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Figure 1: GenTune, a human-centered generative Al system with traceable prompts for controllable image refinement in en-
vironment design. (A) 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.

“Both authors contributed equally as first author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full cita-
tion on the first page. Copyrights for components of this work owned by others than
the author(s) must be honored. Abstracting with credit is permitted. To copy other-
wise, or republish, to post on servers or to redistribute to lists, requires prior specific
permission and/or a fee. Request permissions from permissions@acm.org.

CGW ’25, Taipei, Taiwan,

Abstract

LBRBEEEP G FRAGHES EXATRAEMH 2D A
D FHF MR EEEH G AT LERgEFE
BEme)— B -MEHALER  RFAGMBARBTEAL
TR FERERAATEE (Generative AI) > 4] 4o >
15 A RAETHA (LLMs ) R348 L F 4 R B 4 69427 3

© 2025 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 978-x-xxxx-xxxX-X/YY/MM
https://doi.org/10.1145/nnnnnnn.nnnnnnn


https://orcid.org/0009-0001-1050-1170
https://orcid.org/0009-0002-4745-9460
https://orcid.org/0009-0001-1864-626X
https://orcid.org/0009-0000-8863-1277
https://orcid.org/0009-0009-7947-4834
https://orcid.org/0000-0002-9033-7904
https://orcid.org/0000-0001-5410-652X
https://orcid.org/0000-0003-0169-7682
https://doi.org/10.1145/nnnnnnn.nnnnnnn

CGW ’25, Taipei, Taiwan,

( prompts ) > F R & i R A5 BT #4253 45 44 ( inpainting )
RAFEE AR - Ad > HRAVEH 10 xBTS R
AT TRBEERS: (1)LIM A KRR TEIETTEA
Mo BB BRTEBUEMIE B R EHBEETRE LT M
H s (2) BARBIMGAHEHBETER  EEEFBGEHR
—ER M AATEM T m o — KRB ©

HEniz bR > & 942  GenTune > —FE 58/ A 1 Al #4E
i BRFRERAIARRTHELBGENEZ Mo
JERA 15 > H Bhek 6P B A i 4T % % © GenTune 4 43 3%
FERTAERA RB ST OEESM  EALHEHRTE
A2 BEBF AR E B R THE LY ey E1L -
AL — IA4TH 20 Rkt ER AN 484 AR F > GenTune f£3% 57 3§
BREGHIERE  HBLETHESE URERGEE &
MBRBATH R R BERI ( BEBEEKE - p<.01)-

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

ACM Reference Format:

IXA, BHEE, SR, YA, 5 A, R, BR 2P, and BB F . 2025.
£ BT 38 69 4T AR A B RE P B AR A 1569 7T 4244 In Proceedings
of July 10-11, 2025 (CGW °25). ACM, New York, NY, USA, 10 pages. https:
//doi.org/10.1145/nnnnnnn.nnnnnnn

1 INTRODUCTION

Environment designers in the entertainment industry craft the vi-
sual and spatial worlds that audiences experience in games, anima-
tions, films, and TV shows [2, 26, 32, 45]. Their work typically oc-
curs during pre-production, where they collaborate with art direc-
tors to develop 2D and 3D concepts that define a project ’ s visual
direction [45]. These designs often serve as blueprints for model-
ing and VFX teams, or in smaller or stylized productions, are used
directly in final scenes [12, 18]. 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, 26, 32].

With the rise of generative Al (GenAl) tools, environment de-
signers increasingly integrate them into their workflows [28, 29,
44, 53]. They collaborate with multimodal large language models
(MLLMs) to craft and refine prompts, which serve as input for
text-to-image (T2I) models. The recent release of ChatGPT-40’s im-
age generation! further signals the growing adoption of AI for
advanced image editing. GenAl is now used across ideation, in-
spiration, client communication, and even production-level out-
puts [19, 37, 53]. This shift has raised industry expectations—de-
signers are expected to iterate faster and deliver higher-quality vi-
suals. In response, recent research has explored deeper GenAl inte-
gration, such as prompt-tuning [8, 54, 55] and multimodal models
for rapid ideation [10, 35, 53].

