINOv2 0.319� 0.06 0.465� 0.06 0.548� 0.02 0.586� 0.03

DreamSim 0.545� 0.03 0.569� 0.02 0.605� 0.02 0.592� 0.03

user attention, this e�ciency improvement represents substantial
value in real-world deployment scenarios.

5 User Evaluation
While the technical evaluation (Section 4) demonstrates APE's per-
formance on controlled benchmarks with ground-truth intents,
real-world deployment requires understanding how the system
performs with actual users pursuing open-ended creative goals. To
address this, we conducted a between-subjects user study with 128
participants recruited from Proli�c2. Unlike the technical evalua-
tion, where ground truth was available for objective comparison,

2https://www.proli�c.com/, accessed on Oct 10, 2025

the user study focuses on subjective alignment quality, cognitive
workload, and interaction e�ciency as perceived by users with
varying levels of prior experience engaging with self-de�ned cre-
ative tasks.

The study evaluates APE using a prototyped user interface (Fig-
ure 2) that re�ects how the system would be deployed in practice,
and compares it against manual prompt engineering, a baseline
condition representing the current standard in which users itera-
tively re�ne textual prompts. This comparison is guided by three
research questions:

� RQ3:How do users perceive the alignment of the generated
image with their design intent when using APE compared
to manual prompt engineering?
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Figure 4: The progress of alignment over iterations, evaluated by image-image similarity (DreamSim ") with 95% CI. APE
demonstrates faster convergence and higher �nal alignment compared to In-Context Query.

� RQ4:How does APE a�ect users' perceived cognitive work-
load relative to traditional prompting approaches?

� RQ5:How does APE a�ect interaction e�ciency in terms of
iterations required to achieve aligned results?

These questions complement the technical evaluation by exam-
ining whether APE's computational advantages translate to mean-
ingful improvements in user experience. The following subsections
detail our methodology, present quantitative and qualitative �nd-
ings.

5.1 Method
5.1.1 Participants.We recruited 128 participants from Proli�c meet-
ing the following criteria: at least a 99% historical approval rate,
more than 100 historical submissions, pro�ciency in English, and
having normal or corrected-to-normal vision. The sample included
48 female, 74 male, and 6 non-binary participants (" 064 = 34”4,
(� = 10”8). We did not �lter by design expertise, aiming to capture
a naturalistic distribution of users who might encounter these tools.
This resulted in a diverse sample spanning varied levels of prior
experience with LLMs, text-to-image systems, and design activities
(see Table 4). Each session lasted approximately 25 minutes, and
participants received ¿4 as compensation.

5.1.2 Task and Apparatus.Each participant was given a task sce-
nario from a set of eight design types: interior design, painting,
photography, app icon design, poster design, logo design, fashion
design, and architectural style design. Given the scenario, partic-
ipants decided their design idea and interacted with either our
method or the baseline method to generate an image. The task
descriptions are shown in Table 3. We selected these scenarios be-
cause they combine commonly used benchmarks in text-to-image
generation research with familiar, everyday creative tasks. By cov-
ering a wide range of contexts�from artistic creation (painting,
fashion design) to practical design (logos, app icons, posters) and

imaginative visualization (dream interiors, ideal architecture)�we
ensured both task diversity and participant familiarity. This bal-
ance encourages natural engagement and enables us to assess how
generative models perform across a broad spectrum of creative
objectives.

The user study was deployed on a web-based interface. The
server side integrated our APE algorithm, supporting real-time
interaction with the text-to-image model.

5.1.3 Experimental Design.We compared two conditions:
� Baseline (Manual Prompt Engineering). Participants

could freely edit prompts and iteratively generate images.
They could re�ne the prompt as many times as they wished
within a 15-minute limit. This setup mirrors commonly used
text-to-image tools.

� APE (Adaptive Prompt Elicitation ). Participants com-
pleted the task using our proposed APE system. Instead of
manually editing prompts, the system engaged participants
through adaptive, informative questions and automatically
translated their elicited requirements into prompts. The in-
teraction time was matched to the Baseline condition (15
minutes).

To avoid learning and ordering e�ects, we adopted a between-
subjects design where each participant was assigned one condition
and one task. Each task was used equally often per condition. We
conducted a power analysis using G*Power [20] for a two-condition
between-subjects design. Assuming a moderate e�ect size (5 = 0”5),
U = 0”05, and statistical power of 0.8, the required sample size was
estimated at 128 participants.

