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ABSTRACT

Interior color design is a creative process that endeavors to al-
locate colors to furniture and other elements within an interior
space. While much research focuses on generating realistic interior
designs, these automated approaches often misalign with user in-
tention and disregard design rationales. Informed by a need-finding
preliminary study, we develop C2Ideas, an innovative system for
designers to creatively ideate color schemes enabled by an intent-
aligned and domain-oriented large language model. C2Ideas in-
tegrates a three-stage process: Idea Prompting stage distills user
intentions into color linguistic prompts; Word-Color Association
stage transforms the prompts into semantically and stylistically
coherent color schemes; and Interior Coloring stage assigns colors
to interior elements complying with design principles. We also
develop an interactive interface that enables flexible user refine-
ment and interpretable reasoning. C2Ideas has undergone a series
of indoor cases and user studies, demonstrating its effectiveness
and high recognition of interactive functionality by designers.
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1 INTRODUCTION

Design ideation stands as a foundational pillar in the realm of cre-
ative activities [30]. Recent advances in artificial intelligence (AI)
technologies have opened up unprecedented avenues for the en-
hancement of creative design processes [58]. Interior color design,
with the goal of creating an aesthetically pleasing and emotionally
impactful environment, is a typical creative design task benefiting
from the development of AI [18]. Incorporating Al into professional
interior design can provide significant benefits for designers. Utiliz-
ing data-driven insights, Al can help designers align their decisions
more closely with the client’s abstract requirements, thereby re-
ducing the impact of personal bias [34, 41]. In addition, Al can
streamline the design process, especially in the initial stages of a
designer’s search for inspiration, thus reducing the time and ef-
fort usually spent sifting through a variety of irrelevant sources.
Nevertheless, existing Al-based approaches for color design have
been focusing on utilizing pre-trained models learned from large
datasets [9, 60], whilst few efforts are devoted to understanding
such abstract requirements.

There is a high demand for an Al-assisted tool that offers flexi-
bility and control to assist designers in interior color design. Such
a tool should be controllable to meet designers’ needs while also
adhering to the design rationales of interior color design. Never-
theless, developing such a tool comes with several challenges: 1)
clients often communicate their requirements ambiguously, mak-
ing interpretation complex [69], and 2) creating a coherent interior
color design is challenging due to the intricate interplay of color
compositions and furniture layout. Failing to address these chal-
lenges can often lead to design pitfalls, as illustrated in Figure 1. For
instance, when clients express a desire for a “warm living room”, a
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(A) Reasonable color scheme
for a warm living room

(B) Mismatch between
context and color palette

(C) Ignore color composition ratio (D) Ignore spatial composition features

Figure 1: Examples of successful interior color design (A) aligned with the intention of creating a “warm living room”, and
common pitfalls of contextually misaligned color scheme (B), improper color composition ratios (C), and no coherence with

the interior elements (D).

misunderstanding of this requirement can result in a color scheme
that is contextually mismatched (Figure 1 (B)). Even with correct
color schemes, improper ratios in color composition (Figure 1 (C))
or neglecting coherence with the interior elements (Figure 1 (D)),
can create uncomfortable perceptions of the design.

Numerous efforts have been made to intertwine Al and color de-
sign, encompassing approaches that range from data-driven models
learning textual-color mappings [8, 60] to prompt-driven strate-
gies guiding pre-trained models towards user-desired outcomes [9].
However, these methods encounter challenges when handling text
inputs, which are the primary means for humans to express their
design intentions, particularly during the ideation stage. Moreover,
these methodologies typically employ an end-to-end approach, di-
rectly translating user input into color schemes [8, 60], often result-
ing in designs that are challenging for professionals to modify [9].
The emergence of large language models (LLMs) offers new avenues
for creative design due to their ease of use and powerful generation
capabilities [61]. Their potential extends to comprehending user
requirements and providing aligned feedback. However, though
some recent works have adopted LLMs in creative design fields,
such as game design [33] and chart coloring [55], the application to
interior color design remains largely unexplored and challenging.
First, LLM is inherently an end-to-end approach, producing homo-
geneous content for identical inputs, which may not be conducive
to design ideation and lacks support for addressing the controlla-
bility issues in the design process. Second, being a generic model,
LLM lacks domain-specific knowledge, such as color psychology,
the natural color system (NCS), and composition principles, all of
which are crucial aspects of interior color design. Existing research
often falls short in terms of comprehensive integration of domain
knowledge.

To address these challenges, we introduce C2Ideas, an LLM-based
color design system with twofold considerations: 1) Rationality:
Integrating diverse domain-specific knowledge in the color de-
sign process, and 2) Controllability: Granting users flexibility in
expressing their design intent throughout the process. The design
of C2Ideas draws insights from a formative study that delves into
comprehending the domain knowledge and design process of in-
terior color design, along with expert perspectives on integrating
Al assistance into the design process (Sect. 3). Then, we leverage
the idea of the chain-of-thought (CoT) [65], to decompose the color
design process into consecutive steps and apply the domain knowl-
edge to each step (Sects. 5.1 — 5.3). Multi-level interactions that
allow users to intervene in the design process are incorporated at

each step to support system controllability. We also develop an in-
teractive interface for user refinement, enabling a semi-automated
method for converting user intent into scene-specific color schemes
(Sect. 5.4). We evaluate the effectiveness of our approach through a
user study, and the results showed that our method outperforms
a baseline LLM method and other alternatives that do not involve
domain knowledge. We also conduct an expert interview to evalu-
ate the controllability and usability of our system, and the results
showed that our system is easy to use and the system can meet the
different needs of designers to express their intentions (Sect. 6).
In summary, our work makes the following contributions:

(1) We identify and distill design considerations for LLM-based
assistants in interior color design, emphasizing design ratio-
nality and system controllability.

(2) We introduce an LLM-based system workflow for interior
color design, which incorporates domain knowledge through
prompt engineering and effectively aligns with diverse user
intents by employing a multi-tiered feedback mechanism.

(3) We develop a semi-automated approach C2Ideas, that con-
verts user intent into scene-specific color schemes bolstered
by an interactive interface for user refinement. The effec-
tiveness and usability of C2Ideas are affirmed through user
studies and expert interviews.

2 RELATED WORKS
2.1 Creative Color Design

Creative color design entails a deliberate and strategic choice of
colors to fulfill specific aesthetic and functional requirements, often
culminating in customized color schemes tailored to a particular
context or set of criteria [1, 36, 74]. As color is a foundational visual
channel, creative color design transcends various fields, including
visualization [55, 59, 72, 73], graphical design [49, 57], and interior
design [60]. To craft coherent and visually pleasing color schemes,
designers draw upon principles such as color harmony [38, 54],
color psychology [31, 46], and color compatibility [8]. Building
upon these principles, computer-aided color design has emerged,
utilizing rule-based approaches that encapsulate design considera-
tions like harmony [38] and color compatibility [8] into algorithmic
rules. Meeting these optimization criteria can be challenging, as the
parameters for color design vary upon factors such as application
domains and personalized preferences [59]. For instance, individ-
uals may have diverse preferences when it comes to decoration
styles [8], and these preferences can vary significantly between
interior and graphic design contexts.
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Interior color design, as a subfield, presents unique challenges
due to a multitude of factors. In practice, interior color design aims
to cater to a broad range of users, with their intentions expressed in
vague and ambiguous textual descriptions. Traditional rule-based
color design methods often struggle to interpret these textual de-
scriptions effectively. Studies have turned to crowd-sourced ex-
periments [27, 43, 59] and image-text corpora [4, 25, 52] to better
understand the intricate relationship between color perceptions
and textual descriptions. However, these approaches often have
limitations in terms of the number of text-color pairs, with some
only supporting texts containing specific entities (e.g., [52]) or a
limited range of categorical colors (e.g., [27]). Recent advances
in text-to-image generative models such as Stable Diffusion [51]
and DALL E2 [50] have addressed data cost and style inflexibility
issues. Nevertheless, the generative models may produce inappro-
priate space dimensions and unrealistic outputs [9]. More signif-
icantly, these methods are criticized by professional designers in
terms of insufficient incorporation with domain knowledge, such
as NCS [21-23] and color composition rules, and lack of support
for user adjustments. Through collaborative efforts and a formative
study involving design practitioners, we gain a deep understanding
of designers’ needs for integrating Al within interior color design.
Subsequently, we introduce an LLM-based approach to achieve this
objective.

2.2 Human-AI Collaboration for Creative
Design

Design idea generation has traditionally been seen as an exclu-
sively human endeavor, guided by numerous design guidelines and
principles [24]. With the advances in Al there has been a surge
of interest in Al-supported creative design ideation [17], affecting
broad-range applications spanning from art design [7], to sketch
drawing [26]. This concept harnesses the strengths of human in-
tuition and AI's computational capabilities to navigate complex
design spaces, ultimately enhancing human creativity and boosting
productivity. Generative models, including generative adversarial
networks (GANSs) [19], variational auto-encoders (VAEs) [28], are
now integral to Al-supported design processes (e.g., [6, 45]). Simul-
taneously, diffusion models, renowned for their ability to produce
rich and diverse samples, have found applications in areas such as
artistic style transfer [75]. With its fast-evolving capabilities, Al
has been playing an increasing role in human-AI collaboration for
creative design [13, 44].

However, Al-supported creative design has faced criticism for
its perceived shortcomings in two crucial aspects: controllability
that pertains to the user’s ability to influence, guide, or override
the actions of Al and rationality that refers to the process align-
ing with established design principles and producing interpretable
outputs. In creative design, controllability is particularly vital since
user intentions are often ambiguous and vaguely defined [10, 69],
necessitating flexible controls throughout the design process to
ensure the outcomes align with the user’s vision [67]. Many ex-
isting approaches are designed as end-to-end solutions, resulting
in limited control over the generated outputs [15]. Potential solu-
tions to address these issues encompass techniques like few-shot
prompting [37], multi-step control [66, 67], and interactive visual
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interface [62]. Moreover, ensuring the rationality of results from
these models poses a complex challenge. Existing solutions pri-
marily involve refining pre-trained models with domain-specific
data [9] and integrating human expertise through human-in-the-
loop techniques [40]. Combining these approaches shows promise
in generating designs that are both rational and reasonable.

In line with this prevailing research direction, our work har-
nesses LLMs to facilitate human-AI collaboration within the realm
of creative interior color design. Our primary emphasis centers on
tackling the issue of controllability through an interactive visual
interface and addressing rationality concerns by integrating color
theory and design practices into the Al-assisted design process
through prompts.

2.3 Large Language Model with Domain
Knowledge Integration

LLMs have demonstrated remarkable potential in creative design.
However, a critical challenge lies in effectively incorporating de-
sign rationality and domain-specific knowledge [11, 42, 64]. Several
methods have emerged to address the domain knowledge embed-
ding challenge in LLMs. One approach involves the integration of
specialized external modules, assigning domain-specific tasks to
dedicated models [48, 53]. Alternatively, fine-tuning LLMs with
domain-specific datasets offers a way to enhance their understand-
ing of specific domains [14, 68]. Another approach is prompt engi-
neering, which provides flexibility and control by using prompt tem-
plates and few-shot prompting techniques to guide LLM responses
[39, 66, 67]. This approach leverages ‘in-context learning’ [5] to
generate answers without altering the parameters of the pre-trained
model. Lastly, retrieval-based methods introduce external knowl-
edge bases through vector retrieval, enriching the LLM’s knowledge
base [56].

In our approach, we have chosen prompt engineering as the
preferred method, primarily due to its flexibility, ease of control,
and cost-effectiveness when compared to resource-intensive meth-
ods like fine-tuning [39]. Inspired by PromptChainer [66] and Al
Chains [67], we have deconstructed the color design process into
steps aligned with common designer workflows. This approach
effectively addresses challenges related to interpretability and con-
trollability often encountered when working with LLMs. Instead of
relying on traditional image generation models, we leverage LLMs
endowed with reasoning capabilities to perform the design task.
Furthermore, we have incorporated user feedback at each stage of
the design process, enabling iterative refinement until user satis-
faction is achieved. To overcome LLMs’ performance limitations in
specific domains, we encode multiple domain-specific knowledge
elements related to interior color design into prompts integrated
within our framework.