However, as designers move to refinement, they often need to
revisit, modify, or build upon initial Al-generated outputs—both

1ChatGPT, https://openai.com/index/introducing-4o-image-generation/
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prompts and images. Current GenAlI 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 spatial coherence, they struggle with the com-
plexity of environment design, and their automated nature limits
designer control and restricts expressive intent. As a result, de-
signers struggle with control and precision in the refinement pro-
cess, often resorting to time-consuming trial-and-error cycles [6,
9, 51, 53]. In this work, we address these challenges with a human-
centered approach tailored to the specific needs of environment
designers, supporting better understanding and refinement of gen-
erated outputs during the pre-production process.

To better understand the challenges environment designers face
with GenAlI tools, we conducted a formative study with 5 profes-
sionals and 5 design students who regularly use them in their work-
flows. Through workflow analysis and in-depth interviews, we iden-
tified two core challenges: a lack of understanding of how text
prompts relate to generated image elements, and limited control
during the refinement process. Environment design involves com-
plex spatial and visual composition across both macro (layout) and
micro (detail) scales. While designers often rely on LLM to craft
long, detailed prompts to guide generation, they frequently strug-
gle to trace how specific parts of the prompt influence the output—
making refinement a frustrating trial-and-error process. For local
refinement, approaches like inpainting [59] often lead to inconsis-
tencies in lighting, style, or context. More technical solutions, such
as ComfyUI [16] with ControlNet [60], offer finer control but are
too complex and misaligned with designers’ workflows.

To address the specific needs of environment designers, 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 [10, 53]
by incorporating a brainstorming module that transforms simple
user inputs into detailed prompts and generates four diverse vi-
sual outputs. 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 extracted from
the structured prompt used to generate the image (Fig. 1-A).
The full prompt segment associated with the label is also
displayed, helping designers understand how specific parts
of the prompt relate to visual elements.

(2) Semantic-Guided Refinement: GenTune allows design-
ers to precisely refine the image based on a selected area
of interest (Fig. 1-B). The system supports three refinement
modes: refining the image element associated with the se-
lected label, modifying only the selected region, or compar-
ing both and choosing the preferred result. Designers can in-
put refinements via natural language and reference images.
Additionally, the system suggests refinement options based
on both the selected element and the overall image context.
These features enable designers to achieve their desired re-
sults efficiently.

We conducted a summative study with 15 professional environ-
ment designers and 5 design students, all experienced with GenAl
tools, to evaluate the effectiveness of GenTune. The study included
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a within-subjects experiment simulating real-world generative im-
age refinement tasks, comparing GenTune to a baseline system
without its two key modules. Results showed that, compared to the
baseline, participants significantly better understood the prompt-
image connection (p = 0.003), found GenTune more effective for re-
finement (p = 0.002), produced higher-quality outputs (p = 0.003),
and reported greater satisfaction (p < 0.001). An open-ended task
followed, in which participants applied GenTune to their own past
or ongoing GenAl projects and compared it with their typical work-
flow. Participants significantly preferred GenTune in terms of re-
finement efficiency, quality, and creativity support (p < 0.001 for
all), and also reported feeling more in control and more satisfied
overall (p < 0.001).
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 re-
finements via natural language or image references. Gen-
Tune features Traceable Prompt and Semantic-Guided Re-
finement to help designers better understand and control
Al outputs.

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, and (2) an open-ended task us-
ing with production projects.

2 FORMATIVE STUDY

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

2.1 Participants

Our formative study included 5 professional environment design-
ers from the game and animation industries (3-8 YoE, mean = 4.8),
and 5 design students with at least six months of intensive GenAI
experience. Participants were compensated 15 $USD.

2.2 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 ex-
periences using GenAlI 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.

2.3 Findings

2.3.1  Roles of GenAl in Environment Design. Designers commonly
use GenAl tools for early-stage ideation, particularly when work-
ing with unfamiliar design specifications. As one participant noted,
“ It’s common that we cannot find specific design references to the
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topic, but image generation tools can provide that ” (P4). GenAl also
serves as a source of visual reference, and designers draw inspira-
tion from mood, atmosphere, spatial layout, and textures. “ Some-
times I just want to see how Al would handle certain architectural
structures ” (P1). As GenAl tools become more widespread, art di-
rectors 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).
Despite this pressure, GenAl output still requires significant man-
ual refinement. As one designer explained, “ Al rarely captures ex-
actly what the client wants—we still do a lot of post-processing to
meet their expectations ” (P4).

2.3.2  Current GenAl Refinement Workflow and Key Challenges. De-
spite our participants used various image generation tools, their
workflows were similar: designers often crafted long and intricate
prompts to specify the desired elements, many used LLMs to gener-
ate initial prompts, then refined the images iteratively from global
structures to local details.

