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Figure 1: The Creative Blends system leverages textual user input to generate visual blends, offering a platform for creative 
exploration. The system broadens the spectrum of design possibilities by mapping abstract concepts – highlighted in blue and 
orange colors – onto tangible physical objects through constructed metaphorical associations. These mapped objects are then 
seamlessly integrated based on shared attributes, resulting in conceptually meaningful and visually cohesive blends. 
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Abstract 
Visual blends combine elements from two distinct visual concepts 
into a single, integrated image, with the goal of conveying ideas 
through imaginative and often thought-provoking visuals. Commu-
nicating abstract concepts through visual blends poses a series of 
conceptual and technical challenges. To address these challenges, 
we introduce Creative Blends, an AI-assisted design system that 
leverages metaphors to visually symbolize abstract concepts by 
blending disparate objects. Our method harnesses commonsense 
knowledge bases and large language models to align designers’ 

∗

conceptual intent with expressive concrete objects. Additionally, 
we employ generative text-to-image techniques to blend visual el-
ements through their overlapping attributes. A user study (N=24) 
demonstrated that our approach reduces participants’ cognitive 
load, fosters creativity, and enhances the metaphorical richness 
of visual blend ideation. We explore the potential of our method 
to expand visual blends to include multiple object blending and 
discuss the insights gained from designing with generative AI. 
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1 Introduction 
Visual blending is a powerful graphic design and communication 
technique, offering a creative means to convey novel and ground-
breaking ideas [11, 14]. Visual blends strategically combine two 
distinct objects into a unified composition, achieving a harmonious 
effect through unique and compelling designs [10, 11, 13]. For in-
stance, blending a dumbbell with an orange might symbolize the 
relationship between fitness and nutrition, highlighting how physi-
cal exercise complements proper nutritional intake in maintaining 
good health (refer to Figure 1 on the left). Such representations 
are ubiquitous in our daily lives, communicating symbolic mes-
sages from simple graphic design to intricate visual arts [2, 41]. 
The widespread use of visual blends stems from their capacity to 
engage audiences and effectively communicate complex or abstract 
concepts in a memorable and impactful manner. 

While visual blends excel at grabbing audience attention, creat-
ing good ones presents a non-trivial design challenge. Key design 
considerations include selecting appropriate objects, determining 
suitable blending attributes, and ensuring harmonious integration 
of blended elements. A major conceptual challenge lies in identify-
ing symbolic objects that effectively convey the intended message 
while preserving their individual recognizability [11]. From a tech-
nical standpoint, creating visually appealing and coherent blends 
requires meticulous attention to blending techniques and adher-
ence to established design principles, making the process both 
skill-intensive and time-consuming. To convey abstract concepts 
or experiences, visual blends often employ metaphors [1, 11, 22], 
necessitating the selection of suitable source-domain objects that 
are both semantically relevant and visually compatible. 

In the realm of Artificial Intelligence Generated Content (AIGC), 
the generation of images is a rapidly evolving field. Existing text-
to-image (T2I) generation techniques, while capable of producing 
images from textual input, also provide an alternative tool for ac-
celerating and simplifying the process of creating visual blends. 
However, current T2I models encounter challenges when handling 
abstract descriptions, as they often lead to images with distorted 
or nonsensical textual elements [28]. This limitation highlights 
the need for a deeper understanding of human cognition in trans-
forming abstract content into visual elements in images. One in-
triguing aspect of addressing this problem involves incorporating 
Conceptual Metaphor Theory (CMT) into the image-generation 
process [1, 27]. By grounding abstract concepts or experiences in 
concrete objects and their interrelations, CMT posits that metaphor, 
beyond being a rhetorical device, offers a way to transform disparate 
concepts into more relatable and comprehensible information for 
users. However, current research has not yet fully explored how 
to represent abstract concepts in image generation, particularly 
when employing metaphors to combine multiple objects and their 
relationships. 

Our research pioneers the intersection of visual metaphors and 
image generation, offering a unique lens for understanding the 
cross-modal relationships underpinning creative ideation in visual 
blends. We explore the potential of AIGC techniques for producing 
visually blended content and develop a system for semantically 
comparing the resulting design options. Our key innovation in-
tegrates metaphors with commonsense reasoning at both object 

and attribute levels, enabling the creation of visually diverse and 
semantically rich blends that resonate with human metaphorical 
cognition. By leveraging diverse visual-textual correspondences, 
we aim to unlock new creative possibilities and generate blended 
visuals that are not confined by predefined visual paradigms (e.g., 
specific shapes and styles) or literal representations. Inspired by 
Lakoff and Johnson’s foundational work on metaphors [27], we 
consider language a proxy for connecting abstract ideas with visual 
elements, establishing a robust foundation for conceptual under-
standing and creative expression [45]. 

