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Figure 1: GenTune, a human-centered generative Al system with traceable prompts for controllable image refinement in
environment design. (A) The process begins with a user’s initial input-“Design a European 1930s Urban Street Scene”-which is
expanded by a Brainstorming LLM into a structured prompt for image generation. A label extraction LLM then extracts key
elements to establish prompt-image element correspondences, supporting user understanding. (B) During refinement, the
user selects a region of interest to reveal its associated label-“Vintage Cars”. Upon entering a refinement instruction-“Replace
with Vintage Electrical Tram”—along with a reference image, GenTune applies both semantic-guided prompt refinement with
controlled seed and semantic-guided inpainting to generate updated results.
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Abstract

Environment designers in the entertainment industry create imagi-
native 2D and 3D scenes for games, films, and television, requiring
both fine-grained control of specific details and consistent global
coherence. Designers have increasingly integrated generative Al
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into their workflows, often relying on large language models (LLMs)
to expand user prompts for text-to-image generation, then itera-
tively refining those prompts and applying inpainting. However,
our formative study with 10 designers surfaced two key challenges:
(1) the lengthy LLM-generated prompts make it difficult to under-
stand and isolate the keywords that must be revised for specific
visual elements; and (2) while inpainting supports localized edits,
it can struggle with global consistency and correctness. Based on
these insights, we present GenTune, an approach that enhances
human-AI collaboration by clarifying how Al-generated prompts
map to image content. Our GenTune system lets designers select
any element in a generated image, trace it back to the corresponding
prompt labels, and revise those labels to guide precise yet globally
consistent image refinement. In a summative study with 20 design-
ers, GenTune significantly improved prompt-image comprehension,
refinement quality and efficiency, and overall satisfaction (all p <
.01) compared to current practice. A follow-up field study with
two studios further demonstrated its effectiveness in real-world
settings.

CCS Concepts

« Human-centered computing — Interactive systems and
tools; User centered design.

Keywords

Generative Al, Human-Centered Al, Environment Design, Creativ-
ity Support Tool, Visual Exploration, Traceable Prompt
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1 INTRODUCTION

Environment designers in the entertainment industry craft the
visual and spatial worlds that audiences experience in games, ani-
mations, films, and TV shows [2, 70, 84, 102]. Their work typically
occurs during pre-production, where they collaborate with art di-
rectors to develop 2D and 3D concepts that define a project’s visual
direction [102]. These designs often serve as blueprints for model-
ing and VFX teams, or in smaller or stylized productions, are used
directly in final scenes [20, 35]. The traditional workflow involves
two phases: early ideation—researching, brainstorming, and draft-
ing variations—then final refinement, where approved concepts are
polished into production-ready assets [1, 70, 84].

With the rise of generative AI (GenAl) tools, environment de-
signers increasingly integrate them into their workflows [77, 78,
101, 122]. They collaborate with multimodal large language mod-
els (MLLMs) to craft and refine prompts, which serve as input for
text-to-image (T2I) models. GenAl is used across ideation, inspira-
tion, client communication, and even production-level outputs [38,
90, 122]. This shift has raised industry expectations—designers are
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expected to iterate faster and deliver higher-quality visuals. In re-
sponse, recent research has explored deeper GenAl integration,
such as prompt-tuning [13, 124, 126] and multimodal models for
rapid ideation [18, 89, 122].

However, as designers move to refinement, they often need to
modify or build upon initial Al-generated outputs. Current GenAl
tools treat prompts as opaque, one-shot inputs, making it hard to
trace which parts correspond to specific visual elements. While
MLLMs like ChatGPT show promise in image editing and struc-
tural coherence, and their automated nature limits designer con-
trol and restricts expressive intent. As a result, designers struggle
with precision in the refinement process, often resorting to time-
consuming trial-and-error cycles [10, 15, 112, 122]. In this work,
we take a human-centered approach to support understanding and
refinement of both Al-generated intermediate prompts and final
outputs, tailored to the specific needs of environment designers in
the pre-production process.

To understand the challenges environment designers face, we
conducted a formative study with 10 participants. Through work-
flow analysis and in-depth interviews, we identified two core chal-
lenges: a lack of understanding of how intermediate text prompts
relate to generated image elements, and limited control during the
refinement process. Environment design involves complex spatial
and visual composition across both macro (layout) and micro (de-
tail) scales. Designers often rely on large language models (LLMs) to
generate lengthy, detailed prompts that guide the initial image gen-
eration process. They begin with global refinement, adjusting the
entire image, including layout or composition. However, for local
refinement, they frequently struggle to trace how specific parts of
the prompt influence the visual elements, making refinement a trial-
and-error process. While inpainting [135] enables targeted edits, it
often introduces inconsistencies in lighting, style, or context. More
technical solutions, such as ComfyUI [31] with ControlNet [143], of-
fer finer control but are too complex and misaligned with designers’
workflows.

To address this, we present GenTune, a human-centered GenAl
system designed to enhance prompt-to-image interpretability and
the refinement process. For the initial image generation, GenTune
builds on prior work [18, 122] by incorporating an MLLM module
that expands simple user inputs into detailed prompts. GenTune
introduces two key modules following the initial generation:

(1) Traceable Prompt: Designers can select an area of interest
in the image to reveal a corresponding label traced from
the expanded prompt used to generate the image (Fig. 1-A).
The full prompt segment associated with the label is also
displayed, helping designers understand the prompt-image
relationship.

Semantic-Guided Refinement: GenTune allows designers
to precisely refine the visual elements based on a selected
area of interest (Fig. 1-B). The system supports three refine-
ment modes: refining the visual element associated with the
selected label, modifying only the selected region, or com-
paring both and choosing the preferred result. Designers can
input refinements via natural language and reference images.
Additionally, the system suggests refinement options based
on both the selected element and the overall image context.
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We conducted a summative study with 20 participants (15 pro-
fessionals, 5 design students), all experienced with GenAlI tools.
Across both a controlled experiment and an open-ended task us-
ing their own projects, participants rated GenTune significantly
higher than a baseline that lacks GenTune’s two key modules in
prompt-image understanding (p = 0.003), refinement effectiveness
(p = 0.002), output quality (p = 0.003), and overall satisfaction (p <
0.001). Compared to their typical workflows, they also preferred
GenTune for satisfaction, efficiency, quality, and creativity support
(p < 0.001 for all). Following the summative study, we conducted
a field study with two design studios to evaluate GenTune in real-
world professional settings. Designers integrated GenTune into
their ongoing commercial projects for three days. All participants
reported improved efficiency, higher output quality, and a signifi-
cant reduction in time spent communicating design intent to clients
and directors.

In summary, the major contributions of this work are:

o A formative study investigating the end-to-end GenAI work-
flow of professional environment designers, identifying key
challenges and specific needs in refining generated images.

o The design and implementation of GenTune, a human-centered
GenAl system that supports targeted, semantic image refine-
ments via natural language or image references.

e A HCI paradigm for traceable, element-level control, enhanc-
ing understanding and controllability in human-AI collabo-
ration.

e A comprehensive multi-stage evaluation showing that Gen-
Tune significantly improves designers’ ability to interpret,
control, and refine generative outputs. This includes: (1) a
within-subjects experiment, (2) an open-ended task using
production projects, and (3) a field deployment in two design
studios.

2 RELATED WORK

2.1 Generative Al in Creative Workflow

The creative process involves both divergent and convergent think-
ing. Designers begin by exploring a wide range of possibilities to
generate diverse ideas [61, 129, 130, 144], and iteratively refine se-
lected concepts through evaluation cycles [56, 60, 107]. This process
often requires a non-linear, iterative process between exploration
and refinement [4, 28, 43].