A key challenge was the lack of clear mapping between prompt
text and visual elements, making it hard to determine which parts
of the prompt control specific image features. “ 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 include unex-
pected elements not mentioned in the prompt. These challenges un-
derscore the inefficiencies of prompt-based refinement, especially
in complex environment design workflows.

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. “ 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 condition-
ing in ComfyUI [16], 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 putit, “ I'man
artist, not an engineer—why should I have to use this (ComfyUI)? ”

To modify local details without affecting other regions, some
designers used prompt-based inpainting [59], a common feature
in GenAl tools. This involves selecting a region and entering a
replacement prompt. However, results were often inconsistent—
mismatched lighting, style, proportion, or contextual coherence,
such as historical or spatial consistency. “ Inpainting often gives
me strange results—I’ve tried many different prompts, but still didn’t
get what I wanted ” (P6). Others opted for manual editing, but the
lack of editable layers made this difficult. “ It’s faster to repaint the
area from scratch > (P3).

These challenges hinder environment designers from effectively
refining GenAl images—despite growing expectations for seam-
less integration in industry workflows.



CGW ’25, Taipei, Taiwan,

2.4 Design Goals
Base on the finding, 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
text and corresponding visual elements, helping environ-
ment designers understand how specific prompts influence
outputs. This facilitates more precise and intentional control
during the refinement process.

e DG2: Coherent Refinement from Global to Local. The
system should align with designers’ workflows by support-
ing iterative refinement from global structure to local de-
tails, preserving visual coherence while enabling targeted,
flexible edits.

e DG3: Intuitive and Predictable Control Workflow. The
system should provide intuitive interaction flow that pro-
mote a strong sense of control and predictability, making re-
finement outcomes more understandable and reliable. This
reduces trial-and-error and enhances designers’ creative con-
fidence.

3 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 ar-
eas of interest and supports precise, progressive refinement.

0 7 e

Figure 2: GenTune includes: (A) a main image panel with a
region selection mode selector (A1), selected region display
(A2), and corresponding labels with refinement suggestions
(A3); (B) a version history view showing the relationship be-
tween initial and refined images; and (C) a refinement panel
with a structured prompt view (C1), a text input dialog and
suggestions (C2), and reference image search (C3).

3.1 System Overview

GenTune’s image generation system draws inspiration from con-
versational generation systems [23, 53, 56], which support itera-
tive, dialogue-driven workflows. It features a brainstorming mod-
ule that transforms simple user input into high-quality prompts
and generates four initial images through a conversational inter-
face. Once an image is selected, it enters GenTune’s main interface
(Fig. 2), which features two core modules designed to support our
key goals.
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3.1.1 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 de-
sign from our formative study.

To help designers identify which parts of the prompt correspond
to visual elements, GenTune supports two selection modes (Fig. 2-
A1): (1) hover-and-click, which auto-detects elements and overlays
a blue segmentation mask, and (2) box selection, which matches
the best segmented region within the selected area (Fig. 2-A2). Once
an element is selected, a label appears above it, indicating the corre-
sponding prompt keyword, and the relevant section in the prompt
overview panel automatically expands (Fig. 2-C1). Labels are orga-
nized in a tree structure, allowing parent subcategories to expand
when a label is selected. These labels are derived from the content
category, which most directly maps to identifiable visual elements.

3.1.2  Semantic-guided refinement. After tracing a label, designers
can refine the image using text, image input, or both. They may en-
ter natural language instructions in the dialogue box and provide
areference 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). This mode al-
lows designers to edit the entire image without selecting a
specific label, using only a text instruction or reference im-
age. It builds on prior conversational image editing systems
and supports broad visual changes.

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 de-
signer’s input and the selected label, then regenerates the
image using the same seed. This allows changes to apply
only to the intended element while preserving overall co-
herence [21, 38]. For example, the designer selects the ele-
ment labeled “ Vintage Cars ” and provides a reference im-
age of a vintage tram. GenTune replaces cars with trams
and adds overhead wires to ensure contextual consistency,
while keeping the rest of the image largely unchanged (Fig. 1-
B, Fig. 6-B). This design choice helps align Al-driven refine-
ment with designer intent. Although minor regions of the
image may shift, environment designers typically prioritize
conceptual consistency and visual coherence over exact pixel-
level accuracy—a preference that professionals in our user
evaluation later validated.