5.1.4 Procedure.The experiment followed a structured sequence:
(1) Introduction. After reading an introduction to the study,

participants provided informed consent and completed a
pre-task survey assessing their prior experience with LLM
tools, text-to-image systems, and design-related activities.
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They then received a short tutorial on the assigned system,
followed by a brief comprehension quiz.

(2) Generation Task. Participants were assigned one of the
eight generation tasks and were encouraged to think about
their desired outcome. They then used the assigned system
for up to 15 minutes to generate images, with the option to
stop earlier once being satis�ed with the result.

(3) Post-task Questionnaires. After completing the task, par-
ticipants �lled out questionnaires assessing the alignment,
task workload and e�ectiveness of questions.

5.1.5 Measurements.We measured three aspects:alignment ,work-
load ande�ciency .

Alignment . Since no standardized measure exists for assess-
ing AI-alignment with user intentions in open-ended tasks, we
deployed a custom questionnaire that draws conceptually from
prior discussion of alignment gaps in these scenarios [77]. The
questionnaire focuses on four dimensions: thecapability gap, the
instruction gap, and theintentionality gap, along with anoverallas-
sessment of envisioning-support of the system. For each dimension,
participants responded to one pair of positively and negatively va-
lenced statements re�ecting potential system support or limitations
(see Appendix A.3.1). All items were rated on a 7-point Likert scale
(1 = strongly disagree, 7 = strongly agree), and negatively-worded
items were reverse-scored before averaging across each dimension.

Task workload. was measured using the NASA Task Load Index
(NASA-TLX) [30], a widely validated multidimensional measure of
subjective workload.

E�ciency . was measured through:

� Iteration Count: The number of iterations required for
participants to obtain a satisfactory image.

� Useful Question Ratio: The proportion of visual questions
generated by the system that participants rated as useful.

Open-ended feedback. In addition, we collected open-ended,
qualitative feedback about participants' experiences.

5.1.6 Data Analysis.We employed a mixed-methods approach. For
quantitative measures, we used non-parametric Mann�Whitney U
tests [57] with Bonferroni correction for multiple comparisons. For
qualitative feedback, we conducted a thematic analysis [34]. We
report key themes supported by representative participant quotes.

5.2 Perceived Alignment Quality (RQ3)
5.2.1 �antitative Results.Figure 5 presents participant ratings
across four dimensions of alignment between their envisioned con-
cepts and the generated images. APE demonstrated statistically sig-
ni�cant improvements across all four dimensions (Mann-Whitney
U tests, Bonferroni-corrected, all? Ÿ 0”05). For capability gap, par-
ticipants rated APE signi�cantly higher (" = 5”48• (� = 0”15) than
Baseline (" = 4”45• (� = 0”21; * = 1309”5• ? = 0”0016•A= 0”36),
indicating that APE's interactive elicitation process helped par-
ticipants feel more capable of achieving their desired outcomes.
The instruction gap showed the strongest improvement, with APE
(" = 5”85• (� = 0”07) substantially outperforming Baseline (" =
5”09• (� = 0”11; * = 1033”0• ? Ÿ 0”0001•A= 0”50). This suggests

Figure 5: Alignment ratings ( ± SE) for four dimensions across
conditions. Participants using APE reported signi�cantly
higher scores for all dimensions compared to Baseline. As-
terisks indicate signi�cance levels (* ? Ÿ 0”05, ** ? Ÿ 0”01, ***
? Ÿ 0”001).

that APE e�ectively helps users communicate preferences they
struggle to articulate textually. The intentionality gap showed
marked improvement with APE (" = 4”91• (� = 0”15) over Baseline
(" = 3”88• (� = 0”18; * = 1205”0• ? = 0”0002•A= 0”41). This gap of
over one full rating point suggests that APE's structured elicitation
process helps users clarify their own intent, enabling them to evalu-
ate the result better. Finally, envision overall ratings con�rmed this
pattern, with APE (" = 5”59• (� = 0”15) signi�cantly exceeding
Baseline (" = 4”81• (� = 0”19; * = 1428”5• ? = 0”0118•A= 0”30).

Computing overall alignment as the sum of ratings across all
four dimensions, APE achieved signi�cantly higher total scores
(" = 21”84• (� = 0”41) compared to Baseline (" = 18”23• (� = 0”58),
corresponding to a 19.8% improvement. These results provide con-
vergent evidence that APE addresses a genuine need: helping users
bridge the gap between their visual intentions and textual articula-
tion. The consistent improvements across all alignment dimensions,
with a medium e�ect size, suggest the approach successfully re-
duces both communication barriers and expectation mismatches.