Previous work has leveraged GenAl to support divergent stages
of creativity, aiding visual exploration and early ideation. These
systems help users generate various outputs [75], explore unex-
pected directions [64], and have been applied in domains such as
fashion [57], architecture [110], and 3D CAD modeling [76]. For
visual exploration, some tools streamline prompt crafting for faster
feedback [30, 74], while others support conceptual expansion and re-
combination. For example, CreativeConnect [27], PopBlends [120],
and GenQuery [106] help designers decompose and blend concepts
to generate novel ideas. DesignAID [18] uses LLMs to expand design
space, and Aldeation [122] further enables flexible recombination
of retrieved visual references and generated content.

Recent work has integrated generative Al into the creative field to
enhance domain-specific workflows and communication through-
out the design process. For example, MemoVis [22] translates tex-
tual feedback into visual references to reduce misinterpretation
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in 3D modeling, while RoomDreaming [121] enables collabora-
tive spatial exploration through photorealistic interiors. PlantoGra-
phy [54] visualizes abstract prompts for iterative landscape design,
and Keyframer [114] offers a natural language interface for motion
design. Other applications span video co-creation [55], creative
writing [44], and spatial design [117]. These tools demonstrate the
potential of GenAl to accelerate exploration and improve commu-
nication.

Unlike most prior systems that focus on divergent idea explo-
ration, GenTune extends these capabilities into the refinement
stage—supporting convergent processes and addressing challenges
such as maintaining visual consistency, a key challenge in current
environment designers’ GenAl workflows.

2.2 Addressing Understanding in Human-AI
Design Collaboration

Understanding and effectively interacting with GenAlI remains a
challenge, especially for non-experts [62]. Despite advances in T2I
models, users often struggle to clearly express their intention and
achieve the desired results [12, 139]. A key challenge lies in the
unintuitive nature of prompt crafting, which requires careful plan-
ning and remains difficult for non-expert users [137, 138]. While
many systems aim to optimize prompts [5, 118], manual prompt
creation is often still necessary, especially for environment de-
signers, who heavily rely on commercial tools like MidJourney!.
Although some artists and designers use LLMs to assist in prompt
generation [68, 73], a gap remains in users’ understanding of T2I
models. They often struggle to connect prompts with generated
outputs [85], resulting in limited control and reliance on trial and
error [47].

To address these challenges, Explainable AI (XAI) approaches
aim to make the generation process more transparent and inter-
pretable [9, 36, 123]. However, much of this work remains system-
centered, focusing on algorithmic transparency over user under-
standing [62]. Recent HCI research has begun to bridge this gap
with human-centered Al approaches [37, 69, 115], emphasizing user
engagement and dynamic interaction [93, 113]. This shift prioritizes
interpretability as a means to improve user experience and support
human-AI collaboration.

For example, From Text to Pixels [41] uses visual and sensitivity-
based explanations to show how text prompts influence outputs
in T2I models. Other systems support fine-grained understanding
through different modalities: AutoSpark [23] allows detailed com-
parisons to improve text-image relevance; XCreation [134] offers
a graph-based interface for intuitive control in cross-modal story
creation; and ProtoDreamer [141] supports physical prototyping
with Al feedback on design evolution. Interactive systems in mu-
sic [79], translation [32], and crowd ideation [125] likewise enhance
user understanding by exposing Al reasoning and supporting more
directed interaction.

Whereas prior works adopt diverse strategies to enhance user un-
derstanding of the generative process, GenTune’s focus on prompt-
to-image element mapping is action-oriented: traceability is not
the end goal, but a mechanism to enable direct, element-centric
manipulation and refinement.

!MidJourney, https://www.midjourney.com/
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2.3 Refinement in Generative Image Workflows

While generative Al has been widely studied for its role in the
divergent stages of creativity, such as ideation and iterative de-
sign [87, 108], fewer studies have examined its potential to support
convergent processes, as highlighted in recent research [26, 96].

Recent work has supported image refinement through interactive
and automated tools. RePrompt [124] and Promptify [13] enable
iterative prompt editing, with RePrompt using CLIP-based scor-
ing for alignment. PromptCharm [126] and PromptMagician [42]
offer interfaces for exploring and editing prompt variations, with
PromptCharm additionally suggesting terms based on user intent.
PromptMap [3] enables semantic navigation across prompt spaces,
while DreamSheets [6] visualizes prompt exploration to aid dis-
covery and refinement. Fermat [103] provides multimodal control,
supporting both exploratory and refinement phases. These systems
alleviate the trial-and-error burden of prompt crafting by directly
manipulating prompts. In contrast, GenTune utilizes LLMs to gen-
erate structured prompts from simple input and enables refinement
post-generation, thereby bypassing the need for manual prompt
crafting.

Beyond prompt-based refinement, recent work has explored
image-based techniques—mainly built on Stable Diffusion [97, 98]—to
enhance control over generative outputs. LoRA [52] enables light-
weight style tuning, while InstructPix2Pix [16] allows edits via
natural language. Inpainting methods [81, 136] support selective
region regeneration. ControlNet-based tools [143], using inputs like
edges, depth, or segmentation maps, provide structural conditioning
and are widely adopted in platforms like ComfyUI [133]. However,
these methods often come with steep learning curves [140] and
may misalign with creative workflows. Seed-based generation of-
fers an alternative, where consistent seeds and detailed prompts
yield stable results [91, 131], but this typically demands precise
prompt engineering [46, 67].

Beyond these methods, multimodal interfaces have been ex-
plored to provide more expressive and localized control in genera-
tive image workflows. A common approach is sketch-based interac-
tion: SketchFlex [72] refines rough sketches into structured anchors
for spatial-semantic coherence, while Inkspire [71] supports ana-
logical sketching for early-stage ideation. PromptPaint [29] and Ex-
ploring Visual Prompts [88] use scribbles, annotations, and brushes
to guide generation. DesignPrompt [89] combines images, colors,
and text in a moodboard-style prompt interface. Other systems sup-
port human-AlI co-creation via multimodal control: GANzilla [39]
spans both exploratory and refinement phases, while GANravel [40]
enables user-driven direction disentanglement for iterative GAN
editing.

More recently, MLLMs like ChatGPT-40 and Gemini 2.0 Flash?
enable image editing through dialogue-based interactions, offer-
ing prompt enhancement and structural control. While promising,
they still fall short in meeting the specific refinement needs of
environment design, as discussed later.

While prior work focuses on diverse refinement approaches, few
address multi-step, LLM-assisted input generation, where control-
ling intermediate outputs is critical. GenTune introduces traceable,

2Gemini, https://developers.googleblog.com/en/experiment-with-gemini-20-flash-
native-image-generation/
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element-level control to improve understanding and controllability
in future MLLM-assisted workflows.

3 FORMATIVE STUDY

We conducted a formative study to investigate how environment
designers currently use GenAl design tools, explore their workflows,
and identify the challenges they face.

3.1 Participants

We recruited 10 participants, including 5 professional environment
designers from the game (P1, P4, P6) and animation (P3, P5) indus-
tries (3-8 YoE, mean = 4.8), and 5 design students (P2, P7-P10) with
at least six months of intensive GenAl experience. Participants were
recruited through personal referrals within the local art community
and by directly contacting studios by email to request collaboration.
Participants were compensated 15 $USD. Demographics, including
study participation, years of experience, and commonly used Al
tools, are shown in Table 1.

3.2 Study Procedure

The study consisted of three parts. We began with a 20-minute
in-depth interview covering: (1) participants’ goals when using
GenAl tools, (2) their strategies and workflows, and (3) past expe-
riences using GenAl tools in projects, including challenges they
encountered. A 30-minute workflow observation session followed
to gain deeper insight into their design strategies. Participants used
their preferred GenAl tools to design a Medieval Chinese Science
Center. Finally, a 20-minute post-task interview focusing on their
refinement strategies and difficulties. Each session lasted 1-1.5
hours.