¢ Semantic-guided inpainting (requires selection) This
option enables more localized edits. As noted in our for-
mative study, traditional inpainting methods require pre-
cise input and often yield inconsistent results. In contrast,
GenTune accepts simple natural language commands (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.

For each refinement, GenTune generates four image variations.

It offers three modes: seed mode and inpainting mode, each pro-
ducing four results, and mixed mode, which returns two from each.
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This allows designers to compare outcomes across strategies—es-
pecially useful when they are unsure about the scale of change or
want to explore stylistic trade-offs.

Labels ) cLIP
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vintage cars.”
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Figure 3: Pipeline for prompt-element correspondence. La-
bel Extraction LLM extracts labels from the structured
prompt and used as text inputs to CLIP. When the user se-
lects aregion, it is segmented by SAM, cropped with a bound-
ing box, alpha-masked, and fed into CLIP. The CLIP model
then calculates text-image similarity to identify the label
most closely associated with the selected region.

3.2 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 enter-
ing 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. During refinement, a "Generating image” message appears
in the bottom-right corner, which can be clicked to view progress
or wait for a result pop-up. The bottom of the interface displays an
image iteration tree (Fig. 2-B), showing thumbnails of the hierar-
chical relationships of each image, to help track and revisit edits.

4 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 ed-
its 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. In both conditions, the full structured prompt
was displayed (Fig. 2-C1).
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(2) An open-ended task. Designers applied GenTune to their
own projects involving generative Al tools and compared
the experience to their usual workflows.

We focus on three key aspects:

e Al: Prompt-image interpretability
o A2: Refinement effectiveness and output quality
o A3: Alignment with expectations and control

4.1 Study Design

4.1.1 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. Fi-
nal images were served as references for client communication
and future development. Design topics and refinement instructions
were validated by two professional art directors. Figure ?? shows
an example workflow for the first topic under both conditions.

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

4.1.2  Measurements. The post-condition questionnaire for the first
task evaluated three key aspects: image-prompt understanding, re-
finement effectiveness and quality, and overall user experience. It
also included a NASA-TLX to assess perceived workload. All ques-
tions and results are shown in Figure 4. Responses were collected
using a 7-point Likert scale (1 = strongly disagree, 7 = strongly
agree). We adopted a self-report approach, consistent with prior
HCI and creativity research [30, 34, 43, 49], and analyzed the data
using the Wilcoxon signed-rank test [57], 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 5. 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 [11, 41, 50].

In-depth interviews complemented the second open-ended task
by offering qualitative insights into how professionals engaged
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with GenTune in real-world workflows. We focused on how Gen-
Tune influenced the understanding of the prompt-image relation-
ship, and how GenTune differed from their previous workflows,
editing methods, refinement efficiency and quality.

4.1.3  Participants. We recruited 15 professional environment de-
signers with 1 to 21 YoE (Mean = 6.60) from various industries,
including game (P1, P4, P6, P11-P13, P17), animation (P3, P5, P14,
P21), film (P15-P16), industrial design (P20) and freelancing (P18-
19). We also included 5 design students (P2, P7-P10) who had at
least six months of intensive experience with GenAl design tools
on environment design projects.

i Refinement &O1 i M Genlune Baseline
Alignment with Expectations & Control 1 2 3 4 5 6 7

D
pts: =
w accurately the image represents the prompt: e

Qs. The system allowed me to refine specific parts of the image of interest effec o
Q6. I think the quality of the refined image provided by the system is e
Q7. I'm satisfied with the final refinement from the sys e
Q8. The refined image from the system reflects what | expe e
Q. I feel in control of the generation process while using the syst =]
Q1o I feel the system understood my intention for )
Q1. Overall,I'm satisfied with the sys )

Figure 4: Survey results from the within-subject task. *: p <
.05and **: p <.01.

5 RESULTS & FINDINGS

In this section, We report findings organized by our three evalua-
tion aspects (A1-A3), combining results from both the controlled
experiment and open-ended task.