5.2.2 �alitative Feedback.Participants' primary complaints in
the Baseline condition centered on the lack of alignment between
their intent and the generated outputs, as well as the di�culty of
achieving high-quality, �ne-grained designs. Many reported that
the system failed to fully interpret their prompts even after repeated
re�nements: �I keep adding [to the] prompt, but the generated im-
age is not getting better at understanding the prompt.� Participants
expressed frustration that the Baseline could not support detailed
or precise adjustments: �I was only about 65 percent satis�ed be-
cause even though it made the image I was going for, it wouldn't
let me tweak it further to take it to perfection.� Additionally, users
frequently observed inconsistent adherence to instructions�such
as incorrect numbers of people, unstable elements across iterations,
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or ignored constraints�which further undermined trust in the gen-
eration process: �It felt like some of the prompts I wrote were ignored.
Thus the image I had in mind seemed to be impossible to be created.�

By contrast, in the APE condition, participants often described
stronger alignment with their envisioned outcomes, crediting the
elicited visual queries for surfacing overlooked or implicit design
details: �The questions presented to me were very helpful!� and �My
�rst prompt wasn't the best, but with the option to make edits, my
vision was brought to life.� Several noted that the �nal images closely
matched their mental image. However, a minority still reported
occasional inconsistencies in low-level details (e.g., colors, small
elements) or regressions during re�nement, and some wished for
greater output variety or �ner-grained control after elicitation. This
residual inconsistency, similar to what was observed in the Baseline
condition, may stem from inherent limitations of the current text-
to-image models rather than the elicitation approach itself.

5.2.3 The E�ect of Prior Experience.Figure 6 presents alignment
ratings across participants with varying levels of experience using
text-to-image generation models. APE shows consistently high rat-
ings across all experience levels, while Baseline exhibits a positive
trend with increasing experience.

To examine whether prior experience modulated the e�ect of
APE on alignment ratings, we �tted an ordinal logistic regression
model with condition (Baseline vs. APE), prior experience (modeled
as an ordinal variable based on self-reported usage frequency), and
their interaction. The model was �tted using maximum likelihood
estimation (# = 128, AIC = 917.9, BIC = 1023). The ordinal logistic
regression revealed a signi�cant main e�ect of condition (V = 2”26,
(� = 0”81, I = 2”80, ? = 0”005), with participants using APE report-
ing higher alignment ratings than those in the Baseline condition.
Prior experience was positively associated with alignment ratings,
although this e�ect did not reach statistical signi�cance (V = 0”32,
(� = 0”18, I = 1”75, ? = ”080). The interaction between condition
and experience was not signi�cant (V = � 0”29, (� = 0”27, I = � 1”08,
? = ”280), providing no evidence that the bene�cial e�ect of APE on
perceived alignment di�ered signi�cantly across experience levels.

Complementarily, we conducted an exploratory analysis to fur-
ther characterize how prior experience related to alignment ratings
within each condition. We dichotomized participants based on self-
reported usage frequency of text-to-image generation models into
low-experience users(never used through monthly;= = 93) and
high-experience users(weekly or more;= = 35). In the Baseline
condition, high-experience users reported higher alignment ratings
(" = 19”73, (� = 3”78) than low-experience users (" = 17”56,
(� = 4”87), corresponding to a mean di�erence of2”17points. This
di�erence approached conventional signi�cance thresholds under
a Welch-correctedC-test (C¹62º = 1”94, ? = ”059) and was associated
with a moderate e�ect size (Cohen's3 = 0”48). However, given
the limited observed power (0.41), this result should be interpreted
cautiously as suggesting a potential association between prior ex-
perience and higher alignment ratings when using the Baseline
system. In contrast, within the APE condition, alignment ratings
were highly similar between high-experience users (" = 21”80,
(� = 3”52) and low-experience users (" = 21”86, (� = 3”24),
yielding a negligible mean di�erence of0”06points (C¹62º = 0”06,
? = ”956, Cohen's3 = 0”02). These exploratory results provide no

clear evidence that prior experience substantially modulated APE's
e�ectiveness given our current sample size.

5.3 Cognitive Workload (RQ4)
5.3.1 �antitative Results.Figure 7 presents NASA-TLX ratings
across six dimensions: mental demand, physical demand, temporal
demand, performance, e�ort, and frustration. We did not �nd sta-
tistically signi�cant di�erences between APE and Baseline across
any dimension (Mann-Whitney U tests, Bonferroni-corrected, all
? ¡ 0”05).