3.3 Findings

3.3.1 Data analysis. We conducted a thematic analysis of summa-
rized and transcribed interviews. An author with professional envi-
ronment design experience developed the initial coding framework,
which was refined with feedback from two art directors oversee-
ing 21 and 34 concept designers. Thematic analysis was discussed
collaboratively among three co-author to ensure consensus.

3.3.2  Roles of GenAl in Environment Design. Designers commonly
use GenAl tools for early-stage ideation. They begin by using ML
models to expand simple prompts and generate images as visual
references, especially when working with unfamiliar design speci-
fications (P2-4, P6-9). As one participant noted, “It’s common that
we cannot find specific design references to the topic, but GenAl tools
can provide that” (P4). As GenAl tools become more widespread,
art directors and clients increasingly expect environment designers
to use them for faster visual communication and decision making.
This shift has raised expectations for speed and quality. As one
participant described, “Clients think GenAl is powerful and expect
high-quality revisions daily, not every few days like before” (P3). De-
spite this pressure, GenAl output still requires significant manual
refinement (P1, P3-6). As one designer explained, “Al rarely captures
exactly what the client wants—we still do a lot of post-processing to
meet their expectations” (P4).

3.3.3  Current GenAl Refinement Workflow and Key Challenges.
As shown in Table 1, participants used various image generation
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tools. Despite those differences, their workflows were similar: after
initial generation, they refined the images iteratively from global
structures to local details. During the refinement, we found de-
signers often emphasize several elements such as theme, art style,
composition, lighting, color, and shot angle.

They usually begin with prompt editing. However, a key chal-
lenge was the lack of clear mapping between the LLM-generated
prompt and visual elements, making it hard to determine which
parts of the prompt control specific image features (P2-4, P6-7, P9-
10). “I often have to search for a long time just to find the section I need
to edit” (P10). Even then, designers were unsure if their edits had
the intended effect. “Many times the new image makes me question
whether I actually edited the right part” (P2). As a result, designers
often rely on trial and error. Even with LLM support, ambiguity
persists. “I feel like I've described exactly how to change it, but the Al
still doesn’t understand” (P9). Moreover, generative images also in-
clude unexpected elements not mentioned in the prompt; for these,
neither manual edits nor LLM assistance are effective. These chal-
lenges underscore the inefficiencies of prompt-based refinement,
especially in complex environment design.

Another key issue is structural consistency, which is critical in
environment design, especially when presenting to stakeholders.
However, general-purpose GenAl tools often fail to preserve struc-
tural coherence (P1, P3-5, P7-9). “If we need to revise an Al image for
clients, we usually just edit it manually in Photoshop—it’s faster” (P4).
Some designers tried technical workflows like using structural con-
ditioning in ComfyUI [31], but found them ineffective for complex
scenes. “Even if the structure stays the same, all the textures go off”
(P1). Others found these tools too complex to use. As P3 put it, “I'm
an artist, not an engineer—why should I have to use this (ComfyUI)?”

To modify local details without affecting other regions, some de-
signers used prompt-based inpainting [135]. This involves selecting
aregion and entering a replacement prompt. However, results were
often visually inconsistent—mismatched lighting, style, proportion,
or contextual incoherence, such as historical or spatial inconsis-
tency (P1-3, P6-9). “Inpainting often gives me strange results. I've
tried many different prompts, but still didn’t get what I wanted” (P6).
Designers emphasized that visual coherence was more important
(P1, P3-5, P7-10): “Although inpainting preserved other areas, the ma-
terials were completely wrong. I would rather start over.” (P7). Others
opted for manual editing, but the lack of editable layers made this
difficult. “It’s faster to repaint the area from scratch” (P3). Still, when
many similar elements needed changes, manual editing “just takes
too much time” (P4).

In summary, environment designers struggle to understand how
LLM-generated prompts map to visual outputs and lack support for
targeted refinement. They prioritize visual coherence over pixel-
level accuracy—something current GenAlI tools often fail to provide.

3.4 Design Goals

Based on the findings, we proposed three design goals for our
system:

e DG1: Transparent Prompt-to-Image Mapping. The sys-
tem should enable clear, interactive mappings between prompt
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text and corresponding visual elements, helping environ-
ment designers understand how specific prompts influence
outputs.

e DG2: Maintaining Coherence in Refinement. The sys-
tem should align with designers’ priorities by maintaining
visual and semantic coherence throughout the iterative re-
finement process, from global structure to local details.

¢ DG3: Element-Centric and Predictable Control Work-
flow. The system should support element-centric manipu-
lation that offers precise control and predictability, reduc-
ing trial-and-error and enhancing designers’ creative explo-
ration.

4 SYSTEM & IMPLEMENTATION

We present GenTune, a human-centered generative Al system that
enhances interpretability and user control in image refinement
for environment design. GenTune helps designers quickly identify
areas of interest and supports precise, progressive refinement.

4.1 System Overview

GenTune’s image generation system draws inspiration from conver-
sational generation systems [53, 122, 127], which support iterative,
dialogue-driven workflows. It features a brainstorming module that
expands simple user input into high-quality prompts and generates
four initial images through a conversational interface.

Once an image is selected, it enters GenTune’s main interface
(Fig. 2), which features two core modules designed to support our
key goals.

4.1.1  Traceable prompt. GenTune structures prompts into six key
categories—theme, art style, content, lighting, color, and shot an-
gle—reflecting the most emphasized aspects of environment design
from our formative study.

To help designers identify which parts of the prompt correspond
to visual elements, GenTune lets designers select an element in the
image to reveal a corresponding label traced from the expanded
prompt; the related section in the prompt panel then expands auto-
matically (Fig. 2-C1). Labels are organized in a tree structure, with
parent categories expanding when traced, and are derived from the
"content" category, which maps to identifiable visual elements.

4.1.2  Semantic-guided refinement. After tracing a label, designers
can refine the image by entering natural language instructions in
the dialogue box, or providing a reference image via the embedded
search engine or by uploading directly through the right-hand panel
(Fig. 2-C2).

GenTune supports three refinement options, each operating at a
different scope, from global to local:

¢ Global refinement (no selection required). Designers
can make broad, whole-image edits using text or reference
images, such as changing style, mood, or lighting, without
selecting specific regions.

e Semantic-guided prompt refinement with controlled
seed (requires selection). In this novel method, GenTune
makes targeted edits to the original prompt based on the
designer’s input and the selected label, then regenerates the
image using the same seed. This allows changes to apply
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ID | Age | YoE Industry GenAl Tools Used Formative | Summative | Field
1 34 8 Game Midjourney, ComfyUI v

2 22 0 Student ChatGPT (DALL-E) v v

3 27 3 Animation Midjourney v v v
4 27 4 Game Midjourney, ChatGPT (DALL-E) v v v
5 27 5 Animation Midjourney v v

6 27 4 Game Stable Diffusion v v

7 23 0 Student Midjourney, Stable Diffusion, ChatGPT (DALL-E), Leonardo N4 v

8 22 0 Student Midjourney, ChatGPT (DALL-E), Leonardo v v

9 22 0 Freelancing, Animation, Student ChatGPT (DALL-E), ComfyUI v v

10 23 0 Animation, Student Midjourney, Stable Diffusion, ChatGPT (DALL-E) v v

1 | 27 4 Game Midjourney v

12 | 39 10 Game Midjourney, Stable Diffusion v

13 39 13 Game ChatGPT (DALL-E) v

14 | 24 1 Animation Midjourney v

15 30 8 Freelancing, Film/TV Stable Diffusion v

16 | 27 5 Freelancing, Film/TV, Animation Midjourney, Stable Diffusion, ChatGPT (DALL-E) v

17 43 21 Game Stable Diffusion, ChatGPT (DALL-E), ComfyUI v

18 | 28 5 Freelancing Midjourney, ChatGPT (DALL-E) v

19 | 31 6 Freelancing Stable Diffusion v

20 | 28 3 Industrial Design Midjourney, Firefly, Vizcom v

21 30 7 Animation ChatGPT (DALL-E), Moonshot v

22 | 27 3 Animation Midjourney, Stable Diffusion v

Table 1: Demographic Details of Participants Including Age, Industry, Generative Al Tools, and Study Participation

only to the intended element while preserving overall coher-
ence [46, 91]. For example, the designer selects the element
labeled “Vintage Cars” and provides a reference image of a
vintage tram. GenTune replaces cars with trams and adds
overhead wires to ensure contextual consistency, while keep-
ing the rest of the image largely unchanged (Fig. 1-B, Fig.
13-B). This design choice aligns Al-driven refinement with
designer intent by prioritizing conceptual consistency and
visual coherence over exact pixel-level accuracy.

e Semantic-guided inpainting (requires selection) This
option enables more localized edits. Unlike traditional in-
painting, GenTune accepts simple natural language com-
mands (e.g., “add some merchants”) and generates context-
aware prompts using the selected label and original prompt.
This allows the inserted content to remain stylistically and
semantically consistent with the overall scene.