3 FORMATIVE STUDY

We commenced a preliminary need-finding study to understand
how designers are expecting Al assistance in the process of interior
color design (Sect. 3.3). Before the study, we consulted with collab-
orating designers to understand essential color theory (Sect. 3.1)
and the conventional interior color design workflow (Sect. 3.2).
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3.1 Color Theory in Interior Design

Color design professionals typically take into account color psy-
chology, natural color system (NCS), and composition principles to
craft emotionally resonant and visually harmonious spaces.

3.1.1  Color Psychology. Color schemes adopted in interior color
design can reflect emotional responses. Effective color design re-
quires the understanding of user perceptions and the alignment
of color schemes with space characteristics and user needs. From
a psychological standpoint, color impacts interior design in three
primary dimensions:

e Temperature Sensation (warmth/coolness): Colors can
be categorized as cold, warm, or neutral tones. Cold tones al-
leviate anxiety, warm tones heighten excitement, and neutral
tones serve as transitions to alleviate visual fatigue [20, 70].
For instance, hospitals often employ cooler tones to reduce
anxiety [12].

e Spatial Perception (distance): Colors can influence the
perceived size of interior spaces. Cool colors expand small
spaces, while warm colors mitigate the sense of emptiness
in oversized areas [2, 20].

e Weight Perception (lightness/heaviness): Colors can be
classified as light or heavy, with purity and brightness posi-
tively correlating with lightness [3]. This dimension affects
interior color composition, such as using heavier colors for
the floor to create a sense of stability.

These three dimensions of color psychology are interconnected,
requiring designers to consider their mutual influence in practice.
For example, in a narrow bedroom where users seek a cozy experi-
ence, designers must balance conflicting demands for warmth and
spatial extension.

3.1.2  Natural Color System (NCS). NCS is commonly used in in-
terior design due to its alignment with fundamental color percep-
tion and its compatibility with cognitive and linguistic aspects of
color [21-23], as follows:

e Hue: There are six base hues, including white (W), black (S),
yellow (Y), red (R), blue (B), and green (G).

o Blackness: Blackness represents how bright or dark a color
is within the NCS system.

e Chromaticness: Chromaticness refers to the saturation or
intensity of a color.

3.1.3  Color Composition. In interior color design, designers typi-
cally identify the primary color tone based on NCS and consider
effective color composition, to enhance visual coherence and pre-
vent color imbalances [20]. For instance, consider a warm-toned
bedroom, the right composition of orange colors can create a cozy
atmosphere, whilst excessive orange colors can cause boredom,
anxiety, and visual fatigue [32]. Typical color compositions are set
as follows:

e Primary Color (60% to 70%): The primary color determines
the interior style and atmosphere, which are often applied
to walls, floors, and furnishings.

e Secondary Color (20% to 30%): The secondary color is
used to enhance color harmony, typically through the use of
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similar or contrasting or complementary color combinations
with the primary color.

e Accent Color (5% to 10%): Accent colors are typically high-
contrast colors, which are used to promote a balanced, rich
interior color scheme through careful balancing.

3.2 Design Practice

To elucidate interior color design practices, we commence with
an illustrative scenario centered on bedroom design, as shown in
Figure 2. The workflow can be divided into three steps:

(1) Concept Design. In this step, designers summarize the in-
terior color theme based on the user’s needs and in line with
the function and context of the interior space. For instance,
if a cozy and elegant bedroom is desired, a designer will
associate “elegance” to “classical” which is a common ter-
minology in interior color design, as shown in Figure 2 (A).
Consequently, warm tones are often chosen to create a cozy
ambiance, as shown in Figure 2 (B).

(2) Color Composition. The second step involves semantic-
to-color conversion that constructs a color scheme based
on the chosen themes and tones. To control the presence
of large areas with highly chromatic colors, designers need
to manage the proportions of the primary, secondary, and
accent colors. The primary color’s hue change should be
limited to 15 degrees for brightness adjustment. Secondary
colors have three choices: similar colors, contrasting colors,
or complementary colors. For example, classical styles often
utilize high-purity warm colors like cream, beige, and tan to
create a serious but not overpowering tone, as depicted in
Figure 2 (C). In this way, a more harmonious color scheme
that aligns with the “classical” theme is derived.

(3) Spatial Matching. In the third step, designers apply the
color scheme to the interior elements and evaluate the visual
effects of color matching. Designers make precise adjust-
ments to the color composition ratios, transitioning from
overall control to finer details. For instance, once the se-
lected bedroom color scheme successfully conveys the de-
sired “warm and elegant” atmosphere, designers explore
opportunities to enhance interior color richness by incor-
porating creative colors that reflect the user’s personality,
as shown in Figure 2 (D). This step plays a pivotal role in
preserving the integrity and harmony of the interior color
scheme, preventing visual fatigue, and elevating the overall
artistry and appeal of the design.

3.3 Preliminary Study: Human-AI
Collaboration in Interior Color Design

3.3.1 Study Design. We recruited six participants for the prelimi-
nary study, including three junior designers (P1, P2, P3) with less
than 5 years of experience and three senior designers (P4, P5, P6)
with more than 5 years of experience in color design. All the partici-
pants are familiar with the color design principles. Semi-structured
interviews served as the primary data collection method, aimed
at eliciting insights into the designers’ color workflow, their cur-
rent interactions with color design tools, and their expectations for
Al assistance. The interview was conducted in a quiet room and
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(A) Theme: “elegance” — “classic” (B) Tone: “cozy” — “warm”
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Primary Colors Secondary |-Accent

Colors Colors

(D) Spatial matching

Figure 2: Interior color design workflow. 1) Concept design step associates design concepts with styles (A) & tones (B). 2) Color
composition step decides primary, secondary, and accent colors (C). 3) Spatial matching step assigns colors to interior elements

(D).

lasted for about 1 hour for each participant. Each interview was
audio-recorded for subsequent analysis.

3.3.2  Findings. To analyze the qualitative data gleaned from the
interviews, we transcribed the recorded conversations and struc-
tured the data according to the designers’ needs for Al assistance,
as follows:

Design Workflow: Traditional interior color design companies
typically maintain a database containing color schemes associated
with various design styles. These resources facilitate the generation
of low-fidelity prototypes, improving communication with clients
to ensure alignment with their objectives. Junior designers delin-
eate a multi-step design workflow involving client consultations,
color research, sample collection, iterative design processes, client
feedback, and finalization. They encounter difficulties in translat-
ing client intentions into appropriate color concepts. In contrast,
experienced designers follow a similar workflow but underscore
their adeptness in efficiently grasping client insights. As mentioned
by P5, “eighty percent of an interior color designer’s work time is
spent communicating with the client over and over again, rather than
tweaking the design itself”. Even experienced designers dedicate
a significant portion of their time to client communication and
understanding their preferences, underscoring the necessity for
streamlined tools to bolster the interpretation of client intentions
effectively. This underscores the paramount importance of under-
standing and translating vague intent from client within the entire
design process.

Collaboration with Computer-Aided Design Tools & Ex-
pectations for AI Assistance: In interior color design, designers
commonly employ computer-aided design tools primarily for ren-
dering results, with the actual color design being executed by the
designers themselves. In recognition of recent advances in AIGC
technologies, junior designers express a desire to access reasonable
design samples to serve as guiding references for their creative en-
deavors. In contrast, experienced designers employ predominantly
manual methods without the involvement of image generation tools.
They leverage their expertise to manually craft color schemes, ob-
serving that Al-generated outcomes often lack reasonability and
originality. Moreover, the process of modifying these generated
results proves to be arduous and time-consuming, as it necessi-
tates iterative adjustments to the prompts through a trial-and-error
process. As participant P4 aptly remarked, “when I have a clear
vision already, I prefer executing it myself rather than instructing the
AL as guiding the Al can be a time-intensive endeavor.” The central

challenge they encounter pertains to achieving controllability and
making precise adjustments effectively to the Al-generated outputs.

From the preliminary study, we delineate three primary design
requirements:

e DR1: Enhancing Comprehension of Users’ Intent. The
system is expected to adeptly grasp and translate the intent
of designers, bridging it to the design lexicon. The goal is to
streamline the process for designers, enabling them to meet
their clients’ needs with minimal exertion.

e DR2: Achieving Practical Results. The emphasis is on
ensuring that the tool effectively correlates the user’s intent
with the final design. The output should resonate with the
designers’ aspirations, comply with design rationales, and
encapsulate an element of creativity and innovation.

¢ DR3: Ensuring a Controllable Design Process. The de-
sign process should grant ample autonomy to designers.
They should have the liberty to control each step, equipped
with tools for meticulous adjustments. This seeks to amalga-
mate the precision of automation with the uniqueness of a
personal touch.

4 SYSTEM OVERVIEW

In this study, our aim is to create an LLM-assisted tool to assist
designers in interior color design. The tool is designed to seamlessly
integrate with user intentions while adhering to established design
principles. The LLM is anticipated to: 1) articulate the curated design
principles through well-defined prompts; 2) consume user-desired
ambiances or styles that are often expressed in fuzzy and ambiguous
natural language; and 3) assign colors to interior elements based
on their spatial arrangements and sizes.

To attain the goals, we design C2ldeas, an innovative framework
with three integral stages: Idea Prompting, Word-Color Association
and Interior Coloring, as illustrated in Figure 3. These stages closely
follow the conventional workflow of interior color design, thus
enhancing the interpretability and controllability of the genera-
tion process, and ensuring adherence to design principles. Each
stage combines with corresponding User Inter-
actions.

(1) Idea Prompting (Sect. 5.1). In the first stage, we aim to trans-
late user intentions into a set of well-defined prompts, which
are then used to guide the subsequent process. In particular,

leverages LLMs to decompose user’s
input into a set of domain-oriented prompts, corresponding
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Figure 3: C2Ideas includes three stages: 1) Idea Prompting: Prompts Generation and Prompt Customization; 2) Word-Color
Association: Color Scheme Generation and Color Scheme Customization; 3) Interior Coloring: Color Assignment and Result

Refinement.

to design themes and color mood attributes. In Prompt Cus-
tomization, we allow designers to modify and customize
the generated prompts, to meet the diversity of personalized
preferences for the same concept.
(2) Word-Color Association (Sect. 5.2). In the second stage, we
aim to transfer conceptual color prompts to definitive color
schemes, keeping semantic and stylistic coherence.
leverages LLMs to generate NCS color
descriptions of 3-color schemes considering the color con-
traction principle, and then add color diversity through
variations in saturation and lightness. Color Scheme Cus-
tomization enables designers to modify the generated color
schemes as if the suggested color does not fit their design
concepts.
Interior Coloring (Sect. 5.3). In the third stage, we color the
interior scene using the generated color scheme, test how
well the scheme fits the interior space and refine the result
if necessary. leverages LLMs to assign
one of the chosen color schemes from the previous step to
each interior element. Result Refinement allows designers
to adjust the color for each interior element. Designers can
also switch their viewport between first-person and third-
person perspective and rotate the camera to better validate
the result.

3

~

The coloring results are demonstrated in the 3D scene through
Virtual Reality (VR), in which designers can immersively experience
the design. Besides, result reasoning is supported by visual analysis
of used colors, and natural language descriptions for the design
ideas.

5 C2IDEAS

This section presents a detailed implementation of C2Ideas, a struc-
tured three-stage framework following the idea of chain-of-thought
(CoT) to harness the reasoning capabilities of LLMs for interior color
design (DR1). The implementation aligns with the interior color
design workflow, with the outcome of one stage serving as the
input for the next, ensuring a coherent and interconnected process.