These results suggest that APE achieves its alignment improve-
ments without adding signi�cant cognitive burdens. While one
might hypothesize that answering multiple visual queries would in-
crease mental demand or frustration compared to direct prompting,
APE users reported statistically similar experiences across workload
dimensions.

5.3.2 �alitative Feedback.In the Baseline condition, users gener-
ally reported an acceptable cognitive load when expressing their
intent in a single prompt. However, the major source of di�culty
stemmed from the need to craft keyword-rich, model-aware prompts,
which often led to iterative trial-and-error and substantial mental
overhead. Representative comments included: �I had to try many
variants; long prompts made results worse� and �It was frustrating to
want one thing and get a completely di�erent result.� (See Figure 14)

In the APE condition, many participants emphasized that APE
reduced linguistic e�ort by presenting lightweight visual choices
instead of requiring exhaustive textual descriptions: �The visual
prompts were extremely helpful� and �It helped me tease out details I
had not thought of.� Several participants explicitly reported lower
workload and greater ease of use: �It was very easy to use the system.�
Nonetheless, a few participants noted the desire for additional
�exibility, such as the ability to skip or undo queries, or found some
question sequences somewhat lengthy: �I wish it was easier to go
back though or to skip a question.� A small fraction also reported
feeling constrained when their intent could not be fully captured
by the available visual options, requiring them to specify additional
preferences manually.

5.4 Interaction Patterns and E�ciency (RQ5)
Beyond subjective ratings, we analyzed objective behavioral mea-
sures to understand how users actually interacted with APE and
the resulting e�ciency. We analyzed logged interaction data from
all 64 participants in the APE condition, examining feature usage
patterns, query e�ectiveness, and iteration requirements.

5.4.1 Interaction Pa�erns.Across all APE sessions, we logged 1,199
total user actions, distributed as follows: 645 visual query responses
by selecting from provided options ("Select Answer Option" 53.8%),
31 visual query responses by providing �Other� answers ("Provide
Other Answer", 2.6%), 367 prompt generation requests ("Gener-
ate Prompt", 30.6%), 98 requirement additions ("Add Requirement",
8.2%), and 58 requirement modi�cations ("Modify Requirement",
4.8%).

Figure 8 visualizes interaction �ows across iterations. The distri-
bution exhibits a front-loading e�ect, with approximately 68.89%
of all interactions occurring within the �rst 15 iterations, after
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Figure 6: Alignment ratings (sum � SD) by condition and prior experience level.

Figure 7: NASA-TLX ratings ( ± SE) across six dimensions for Baseline and APE conditions. No signi�cant di�erences were
found between conditions (all ? ¡ 0”05).

which interaction frequency steadily decreases. The �gure shows a
gradual drop-o� in engagement over successive iterations.

Across iterations, users most commonly engage in repeated cy-
cles of responding to visual outputs by selecting an answer option,
followed by a transition to image generation. While answer-to-
answer transitions dominate early iterations, the relative proportion
of transitions leading to generation increases over time, indicating
that users tend to move from exploratory visual queries to gen-
eration after several rounds of re�nement. Detours into manual

requirement editing are comparatively infrequent. This pattern
suggests that APE's visual query interactions help users iteratively
re�ne intent before committing to generation, reducing reliance on
repeated text-based prompt rewriting.

The rarity of certain interaction types provides additional in-
sights. Participants selected the �Other� option in only 4.59% of
visual query responses, with 46 participants never using this op-
tion and only 10 participants using it more than once. This low
frequency suggests that LLM-generated feature options are capable
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Figure 8: Sankey diagram of user interaction �ows across iterations ( n=64 participants, 1,199 actions). Flow width indicates
action frequency. Interactions are front-loaded, with 68.89% occurring within the �rst 15 iterations, followed by a steady
decline in later iterations. Users commonly engage in several rounds of visual query responses before transitioning to image
generation (purple). Transitions involving manual requirement editing are comparatively infrequent, suggesting that visual
query interactions support iterative re�nement prior to generation.

of capturing most users' preferences within the presented choices;
however, it may also re�ect a usability e�ect, where providing cus-
tom inputs requires greater e�ort and thus discourages use of the
Other� option. Similarly, direct editing of the requirements panel
occurred in only 13.01% of all interactions, with the vast majority of
user e�ort directed toward responding to system-generated queries
rather than manual text re�nement.