As shown in Figure 3, GenTune supports a progressive refine-
ment workflow that aligns with designers’ natural editing pro-
cess—starting from global adjustments to fine-grained control. Users
typically begin with Global Refinement for large-scale changes (e.g.
art style), followed by Semantic-Guided Prompt Refinement to ad-
just specific elements while preserving overall structure, and finally
Semantic-Guided Inpainting to make precise, localized edits.

For each refinement, GenTune generates four image variations. It
offers three modes: seed mode and inpainting mode, each producing
four results, and mixed mode, which returns two from each. This
allows designers to compare outcomes across strategies, especially
useful when they are unsure about the scale of change or want to
explore stylistic trade-offs.

GenTune provides three types of refinement suggestions: (1)
global suggestions for broad edits like lighting or content (Fig.2-
C2); (2) label-based suggestions for element-specific changes (Fig.2-
A3); and (3) expanded suggestions that build on user input to offer
detailed, context-aware options. These aid designers, especially
when unsure of the next step.

4.2 User Interface

GenTune features a web-based interface with three main pages:
(1) a front page for initial input, (2) an overview page displaying
four generated images, and (3) the main interface with GenTune’s
two core modules (Fig. 2). In the main interface, users can hover
or draw a box to reveal element labels on the image (Fig. 2-A2),
click the refresh icon to cycle through alternatives, and use the
checkmark icon to view label-based suggestions. The right panel
contains the prompt overview (Fig. 2-C1) and a dialog box (Fig. 2-C2)
for entering text or uploading reference images. Users can switch
between Mixed, Seed, and Inpainting modes via the mode button.
Prompt suggestions appear below and can be refreshed based on
the user’s input. The bottom of the interface displays an image
iteration tree (Fig. 2-B), showing thumbnails of the hierarchical
relationships of each image, to help track and revisit edits.

4.3 Technical Implementation

GenTune uses GPT-40-2024-08-06> as the base language model, and
Flux 1.1 Pro Ultra? as the image model, for its strong performance
with natural language prompts. The average generation time for
a single iteration is approximately 30 seconds. The backend and
frontend are deployed on a Linux-based personal computer with

3GPT-4o, https://platform.openai.com/docs/models/gpt-40
*Flux 1.1, https://blackforestlabs.ai/ultra-home/
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Figure 2: The main interface of GenTune includes: (A) The main image panel. Users can select elements either by hover-and-click
or box-selection using the mode selector (A1). Once a region is selected, the image (A2) displays the corresponding prompt
label and refinement suggestions (A3). (B) The version history view, showing the initially generated images and the iterative
refinement history of the selected image. (C) The refinement panel. (C1) The structured prompt view, the corresponding section
expands automatically when a region is selected. (C2) Input dialog with text input suggestions. If “by instruction” is selected,

users can enter text commands to refine the image. (C3) If “by image” is selected, users can search for reference images.

Global Refinement

Semantic-Guided Prompt Refinement

Semantic-Guided Inpainting

"Change into simple, and flat 2d art style”  “Dont be too cute, change into evil mushrooms”  “Change the color of the mushroom to blue”

Initial input

“A dusky forest with colorful
mushrooms”

Figure 3: GenTune’s refinement workflow from P14 in the open-ended study began with Global Refinement to adjust the
overall style, followed by Semantic-Guided Prompt Refinement to turn all mushrooms into "evil" variants, and concluded with
Semantic-Guided Inpainting for localized edits, such as changing the color of a single mushroom.

an Nvidia GeForce RTX 4080 GPU. Upon region selection, the sys-
tem returned the corresponding label with an average latency of 1
second.

4.3.1 Traceable prompt. After the intial input, the system gener-
ates a structured prompt with key categories with a Brainstorming
LLM (Fig. 1-A). A Label Extraction LLM extracts key elements as
labels from the Content category, which then are used to define the
class set for subsequent detection (Fig. 4). When a user selects an
element—either by hovering and clicking or drawing a box—the
system sends a point or box prompt to the SAM model [63] to obtain
the corresponding segmentation mask and bounding box. These se-
lection methods are designed to support interaction needs, allowing
for either quick region selection or more precise control. To enable

real-time interaction, we precompute image embeddings using the
ONNX run-time version of SAM, deployed on the frontend.

Based on the bounding box, we crop the image and darken 80%
of the area outside the segmentation mask. This cropped image is
passed to the CLIP model [92] for semantic similarity matching. For
each candidate label in the class set, we use the prompt: “The bright
part is a segmentation of label” for text encoding. CLIP encodes both
the image and these text descriptions into a shared embedding space,
and computes similarity scores. The top five labels are returned as
the predicted semantic tags for the selected region.

4.3.2  Semantic-guided refinement. For global refinement, which
does not require label selection, the Global Refinement LLM pro-
cesses user instructions to generate a new structured prompt.
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Figure 4: Prompt-element correspondence pipeline. Label
Extraction LLM extracts labels from the structured prompt
and used as CLIP’s text inputs. When a user selects an ele-
ment, it is segmented using SAM, cropped with a bounding
box, alpha-masked, and passed into CLIP as the image input.
CLIP then computes the text-image similarity to determine
the label most associated with the selected region.
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Figure 5: Technical pipeline for semantic-guided prompt re-
finement and inpainting. If a reference image is provided,
it is captioned by a vision model. (A) The Prompt Refine-
ment LLM takes the original prompt, extracted label, user
instruction, and optional reference image caption as input
to generate a refined prompt for full-scene generation. This
prompt is sent to the Flux 1.1 Pro Ultra model to synthe-
size a new image, and concurrently is passed to the Label
Extraction LLM to update semantic labels. (B) The Inpaint-
ing Prompt LLM generates a region-specific prompt using
the same inputs. This prompt guides the Flux 1.0 Fill Pro
model to inpaint the selected region. In parallel, the Inpaint-
ing Refinement LLM merges the new original and inpainting
prompts to generate a refined prompt for label extraction.

For semantic-guided prompt refinement (Fig. 5-A), textual in-
structions are processed by a Refinement LLM, which takes the
selected label, the user’s input, and the original prompt as input. It
identifies the region of the prompt associated with the label and

Wang et al.

performs highly precise modifications based on the instruction. For
image-based refinement, a vision model generates a caption of the
reference image, which is combined with the instruction to update
the corresponding prompt segment. The refined prompt is then
used to (1) generate a new image with the same seed and (2) extract
updated keywords for downstream use.