Each stage integrates an with an associated User
Interaction. For , we design well-crafted prompt
templates following the principle of clarity and specificity, ensuring
that the LLMs align seamlessly with the specific design rationales
(DR2). For User Interaction, we incorporate natural language
with a graphical interface to facilitate nuanced customization with
graphical interaction and general user needs with text inputs (DR3).
In the following, we introduce details of each stage (Sects. 5.1 — 5.3),
as well as the interactive interface (Sect. 5.4) and implementation
details (Sect. 5.5) of C2Ideas.

5.1 Idea Prompting

5.1.1 Prompt Generation. The first step is to translate users’ high-
level design intents into a set of domain-oriented prompts that are
composed of professional design themes and color mood attributes,
as suggested by our collaborating designers and in line with previ-
ous works [38, 60]. We design a well-crafted prompt template to
guide the generation of prompts, composed of four components as
shown in Figure 4 (A).

o Background & Task Description: The background and task
description are used to provide the context of the design
task. This includes perspective-taking prompts [47] such as
“think as an interior designer”, and task specification prompts
such as “please generate 5 design themes related to the given
design requirement”.

e Domain Knowledge: Completing a creative design task re-

quires following design rationales, which are often domain-

specific. We transfer the color psychology theory from the
preliminary study into a series of well-defined prompts,
which is interpretable for LLMs. This mainly includes do-
main knowledge on color psychology, such as “warm tones
convey coziness” and “cool ones promote calm”, and also at-
tribute specifications such as color mood that are divided

into three categories of “cool (0), neutral (1), and warm (2)”.

Few-shot Examples: As proved by many works, LLMs are

capable of generating high-quality results given few-shot

examples [39]. In interior color design, there are professional
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Figure 4: Idea prompting stage. (A) the prompt template, (B) an example of the prompt that maps the user’s input to the design
concepts, considering the domain knowledge of color psychology theory.

design themes and their corresponding color moods that are
hard to summarize as high-level design rules, such as the
mapping from user intent of “modern and simple” to design
concepts of “Bauhaus” and “Minimalistic”. As such, these
mappings cannot be included in the Domain Knowledge com-
ponent. To address the issue, we complement the domain
knowledge with few-shot examples by providing pairs of
user’s vague input and the corresponding design concepts, as
shown in Figure 4 (B). Specifically, we include design themes
and three important attributes that can reflect the physical
impact of color, namely tones, distance, and heaviness. Each
criterion is quantified to 3 degrees, such as “warm, neutral,
cool” for tones, “close, medium, far” for distance, and “light,
medium, dark” for heaviness. To ensure accuracy and con-
sistent representation, we quantify and convert the natural
language description into a specific degree. In addition to
facilitating high-quality result generation, few-shot exam-
ples can guide LLMs to generate structured data, which is
effective for system implementation.

o Prefix & Inputs: These can act as specific cues or triggers
to further guide the LLM-generated design concepts based
on the user’s input intent. Specifically, user intents are ex-
pressed in strings, while the design concepts are represented
in a JSON format to convey multi-perspective domain knowl-
edge.

An example of the generated prompt is shown in Figure 4 (B).
Here the user wants an ‘energetic and dynamic” interior color de-
sign, and transfer it into design concepts,
including themes such as “Tropical Punch, Vibrant, Art Deco”, and
color mood attributes including “neutral tones”, “far’, and “medium
heaviness”.

5.1.2  Prompt Customization. C2Ideas supports both graphical in-
terface and natural language approaches for prompt customization.
Users can select appropriate design concepts from the generated
ones using the graphical interface as shown in Figure 9 (B1). The
design themes are presented as tags, and the color mood attributes,
including tones, distance, and heaviness are presented as sliders.
Users can select the tags they want to include, as well as adjust

the degree of each color mood attribute. This functionality enables
personalized choice of color themes and color moods, based on
users’ prior knowledge and preference. For example, for “cozy”,
some people will think that it needs a large area of warm tones,
while others may think that neutral colors such as cream are more
in line with their perceptions.

The graphical interface approach is more suitable for users with
clear intentions. We also provide a natural language approach for
users with vague intentions. It is common that the user’s input has
multiple meanings, and the user’s true intention is only part of it.
For instance, the concept “modern” can be interpreted as “modern
minimalism” or “dynamic and bold”, which are two different design
styles. The user can adjust the generated prompts by supplementing
the input with additional information, such as adding “modern
simple” to indicate the “modern minimalism” style.

5.2 Word-Color Association

5.2.1 Color Scheme Generation. This stage processes the refined
design concepts derived from the stage into
concrete color schemes. We design a domain-oriented LLM with
prompt templates encompassing design rationale of background &
task, color composition ratios, few-shot examples, and prefix with
input, as illustrated in Figure 5 (A). Examples of these concepts
are descriptors such as “Tropical Punch” and “Vibrant”, in addition
to color mood attributes like “neutral tones”, “far”, and “medium
heaviness”. LLM translates these concepts into a coherent color
scheme comprising three colors. This translation process lever-
ages the LLM’s ability to map semantically similar words, which is
influenced by both the model’s pre-training and the specific con-
text of the prompt. In the model’s embedding space, words with
similar meanings are situated in close proximity, enabling the ef-
fective identification of relevant color associations. To streamline
the design process, we include a few-shot examples, providing a
benchmark of ideal color schemes. The scheme is then enriched
by adjusting variations in saturation and lightness. To enhance
LLM’s interpretation of color and ensure the coherence of color
schemes with concept descriptors, we incorporate the foundational
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Figure 5: Word-color association stage. Given a prompt template (A), the LLM for Word-Color Association returns a positive
result (B1) with correct reasoning whilst rejecting three negative examples violating color construction theory (B2 - B4).

design principles of NCS representation and rules of color composi-
tion. This approach is preferred over the use of HEX codes or RGB
values, which do not convey semantic meaning. Failure cases of
mapping natural language descriptions to color using HEX codes
are illustrated in Figure 6, which neither align with the user’s intent
nor the design rationales. The generated color scheme may not
adhere to the intended composition ratios, using overly saturated
main colors or low-contrast accent colors, and could misrepresent
the desired mood with inappropriate cool or warm tones. NCS
aligns with human visual perceptual processes, which also employ
common color descriptions for colors that are easily understood
by the model. Every color in the color scheme adopts the NCS
representation, accounting for hue, chromaticness, and blackness.
In addition, we employ structured composition to delineate each
color scheme, classifying colors into “dominant”, “secondary”, and

“accent” categories.

(B) Tropical Paradise, (C) Country Farmhouse,
cool tones, far distance warm tones, close distance

(A) Minimalistic, cool

tones, far distance
Figure 6: Failure cases of mapping natural language to color
using HEX codes. The results are not aligned with the user’s
intent or the color construction theory.

With the assistance of LLMs, design concepts are matched with
color design domain knowledge to ensure semantic and stylistic
cohesion. As exemplified in Figure 5 (B1), the provided design con-
cepts associate the “warm tone” to “red hue”, rather than “blue” or
“green”, which are far from the term “warm” in the embedding space.
Similarly, the brown and woody hues correspond to “country farm-
house”, complemented by a light and desaturated primary color of
a similar hue. The composition of colors adheres to specific design
guidelines specified in "color ratio" shown in the prompt template.

In contrast, the scheme in Figure 5 (B2) is deemed inappropriate be-
cause its dominant color is excessively dark and saturated, making
it unsuitable for expansive spaces. Similarly, the scheme in Figure 5
(B3) is rejected due to its hue deviating from the stipulated tone,
potentially inducing contrasting emotions. Finally, as depicted in
Figure 5 (B4), the generated result appears overly diverse, making
it challenging to establish a distinct emotional connection. Conse-
quently, this diversity renders it unsuitable for interior color design
purposes.

5.2.2  Color Scheme Customization. Upon generating a color scheme
that maps design concepts to specific hues, we offer an interactive
customization interface, as in Figure 9 (B2). This GUI provides
users with the capacity to modify scheme colors utilizing a respon-
sive color picker. As users navigate through these adjustments,
the scheme updates contemporaneously, granting immediate feed-
back. For instance, if the user finds that the primary and secondary
colors appear overly analogous, users have the liberty to refine at-
tributes like saturation and lightness to establish clear distinctions.
An integral feature is the “lock” mechanism, which permits users
to freeze certain color selections, ensuring only the desired hues
undergo alterations. Understanding the potential complexities of
manual color adjustments, we’ve complemented the GUI with a
natural language interaction feature. For instance, if a user finds
the generated scheme overly dark, a straightforward instruction
such as “make the color scheme brighter” prompts the system to
adjust the luminosity consistently across the scheme. This natural
language capability offers a quick and intuitive alternative for users,
emphasizing simplicity and user-friendliness.

5.3 Interior Coloring

5.3.1 Color Assignment. This stage takes a color scheme and a tex-
tual description of the interior scene as inputs and assigns colors to
the corresponding interior elements. We take into account the sizes
of interior elements in relation to the composed colors of the color
scheme, and also consider the impact of the spatial arrangement of
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Figure 7: Interior coloring stage. The color scheme and interior settings are formatted into the prompt template (A). The
proper design result (B1) considers sizes and layouts of interior elements, whilst rejecting negative examples that violate color

compositions (B2, B3).

these elements on the perception of the color assignment. For scene
interpretation, we utilize manually crafted textual descriptions that
encompass all furniture, fixtures, and others, along with their size
attributes and layout arrangements, such as “In the center of the
room against the right wall is a bed with a cover and pillows near
the cover”. These descriptions provide detailed spatial context, en-
abling the LLM to identify and associate furniture items like “bed”,
‘cover”, and “pillows” with suitable color schemes, based on their
sizes and arrangements. The LLM interprets “bed” as a large item
and “pillows” as smaller, using this size inference in combination
with prompt templates to establish connections between furniture
size and composition of main, secondary, and accent colors. The as-
signment results are structured with color codes and rendered into
a 3D scene, which is more intuitive for users to evaluate how the
color scheme is applied to the interior. Reasoning is also provided
to facilitate the interpretability of the results.

Figure 7 (A) shows an example of the structured input for the
LLM to assign colors to each interior element and fixture. Three
alternative assignments are produced, as in Figure 7 (B1 - B3). Simi-
lar with the previous stage, we take design rules of color ratio as
instruction for the LLM to generate proper color assignments, and
those that violate these rules are avoided, as shown in Figure 7
(B2, B3). The design in Figure 7 (B1) is acceptable since the results
are in alignment with the element sizes and the color composition
theory. The walls, for example, occupy a large area and, therefore,
correspond to the main color of the color scheme, using a cream
color with high brightness and low saturation. The decorative wall
hangings use a similar hue of red, which contrasts with the wall
color while keeping the overall ambiance in line with “warm and
cozy”. In contrast, the wall in Figure 7 (B2) is mapped to accent
color with a saturated red, which will keep the residents stimulated
and easy to get tired. In Figure 7 (B3), the decoration frames on the

wall are wrongly mapped to the secondary color, which is similar
to the color of the wall, making it hard to distinguish the wall from
the frame. This will make the whole wall become monotonous in
color, whilst contrast colors are often used to increase the depth of
the space for elements such as the wall and the decoration frame.

A1 A2

“The bed is too dark,
make it brighter”

“All the furniture is dark color
and | don't like it”

Classical and Elegant

B1 B2

“I think the color is too
messy now”

Energetic and Dynamic “Purple curtains are weird

and change them to

orange or yellow tone”
Figure 8: Examples of using natural language interaction to
enhance color design. (A) "Classical and Elegant" bedroom’s
initial design: (A1) refinement based on adjusting overall
darkness, and (A2) effect of altering the bed’s color. (B) Ad-
justments for an "Energetic and Dynamic" bedroom: (B1)
tidying up the color scheme, and (B2) specifying the cur-
tain’s color as orange.