The temporal concentration of activity also reveals di�erenti-
ated user behaviors. While most (76.56%) users converged within 25
iterations, a small subset (9.38%) engaged beyond iteration 30, sug-
gesting individual di�erences in task complexity and exploration
preferences. Nevertheless, the overall pattern demonstrates that
APE successfully guides users through a coherent, e�cient work-
�ow centered on visual query interaction rather than linguistic
articulation.

Example of Interaction Trace.Figure 9 illustrates APE's progres-
sive elicitation through a representative interior design task. The
participant began with a concise speci�cation:�A large bedroom
with open spaces, and that includes a �replace, four-poster bed, big
windows and lots of natural light.�While this 21-word prompt estab-
lishes the basic theme, it leaves numerous design decisions unspec-
i�ed, such as aesthetic style, color palette, materials, and detailed
furnishing choices.

Through six generation rounds with visual query interactions
between each, APE systematically elicited the participant's intent.
Following the �rst generation (I1), core stylistic and structural de-
cisions were established, including a modern minimalist style, a
minimalist geometric four-poster bed frame, natural wood �ooring
with warm tones, nature-inspired large-scale wall murals, inte-
grated ambient LED lighting, a �replace with a light natural stone
surround, and a �at ceiling with integrated cove lighting. Between
I2 and I3, the aesthetic direction was further articulated by speci-
fying soft pastel wall color palettes contrasted with contemporary
pop art pieces featuring abstract shapes and bright colors, as well
as by coordinating the bed frame material and color with the mural
palette and introducing glossy white lacquered furnishings. Sub-
sequent rounds re�ned material and furnishing details: window
treatments and furniture material and style (I4); ceiling �nish and
lighting (I5); and side table material (I6).

This trace establishes broad aesthetic and compositional foun-
dations early, then progressively adds material speci�cations and
detail-level choices, exemplifying a hierarchical re�nement pat-
tern observed across APE sessions: The �nal prompt (160 words)
is 8Ömore detailed than the initial speci�cation, yet achieved in
only six generation rounds through structured elicitation. The
participant's selections reveal preference discovery�elements like
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Figure 9: Interaction trace from an APE participant in an interior design task. Beginning from a brief functional prompt, the
participant's intent is progressively re�ned across six generation rounds (I1�I6). Generated images are ordered temporally,
and blue squares indicate visual query interactions. Early rounds establish high-level stylistic and compositional choices (e.g.,
modern minimalist style, spatial layout, and major architectural elements), followed by mid-stage speci�cation of aesthetic
direction (color palette, art style, and material coherence), and later-stage re�nement of �ne-grained details (window treatments,
lighting con�guration, and furniture materials), exemplifying APE's hierarchical elicitation process and visually grounded
intent formation.

the pastel-to-pop-art color contrast, stone �replace surround, and
under-furniture LED strips emerged through visual comparison
rather than initial articulation, illustrating how APE facilitates in-
tent formation beyond mere preference elicitation.

5.4.2 �ery E�ectiveness.To assess the quality of system-generated
queries, we measured how often participants found them useful.
On average, 53.19% ((� = 2”71%) of questions were reported as
useful by the participants. While this represents roughly half of
all queries, it is important to note that this metric re�ects explicit
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usefulness ratings; queries that did not receive positive ratings may
still have helped narrow the design space or clari�ed user prefer-
ences implicitly. This �nding highlights both the e�ectiveness of
the information-theoretic query selection strategy and the highly
personalized nature of user intent.

Qualitative feedback supported this interpretation. Participants
commented that APE's visual queries were generally e�ective at
eliciting discriminative preferences, such as motifs, styles, and com-
position, quickly narrowing the design space: �The visual prompts
allowed me to quickly get the idea of the kind of image I wanted to
generate.� Nonetheless, the e�ectiveness of queries depended on
the coverage and granularity of the o�ered options; a few users
requested more variety or noted that certain �ne details could not
be captured through the available options.