For semantic-guided inpainting (Fig. 5-B), the Inpainting Prompt
LLM takes similar input and generates a detailed prompt. The in-
painting prompt is crafted to remain consistent with the original
prompt in style and semantics. We use Flux 1.0 Fill Pro, a state-
of-the-art inpainting model, to apply the modification directly to
the image. Since inpainting operates directly on the image rather
than modifying the prompt, it is not inherently compatible with
prompt-based regeneration. To address this, GenTune reconstructs
a new structured prompt from the original and inpainting prompts
by the Inpainting Refinement LLM. This allows for updated label
extraction and optionally enables further prompt-based genera-
tion. However, this is not the recommended workflow, as the new
generation may overwrite the inpainting edits.

For refinement suggestions (Fig. 6), GenTune offers three types.
Global suggestions use the original prompt to generate five vari-
ations focused on content, lighting, and atmosphere. Label-based
suggestions generate three refinements and three replacements
based on the selected label and its corresponding prompt segment.
The expanded suggestions incorporate the user’s input, the original
prompt, and the selected label (if any) to produce five contextualized
options.

al Prompt -
@  Global suggestion
ked
Label @ Lebel-Based Suggestion
LM

{ User Input ]

Add distant city skyline

Introduce pigeons in foreground.

Steampunk engine

Vintage style tram

Raised protest signs

@ Erpanded suggestion
“Protest” LLM

Crowded street movement

Figure 6: Pipeline for three types of suggestion LLM: Global,
Label-based, and Expanded suggestions.

5 SUMMATIVE STUDY

Our summative study evaluates how GenTune’s two core modules
support professionals in understanding, controlling, and refining
generative Al outputs within their workflows. We conducted two
complementary experiments:

(1) A within-subjects experiment simulating real-world
generative image refinement workflows. To benchmark
GenTune, we developed a baseline system with a similar Ul
that reflects common industry workflows. It included: (1)
Conversational Image Editing, where designers edited scenes
using natural language or reference images via an LLM;
and (2) Basic Inpainting, where designers manually selected
regions, entered prompts, and applied localized edits using
Flux Fill. The baseline excluded GenTune’s two core modules,
requiring participants to manually read and iteratively adjust
prompts and use inpainting tools for fine-grained control,
mirroring typical GenAlI workflows. In both conditions, the
full structured prompt was displayed (Fig. 2-C1). We did not
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select ChatGPT as a baseline, as it is not well-suited for the
complexity of environment design and is not commonly used
by professionals in this domain.

(2) An open-ended task. Designers applied GenTune to their
own projects involving generative Al tools and compared
the experience to their usual workflows.

Our study aimed to answer the following research questions:

e RQ1: Can GenTune help designers better interpret the rela-
tionship between prompt and image elements?

e RQ2: Compared to existing workflows, does GenTune enable
more effective and higher-quality refinement?

e RQ3: Does GenTune provide greater controllability and
better alignment with designers’ expectation during refine-
ment?

5.1 Study Design

5.1.1 Procedure. The study lasted approximately 2 hours and be-
gan with a 5-minute briefing. For the first task, each condition
included a 10-minute tutorial, a 10-minute refinement session, and
a 5-minute post-task questionnaire. System order and topics were
counterbalanced across participants. The second task began with
a 5-minute pre-task interview, followed by a 30-minute design
session, where participants explored and applied GenTune in a self-
directed manner, they completed a final questionnaire afterwards.
The session concluded with a 15-20-minute post-study interview.

5.1.2  Task overview. In the first task, participants completed an
image refinement exercise using both the baseline system and Gen-
Tune. Each involved one of two assigned design topics with a pre-
generated image: (1) The Hanging Gardens of Neo-Babylon or (2)
The Floating Monastery of the Himalayas. Participants completed
four rounds of refinement, one global and three local, based on
client-style instructions. Local edits specified regions to modify,
and participants chose the refinement order freely. Before each
edit, participants identified the prompt corresponding to the ele-
ment they wished to modify, then selected one of four generated
image candidates to continue refining, with up to two iterations
per edit. Selection was based on consistency (style, lighting, color,
structure, context), aesthetics, and alignment with client intent.
Final images were served as references for client communication
and future development. Design topics and refinement instructions
were validated by two professional art directors. Figure 10 shows
an example workflow for the first topic under both conditions.

For the second open-ended task, participants began by describing
the workflows of recent environment design projects they had
worked on. They then recreated two to three of these projects
using GenTune, iteratively refining each image until satisfied, and
selecting a final result that aligned with their creative intent and
was suitable for client communication.

5.1.3  Measurements. The post-condition questionnaire for the first
task evaluated three research questions: image—prompt understand-
ing, refinement effectiveness and quality, and overall user expe-
rience. It also included a NASA-TLX (Fig. 11) to assess perceived
workload. All questions and results are shown in Figure 7. Re-
sponses were collected using a 7-point Likert scale (1 = strongly
disagree, 7 = strongly agree). We adopted a self-report approach,
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consistent with prior HCI and creativity research [80, 86, 100, 106],
and analyzed the data using the Wilcoxon signed-rank test [128],
while NASA-TLX scores were analyzed using paired t-tests.

For the second task, the questionnaire asked participants to rate
their preference between GenTune and their previous approach
across three core aspects. Responses were recorded on a 7-point
Likert scale (1 = strong preference for their original workflow, 7 =
strong preference for GenTune). Questions and results are shown
in Figure 8. We used a one-sample Wilcoxon signed-rank test to
assess whether responses significantly differed from the neutral
midpoint (4), appropriate for ordinal data from Likert-scale prefer-
ence questionnaires [19, 95, 109].

In-depth interviews complemented the second open-ended task
by offering qualitative insights into how professionals engaged with
GenTune in real-world workflows. We focused on how GenTune in-
fluenced the understanding of the prompt-image relationship, and
how GenTune differed from their previous workflows in terms of
interaction flow, editing methods, refinement efficiency and quality.
Participants were also asked to elaborate on their questionnaire
responses through open-ended questions. All interviews were tran-
scribed and summarized, and user interactions with GenTune were
recorded. A lead author with previous experience with environ-
ment design conducted the initial coding, collaborating with two
additional researchers to identify key themes. The themes were
reviewed and finalized through team discussion and consensus.

5.1.4  Participants. We recruited 15 professional environment de-
signers with 1-21 years of experience (Mean = 6.60) from indus-
tries including games (P1, P4, P6, P11-P13, P17), animation (P3,
P5, P14, P21), film (P15-P16), industrial design (P20), and freelanc-
ing (P18-P19). They represented over four studios based in Japan,
Singapore, and Taiwan, with clients across the EU, Japan, and the
US. We also included five design students (P2, P7-P10). Nine par-
ticipants (P2-P10) had taken part in the earlier formative study
and were re-invited via email. The remaining participants were
recruited using the same approach. All participants received $30
compensation.

6 RESULTS & FINDINGS

In this section, We report findings organized by our three research
questions (RQ1-RQ3), combining results from both the controlled
experiment and open-ended task.

6.1 RQ1: Prompt-to-Image Interpretability

Participants using GenTune demonstrated significantly improved
prompt-to-image interpretability. In the within-subjects study, they
found it significantly easier to identify the correspondence between
prompts and visual elements, more effectively linked image regions
to specific prompts, and better understood how each prompt influ-
enced the image (Fig.7, Q1-Q3, p < 0.05). In the open-ended task,
95 and 100% of participants preferred GenTune on these aspects
(Fig.8, Q1-Q3). Many (P2-8, P11-17, P19-21) noted that GenTune
saved them from having to read lengthy prompts to find what to
change. As P3 explained: “The highlights clearly show what needs to
be changed—I don’t have to dig through the prompt” Others found
that selecting a label clarified what would be affected (P2-6, P8-13,
P16-21): “The labels are intuitive. Once it’s highlighted, I know what
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Figure 7: Survey results from the within-subject task. Par-
ticipants rated Prompt-image interpretability, Refinement
effectiveness and quality, and Alignment with expectations
and control for both the baseline and GenTune system using
a 7-point Likert scale. *: p <.05 and **: p <.01.
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Figure 8: Survey results from the open-ended task. User rated
their original approach and GenTune on a 7-point Likert
scale across Prompt-image interpretability, Refinement ef-
fectiveness and quality, and Alignment with expectations
and control. **: p <.01.

the system will affect. I don’t have to second-guess or worry about
unintended changes” (P6). P5 added, “The labels help me understand
why certain elements appear in the image”

However, interpretability decreased in scenes with many similar
elements. For example, P11, designing a futuristic plant lab filled
with bottles and specimens, found it hard to distinguish between
overlapping labels: “Each candidate seemed plausible, but I couldn’t
tell which one was actually correct.” Another noted “Sometimes the
label is inaccurate, and I have to try several times to get it right” (P15).