5.3.2  Result Refinement. The automated process of

is complemented with a GUI for user evaluation and result
refinement, as depicted in Figure 9 (C). Recognizing that the view-
port can influence the perceived ambiance, we’ve incorporated
functionalities for viewport adjustments. Users can toggle between
first and third perspectives and modify the camera angle using
the mouse. Users have the capability to modify the colors of spe-
cific elements. For instance, while appreciating the broader color
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scheme of an interior space, a user might find the orange hue of
the curtain disagreeable and prefer a purple tone. The system al-
lows such precise changes, updating the element’s color in the 3D
scene in real-time. On the other hand, granular changes presuppose
users have specific intentions. At times, users might harbor general
feelings of dissatisfaction without pinpoint clarity on adjustments.
They might, for example, feel a design “use messy color” without
specifics on how to improve it. To accommodate such general senti-
ments, we have integrated natural language interactions, enabling
users to convey varying degrees of specificity in their feedback,
from overarching ambiance shifts to elemental color tweaks, as
demonstrated in Figure 8. The user’s instruction and existing color
scheme are formatted as prompts for the LLM to generate the re-
fined color scheme. Enhanced by NCS representation, the LLM
interprets the user’s instruction and existing color scheme, such as
mapping “brighter” to “blackness” attribute and “orange” to “hue’
attribute. For instance, the left scene shows initial results auto-
matically generated by the model. The user
may wish to alter the design style, such as requesting that “all the
furniture is dark color and I don’t like it”. The entire scene will be
updated with new furniture colors while maintaining the overall
color scheme’s “classical and elegant” appearance.

]

5.4 Interactive User Interface

We develop an interactive system to complement the automated
interior color designs by the LLMs, as illustrated in Figure 9. There
are three views in the web interface:

(1) Conversation View (Figure 9 (A)). The view allows users
to enter their own design intention, such as some adjectives
or keywords of the desired color style in the dialog box.
The LLMs will automatically generate corresponding design
themes and color moods, generate appropriate word-color
associations, and assign colors to the interior elements. The
view also allows users to view the history of conversations
and input further refinement instructions.

(2) Color Design View (Figure 9 (B)). The view allows users to
see the intermediate results of color design and can adjust
the results in each stage respectively. The first step is called
Idea Prompting, which contains two parts: Design Theme
and Color Mood. Users can select the design theme tags they
want to include, as well as adjust color properties such as
Temperature, Heaviness, and Distance, and users can adjust
the warm and cool tones of the color (Figure 9 (B1)). In the
second step of Word-Color Association, a series of initially
generated Word-Color Association schemes are presented to
the user. Users can select the most appropriate color scheme
based on the degree of association between the colors and
the corresponding words (Figure 9 (B2)).

(3) Result View (Figure 9 (C)). The view allows users to see
the spatial color scheme displayed in the upper right part as
a concrete internal coloring result. Meanwhile, all the col-
orable objects in the scene and their corresponding hexadec-
imal color information are listed below for users’ reference
(Figure 9 (C1)). For a more professional analysis of the color
composition, we provide a Chromaticness and Blackness
chart, as well as a Hue Distribution chart. Finally, we also

Yihan Hou, Manling Yang, Hao Cui, Lei Wang, Jie Xu, and Wei Zeng

explain the reasons for using the above color scheme to help
users better understand the color information generated in
the previous section, and users can also store the current
results for later use (Figure 9 (C2)).

5.5 Implementation Details

This section details our system’s implementation. The system back-
end is built using Flask integrated with OpenAI’s GPT-3.5 Turbo
API The architecture is modular, with distinct functions for each
LLM operation. These functions execute sequentially, with each
stage’s output becoming the next’s input. For each stage, we use
few-shot examples that cover common design styles provided by
our collaborating designers. All the examples and outputs are in a
structured format, which makes it easy for the LLMs to interpret.
Following conventions in few-shot prompting, we provide 3-5 ex-
amples in each stage. Specifically, in the stage,
five examples are provided spanning various design themes and
color moods; in the stage, another five
examples of color schemes manually designed by interior designer
are provided using existing color palette in the company; in the

stage, three examples are provided for each
interior scene. These examples strike a balance between provid-
ing sufficient context and maintaining brevity for efficient model
performance. Token numbers are limited to 4096 for each stage,
which is the maximum number of tokens that can be processed
by the GPT-3.5 Turbo API. Temperature is set to the default value
of 0.7 for all stages. The example prompts are presented in the
Supplementary Material.

The interface is a web-based application crafted using Vue.js,
with graphical components rendered through WebGL. To enhance
the immersive experience of the design results, we have created a
VR component using the Unity platform. This component optimizes
the scene for both WebGL and VR displays. Additionally, we have
tackled challenges such as perspective adjustments to ensure an
optimal viewing experience for users.

6 EVALUATION
6.1 User Study

6.1.1 Experimental Design. To evaluate the effectiveness of our
approach, we conducted a user study to compare the color scheme
of the interior generated by C2Ideas with three variants that exclude
specific domain knowledge. The baseline known as "End-to-end"
lacks all domain knowledge for interior color design; it does not
include the process of the chain of thought, which directly outputs
color scheme results based on inputs. We conducted ablation exper-
iments in which subsequent variants selectively exclude domain
knowledge like "color mood" (to ensure reasonable color genera-
tion and prevent conceptual drift) and "color composition ratios"
(to maintain visual harmony and avoid overly bright or saturated
colors).

Data. We generate the testing dataset using three scenes and
five styles with the four approaches. We include one simple scene
and two complex scenes, which encompass common scenes within
the realm of home interior design. The study room has 12 basic
items such as a desk and chair (Figure 10 A). The living room and
bedroom, as complex scenes, include material and texture details
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Figure 9: Interface of our system including (A) Conversation View for users to input their initial design intents and customiza-
tions expressed in natural language, (B) Color Design View for users to customize the intermediate results generated by the
LLMs, and (C) Result View for users to evaluate the results with reasoning and refine the color assignment.

and retain the normal map for realism. The living room features
diverse furniture, including 13 items for color assignment (Figure 10
B). The bedroom is the most complex, with 21 colorizable elements
such as beds, cabinets, frames, and decorative items (Figure 10 C).
In order to demonstrate C2Ideas’s feasibility of handling diverse
user intent, we opted to include a representation that spread across
a diverse range of semantics. Thus, we refer to the typical color
semantic mapping proposed by Kabayashi [29, 35], and we choose
five styles that span the color sentiment on dimensions of "warm-
cool" and "soft-hard". We then determined the styles together with
the domain experts, to ensure they are practical and representative
in the real-world interior design. We finalized five styles as users’
initial intent, encompassing “Modern and Simple”, “Classical and
Elegant”, “Cool and Natural”, “Warm and Cozy” and “Energetic and
Dynamic”. The descriptions of these input styles deliberately avoid
explicit color references and professional stylistic representations,
as we wanted to make them more relevant to real-world scenes
where users are often unable to provide direct specifications regard-
ing color or thematic preferences for interior design. As a result,
the descriptions furnished to designers can only convey a general
sense or feeling of the intended design. This motivated our choice
of employing higher-level and more abstract descriptions to assess
whether C2Ideas can bridge the gap between homeowners and the
world of interior design. Figure 10 presents the results generated
by C2Ideas for the three room settings based on the five styles.
For each style-environment pairing, three distinct results were
generated using each approach, without user modification. This

methodology was adopted to mitigate potential biases from outliers
or individual user preferences, ensuring a more robust evaluation
of the approaches. A subset of our test examples can be found in
Figure 11. For a comprehensive view of the entire testing dataset,
kindly consult the Supplementary Material.

Participants. A total of 14 participants including 6 male and 8
female, aged between 22 and 41 (M=26.14, SD=5.15), were recruited
from a professional design community. These participants hailed
from diverse design backgrounds, encompassing both academic and
professional realms. Specifically, 4 participants (P1, P3, P5, P7) held
university degrees in design, another 4 (P2, P11, P12, P13) possessed
professional design work experience, and 6 participants (P4, P6,
P8, P9, P10, P14) had both academic qualifications and professional
experience in the field. Notably, all participants demonstrated a
foundational understanding of color design and were familiar with
the design process.

Procedure. The study was structured in the sequence of intro-
duction, experiment, and questionnaire. Initially, participants were
given a 15-minute introduction about the motivation behind our
work, focusing on the concepts of color mood and color composition
ratios. We also highlighted the four evaluation metrics, as depicted
in Figure 12, to assist participants in distinguishing between the
criteria. The experiment commenced once participants confirmed
their understanding of the tasks and the principles of reasonable
interior color design. During the main task, participants were pre-
sented with a set of interior color designs for identical scenes and
styles produced by the End-to-end approach, the approach without
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(C) Living Room

Figure 10: Examples of colored scenes with different room settings and styles, including simple scene (A) study room, and

complex scene (B) bedroom and (C) living room, by C2Ideas.

color mood, the approach without color composition ratios, and
C2Ideas. In the experiment, participants were unaware of the spe-
cific identities of the four methods, referred to as Design 1 to 4, to
prevent bias from preconceived notions. The order of these designs
was randomized for each participant to mitigate order effects. Each
participant experienced the same sequence of designs consistently
across different scenes and styles, to facilitate comparative qualita-
tive feedback. The specific sequence varied between participants,
balancing comparative analysis with bias minimization due to order
consistency. Participants could freely adjust the scene’s angle and
viewport on the desktop. Upon reviewing all results, they were
directed to rate them based on the four evaluation metrics through

a questionnaire, as illustrated in Figure 12. During the study, the
participants are asked to think aloud during the process of filling
out the questionnaire, giving their reasons for the evaluation results.
These verbal responses are recorded and subjected to analysis in
the feedback section of our research.

Evaluation Criteria. The questionnaire, inspired by prior work’s
evaluation metrics [38], prompted participants to rate their agree-
ment with the evaluation criteria on a 5-point Likert scale, where
1 signifies “completely disagree” and 5 denotes “completely agree.’
The criteria encompassed:

]
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(C) Without Color Composition Ratio (D) C2ldeas

Figure 11: Examples of the result generated using different approaches. (A) End-to-end approach using LLM only, (B) Variation
that removes the domain knowledge of color Mood, (C) Variation that removes domain knowledge of color composition ratios,

(D) C2Ideas.

o Outcome Relevance: Participants gauged the relevance of the
generated results to the input styles, assessing the alignment
between predetermined input styles and generated results.
For example, evaluating whether the resulting interior color
scheme fits the style of “modern simplicity”.

e Preference: This assessed user satisfaction with the results,
allowing for subjective evaluations.

o Reasonableness: The participant evaluated the generated re-
sults by considering both color composition ratios as well as
color mood dimensions, which represent the extent to which
the generated results take into account domain knowledge.

e Diverse and Inspiring: This indicator assesses the diversity
and inspirational potential of the generated results, empha-
sizing the ability of the approach to provide color schemes
that can bring new ideas to the designer.

In total, each participant completed 60 trials in each experiment
(4 approaches X 5 styles X 3 scenes). On average, each participant
spent 1-1.5 hours for the study and received a compensation of $10
for their participation.

6.1.2  Result and Analysis. We collected a total of 3360 answers
(60 trials X 4 questions X 14 participants). After the normality test,
the nonparametric Friedman’s test is used to show the significant
effect on the evaluation results of the four approaches, as shown
in Figure 12. We also used the Conover test to perform pairwise
comparisons between the four approaches. Significant values are
reported for p < .05(x*), p < .01(*x), p < .001(x ). The findings
are summarized as follows:

Outcome Relevance (Q1). C2Ideas’s outcome relevance sig-
nificantly outperforms the two approaches that eliminate domain
knowledge (d.f. = 209, p < .001), and so does the End-to-end
approach (d.f. = 209, p < .001). Although no significant difference

was found in outcome relevance between C2Ideas and the End-to-
end approach, C2Ideas is rated as the best (mean = 3.54, SD = 0.98),
followed by End-to-end approach (mean = 3.53, SD = 1.09). The
two approaches that remove domain knowledge performed the
worst. The approach without color composition ratios got the worst
score (mean = 2.76, SD = 1.16), while the one with color mood
removed scored slightly higher (mean = 2.78, SD = 1.26).