5.4.3 Iteration Requirements.We tracked how many generation
attempts participants required before achieving satisfactory results.
APE users needed signi�cantly fewer iterations of image generation
(" = 4”88• (� = 0”41) compared to Baseline users (" = 8”06• (� =
0”85; * = 2675”0• ? = 0”003•A= � 0”31), corresponding to a 39.5%
reduction in iteration cost. Qualitative feedback supported this
e�ciency gain, with one APE participant noting: �Quite fast I found
the perfect image, very close to what I imagined.�

However, this advantage may be partially o�set by increased
latency due to additional API calls and background computation
in APE. Our study employed FLUX.1, a �ow-matching-based gen-
erative model for rapid inference. One Baseline participant with
prior experience using slower systems (Midjourney, DALL·E) com-
mented: �I was impressed with how fast the images were generated,�
suggesting FLUX's speed may diminish the perceived value of iter-
ation reduction. Conversely, APE's additional computational over-
head drew occasional criticism: �The system could be a little faster.�
The e�ciency trade-o� likely shifts considerably with slower base
models. For text-to-image systems requiring 30-60 seconds per gen-
eration, reducing iterations from 8 to 5 would save 1.5-3 minutes
of cumulative wait time�a more substantial practical bene�t. Fu-
ture implementations could employ hybrid strategies: using fast
distilled models (e.g., FLUX.1-schnell) for generating visual query
exemplars during elicitation, then applying the re�ned prompt to
slower, higher-quality models for �nal generation. This approach
would preserve APE's interaction e�ciency while accommodating
diverse model speed-quality trade-o�s.

6 Discussion
The central challenge in text-to-image generation is not merely
model capacity but thealignment gap: the mismatch between users'
latent visual intentions and their ability to articulate these inten-
tions through text. Our work provides evidence that reframing
prompting as bidirectional communication, where systems actively
elicit preferences through strategic visual queries, can signi�cantly
reduce this gap.

Across controlled technical evaluation (Section 4) and real-world
user studies (Section 5), a consistent pattern emerges: information-
theoretically optimized visual queries enable users to specify intent
with greater precision than traditional prompt engineering, while
requiring fewer iterations and imposing no additional cognitive bur-
den. These bene�ts stem not from bypassing linguistic articulation,

but from sca�olding it�transforming the task from open-ended
prompt construction to guided re�nement through comparative
judgment. We now examine: (1) why visual query interaction proves
e�ective for preference elicitation, (2) how transparent represen-
tations enhance user agency, (3) the tension between convergent
elicitation and exploratory creativity, and (4) limitations and future
directions.

6.1 Visual Query Interaction for Intent
Elicitation

Our results validate a core design principle underlying APE: that vi-
sual query interaction provides an e�ective complement to textual
articulation for preference elicitation. By presenting visual options
that embody speci�c feature values, APE transforms preference
speci�cation from open-ended articulation into comparative judg-
ment, directly addressing documented di�culties in verbally speci-
fying rich visual concepts [54,69] by leveraging the cognitive advan-
tage of recognition over generation [70]. The signi�cant improve-
ments across all generative alignment dimensions suggest that this
two-way communication enhances perceived alignment [38, 72].

The reduction in image generation iterations represents sub-
stantial practical value in real-world use cases, consistent with
prior work showing interactive query-based prompt optimization
reduces search costs in image generation [27, 82]. A generation
cycle involves cognitive e�ort (evaluating results, deciding on mod-
i�cations), time (waiting for generation), and computational cost
(running the text-to-image model). By nearly halving the required
iterations, APE transforms user experience from exhausting trial-
and-error to structured re�nement. This e�ciency improvement
appears particularly valuable for users with clear conceptual goals
but limited prompt engineering strategies, though our exploratory
subgroup analysis was underpowered for de�nitive claims about
experience-based moderation.

6.2 Transparency and User Agency in
AI-Assisted Creation

Besides query-based interaction, an important bene�t emerged from
APE's explicit feature requirement representation: transparency
that supports both understanding and control. Participants com-
mented positively on seeing preferences as structured requirements,
with one noting: �It was innovative and smart that I could see the
�lters that are being applied before creating an image and being able
to edit them. In this way, I can understand that the AI has under-
stood what I am asking for.� This transparency likely contributed to
APE's particularly strong improvement in the instruction gap di-
mension, where users reported better ability to provide appropriate
input. The editable requirements panel also enabled mid-process
corrections�users could identify and revise speci�c features rather
than restarting from scratch�which may explain the reduced in-
tentionality gap as users gained con�dence that their vision was
accurately captured [38]. This contrasts with black-box prompting,
where users input text without understanding model interpreta-
tion, limiting opportunities for bias detection, error correction, or
trust-building through interpretability.
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The mixed-initiative design [16] of APE also re�ects emerging
principles for human-AI collaboration. In APE, the structured re-
quirements panel serves as an explainable interface helping user
to identify when the system encodes biased assumptions or makes
incorrect inferences about their intent [80]. The text editing capa-
bility then providesuser agencyto correct these errors, consistent
with research showing that editable AI outputs better support user-
driven value alignment than uneditable suggestions [19]. Notably,
these safeguards require users to recognize biases, which may not
occur if biases align with users' own assumptions or operate sub-
tly [ 2, 8, 26]. Future work could explore proactive such as diverse
sampling or bias detection like OpenBias [17] to further strengthen
these protections.