6.2 RQ2: Refinement Effectiveness and Quality

6.2.1 Refinement efficiency and output quality. Participants rated
GenTune significantly more effective for image refinement (Fig.7,
Q5; Mean_diff = 1.2, p = 0.002), with 90% expressing a preference
for it (Fig.8, Q6). Most reported that semantic-guided refinement
accurately targeted the areas they wanted to change (P2-4, P6-10,
P12-21) and reduced trial and error. As P12 explained, “Before, I
kept revising prompts because I wasn’t sure what they referred to.
With labeled highlights, I know exactly what each part means—no
more guesswork.” Some participants found GenTune especially ef-
ficient for editing multiple similar elements (P6, P9, P13-14, P17),
highlighted its efficiency in adding or replacing elements (P2-3, P6,
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P10, P12-13, P19). As P9 noted, “Modifying multiple elements was
much faster—GenTune could update all label-related parts at once,
previously a slow, manual task in Photoshop.”

The images refined with GenTune were significantly higher
in quality and satisfaction with the final result compared to the
baseline (Fig.7, Q6—Q7, p < 0.01), with 80% of participants preferring
it (Fig.8, Q5). Many were impressed, as they typically relied on
inpainting or manual editing (P3, P5-8, P11-14, P16-17), while
GenTune’s semantic-guided prompt refinement delivered better
results with minimal structural disruption. As P20 noted, “GenTune
let me control the structure while making precise edits—other tools
made unpredictable changes.” However, P13 pointed out that even
minor structural changes introduced by prompt refinement may
be unacceptable to clients: “Clients often require images to be 100%
consistent” Similarly, P14 preferred the aesthetic quality of their
previous workflow using MidJourney.

80% of participants preferred GenTune for providing more useful
refinement suggestions than their previous workflows (Fig. 8, Q4).
Several noted that these suggestions introduced ideas they hadn’t
considered, leading to better outcomes (P3-4, P8-9, P18, P20). As
P9 shared, “When I selected the dragon, the suggestion to make its
fire bigger and add a glow to the sword felt very intuitive—I loved it.”

6.2.2 Refinement order. Since inpainting is not inherently com-
patible with prompt-based regeneration, just as designers rarely
regenerate images after manual edits, participants often planned
their strategy in advance, using prompt refinement first, followed
by inpainting to avoid overwriting previous changes. As P14 ex-
plained, ‘T wanted the entire forest of mushrooms to feel more sinister,
then fine-tuned the color and shape of individual ones.” This approach
helped maintain consistency and preserve earlier edits.

6.2.3  Within-subject case comparison. Table 2 shows the average
time and number of refinement iterations for each within-subject
task using the baseline and GenTune. Participants took 12.5 minutes
and 6.8 iterations with the baseline, compared to 9.23 minutes and
5.3 iterations with GenTune.

Figure 10 in Appendix compares the refinement progress of P14
(GenTune) and P16 (Baseline) on topic 1. Both followed the same
sequence. P16 added flowers using global refinement but relied
on inpainting for the remaining edits, unsure how to precisely
express the changes. He used all iterations, failed two tasks, and was
dissatisfied. “Describing edits through text wasn’t intuitive. Selecting
an area felt more natural—more visual thinking.” In contrast, P14
used GenTune to select areas, assign labels, and apply mixed-mode
refinement—completing all four edits in one iteration each using
semantic-guided prompts refinement. “Every step GenTune took
precisely matched what I had in mind” (P14).

Method | Avg. Time Used (min) | Avg. Iterations
Baseline 12.50 6.80
GenTune 9.23 5.30

Table 2: Average time and iterations for the within-subject
task using the Baseline and GenTune methods.
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6.3 ROQ3: Alignment with Expectations and
Control

Participants found that GenTune’s refinements significantly aligned
with their expectations (Fig.7, Q8; p = 0.002) “While the output dif-
fered from my original idea, it evolved in a different direction—often
exceeding my expectations”(P9). They rated GenTune as significantly
more controllable than the baseline (Fig.7, Q9; p = 0.003), with 85%
preferring it (Fig.8, Q8). As P9 noted, “Extracting the label lets me
know exactly what to change. The sense of control comes from the
label” This was echoed in open-ended responses: all participants
identified label-based selection and editing as GenTune’s most help-
ful feature, with many (P2, P4, P6-10, P12-13, P16-21) attributing
their sense of control to it. As P4 put it, “I finally felt like I was
controlling the AI—other tools feel completely random.” However,
some participants noted the instablilty in GenTune during refine-
ment “A building I liked in the previous image disappeared after the
modification” (P21).

Participants were significantly more satisfied with GenTune com-
pared to the baseline (Fig.7, Q11, p < 0.001) . 90% preferred GenTune
for refining Al-generated images (Fig.8, Q9) than their previous
workflows. All participants expressed interest in using GenTune
in future commercial projects. Several noted that it increased their
trust in generative design tools (P3-4, P6, P11, P13-16, P21). As
P6 stated, “I can clearly see what the Al will generate, which greatly
boosts my confidence in using AL” Many participants (P2-5, P7, P9,
P11-18, P21) viewed it as a superior tool for communicating with
art directors and clients. As P3 shared, “On a recent project with a
tight deadline, the director needed immediate visuals—MidJourney
was too unpredictable, but GenTune offered much better control.”

85% of participants preferred GenTune in supporting creative ex-
ploration (Fig.8, Q7) As P17 noted, “Compared to tools like ComfyUl
or Stable Diffusion—where you have to adjust CFG, weights, models,
and parameters—GenTune makes it easy. Designers can just focus on
the image and the area they want to refine, and it generates exactly
what they need.” This reflects key principles for tools that support
creative thinking [94].

In summary, participants found GenTune to be a more control-
lable and effective tool for refining Al-generated images. Its intuitive
label-based workflow reduced trial and error, while boosting sat-
isfaction, trust, and willingness to adopt it in real-world design
workflows.

7 FIELD STUDY

We conducted a three-day field study to evaluate how GenTune
supports real-world pre-production workflows. The study focused
on the efficiency and quality of the refinement process, and how
GenTune helps reduce communication time between designers and
stakeholders.

7.1 Participants, Study Procedure and
Evaluation

We recruited three participants (Table 3): P4 (Age 27, 4 YoE) from

a major game studio known for Metroidvania titles with over 3.6

million copies sold, and P22 and P3 (both Age 27, 3 YOoE) from a

leading visual effects studio for film and television. These were

returning collaborators from our earlier studies, with upcoming
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projects involving new environment design tasks, and were willing
to test GenTune.

We deployed the same GenTune system from the summative
study via a web server, adding support for user-uploaded images
during generation and refinement. During the study, participants
were asked to use GenTune exclusively as their GenAlI tool for
pre-production tasks, including visual ideation and client commu-
nication.

Participants completed a diary study, documenting how they
selected elements, issued refinement instructions, and used Gen-
Tune in their workflow. A 30-minute post-study interview followed,
assessing GenTune’s impact on efficiency, quality, and commu-
nication compared to their previous methods. Two researchers
independently coded the interviews for thematic analysis.