Refinement effecti &Outputquality  Strongly Prefer

o Strongly Prefer

-
heir Original Aj h GenTt
Alignment with Expectations & Control Their Origizal Approac entune
25% 0% 25% 50% 75% 100%
Which approach helped me better understand the connection
Q1 between the generated image and the prompt? 1 6 10 e |-
@ Which approach helped me better understand how 5 9 -
- prompt elements influenced the generated image?
Q3. Which approach is easier for me to identify areas of the image | need to refine? 1 s 5 -
P! Y g
Q4. Which approach provided more useful suggestions for refining? 4 5 7 e
Qs. Which approach provided a better quality of refinement result? g 7 s A -
Q6. Which approach helped me more efficiently achieve my desired refinements? 2 6 8 A (-
Q7. Which approach better supported my creative exploration? 1 2 5 9 El -
Q8. Which approach make me feel more in control? 3 7 6 -
P
Q9. Which approach better supported my creative exploration? 2 7 8 E (e
Qto. Which approach make me feel more in control? 4 6 s s |

Figure 5: User preference distribution for their original ap-
proach vs. GenTune . **: p <.01.

5.1 A1l: Prompt-Image Interpretability

Participants using GenTune showed significantly improved prompt-
to-image interpretability. In the within-subjects study, participants
found it significantly easier to identify which prompts corresponded
to specific visual elements (Fig. 4, Q1; Mean_diff = 1.35, p = 0.002),
and to assess how accurately the generated image reflected the
prompt (Fig. 4, Q4; Mean_diff = 1.2, p < 0.001). In the open-ended
task, 95% preferred GenTune for identifying which parts of the im-
age to refine (Fig. 5, Q3; Mean = 6.00, p < 0.001). Many participants
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noted that GenTune saved them from reading detailed prompts to
find what they wanted to modify (P2-8, P11-17, P19-21). For exam-
ple, “ The highlights clearly show what needs to be changed—I don’t
have to dig through the prompt ” (P3).

Participants found it significantly easier to understand the con-
nection between prompts and visual outputs using GenTune. In the
within-subjects study, they more effectively connected image ele-
ments to their corresponding prompts (Fig.4, Q2, Mean_diff = 1.1,
p = 0.003), and better understood how each prompt influenced the
image (Fig.4, Q3, Mean_diff = 0.7, p = 0.03). In the open-ended task,
95% and 100% of participants, respectively, preferred GenTune for
these aspects (Fig. 5, Q1, Mean = 5.75, p < 0.001; Q2, Mean = 5.65,
p < 0.001). Many found that selecting a label clarified what would
be affected (P2-6, P8-13, P16-P21). “ The labels are intuitive—once
it’s highlighted, I know what the system will affect. I don’t have to
second-guess or worry about unintended changes ” (P6).

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 prompt candidate seemed plausible, but
I couldn’t tell which one was actually correct. ”

Overall, these findings highlight GenTune’s strength in bridg-
ing the gap between textual prompts and visual outputs, enabling
designers to interpret Al-generated images with greater clarity.

5.2 A2: Refinement effectiveness and output
quality

5.2.1 Refinement efficiency and precision. In the within-subjects
study, participants rated GenTune significantly more effective for
image refinement (Fig.4, Q5; Mean_diff = 1.2, p = 0.002), and pre-
ferred it for achieving desired result more efficiently in the open-
ended study (Fig.5, Q6; Mean = 5.7, p < 0.001), with 90% favoring
GenTune. Most reported that semantic-guided refinement accu-
rately 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,
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. ”

5.2.2 Refinement quality. Images refined with GenTune were rated
significantly higher in quality than the baseline (Fig.4, Q6; Mean_diff
= 0.9, p = 0.003), with 80% preferring its quality in the open-ended
task (Fig.5, Q5; Mean = 5.4, p < 0.001). Participants also reported
greater satisfaction with the final results than the baseline(Fig.4,
Q7; Mean_diff = 1.45, p < 0.001). Many were impressed because
they typically relied on inpainting or manual editing (P3, P5 - 8,
P11-14, P16-17), while GenTune’s semantic-guided prompt refine-
ment achieved better results with minimal structural disruption.
As P20 said, “ GenTune let me control the structure while making
precise edits—other tools made unpredictable changes. ” One excep-
tion was P14, who preferred the aesthetic quality of their previous
workflow using MidJourney.
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Given GenTune’s strength in both efficiency and quality, 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 im-
mediate visuals—MidJourney was too unpredictable, but GenTune
offered much better control. ” P11 added, “ I used to spend hours re-
vising after meetings; with GenTune, I can make changes live in front
of the client.”

Overall, these findings underscore GenTune’s effectiveness in
improving refinement efficiency, precision, and quality, making it
a practical and controllable tool for real-world creative workflows.