Preference (Q2). Participants rated C2[deas significantly higher
than both color mood removals (d.f. = 209, p < .001), so did
the End-to-end approach (d.f. = 209, p < .001). Although the
End-to-end approach had a slightly higher average (mean=3.64,
SD=1.09), C2Ideas (mean=3.53, SD=0.91) demonstrated greater sta-
bility. Additionally, color mood removals (mean = 2.65, SD = 1.30)
only marginally outperformed color composition ratios removals
(mean = 2.63, SD = 1.17) and did not demonstrate a statistically
significant advantage.

Reasonableness (Q3). For the criterion of reasonableness, C2Ideas
received the highest score and demonstrated a significant improve-
ment when compared to both approaches that lacked color mood
(d.f. =209, p < .001) or color composition ratios (d.f. = 209, p <
.001). In the second position was the End-to-end approach, which
also exhibited significantly better results compared to the removal
of color composition ratios (d.f. = 209, p < .001) and the removal
of color mood (d.f. = 209, p < .001). Color composition ratio re-
movals (mean=2.60, SD=1.17) resulted in unreasonable outcomes
and were rated the lowest. While color mood removals (mean=2.64,
SD=1.26) produced somewhat more reasonable results, this dif-
ference was not statistically significant when compared to color
composition ratios removals.

Diverse and Inspiring (Q4). C2Ideas is considered to be the
most diverse and capable of inspiring designers, which significantly
outperforms the End-to-end approach (d.f. = 209, p < .001) and
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Figure 12: User ratings of the generated results by End-to-
end, color mood removal, color composition ratio removal,
and C2Ideas.

the approach without color mood removal (d.f. = 209, p < .05).
The End-to-end approach has no advantage in terms of diversity
and inspiring power and significantly lags behind the other three
approaches (d.f. = 209, p < .001). The domain knowledge removals
for the first time are rated higher than the End-to-end approach
in this whole user study. Compared to color composition ratios
removals (mean=3.39, SD=1.16), C2Ideas (mean=3.56, SD=0.86) are
rated higher and more stable in terms of diversity and inspiration.

6.1.3 Feedback. In our qualitative analysis of participants’ feed-
back, we utilized open coding to identify recurring styles from par-
ticipants’ expressions. Two researchers reviewed and categorized
participants’ comments into thematic clusters, iteratively refining
the coding scheme for data saturation. The findings are summarized
as follows:

End-to-end: Stable but Monotonous. In evaluating End-to-
end’s relevance with the given style, participants primarily rated
it highest within the “Modern and Simple” style. They appreciated
“the overall color coordination and simplicity”, which aligns with this
style (P11). However, in other styles, End-to-end results were not
as dominant and were sometimes perceived as “overly simplistic”,
deviating from the intended atmosphere (P7). From a personal pref-
erence perspective, participants with design backgrounds favored
the overall simplicity (P1) and believed it would “appeal to ordinary
users” as well (N=4). They praised End-to-end reasonableness for
adhering to color composition ratio restrictions and avoidance of
overly saturated or bright colors for reasons (N=5). However, when
it came to diversity and inspiration, participants felt that End-to-
end results were limited and lacked variety (N=7). They described
it “tries to avoid mistakes in a very safe range” (N=>5), like a “lazy
designer” (P5), who only gives a design scheme that is universal for
various styles and lacks creativity. P4 even perceived End-to-end
as “constrained within a fixed range of color and saturation choices
that hindering creative freedom”.

Domain Knowledge Removals: Bold but Chaotic. These
knowledge removal approaches, while bold in creativity, tend to
result in overall chaos. There was a clear two-level differentiation
in personal preference evaluations of the results of these two ap-
proaches, with some participants with niche preferences (N=5)
appreciating the novel designs whilst others (N=6) strongly dis-
liked them. Across all scenes and styles, participants consistently
assigned low reasonableness ratings to both approaches due to
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their abrupt color matching (N=3) and inconsiderate color compo-
sition ratios (N=7). While some participants (N=6) attributed the
unreasonableness to “overly exciting color selections”, others (N=3)
believed it stemmed from “chaotic color choices”. In terms of diver-
sity and inspiration, these approaches introduced uncommon color
combinations that sparked new ideas (N=2), whilst this inspiration
often proved challenging to apply in real-world scenes, serving as
a cautionary “don’t do this” type of inspiration (P5). Both methods
show an advantage in all evaluation perspectives in the style of
“Energetic and Dynamic”, where bold color choices are implied in the
style itself (N=4). P12 described them as “designers who are trying
hard”, with one losing color mood guidance, causing directional
errors in color selection, and the other ignoring color composition
ratio constraints, resulting in color overuse.

C2Ideas: Balanced and Promising. C2Ideas was found to have
the “best overall color scheme” (N=8). In comparison to the other two
domain knowledge-free approaches, it was noted for “using lively
colors while maintaining overall control” (P2), and in contrast to End-
to-end, it “stays within a stable range while attempting diversity”
(P3). Several participants perceived C2Ideas as a balance between
End-to-end and the knowledge removal approach (N=4), combining
the strengths of both. Our results effectively balance creativity
and reasonableness, making them more practical for real-world
use (N=2). As P5 pointed out, “as someone needing to renovate, I'm
more inclined to use the results generated by your approach,” while
P1 remarked, “as a designer, your designs are useful.” Nonetheless,
refinements may be required for C2Ideas’s results to achieve a
directly usable color scheme, given that the misuse of a single color
can disrupt the overall atmosphere. As P6 observed, “while it’s got
a pretty good mix of colors, they’re too close in saturation, lightness,
and darkness to stand out”. Furthermore, P12 noted that this issue
might arise because “the use of complementary and accent colors in
the interior design itself poses a significant challenge to a designer’s
skills, and it becomes even more complex for a machine to comprehend
how they interact”.

6.2 Experts Feedback on C2Ideas Interface

In this study, we conducted expert interviews to assess the usabil-
ity of C2Ideas. Participants were instructed to utilize C2Ideas for
generating color schemes and evaluate their controllability, intent
alignment, and general usability through a structured questionnaire,
which was complemented by semi-structured interviews.

6.2.1 Study Design. We enlisted four participants for the expert
interview phase. In our pursuit of obtaining comprehensive profes-
sional feedback, we recruited interior designers through the online
designer platform. All participants possessed ample design expe-
rience, and their demographic information can be referenced in
Table 1.

At the outset of the study, we acquainted each participant with
the functions and associated interactions of C2Ideas. Once they
were familiar with the system, we presented them with two tasks:
(1) Task 1 required participants to select one of the five design
styles and generate a color scheme for an interior space. They were
permitted to modify the color scheme iteratively until satisfied with
the outcome; (2) Task 2 encouraged participants to freely explore
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Table 1: Demographic Information of Expert Interview Participants

Alias Age Gender Occupation Affiliation Experience (Years)
E1 28 Male PhD Student (Art) Comprehensive University 3-4
E2 30 Female Soft Furnishings Interior Designer Interior Design Company 9-10
E3 41 Male Soft Furnishings Interior Designer Interior Design Company 17-18
E4 39 Female Design Programme Professor Art College 21-22

C2Ideas, inputting their personalized intent and trying more pos-
sibilities. The session concluded with a semi-structured interview,
gathering their feedback and recommendations for C2Ideas. Each
study lasted between 1 to 1.5 hours. Participants received a com-
pensation of $15 for their time and insights. Their responses were
recorded for subsequent analysis.

6.2.2  Result and Analysis. Our semi-structured interview with the
experts highlighted their experiences and insights on using C2Ideas.

Alignment with Existing Design Workflow. The stepwise
generative process of the system aligns well with conventional inte-
rior design methods. Most experts (N=3) found this workflow, which
conceptual association, color scheme selection, and final design, to
be compatible with their usual practices. All four experts unani-
mously agreed that the stepwise generation significantly enhances
control within the design process. Expert E3, however, occasionally
diverged from this approach by having a pre-visualized design in
mind, which allowed them to skip some generative steps. As stated
by Expert E3 “had already placed furniture with color in the space
in mind when conceptualizing the overall room layout.” Despite this
divergence, Expert E3 found our tool to be valuable during creative
lulls. While experts did not consider direct model generation using
an end-to-end approach to fulfill the requirements of a design tool.
Expert E2 noted that End-to-end generation might cater to certain
customer preferences due to its ability to “generate a large number
of results quickly, and not much modification is required to reach the
borderline”.

Alignment with User Intent. The effectiveness of C2Ideas in
aligning with user intent was affirmed by all experts (N=4). The
feedback highlighted the system’s ability to produce results that
closely reflected the users’ design objectives, necessitating minimal
adjustments. Expert E3, upon finding a satisfactory color palette
in the third step, remarked, “It’s possible to find one that’s closest to
how I feel, with little or no tweaking.” Echoing this sentiment, Expert
E1 noted, ‘Tt generates a color that looks like the one I'm thinking of,
except there’s too much red, just tweak it a bit.” A particularly notable
response came from Expert E2, who was surprised and impressed
by the system’s capacity to accurately interpret and replicate the
“Mondrian Style”, effectively generating the style’s iconic red and
blue hues.

Flexible and Comprehensive Interaction. C2Ideas accommo-
dates both vague and specific design intents through two interac-
tion modes. This flexibility in interaction is acknowledged by all
four experts, highlighting C2Ideas’s support for multiple dimen-
sions and levels of interaction. Experts noted that modifying the
three dimensions of color mood in Idea Prompting was effective in

altering the overall color rendering (N=3). Additionally, the avail-
ability of individual color adjustments in the last two steps met
the requirement for precise adjustments, a consensus among all
four experts. For well-defined intent, experts lean towards using
the GUL For instance, in the free exploration phase, E2 selected
"Mondrian Bedroom" and rapidly achieved her desired result by in-
dividually adjusting decorations to the color red. However, the NLI
system shines when users offer vague or unclear design feedback,
as exemplified by E1’s request to "make the interior more colorful."
While the system’s natural language interaction (NLI) presents is
promising for system adjustments, its current limitations in pre-
cisely interpreting text input occasionally result in discrepancies
between users’ desired and actual changes (E3). After E3 entered
“Large area color is too heavy”, the model was modified only to
change the floor color to a brighter grey, but not the walls, which
are a much larger area.

Support both Novices and Experts. The system caters to a
spectrum of users, from novices to experts. Novices, when unfamil-
iar with certain styles or themes, could rely on C2Ideas to curate
examples, enhancing their learning curve. Expert E4 mentioned
that when her students first encounter a new style or theme, “the
fastest way to learn is to find an example to learn the color selection
and extract the color composition ratios, which is then learned by
imitation.” For seasoned designers, the Al’s color suggestions can
help them to see some new color choices and matching possibilities
even when they are very familiar with or have already designed a
room with the same style (N=3).

7 DISCUSSION

7.1 Designer’s Expectation for AIGC in Creative
Design

Our investigation into designers’ expectations regarding Al-supported
tools yielded intriguing insights. Contrary to our initial assump-
tions, the LLM demonstrated an impressive capability to generate
reasonable colored scenes. These results resonated positively with
general users, as some participants (N=3) noted that the End-to-end
approach could “generate designs that can be presented directly to
clients without any reservations and will not get yelled at, especially
during busy schedules.” However, for professional designers, merely
reasonable and aesthetic appeal falls short of their expectations.
Their aspirations for Al tools extend beyond rapid result generation
and automating mundane tasks. While these designs may be ap-
pealing to a non-professional audience, designers often find them
‘conservative and perfunctory”, even questioning if they meet the
true essence of ‘design’. Designers yearn for Al tools that can be
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involved throughout the design process, not just as passive assis-
tants but as active collaborators. They seek inspiration from these
tools, hoping for AI’s potential to spark diverse and innovative
designs, pushing the boundaries of conventional design thinking.
Such insights can enhance the development of Al-assisted tools,
aligning them more closely with human-centric design principles,
and fostering a more harmonious relationship between designers
and Al [16, 63, 71].