ID Field Env. Number | Iterations
P4 Game 2 2/7
P22 | Visual Effect 1 9

P3 | Visual Effect 2 7/12

Table 3: Record of environments completed in the field study.
In the Iterations column, values in the format x / y represent
the number of iterations completed in the first and second
environments, respectively.

7.2 Result

Table 3 shows the number of environments completed using Gen-
Tune, and total iteration counts (each iteration includes four gener-
ations or refinements).

All studios reported notable improvements in efficiency. “I orig-
inally estimated it would take 8 hours to complete, but it only took
2 (P22) Two main factors contributed to this improvement. First,
compared to workflows using ChatGPT and MidJourney, where one
refinement often required multiple iterations, GenTune’s traceable
prompt structure enabled high-precision refinements. As P3 noted,
“Your tool is more direct and efficient. The local refinement feature
significantly reduced the need to go back and forth with Photoshop.”
Second, GenTune accelerated communication between designers
and directors. As P22 shared, “We usually need several meetings to
discuss revisions—this time, we completed three rounds of changes in
half a day”

Figure 9 presents examples from the field study. P22 was given
a two-day deadline to design a movie scene blending futuristic
elements with Vietnamese rice fields with the output used directly
for 3D scene setup. Starting with the prompt “Design a Vietnamese
farming village at sunset, with rice fields and high-tech devices”, the
client selected one of the generated images and requested two revi-
sions: (1) replace futuraistic buildings with traditional architecture,
and (2) remove the person and add a giant armored robot. Using
GenTune, the designer completed both changes in 9 iterations, and
the final direction was approved. P4 was tasked with designing
a ceiling and room layout based on a reference image, with the
output serving as a guide for 3D environment development. For the
ceiling, she selected the window area and, in just two iterations,
achieved a structure suitable for further concept design.
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Semantic-Guided Prompt Refinement Semantic-Guided Prompt Refinement
“two windows, and should be bigger”

e “Design the ceiling
of this room”

Semantic-Guided Prompt Refinement Semantic-Guided Prompt Refinement
"The farmhouse should be traditional” “Remove the person”

Semantic-Guided Inpainting
“High-tech armored vehicle”

“Design a Vietnamese farming

9 village at sunset, with rice fields
and a futuristic setting with

high-tech devices in the fields.”

Figure 9: Workflow procedure and results of using GenTune on real-world projects from two designers (P4 and P22). (A) P4
designed a ceiling and room layout based on a reference image using semantic-guided prompt refinement. (B) P22 designed
a movie scene blending futuristic elements with Vietnamese rice fields using a combination of semantic-guided prompt

refinement and inpainting.

Participants also praised GenTune for enhancing both quality
and creativity. As P4 noted, “I originally thought two skylights were
enough, but GenTune suggested making them asymmetrical—and it
worked surprisingly well.” P3 added, “It often brings out colors or
moods I hadn’t considered, which helps give the director an early
visual impression.” Some participants also described unexpected
but efficient use cases, “I can quickly generate props and textures
with GenTune and bash them into my draft” (P3). However, some
challenges remained. P22 shared, “I generated over twenty images to
get the giant mech I wanted because the client had already approved
the layout. Adding the mech through prompts caused too much struc-
tural change.” Still, P22 acknowledged that GenTune significantly
reduced overall revision and communication time.

We are excited to share that following the field study, both studios
have continued to use GenTune in their commercial projects, pro-
ducing over 40 environments to date. This demonstrates GenTune’s
strong potential for real-world adoption and seamless integration
into professional creative workflows.

8 DISCUSSION, LIMITATIONS, AND FUTURE
WORK

8.1 Adapting Generation Approaches to
Designers’ Needs

In the within-subject study, among 80 total refinement actions
by 20 participants, 47 involved prompt refining, while 33 used in-
painting. They attributed their preference to improvements in qual-
ity and consistency. Figure 13 in Appendix A shows comparisons
from our open-ended study, where each image pair was generated
with inpainting and with prompt refinement. “When adding people,
the lighting and posture look more consistent and natural with the
seed” (Appendix A, Fig.13-A, P17). The participants also noted that
“prompt refinement tends to make reasonable changes and offer more
possibilities” (P3). As P16 shared, “When I added a tram, GenTune
also added power lines—I hadn’t even thought of that”(Appendix A,
Fig. 13-B, P16). Most designers were comfortable with the slight
variations introduced by prompt refining. This reflects a broader

value in environment design: aesthetic coherence and scene plausi-
bility often take precedence over strict pixel-level consistency. This
aligns with “The Concept of Coherence in Art”[7], which highlights
"fittingness" and unity as central to aesthetic experience, even amid
minor inconsistencies.

However, despite offering greater consistency, prompt refine-
ment has notable limitations. For example, P4 attempted to replace
a single blackboard with a painting (Appendix A, Fig.14-A), but
semantic-guided refinement replaced all instances associated with
the “blackboard” label. Similarly, when the prompt modification
is broad, fine details may be lost. In Appendix A, Figure 14-B, P12
used the Izumo Taisha shrine as input reference and wanted to add
the traditional shimenawa (straw rope). In the prompt refinement
result, while the shrine’s structure was preserved, the torii gate
disappeared. In contrast, inpainting resulting in an outcome that
better met the designer’s expectations.

We intentionally omitted spatial conditioning controls during re-
finement, while potentially offering precise structural control, they
risk issues such as detail loss, texture degradation, and unintended
style shifts. These inconsistencies can disrupt the overall aesthetic
coherence, which is critical for designers. Figure 15 in Appendix A
compares the results of the GenTune, Flux 1.0 (Depth) and the Chat-
GPT image editing feature (released 3/25), using the same input:
“add prayer flags to the towers”. Both ChatGPT and Flux outputs
show significant architectural detail loss, drastic changes in style
and texture, and even the disappearance of key elements like the
bridge.

This design implication extends to other creative domains, where
different disciplines prioritize different needs and may benefit from
distinct generative models. For example, interior designers often
require high structural accuracy [121], making spatial conditioning
controls essential. In contrast, graphic designers may prioritize lay-
out composition [27], suggesting that region-based spatial control
models may be more appropriate.
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8.2 Generalizing GenTune-Traceable Control in
an Era of Automated Generation

GenTune’s core concept is a model-agnostic HCI paradigm that
enables traceable, element-level control in human-AI collaboration.
Our work addresses a critical challenge emerging from state-of-the-
art generative workflows, where the automated translation of high-
level concepts into complex intermediate representations before
producing a final output can limit a user’s ability to understand,
steer, and refine the generative process [25]. This is especially true
in fast-paced settings like environment design, where designers
must rapidly produce variations, making the manual rewriting of
prompts impractical.

This challenge applies broadly, from image generation [18, 122]
to video, where LLMs act as directors or motion planners [51,
82, 111], and programming, where LLMs handle planning [59],
multi-step guidance [49], or specification generation [48] prior to
code synthesis. As these workflows become more automated and
multi-step, particularly with the rise of multi-agent systems and
MLLMs[24, 33, 99, 142], the need for understandability and control-
lability of intermediate outputs becomes increasingly critical.

Our paradigm introduces traceable links between intermediate
representations and final results, enabling users to interpret and
revise intermediate steps directly from the output. This traceability
significantly enhances designers’ sense of control, transparency,
trust, and alignment with creative intent in this work. supporting
core principles of human-centered Al [8, 105, 132].

GenTune’s implementation can also be directly applied to other
complex visual domains that require fine-grained control. For exam-
ple, P14 successfully used GenTune for character design, effectively
controlling individual elements. Similar potential exists in interior
design, where elements such as walls, floors, and furniture can be
treated independently [17], and in game UI design, where interface
components are inherently structured and easily labeled [14]. An-
other promising direction is video and animation generation, where
evolving visual elements can be labeled with attributes like motion
type, speed, and direction. These can be independently adjusted,
aligning with established practices in motion design and layered
animation [119], and opening opportunities for traceable control
in temporal media.