5.3 A3: Alignment with Expectations and
Control

In the within-subject study, participants found that GenTune’s re-
finements significantly aligned with their expectations (Fig.4, Q8;
Mean_diff = 1.2, p = 0.002) and effectively captured their intended
refinement (Fig.4, Q10; Mean_diff = 1.45, p < 0.001). “ The result
wasn’t exactly what I imagined, but it evolved in a different direc-
tion—often exceeding my expectations ” (P9).

Participants rated GenTune as significantly more controllable
than the baseline (Fig.4, Q9; Mean_diff = 1, p = 0.003), with 85%
preferring its controllability over their previous approach (Fig.5,
Q8; Mean = 5.55, p < 0.001). As P14 shared, “ I love the labeling—
it gives a sense of control. Even if the result isn’t exactly what I imag-
ined, it refines the right area, so the outcome still feels expected.”
This was echoed in open-ended responses: all participants identi-
fied label-based selection and editing as GenTune’s most helpful
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.”

Participants were significantly more satisfied with GenTune com-
pared to the baseline (Fig.4, Q11; Mean_diff = 1.3, p < 0.001). 90%
preferred GenTune for refining Al-generated images (Fig.5, Q9;
Mean = 5.6, p < 0.001), 80% found it more satisfying to use (Fig.5,
Q10; Mean = 5.55, p < 0.001) than their previous workflows. All
participants expressed interest in using GenTune in future com-
mercial projects. Several noted that it increased their trust in gen-
erative 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 ”

Participants also favored GenTune for its simplicity and ease of
control. This aligns with participants’ preference for GenTune in
supporting creative exploration (Fig.5, Q7; Mean = 5.55, p < 0.001),
with 85% favoring it over prior workflows. As P17 noted, “ Com-
pared to tools like ComfyUI 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
io refine, and it generates exactly what they need. ” This reflects key
principles for tools that support creative thinking [40].

In summary, participants found GenTune to be more control-
lable and effective for refining Al-generated images. Its intuitive
label-based workflow reduced trial and error, while boosting satis-
faction, trust, and willingness to adopt it in real-world processes.
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Prompt Refinement Inpainting

Inconsistent lighting
and unnatural posture

Figure 6: Comparison between semantic-guided prompt
refinement with controlled seed (middle) and semantic-
guided inpainting (right). In these cases, seed-based refine-
ment better preserves overall image aesthetic coherence.

Prompt Refinement Inpainting

Torii Gate disappeared

Figure 7: Comparison between semantic-guided prompt
refinement with controlled seed (middle) and semantic-
guided inpainting (right). In this case, inpainting method
provides more precise control.

6 DISCUSSION, LIMITATIONS, AND FUTURE
WORK

6.1 Adapting Generation Approaches to
Designers’ Needs

In both our studies, most participants showed a preference for prom-
pt refining over inpainting for local refinement—even though the
former sometimes introduced minor changes in structure or detail.
In the within-subject study, among 80 total refinement actions , 47
involved prompt refining, while 33 used inpainting.

Participants attributed their preference to improvements in qual-
ity and consistency. Figure 6 shows two comparisons from our
open-ended study, where each image pair was generated using
mixed mode—once with inpainting and once with prompt refine-
ment. “ When adding people, the lighting and posture look more con-
sistent and natural with the seed ” (Fig.6A, P17). The participants
alsonoted 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 ” (Fig. 6-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 plau-
sibility often take precedence over strict pixel-level consistency.
This aligns with “ The Concept of Coherence in Art ” [4], which
highlights "fittingness” and unity as central to aesthetic experience,
even amid minor inconsistencies.
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However, despite offering greater consistency, prompt refine-
ment has notable limitations. For example, P4 attempted to replace
a single blackboard with a painting (Fig.7-A), but semantic-guided
refinement replaced all instances associated with the “ blackboard ”
label, while inpainting made the change more precisely. In Figure 7-
B, P12 replaced a shrine with an older version, preserving the struc-
ture, but the torii gate was lost. In contrast, inpainting retained the
torii and delivered the expected result with higher fidelity.

To support diverse refinement needs, GenTune adopts a mixed
mode design, generating two results from each method—semantic-
guided prompt refinement and inpainting. This approach offers
two key advantages: it helps designers when they are uncertain
about the scale of modification, and it enables side-by-side compar-
ison, allowing them to choose the result that aligns with their in-
tent while balancing the strengths and limitations of each method.