Our approach and system excel in balancing the generation
of reasonable results while providing inspiration for designers. It
offers “something out of the ordinary within the realm of reason’
(P4), highlighting the importance of this balance for the practical
integration of AIGC in design practice.

>

7.2 Designer’s Contribution to AIGC in Creative
Design

Traditionally, the development of an authoring tool for automated
Interior Coloring has been a laborious and formidable undertak-
ing. This task typically requires the substantial construction of an
extensive database comprising myriad color combinations or the
formulation of intricate rules grounded in color theory. Despite
these efforts, the resultant outcomes frequently fall into the cate-
gories of either “mediocre” or “chaotic”, rendering them arduous
to apply effectively within the realm of real-world design practice.
The introduction of the LLM has marked a transformative mile-
stone in this landscape, as it can rapidly generate colored scenes
by replacing the need for extensive datasets with its pre-trained
model and complex rule sets with natural language prompts.
Nonetheless, it is imperative to recognize that the LLM is not
a panacea for all design challenges. Designers play a pivotal role
in integrating AIGC into the creative design process. In this work,
we have forged close collaborations with designers as domain ex-
perts. We have meticulously delved into design rationale and pro-
cesses, engaging in numerous discussions to ensure our system
aligns closely with designers’ real-world design practices. Follow-
ing a user-centric design approach, we have painstakingly designed,
evaluated, and refined our framework and system to make it seam-
lessly integrate with designers’ workflows. With the invaluable
contributions of designers, we can harness the potential of the LLM
to enhance and support the creative design process rather than
generating “standard” results based on the general model.

7.3 Limitations and Future Work

Enhancing Scene Complexity and Adaptability. Our current
work has primarily focused on scenarios of varying complexity
while assuming fixed layouts in the design process. We only con-
ducted tests on a limited set of three scenarios, spanning a spectrum
from simplicity to moderate complexity. However, real-world de-
sign challenges often involve dynamic changes in furniture arrange-
ments and multifaceted scenarios that require intricate solutions.
In future research, we aim to expand our approach to address both
the adaptability of scenes, accommodating dynamic layout adjust-
ments, and the intricacies of more complex design scenarios. This
holistic approach will better align with the multifaceted nature of
real-world design practice, offering designers a more flexible and
comprehensive toolset for creative design.
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Incorporating Subtle Design Rationales and Cultural In-
fluence. Design, being a complex field, involves a vast array of
design rationale and knowledge. While we have integrated two
primary aspects of color theory—color ratio and color mood—into
our interior color design process, practical design often involves
richer and more personalized guidelines. For instance, E4 noted that
in terms of color composition ratio, the 6:3:1 ratio can be adjusted
to some extent based on the specific colors chosen. Future devel-
opments should consider encompassing a broader range of color
composition ratio paradigms or enabling designers to customize.
This flexibility would empower designers to exercise more creative
control over their projects, fostering personalized and innovative
interior designs. Additionally, experts expressed the need for more
comprehensive and specialized domain knowledge (N=3). For in-
stance, E1 suggested we expand the existing knowledge base to
include aspects like "color matching" and "style integration". The
cultural influence on design is another aspect that we have not yet
considered. In some cultures, colors hold unique symbolic mean-
ings, for example, “black” represents horror in Western culture
while signifying peace and mystery in some Eastern cultures. Our
future work will delve deeper into these subtler aspects of design
rationale, aiming to provide a more comprehensive and culturally
aware framework for creative design.

Balancing Diversity and Reasonability. Within the creative
design process, the imperative task of reconciling diversity and rea-
sonability holds a central position. Designers actively seek inspira-
tion from a diverse array of generated results, while simultaneously
demanding that these outcomes retain a level of practicality and
relevance within the context of real-world design scenarios. This
is what designers mean when they refer to “inspiring design”, and
it forms a critical cornerstone of our research focus. In our forth-
coming investigations, we will explore advanced methodologies to
effectively navigate this delicate equilibrium. These strategies may
encompass providing designers with explicit control over result di-
versity or harnessing a designer’s prior work as a point of reference,
facilitating the creation of highly personalized and contextually
sensitive design solutions.

Support Image Modality. In our current work, we concentrate
on addressing users’ vague intentions that are typically expressed
in text as the primary input modality. Nevertheless, we recognize
that designers often use visual references, like mood boards or
images from previous projects, to communicate their design intent.
Moving forward, we plan to expand our framework to incorporate
these visual references, allowing designers to utilize their existing
design assets for creating more personalized and context-relevant
design solutions.

8 CONCLUSION

We have presented C2Ideas, a pioneering system that facilitates the
creative ideation of color schemes in interior design. This system
leverages an intent-aligned and domain-oriented large language
model to bridge the gap between automated design and user in-
tention, addressing a known misalignment in current research.
C2Ideas facilitates the creative ideation process through a three-
stage approach: Idea Prompting, Word-Color Association, and Inte-
rior Coloring, which align well with the existing design workflow.
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Augmented by its user-centric interactive interface, C2Ideas grants
users not only the capability to fine-tune their designs but also
clarity in design reasoning. Through a comprehensive set of in-
door cases and user studies, C2Ideas has demonstrated its capability
and effectiveness in interior color design. Designers affirmed our
approach’s balance between reasoning and creativity, and have
notably acknowledged and appreciated the system’s interactive
functionalities. We hope that this work will provide insights into
how to use LLM for enhancing creative color design and fostering
cross-disciplinary collaboration with designers.

ACKNOWLEDGMENTS

The authors wish to thank the anonymous reviewers for their valu-
able comments. This work was supported by the Guangzhou Basic
and Applied Basic Research Foundation (2023A03]0142).

REFERENCES

[1] Aseel AL-Ayash, Robert T Kane, Dianne Smith, and Paul Green-Armytage. 2016.
The influence of color on student emotion, heart rate, and performance in learning
environments. Color Research & Application 41, 2 (2016), 196-205. https://doi.
0rg/10.1002/col.21949

[2] Fawzi A Al-Zamil. 2017. The Impact of Design Elements on the perception of
spaciousness in Interior Design. International Design Journal 7, 2 (2017), 177-187.
https://doi.org/10.12816/0046564

[3] Kenneth R Alexander and Michael S Shansky. 1976. Influence of hue, value, and
chroma on the perceived heaviness of colors. Perception & Psychophysics 19
(1976), 72-74. https://doi.org/10.3758/BF03199388

[4] Hyojin Bahng, Seungjoo Yoo, Wonwoong Cho, David Keetae Park, Ziming Wu,
Xiaojuan Ma, and Jaegul Choo. 2018. Coloring with words: Guiding image
colorization through text-based palette generation. In Proceedings of the European
Conference on Computer Vision (ECCV). 431-447.

[5] Tom Brown, Benjamin Mann, Nick Ryder, Melanie Subbiah, Jared D Kaplan,
Prafulla Dhariwal, Arvind Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, et al. 2020. Language models are few-shot learners. Advances in Neural
Information Processing Systems 33 (2020), 1877-1901.

[6] Nan Cao, Xin Yan, Yang Shi, and Chaoran Chen. 2019. Al-Sketcher: A Deep Gen-
erative Model for Producing High-Quality Sketches (AAAI'19/IAAI'19/EAAT’19).
AAAIT Press, Article 316, 8 pages. https://doi.org/10.1609/aaai.v33i01.33012564

[7] Eva Cetinic and James She. 2022. Understanding and Creating Art with Al:
Review and Outlook. ACM Trans. Multimedia Comput. Commun. Appl. 18, 2,
Article 66 (feb 2022), 22 pages. https://doi.org/10.1145/3475799

[8] Guangming Chen, Guiging Li, Yongwei Nie, Chuhua Xian, and Aihua Mao. 2016.

Stylistic indoor colour design via Bayesian network. Computers & Graphics 60

(2016), 34-45. https://doi.org/10.1016/j.cag.2016.08.009

Junming Chen, Zichun Shao, and Bin Hu. 2023. Generating Interior Design

from Text: A New Diffusion Model-Based Method for Efficient Creative Design.

Buildings 13, 7 (2023), 1861. https://doi.org/10.3390/buildings13071861

[10] Nigel Cross. 1990. The nature and nurture of design ability. Design studies 11, 3

(1990), 127-140. https://doi.org/10.1016/0142-694X(90)90002-T

Jiaxi Cui, Zongjian Li, Yang Yan, Bohua Chen, and Li Yuan. 2023. ChatLaw:

Open-Source Legal Large Language Model with Integrated External Knowledge

Bases. https://doi.org/10.48550/arXiv.2306.16092

Hilary Dalke, Jenny Little, Elga Niemann, Nilgun Camgoz, Guillaume Steadman,

Sarah Hill, and Laura Stott. 2006. Colour and lighting in hospital design. Optics

& Laser Technology 38, 4-6 (2006), 343-365. https://doi.org/10.1016/j.optlastec.

2005.06.040

[13] Nicholas Davis. 2013. Human-Computer Co-Creativity: Blending Human and

Computational Creativity. In Proceedings of the AAAI Conference on Artificial

Intelligence and Interactive Digital Entertainment, Vol. 9. 9-12. https://doi.org/10.

1609/aiide.v9i6.12603

Alexander Dunn, John Dagdelen, Nicholas Walker, Sanghoon Lee, Andrew S

Rosen, Gerbrand Ceder, Kristin Persson, and Anubhav Jain. 2022. Structured in-

formation extraction from complex scientific text with fine-tuned large language

models. https://doi.org/10.48550/arXiv.2212.05238

Ondrej Dusek, Jekaterina Novikova, and Verena Rieser. 2020. Evaluating the state-

of-the-art of End-to-End Natural Language Generation: The E2E NLG challenge.

Computer Speech & Language 59 (2020), 123-156. https://doi.org/10.1016/j.csl.

2019.06.009

KJ Kevin Feng, Maxwell James Coppock, and David W McDonald. 2023. How Do

UX Practitioners Communicate Al as a Design Material? Artifacts, Conceptions,

and Propositions. In Proceedings of the 2023 ACM Designing Interactive Systems

[9

(11

[12

[14

[15

[16

(17]

[18

[19

™
=

[21

[22

[23

S
=)

[25

[26

[28

[29

[30

(32]

[33

[34

[35

&
2

(37

(38]

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

Conference. Association for Computing Machinery, New York, NY, USA, 2263—
2280. https://doi.org/10.1145/3563657.3596101

Jonas Frich, Michael Mose Biskjaer, and Peter Dalsgaard. 2018. Why HCI and
Creativity Research Must Collaborate to Develop New Creativity Support Tools.
Association for Computing Machinery, New York, NY, USA. https://doi.org/10.
1145/3183654.3183678

Basma Abdelrahman Gbr. 2023. Robotecture and artificial intelligence (AI) tech-
nology and its impact on the creativity process in interior spaces. International
Design Journal (2023). https://doi.org/10.21608/ID]J.2023.210586.1076

Ian J. Goodfellow, Jean Pouget-Abadie, Mehdi Mirza, Bing Xu, David Warde-
Farley, Sherjil Ozair, Aaron Courville, and Yoshua Bengio. 2014. Generative
Adversarial Nets. (2014), 2672-2680.