6.3 Creative Exploration Through Structured
Elicitation

While APE optimizes for e�cient convergence to user intent, an
interesting pattern emerged in user feedback: some participants
reported that structured queries facilitated creative exploration.
Multiple participants noted discovering preferences through vi-
sual options they had not initially considered: �The question about
lighting made me realize I cared about that. I hadn't thought about
it before, but seeing the options, I de�nitely had a preference.� and
�The system questions helped in getting the creativity �owing.� This
suggests that APE's queries may serve dual purposes: e�ciently
gathering preference information while sca�olding preference dis-
covery through systematic consideration of visual dimensions users
might otherwise overlook. This �nding connects to research on cre-
ativity support tools showing that constraints can enhance rather
than hinder creativity by providing structure for exploration [76].
APE's queries function as design prompts that encourage systematic
thinking about visual dimensions, potentially supporting creative
development alongside e�cient elicitation.

However, we note important scope limitations: while we ob-
served anecdotal evidence of preference discovery, APE's core de-
sign is grounded in traditional preference elicitation frameworks
that assume users have pre-existing preferences to uncover [12, 24,
81]. Our information-theoretic query strategy explicitly targets e�-
cient convergence to latent user intent, making APE well-suited for
goal-directed taskswhere users face articulation barriers. For purely
exploratory tasksprioritizing serendipitous discovery, alternative
approaches emphasizing divergent exploration over convergent
elicitation may prove more appropriate. The tension between ef-
�cient preference elicitation and open-ended creative exploration
represents an important theoretical distinction that future work
should address through adaptive interaction modes.

6.4 Limitations and Future Work
We identify several important limitations that bound the applicabil-
ity of our approach and suggest directions for future work.

Firstly, APE addresses misalignment by reducing epistemic uncer-
tainty (the gap between user intent and system understanding) but
does not address inherent limitations of image generation models
(aleatoric uncertainty). The method's e�ectiveness is fundamentally
bounded by model capacity: as generative models improve, APE's
potential increases; conversely, with limited models, alignment

gains may be constrained. Future work could explore synergis-
tic approaches that integrate APE with model improvement tech-
niques, such as user-speci�c �ne-tuning [91] or self-improvement
via consistency regularization [56], to jointly enhance alignment
and output quality.

Secondly, our information-theoretic selection optimizes for ef-
�ciency, assuming users have clear (though unarticulated) prefer-
ences and a proper model of user intention. In reality, preferences
often form dynamically and correlatively. A few participants noted
the desire for additional �exibility, such as the ability to skip or
undo queries, or found some question sequences somewhat lengthy:
� I wish it were easier to go back, though, or to skip a question.� Future
interfaces might provide more support for calibrating misspeci�ed
priors, and balance e�ciency with exploration support, occasionally
selecting queries that maximize creative insight rather than imme-
diate information gain, though designing such balanced objectives
remains an open challenge.

Thirdly, APE's e�ectiveness depends critically on LLM quality
for feature generation, completion sampling, and prompt synthesis.
The LLM persona may encode biases from pre-training data, such
as demographic, cultural, or aesthetic biases [2, 8, 26, 65]. While
our mixed-initiative design provides mitigation mechanisms (trans-
parent panel for bias detection [80], editing for user agency [19]),
these require users to recognize biases, which may not occur if
biases align with users' assumptions or operate subtly. Future work
could investigate proactive bias detection, diverse sampling strate-
gies [17], and diversity-aware query generation.

Lastly, while the model-agnostic design of APE enables its ap-
plication to a broad range of text-to-image generation models, our
empirical evaluation is limited to a single state-of-the-art model.
Future work could explore its generalizability across a wider set of
generative architectures to assess robustness and uncover model-
speci�c factors. In addition, investigating APE's potential to extend
across modalities (e.g. text-to-music [14] and text-to-video [74] gen-
eration) o�ers a compelling avenue for further study. As generative
models continue to advance, addressing the alignment gap becomes
increasingly critical beyond improvements in model capacity alone.
APE constitutes an initial step toward mitigating this gap through
principled interaction design, pointing toward future creative AI
systems that are more interactive, transparent, and adaptive than
current text-based interfaces.