6.2 Toward Controllability, Trust,
Transparency with Traceable Prompt

Traditional creative workflows are rapidly evolving, with indus-
try professionals increasingly integrating GenAlI tools into their
pipelines [3, 28, 44]. To meet tight deadlines, designers often rely
on LLMs for prompt tuning and visual refinement, intensifying
human-AlI collaboration [24, 25, 46]. This shift toward automation
is accelerated by advances in multi-agent systems and MLLMs [14,
17, 42], which interpret minimal input and autonomously execute
complex tasks [20, 33, 39, 52]. A widely discussed example is the
image editing tools in Gemini and ChatGPT, where users simply
upload an image and provide short instructions, with the system
chaining multiple models to complete the task. While these pipelines
can produce polished results, their opaque, automated nature lim-
its the user’s understanding of the system capabilities and restricts
the ability of designers to express intent, clearly articulate their
needs, and refine the outputs, a challenge echoed in previous work
on human-centered GenAlI [15].

Previous approaches have supported the expression of creative
intent through multimodal prompting [35] or structured prompt
languages [47], and improved control via spatial conditioning, such
asregion sketches [27] or pen-based tools for color and texture [36].
These methods focus largely on the input stage. In contrast, Gen-
Tune takes a post-generation tracing approach: it begins with a
brainstorming module that expands simple input into rich prompts,
then uses traceable prompts to show how specific components in-
fluence different image elements. This trade-off is tailored for envi-
ronment designers in pre-production workflows, who must rapidly
explore visual directions, produce multiple variations, and itera-
tively refine concepts for stakeholder communication. In such fast-
paced settings, manually crafting each design from scratch or re-
peatedly rewriting prompts is impractical.

Our findings demonstrate that GenTune’s traceable prompt sig-
nificantly enhances designers’ sense of control, transparency, trust,
and alignment with creative intent. By supporting visual-to-text
traceability, GenTune helps environment designers better steer the
generation process while preserving their creative autonomy. This
approach aligns with core principles of human-centered Al [5, 48,
58]. Future work should further explore integrating domain-specific
practices into generative systems, empowering designers across
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creative fields to effectively leverage advanced Al capabilities while
maintaining creative autonomy [19].

6.3 Limitations and Future Work

Refinement order. While combining inpainting and prompt re-
finement offers flexibility and improves the chances of achieving a
satisfactory result, it also introduces a key limitation: once inpaint-
ing is applied, subsequent prompt refinement may regenerate 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 introduc-
ing a rapid preview system, enabling users to compare refinement
outcomes quickly.

Instability of semantic-guided prompt refinement. Some
participants noted the instability of prompt refinement. As P21 re-
marked, “ Sometimes it accurately modifies only the part I intended,
but other times, elements I previously edited disappear. ” This insta-
bility stems from the limitations of T2I models, which often strug-
gle to maintain structural and spatial consistency when prompt in-
tent shifts—even with a fixed seed [7, 13]. Recent work has begun
addressing these issues through improved prompt refinement [31],
enhanced spatial understanding [13], and multi-view consistency [22].
The development of spatially conditioned control models [60] also
opens new possibilities for more stable and consistent refinements.
Future work could integrate these control strategies to strengthen
the refinement process further.

Label accuracy. The effectiveness of GenTune’s refinement re-
lies heavily on accurate label selection. If the correct label is miss-
ing or unclear, the refinement may not reflect the designer’s in-
tent. 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 sim-
ilar or ambiguous labels, making it hard to identify the right one.
Beyond improving classification and T2I accuracy, future versions
of GenTune could support reverse mapping—highlighting all re-
gions linked to a selected label—to help designers better anticipate
which areas will be affected.

7 CONCLUSION

We present GenTune, a human-centered generative Al system that
enhances the refinement workflow in environment design. Through
Traceable prompts and Semantic-guided refinement, GenTune helps
designers better understand prompt-image relationships while en-
abling more precise and consistent edits. We evaluated GenTune
in a summative study with 20 environment designers in an experi-
ment within the subject and an open-ended design task. The results
show that GenTune significantly improved prompt image compre-
hension, refinement quality, and efficiency, and the sense of con-
trol of users, giving a clear preference to existing workflows. A
field study in two design studios further demonstrated GenTune’s
potential to improve refinement efficiency and creative communi-
cation in real-world production settings.
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