Karen Haller. 2017. Colour in interior design. In Colour Design. Elsevier, 317-348.
https://doi.org/10.1016/B978-0-08-101270-3.00014-X

Anders Hard and Lars Sivik. 1981. NCS—Natural color system: A Swedish
standard for color notation. Color Research & Application 6, 3 (1981), 129-138.
https://doi.org/10.1002/c0l.5080060303

Anders Hard, Lars Sivik, and Gunnar Tonnquist. 1996. NCS, natural color sys-
tem—From concept to research and applications. Part I. Color Research & Appli-
cation 21, 3 (1996), 180-205. https://doi.org/10.1002/(SICI)1520-6378(199606)21:
3<180::AID-COL2>3.0.CO;2-0

Anders Hard, Lars Sivik, and Gunnar Tonnquist. 1996. NCS, natural color sys-
tem—From concept to research and applications. Part II. Color Research & Appli-
cation 21, 3 (1996), 206-220. https://doi.org/10.1002/(SICI)1520-6378(199606)21:
3<206::AID-COL3>3.0.CO;2-W

Angel Hsing-Chi Hwang. 2022. Too Late to Be Creative? AI-Empowered Tools in
Creative Processes. In Extended Abstracts of the 2022 CHI Conference on Human
Factors in Computing Systems (New Orleans, LA, USA) (CHI EA °22). Association
for Computing Machinery, New York, NY, USA, Article 38, 9 pages. https:
//doi.org/10.1145/3491101.3503549

Masaya Ikoma, Brian Kenji Iwana, and Seiichi Uchida. 2020. Effect of Text Color
on Word Embeddings. In International Workshop on Document Analysis Systems.
Springer, 341-355. https://doi.org/10.1007/978-3-030-57058-3_24

Pegah Karimi, Jeba Rezwana, Safat Siddiqui, Mary Lou Maher, and Nasrin Dehbo-
zorgi. 2020. Creative Sketching Partner: An Analysis of Human-AI Co-Creativity.
In Proceedings of the 25th International Conference on Intelligent User Interfaces
(Cagliari, Italy). Association for Computing Machinery, New York, NY, USA,
221-230. https://doi.org/10.1145/3377325.3377522

Chris Kim, Uta Hinrichs, Saif M. Mohammad, and Christopher Collins. 2020.
Lexichrome: Text Construction and Lexical Discovery with Word-Color Asso-
ciations Using Interactive Visualization. In Proceedings of the 2020 ACM De-
signing Interactive Systems Conference (Eindhoven, Netherlands) (DIS °20). As-
sociation for Computing Machinery, New York, NY, USA, 477-488. https:
//doi.org/10.1145/3357236.3395503

Diederik P. Kingma and Max Welling. 2019. An Introduction to Variational
Autoencoders. Found. Trends Mach. Learn. 12, 4 (nov 2019), 307-392. https:
//doi.org/10.1561/2200000056

Shigenobu Kobayashi. 1981. The aim and method of the color image scale. Color
Research & Application 6,2 (1981), 93-107. https://doi.org/10.1002/col.5080060210
Janin Koch, Andrés Lucero, Lena Hegemann, and Antti Oulasvirta. 2019. May
AI? Design Ideation with Cooperative Contextual Bandits. In Proc. ACM CHI
(Glasgow, Scotland Uk) (CHI ’19). Association for Computing Machinery, New
York, NY, USA, 1-12. https://doi.org/10.1145/3290605.3300863

Sevinc Kurt and Kelechi Kingsley Osueke. 2014. The Effects of Color on the
Moods of College Students. Sage Open 4, 1 (2014), 2158244014525423. https:
//doi.org/10.1177/2158244014525423

Nancy Kwallek, Carol M Lewis, and Ann S Robbins. 1988. Effects of office interior
color on workers’ mood and productivity. Perceptual and Motor Skills 66, 1 (1988),
123-128. https://doi.org/10.2466/pms.1988.66.1.123

Pier Luca Lanzi and Daniele Loiacono. 2023. ChatGPT and Other Large Lan-
guage Models as Evolutionary Engines for Online Interactive Collaborative Game
Design. (2023), 1383-1390. https://doi.org/10.1145/3583131.3590351

Kyung-Tae Lee, Jin-Bin Im, Sang-Jun Park, and Ju-Hyung Kim. 2022. Conceptual
Framework to Support Personalized Indoor Space Design Decision-Making: A
Systematic Literature Review. Buildings 12, 6 (2022), 716. https://doi.org/10.3390/
buildings12060716

Young-Jin Lee and Joohyeon Lee. 2006. The development of an emotion model
based on colour combinations. International Journal of Consumer Studies 30, 2
(2006), 122-136. https://doi.org/10.1111/j.1470-6431.2005.00457.x

Ying Li. 2016. Creative color designs for product packaging. In 2016 IEEE In-
ternational Conference on Multimedia & Expo Workshops (ICMEW). IEEE, 1-1.
https://doi.org/10.1109/ICMEW.2016.7574659

David Chuan-En Lin and Nikolas Martelaro. 2021. Learning Personal Style from
Few Examples. In Proceedings of the 2021 ACM Designing Interactive Systems
Conference (Virtual Event, USA) (DIS °21). Association for Computing Machinery,
New York, NY, USA, 1566-1578. https://doi.org/10.1145/3461778.3462115
Juncong Lin, Pintong Xiao, Yinan Fu, Yubin Shi, Hongran Wang, Shihui Guo, Ying
He, and Tong-Yee Lee. 2020. C3 Assignment: Camera Cubemap Color Assignment


https://doi.org/10.1002/col.21949
https://doi.org/10.1002/col.21949
https://doi.org/10.12816/0046564
https://doi.org/10.3758/BF03199388
https://doi.org/10.1609/aaai.v33i01.33012564
https://doi.org/10.1145/3475799
https://doi.org/10.1016/j.cag.2016.08.009
https://doi.org/10.3390/buildings13071861
https://doi.org/10.1016/0142-694X(90)90002-T
https://doi.org/10.48550/arXiv.2306.16092
https://doi.org/10.1016/j.optlastec.2005.06.040
https://doi.org/10.1016/j.optlastec.2005.06.040
https://doi.org/10.1609/aiide.v9i6.12603
https://doi.org/10.1609/aiide.v9i6.12603
https://doi.org/10.48550/arXiv.2212.05238
https://doi.org/10.1016/j.csl.2019.06.009
https://doi.org/10.1016/j.csl.2019.06.009
https://doi.org/10.1145/3563657.3596101
https://doi.org/10.1145/3183654.3183678
https://doi.org/10.1145/3183654.3183678
https://doi.org/10.21608/IDJ.2023.210586.1076
https://doi.org/10.1016/B978-0-08-101270-3.00014-X
https://doi.org/10.1002/col.5080060303
https://doi.org/10.1002/(SICI)1520-6378(199606)21:3<180::AID-COL2>3.0.CO;2-O
https://doi.org/10.1002/(SICI)1520-6378(199606)21:3<180::AID-COL2>3.0.CO;2-O
https://doi.org/10.1002/(SICI)1520-6378(199606)21:3<206::AID-COL3>3.0.CO;2-W
https://doi.org/10.1002/(SICI)1520-6378(199606)21:3<206::AID-COL3>3.0.CO;2-W
https://doi.org/10.1145/3491101.3503549
https://doi.org/10.1145/3491101.3503549
https://doi.org/10.1007/978-3-030-57058-3_24
https://doi.org/10.1145/3377325.3377522
https://doi.org/10.1145/3357236.3395503
https://doi.org/10.1145/3357236.3395503
https://doi.org/10.1561/2200000056
https://doi.org/10.1561/2200000056
https://doi.org/10.1002/col.5080060210
https://doi.org/10.1145/3290605.3300863
https://doi.org/10.1177/2158244014525423
https://doi.org/10.1177/2158244014525423
https://doi.org/10.2466/pms.1988.66.1.123
https://doi.org/10.1145/3583131.3590351
https://doi.org/10.3390/buildings12060716
https://doi.org/10.3390/buildings12060716
https://doi.org/10.1111/j.1470-6431.2005.00457.x
https://doi.org/10.1109/ICMEW.2016.7574659
https://doi.org/10.1145/3461778.3462115

CHI ’24, May 11-16, 2024, Honolulu, HI, USA

for Creative Interior Design. IEEE Transactions on Visualization and Computer
Graphics 28, 8 (2020), 2895-2908. https://doi.org/10.1109/TVCG.2020.3041728
Pengfei Liu, Weizhe Yuan, Jinlan Fu, Zhengbao Jiang, Hiroaki Hayashi, and
Graham Neubig. 2023. Pre-Train, Prompt, and Predict: A Systematic Survey of
Prompting Methods in Natural Language Processing. ACM Comput. Surv. 55, 9,
Article 195 (jan 2023), 35 pages. https://doi.org/10.1145/3560815

Ryan Louie, Andy Coenen, Cheng Zhi Huang, Michael Terry, and Carrie J. Cai.
2020. Novice-AI Music Co-Creation via Al-Steering Tools for Deep Generative
Models (CHI "20). Association for Computing Machinery, New York, NY, USA,
1-13. https://doi.org/10.1145/3313831.3376739

Sven Matthiesen, Thomas Nelius, and Matthias Eisenmann. 2021. An Approach
to Develop Designer-Centred Methods: Illustrated by an Example on How to
Overcome Cognitive Bias in Product Development. In Design Methodology for
Future Products: Data Driven, Agile and Flexible. Springer, 183-200. https://doi.
org/10.1007/978-3-030-78368-6_10

George Michalopoulos, Yuanxin Wang, Hussam Kaka, Helen Chen, and Alexander
Wong. 2020. UmlsBERT: Clinical Domain Knowledge Augmentation of Contex-
tual Embeddings Using the Unified Medical Language System Metathesaurus.
https://doi.org/10.48550/arXiv.2010.10391

Saif Mohammad. 2013. Colourful language: Measuring word-colour associations.
https://doi.org/10.48550/arXiv.1309.5942

Michael Muller, Lydia B Chilton, Anna Kantosalo, Charles Patrick Martin, and
Greg Walsh. 2022. GenAICHI: Generative Al and HCI (CHI EA "22). Association
for Computing Machinery, New York, NY, USA, Article 110, 7 pages. https:
//doi.org/10.1145/3491101.3503719

Amin Heyrani Nobari, Muhammad Fathy Rashad, and Faez Ahmed. 2021. Cre-
ativegan: Editing generative adversarial networks for creative design synthesis.
https://doi.org/10.48550/arXiv.2103.06242

Li-Chen Ou, M Ronnier Luo, Andrée Woodcock, and Angela Wright. 2004. A
study of colour emotion and colour preference. Part I: Colour emotions for single
colours. Color Research & Application 29, 3 (2004), 232-240. https://doi.org/10.
1002/c0l.20010

Joon Sung Park, Joseph C O’Brien, Carrie ] Cai, Meredith Ringel Morris, Percy
Liang, and Michael S Bernstein. 2023. Generative agents: Interactive simulacra
of human behavior. https://doi.org/10.48550/arXiv.2304.03442

Baolin Peng, Michel Galley, Pengcheng He, Hao Cheng, Yujia Xie, Yu Hu, Qiuyuan
Huang, Lars Liden, Zhou Yu, Weizhu Chen, et al. 2023. Check your facts and try
again: Improving large language models with external knowledge and automated
feedback. https://doi.org/10.48550/arXiv.2302.12813

Qianru Qiu, Mayu Otani, and Yuki Iwazaki. 2022. An Intelligent Color Recommen-
dation Tool for Landing Page Design. In 27th International Conference on Intelligent
User Interfaces (Helsinki, Finland) (IUI *22 Companion). Association for Computing
Machinery, New York, NY, USA, 26-29. https://doi.org/10.1145/3490100.3516450
Aditya Ramesh, Prafulla Dhariwal, Alex Nichol, Casey Chu, and Mark Chen.
2022. Hierarchical text-conditional image generation with clip latents. , 3 pages.
https://doi.org/10.48550/arXiv.2204.06125

Robin Rombach, Andreas Blattmann, Dominik Lorenz, Patrick Esser, and Bjorn
Ommer. 2022. High-Resolution Image Synthesis with Latent Diffusion Models.
In 2022 IEEE/CVF Conference on Computer Vision and Pattern Recognition (CVPR).
10684-10695. https://doi.org/10.1109/CVPR52688.2022.01042

Vidya Setlur and Maureen C Stone. 2015. A Linguistic Approach to Categorical
Color Assignment for Data Visualization. IEEE Transactions on Visualization and
Computer Graphics 22, 1 (2015), 698-707. https://doi.org/10.1109/TVCG.2015.
2467471