While our current implementation supports caption-based image
inputs, future work could extend the traceable concept to sketches
and reference images, enabling users to map generated elements
back to specific visual regions, offering even more granular control.

8.3 Ethical Concern

As GenAl becomes increasingly embedded in creative workflows [65],
prior research has raised concerns about its negative impacts, such
as the displacement of professional artists [58, 116] and the growing
pressure for designers to adopt Al tools to stay competitive [104,
116].

Most of our participants have formal training in digital art and
are already expected to integrate GenAl tools into their professional
pipelines. GenTune was developed in direct response to the needs
and challenges voiced by working designers, and is designed for
referencing and facilitating communication, not as a final asset.
We see designers as the core creative force, and GenTune aims
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to augment their workflows by improving control and reducing
trial-and-error, allowing them to focus on creative decisions that
require their expertise.

At the same time, we recognize that even positive efficiency
gains can contribute to increased client demands, potentially rein-
forcing the "treadmill” effect. Understanding how AI tools reshape
client-designer dynamics is a critical direction for future ethno-
graphic research.

Concerns have also been raised about GenAl reducing group cre-
ativity [34, 66]. In practice, environment designers “actively conduct
research and curate references, filtering GenAl outputs to integrate
their own insights”, stated by a participant with 13 years of experi-
ence (P18). In this sense, systems like GenTune can amplify creative
exploration and foster greater diversity through collaboration [45].
However, we acknowledge that overreliance on GenAlI may risk
homogenization, an important issue for future long-term research
on human-AlI co-creation.

8.4 Limitations and Future Work

Study design. We evaluated GenTune through an open-ended
task in which participants applied it to a current or past project,
relying primarily on self-reported data. While this approach offers
ecological validity, variations in participants’ workflows and prior
GenAl experience may introduce inconsistencies when compar-
ing GenTune to their original methods. To more rigorously assess
refinement effectiveness and output quality, future studies could
incorporate a standardized baseline and involve external experts to
evaluate and compare refinement results, enabling more insightful
analysis.

Refinement order. While combining inpainting and prompt
refinement offers flexibility, it introduces a key limitation: once
inpainting is applied, subsequent prompt refinement may regen-
erate the entire image and overwrite earlier edits. This remains a
significant challenge, as designers may struggle to anticipate which
method is best suited for a given modification. As P3 noted, “You
need to plan ahead—once you inpaint, it’s difficult to go back and
change the overall image.” GenTune addresses this through a layered
system that tracks changes across methods and allows designers
to revert to previous versions. Future work could enhance this by
introducing a rapid preview system, enabling users to compare re-
finement outcomes quickly. As models advance, integrating spatial
conditioning that merges prompt refinement results with inpainted
regions could offer a more seamless solution.

Instability of semantic-guided prompt refinement. Some
participants noted the instability of prompt refinement. As P21
remarked, “Sometimes it accurately modifies only the part I intended,
but other times, elements I previously edited disappear.” This instabil-
ity stems from the limitations of T2I models, which often struggle
to maintain structural and spatial consistency when prompt intent
shifts—even with a fixed seed [11, 21]. Recent work has begun ad-
dressing these issues through improved prompt refinement [83], en-
hanced spatial understanding [21], and multi-view consistency [50].
The development of spatially conditioned control models [143] also
opens new possibilities for more stable and consistent refinements.
Future work could integrate these control strategies to strengthen
the refinement process further.
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Label accuracy. The effectiveness of GenTune’s refinement
relies heavily on accurate label selection. If the correct label is
missing or unclear, the refinement may not reflect the designer’s
intent. Label inaccuracies typically arise from: (1) hallucinations
in the T2I model, where elements appear visually but are not cap-
tured in prompt-derived labels, and (2) an overabundance of similar
or ambiguous labels, making it hard to identify the right one. Be-
yond improving classification and T2I accuracy, future versions of
GenTune could support reverse mapping—highlighting all regions
linked to a selected label—to help designers better anticipate which
areas will be affected.

9 CONCLUSION

We present GenTune, a human-centered generative Al system and
model-agnostic HCI paradigm that enables traceable, element-level
control to improve the understandability and controllability of
human-AI collaboration. Designed for environment design work-
flows, GenTune combines traceable prompts and semantic-guided
refinement to help designers better interpret prompt-image rela-
tionships and perform more precise, consistent edits. We evaluated
GenTune through a summative study with 20 environment de-
signers, including a within-subject experiment and an open-ended
design task. Results showed that GenTune significantly improved
prompt-image comprehension, refinement quality, efficiency, and
user control—receiving strong preference over existing workflows.
A follow-up field study in two professional studios further demon-
strated GenTune’s potential to enhance refinement efficiency and
creative communication in real-world production settings.
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Figure 10: Comparison of refinement workflows between the Baseline and GenTune systems for one of the topics: The Hanging
Gardens of Neo-Babylon in the within-subject task. Participants were shown an initial generated image (left column) and asked
to perform four refinement tasks. The center column illustrates the Baseline workflow, which relied on prompt modification
and inpainting. The right column shows GenTune’s workflow and the result of user-chosen refinement method between
semantic-guided prompt refinement and inpainting,.
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Figure 11: Survey results from the within-subject task. Participants rated the NASA-TLX workload for both the baseline and
GenTune system using a 7-point Likert scale. *: p <.05 and **: p <.01.
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Figure 12: Results from the open-ended task. Each row presents iterative image refinements made by different users using
GenTune, including semantic-guided prompt refinement via text instruction or image reference, as well as semantic-guided
inpainting.
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Figure 13: Comparison between semantic-guided prompt refinement with controlled seed (middle) and semantic-guided
inpainting (right). In these examples, seed-based refinement better preserves overall image aesthetic coherence.
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Figure 14: Comparison between semantic-guided prompt refinement with controlled seed (middle) and semantic-guided
inpainting (right). In this case, inpainting method provides more precise control.



GenTune: Toward Traceable Prompts to Improve Controllability of Image Refinement
in Environment Design UIST 25, September 28-October 01, 2025, Busan, Republic of Korea

Orlglnal

Detail loss, drastic changes in style and texture, disappearance of key elements

Figure 15: Comparison of image refinement results among GenTune, Flux 1.0 (Depth), and ChatGPT-40. All methods were
given the same instruction: “Add prayer flags on the towers” GenTune preserves visual coherence, while Flux and ChatGPT
exhibit detail loss, drastic changes in style and texture, and even the disappearance of key elements (e.g., the bridge).



	Abstract
	1 INTRODUCTION
	2 RELATED WORK
	2.1 Generative AI in Creative Workflow
	2.2 Addressing Understanding in Human-AI Design Collaboration
	2.3 Refinement in Generative Image Workflows

	3 FORMATIVE STUDY
	3.1 Participants
	3.2 Study Procedure
	3.3 Findings
	3.4 Design Goals

	4 SYSTEM & IMPLEMENTATION
	4.1 System Overview
	4.2 User Interface
	4.3 Technical Implementation

	5 SUMMATIVE STUDY
	5.1 Study Design

	6 RESULTS & FINDINGS
	6.1 RQ1: Prompt-to-Image Interpretability
	6.2 RQ2: Refinement Effectiveness and Quality
	6.3 RQ3: Alignment with Expectations and Control

	7 FIELD STUDY
	7.1 Participants, Study Procedure and Evaluation
	7.2 Result

	8 DISCUSSION, LIMITATIONS, AND FUTURE WORK
	8.1 Adapting Generation Approaches to Designers’ Needs
	8.2 Generalizing GenTune-Traceable Control in an Era of Automated Generation
	8.3 Ethical Concern
	8.4 Limitations and Future Work

	9 CONCLUSION
	Acknowledgments
	References
	A Appendix