7 Conclusion
Aligning text-to-image generation with user intent remains a persis-
tent challenge when users struggle to articulate rich visual concepts
through text. We presentedAdaptive Prompt Elicitation (APE),
which reframes prompting as bidirectional communication through
information-theoretically optimized visual queries. By eliciting pref-
erences through strategic visual comparisons, APE transforms in-
tent speci�cation from unilateral articulation into guided interactive
re�nement. Evaluation across controlled benchmarks and user stud-
ies demonstrates that this interactive approach achieves stronger
alignment with improved e�ciency compared to manual prompt-
ing and automatic optimization. As generative models advance,
principled interaction design that actively elicits user intent o�ers
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a complementary path toward alignment alongside improvements
in model capacity.
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A User Study Details
A.1 Design Tasks
The eight text-to-image generation scenarios used in the user study
are summarized in Table 3.

A.2 Pre-Study Questionnaire
Before starting the design tasks, participants completed a pre-study
questionnaire to gather information about their background and
experience with AI tools and design activities. The participants'
response are summarized in Table 4.

A.3 Post-Study Questionnaire
In this section, we detail the design of post-study questionnaires
and participants' response.

A.3.1 Alignment �estionnaire.Participants rated their agreement
with the following statements on a 7-point Likert scale:

Capability Gap

+ �The system supported me in working out how to generate
the best possible image based on what I wanted.�

� �The system led me away from what I wanted, and the image
did not match what I had aimed for.�

Instruction Gap

+ �The system helped me provide the right input to generate
the image as I intended.�

� �I was disappointed by how the system interpreted my input
when generating the image.�

Intentionality Gap

+ �The system helped me clarify what I wanted from the image.�
� �I was unsure how (or if) the system could generate an image

more in line with my intention.�

Envision Overall

+ �The system made me think of a wider range of possible
images that �t my goal.�

� �The system made it harder for me to imagine alternative
images that might better �t my goal.�
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Table 3: Text-to-image generation scenarios used in the user study.

Scenario Description

Interior Design Imagine and create an image of your ideal room.

Painting Visualize your dream travel destination as a painting.

Photography Imagine and generate a photo of a dish or drink you would love to have right now.

App Icon Create an icon for an app you use or would like to invent.

Poster Design Design a poster for an event or celebration.

Logo Design Design a logo for a project, team, or group.

Fashion Design Imagine and design an out�t you would like to wear.

Architectural Style Visualize a building you would like to visit.

Table 4: Frequency of AI tool usage and design activities.

Theme Question Usage Frequency Count

LLM Usage
How often do you use large language models
(LLMs) such as ChatGPT, Claude, or DeepSeek?

Never 2

Less than once a month 3

1�3 times per month 11

1�6 times per week 42

Daily or almost daily 70

Text-to-Image Generation
What is your experience with text-to-image
generation (e.g., Midjourney, Stable Di�usion,
DALL·E, FLUX)?

Never 23

I've tried once or twice 34

1�3 times per month 36

1�6 times per week 26

Daily or almost daily 9

Design Activities
How often do you engage in design-related
activities (graphic design, visual arts, UX/UI)?

Never 21

Once a year or less 24

A few times a year 31

Weekly 15

Monthly 25

Daily or almost daily 12

A.3.2 Post-Study �estionnaire Results.Figure 10 shows the dis-
tribution of user ratings in the alignment questionnaire. Figure 11
shows the distribution of user ratings in the NASA-TLX question-
naire.

B Generated Images
B.1 Technical Evaluation
Some examples of resulting images in the technical evaluation are
shown in Figure 12.

B.2 User Evaluation
Examples of generated images from participants in APE and Base-
line conditions are shown in Figure 13 and Figure 14, respectively.
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Figure 10: Alignment ratings by participants

Figure 11: NASA TLX ratings by participants
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Figure 12: Examples of resulting images across methods in the technical evaluation. For each row, we show the target reference
image (left) followed by outputs from four approaches: Unoptimized, APO, In-Context Query, and APE (our method). APE
consistently produces images with stronger visual alignment to target references, capturing key features such as composition
and color palette (row 1), perspective and motion dynamics (row 2), tonal atmosphere and spatial arrangement (row 3), and
pose (row 4).
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