Yongliang Shen, Kaitao Song, Xu Tan, Dongsheng Li, Weiming Lu, and Yueting
Zhuang. 2023. HuggingGPT: Solving AI Tasks with ChatGPT and its Friends in
Hugging Face. https://doi.org/10.48550/arXiv.2303.17580

Yu-Chuan Shen, Wu-Hsiung Yuan, Wen-Hsing Hsu, and Yung-Sheng Chen. 2000.
Color selection in the consideration of color harmony for interior design. Color
Research and Application 25, 1 (2000), 20-31. https://doi.org/10.1002/(SICI)1520-
6378(200002)25:1< 20:: AID-COL4>3.0.CO;2-5

Chuhan Shi, Weiwei Cui, Chengzhong Liu, Chengbo Zheng, Haidong Zhang,
Qiong Luo, and Xiaojuan Ma. 2023. NL2Color: Refining Color Palettes for Charts
with Natural Language. IEEE Transactions on Visualization and Computer Graphics
(2023), 1-11. https://doi.org/10.1109/TVCG.2023.3326522

Weijia Shi, Sewon Min, Michihiro Yasunaga, Minjoon Seo, Rich James, Mike
Lewis, Luke Zettlemoyer, and Wen-tau Yih. 2023. Replug: Retrieval-augmented
black-box language models. https://doi.org/10.48550/arXiv.2301.12652

Xinyu Shi, Ziqi Zhou, Jing Wen Zhang, Ali Neshati, Anjul Kumar Tyagi, Ryan
Rossi, Shunan Guo, Fan Du, and Jian Zhao. 2023. De-Stijl: Facilitating Graphics
Design with Interactive 2D Color Palette Recommendation. In Proceedings of
the 2023 CHI Conference on Human Factors in Computing Systems (Hamburg,
Germany) (CHI "23). Association for Computing Machinery, New York, NY, USA,
Article 122, 19 pages. https://doi.org/10.1145/3544548.3581070

Yang Shi. 2023. Understanding Design Collaboration Between Designers and
Artificial Intelligence: A Systematic Literature Review. Proceedings of the ACM
on Human-Computer Interaction CSCW2 (2023).

Yihan Hou, Manling Yang, Hao Cui, Lei Wang, Jie Xu, and Wei Zeng

Yang Shi, Siji Chen, Pei Liu, Jiang Long, and Nan Cao. 2022. ColorCook:
Augmenting Color Design for Dashboarding with Domain-Associated Palettes.
Proc. ACM Hum.-Comput. Interact. 6, CSCW2, Article 433 (nov 2022), 25 pages.
https://doi.org/10.1145/3555534

Michael Solah, Haikun Huang, Jiachuan Sheng, Tian Feng, Marc Pomplun, and
Lap-Fai Yu. 2022. Mood-Driven Colorization of Virtual Indoor Scenes. IEEE
Transactions on Visualization and Computer Graphics 28, 5 (2022), 2058—-2068.
https://doi.org/10.1109/TVCG.2022.3150513

Claire Stevenson, Iris Smal, Matthijs Baas, Raoul Grasman, and Han van der
Maas. 2022. Putting GPT-3’s Creativity to the (Alternative Uses) Test. https:
//doi.org/10.48550/arXiv.2206.08932

Hendrik Strobelt, Albert Webson, Victor Sanh, Benjamin Hoover, Johanna Beyer,
Hanspeter Pfister, and Alexander M Rush. 2022. Interactive and Visual Prompt
Engineering for Ad-hoc Task Adaptation with Large Language Models. IEEE
Transactions on Visualization and Computer Graphics 29, 1 (2022), 1146-1156.
https://doi.org/10.1109/TVCG.2022.3209479

Hariharan Subramonyam, Colleen Seifert, and Eytan Adar. 2021. Towards a
process model for co-creating Al experiences. In Designing Interactive Systems
Conference 2021. Association for Computing Machinery, New York, NY, USA,
1529-1543. https://doi.org/10.1145/3461778.3462012

Liping Wang, Jiawei Li, Lifan Zhao, Zhizhuo Kou, Xiaohan Wang, Xinyi Zhu,
Hao Wang, Yanyan Shen, and Lei Chen. 2023. Methods for Acquiring and
Incorporating Knowledge into Stock Price Prediction: A Survey. https://doi.org/
10.48550/arXiv.2308.04947

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten Bosma, brian ichter,
Fei Xia, Ed Chi, Quoc V Le, and Denny Zhou. 2022. Chain-of-Thought
Prompting Elicits Reasoning in Large Language Models. 35 (2022),
24824-24837. https://proceedings.neurips.cc/paper_files/paper/2022/file/
9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf

Tongshuang Wu, Ellen Jiang, Aaron Donsbach, Jeff Gray, Alejandra Molina,
Michael Terry, and Carrie J Cai. 2022. PromptChainer: Chaining Large Language
Model Prompts through Visual Programming. In Extended Abstracts of the 2022
CHI Conference on Human Factors in Computing Systems (New Orleans, LA, USA)
(CHI EA °22). Association for Computing Machinery, New York, NY, USA, Article
359, 10 pages. https://doi.org/10.1145/3491101.3519729

Tongshuang Wu, Michael Terry, and Carrie Jun Cai. 2022. Al Chains: Transparent
and Controllable Human-AI Interaction by Chaining Large Language Model
Prompts. In Proceedings of the 2022 CHI Conference on Human Factors in Computing
Systems (New Orleans, LA, USA) (CHI "22). Association for Computing Machinery,
New York, NY, USA, Article 385, 22 pages. https://doi.org/10.1145/3491102.
3517582

Le Xiao and Xiaolin Chen. 2023. Enhancing LLM with Evolutionary Fine Tuning
for News Summary Generation. https://doi.org/10.48550/arXiv.2307.02839
Anbang Xu, Shih-Wen Huang, and Brian Bailey. 2014. Voyant: Generating Struc-
tured Feedback on Visual Designs Using a Crowd of Non-Experts. In Proceedings
of the 17th ACM Conference on Computer Supported Cooperative Work & Social
Computing (Baltimore, Maryland, USA) (CSCW ’14). Association for Computing
Machinery, New York, NY, USA, 1433-1444. https://doi.org/10.1145/2531602.
2531604

Kemal Yildirim, M Lutfi Hidayetoglu, and Aysen Capanoglu. 2011. Effects of inte-
rior colors on mood and preference: comparisons of two living rooms. Perceptual
and Motor Skills 112, 2 (2011), 509-524. https://doi.org/10.2466/24.27.PMS.112.2.
509-524

Nur Yildirim, Changhoon Oh, Deniz Sayar, Kayla Brand, Supritha Challa, Violet
Turri, Nina Crosby Walton, Anna Elise Wong, Jodi Forlizzi, James McCann,
et al. 2023. Creating design resources to scaffold the ideation of AI concepts. In
Proceedings of the 2023 ACM Designing Interactive Systems Conference. Association
for Computing Machinery, New York, NY, USA, 2326-2346. https://doi.org/10.
1145/3563657.3596058

Lin-Ping Yuan, Wei Zeng, Siwei Fu, Zhiliang Zeng, Haotian Li, Chi-Wing Fu,
and Huamin Qu. 2022. Deep Colormap Extraction From Visualizations. IEEE
Transactions on Visualization and Computer Graphics 28, 12 (2022), 4048-4060.
https://doi.org/10.1109/TVCG.2021.3070876

Lin-Ping Yuan, Zigi Zhou, Jian Zhao, Yiqiu Guo, Fan Du, and Huamin Qu. 2022.
InfoColorizer: Interactive Recommendation of Color Palettes for Infographics.
IEEE Transactions on Visualization and Computer Graphics 28, 12 (2022), 4252—
4266. https://doi.org/10.1109/TVCG.2021.3085327

Xinxin Zhang, Minggang Yang, Jianning Su, Wenjin Yang, and Kai Qiu. 2020.
Research on product color design decision driven by brand image. Color Research
& Application 45, 6 (2020), 1202-1216. https://doi.org/10.1002/col.22540

Yuxin Zhang, Nisha Huang, Fan Tang, Haibin Huang, Chongyang Ma, Weiming
Dong, and Changsheng Xu. 2023. Inversion-based Style Transfer with Diffusion
Models. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern
Recognition. 10146-10156. https://doi.org/10.1109/CVPR52729.2023.00978


https://doi.org/10.1109/TVCG.2020.3041728
https://doi.org/10.1145/3560815
https://doi.org/10.1145/3313831.3376739
https://doi.org/10.1007/978-3-030-78368-6_10
https://doi.org/10.1007/978-3-030-78368-6_10
https://doi.org/10.48550/arXiv.2010.10391
https://doi.org/10.48550/arXiv.1309.5942
https://doi.org/10.1145/3491101.3503719
https://doi.org/10.1145/3491101.3503719
https://doi.org/10.48550/arXiv.2103.06242
https://doi.org/10.1002/col.20010
https://doi.org/10.1002/col.20010
https://doi.org/10.48550/arXiv.2304.03442
https://doi.org/10.48550/arXiv.2302.12813
https://doi.org/10.1145/3490100.3516450
https://doi.org/10.48550/arXiv.2204.06125
https://doi.org/10.1109/CVPR52688.2022.01042
https://doi.org/10.1109/TVCG.2015.2467471
https://doi.org/10.1109/TVCG.2015.2467471
https://doi.org/10.48550/arXiv.2303.17580
https://doi.org/10.1002/(SICI)1520-6378(200002)25:1<20::AID-COL4>3.0.CO;2-5
https://doi.org/10.1002/(SICI)1520-6378(200002)25:1<20::AID-COL4>3.0.CO;2-5
https://doi.org/10.1109/TVCG.2023.3326522
https://doi.org/10.48550/arXiv.2301.12652
https://doi.org/10.1145/3544548.3581070
https://doi.org/10.1145/3555534
https://doi.org/10.1109/TVCG.2022.3150513
https://doi.org/10.48550/arXiv.2206.08932
https://doi.org/10.48550/arXiv.2206.08932
https://doi.org/10.1109/TVCG.2022.3209479
https://doi.org/10.1145/3461778.3462012
https://doi.org/10.48550/arXiv.2308.04947
https://doi.org/10.48550/arXiv.2308.04947
https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://proceedings.neurips.cc/paper_files/paper/2022/file/9d5609613524ecf4f15af0f7b31abca4-Paper-Conference.pdf
https://doi.org/10.1145/3491101.3519729
https://doi.org/10.1145/3491102.3517582
https://doi.org/10.1145/3491102.3517582
https://doi.org/10.48550/arXiv.2307.02839
https://doi.org/10.1145/2531602.2531604
https://doi.org/10.1145/2531602.2531604
https://doi.org/10.2466/24.27.PMS.112.2.509-524
https://doi.org/10.2466/24.27.PMS.112.2.509-524
https://doi.org/10.1145/3563657.3596058
https://doi.org/10.1145/3563657.3596058
https://doi.org/10.1109/TVCG.2021.3070876
https://doi.org/10.1109/TVCG.2021.3085327
https://doi.org/10.1002/col.22540
https://doi.org/10.1109/CVPR52729.2023.00978

	Abstract
	1 Introduction
	2 Related Works
	2.1 Creative Color Design
	2.2 Human-AI Collaboration for Creative Design
	2.3 Large Language Model with Domain Knowledge Integration

	3 blackFormative Study
	3.1 Color Theory in Interior Design
	3.2 Design Practice
	3.3 Preliminary Study: Human-AI Collaboration in Interior Color Design

	4 System Overview
	5 C2Ideas
	5.1 Idea Prompting
	5.2 Word-Color Association
	5.3 Interior Coloring
	5.4 Interactive User Interface
	5.5 Implementation Details

	6 Evaluation
	6.1 User Study
	6.2 Experts Feedback on C2Ideas Interface

	7 Discussion
	7.1 Designer's Expectation for AIGC in Creative Design
	7.2 Designer's Contribution to AIGC in Creative Design
	7.3 Limitations and Future Work

	8 Conclusion
	Acknowledgments
	References