In line with our research, we introduce Creative Blends, an AI-
powered system that assists users in generating visual blend ideas 
by incorporating metaphors derived from user input. Informed 
by interviews with eight design practitioners, we identified their 
needs and obstacles when creating visual blends with concrete ob-
jects, especially in drafting design options for abstract concepts. 
Here, “concepts” are keywords extracted from user-provided ex-
pressions, while “objects” are tangible visual elements representing 
these ideas. Our method leverages metaphors and image genera-
tion techniques, complemented by large language models (LLMs) 
and commonsense knowledge bases, to enrich the diversity and 
metaphoricity of design outcomes. A within-subject study with 24 
participants compared Creative Blends to a baseline that combined 
ChatGPT (built with GPT-3.5 integrated with DALL·E 3) and Google 
Search. Results showed that Creative Blends significantly enhances 
creativity, metaphoricity, and user experience in generating visually 
compelling ideas for abstract concepts. Participants appreciated 
its ability to generate diverse outputs and inspire innovative ideas 
through metaphorical blends. This research underscores the value 
of specialized AI tools in unlocking the creative potential of genera-
tive models, bridging gaps in user understanding of AI capabilities, 
and expanding the possibilities of metaphor-informed visual design. 
The main contributions of this work are three-fold: 

• We propose a metaphor-inspired approach to visual blending that 
identifies conceptually relevant objects through commonsense 
reasoning and combines them based on attribute similarity; 

• We introduce Creative Blends, an AI-assisted creativity support 
system that transforms user-provided textual input into visually 
blended concepts, facilitating the exploration of diverse visual-
textual correspondences; 

• Through a comprehensive evaluation, we provide insights into 
designing abstract concepts using metaphors within the context 
of AIGC, showcasing the system’s potential to advance creative 
workflows and expand the boundaries of visual ideation. 

2 Related Work 
This section reviews prior work on metaphorical visual design, 
examines AI-driven image generation for creativity support, and 
evaluates methods for representing abstract concepts visually. 

2.1 Metaphors in Visual Design 
Metaphors are powerful tools in visual design that engage audi-
ences by suggesting meaning rather than explicitly stating it. By 
linking familiar concepts (source domain) to visual elements (target 
domain), they promote intuitive understanding and foster deeper 
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audience engagement [7]. Moreover, by leaving room for interpre-
tation, metaphors encourage active participation, prompting users 
to uncover nuanced connections within the visual elements [16]. 
This characteristic of metaphors is utilized in visual design to fa-
cilitate data comprehension and emotional connection [15]. For 
example, Sun et al. [44] used a postcard with a landscape paint-
ing to represent users’ physical and mental health metaphorically. 
Metamorpheus [47] used visual metaphors to facilitate the explo-
ration and reflection of users’ dream experiences in a meaningful 
way. These representations enhance the intuitive perception and 
interpretation of information, while metaphors serve as visual cues 
to facilitate understanding of underlying meaning. 

Beyond their ability to engage and inform, metaphors also excel 
at creative communication [18], a strength evidenced by their ex-
tensive use in advertising and graphic design. Prior research has 
examined the structural topology of metaphors in visual repre-
sentation [36], identifying three primary categories: juxtaposition, 
fusion, and replacement structures. In the context of fusion-based 
visual metaphors, Chilton et al. pioneered VisiBlends [11] to as-
sist novices in creating initial blend prototypes by overlaying two 
objects with the same shape. They later introduced VisiFit [10], 
a tool that aids novice users in collaboratively generating visual 
blends through brainstorming, synthesizing, and iterating. Other 
research efforts have also produced creative support tools, such as 
MetaMap [25], to assist users in incorporating metaphors into their 
visual designs. While existing research has advanced the creation of 
visual metaphors, it often overlooks the diverse interpretations that 
specific imagery can evoke. This narrow focus limits the expressive 
potential of visual metaphors and constrains the creation of inno-
vative representations of meaning. Our research aims to expand 
design possibilities by leveraging visual-textual correspondence 
to explore diverse interpretations of semantic concepts, enabling 
designers to explore a wider range of metaphorical visual designs. 

2.2 Support Image Creation with Generative AI 
As an emerging field, research is increasingly exploring the role of 
generative AI in creative image design processes. Prior work has 
examined the potential of generative models to enhance creativ-
ity [19, 24], laying the groundwork for our exploration of visual 
blend ideation. Several works focus on divergent challenges, aim-
ing to expand creative possibilities by enabling users to explore 
diverse outputs. Tools such as CreativeConnect [12] promote diver-
gent ideation by recombining visual references. Other works like 
GANCollage [48] use mood boards to encourage broad exploration 
of visual styles, while DesignPrompt [35] integrates multi-modal 
inputs, including text, color, and images, to expand the scope of de-
sign possibilities. This supports our goal of leveraging multimodal 
information to enhance idea generation, enabling greater creative 
expression and broader exploration of design concepts. 

Another set of works addresses convergent challenges, catering to 
the need to refine and focus creative outputs by aligning generated 
content with user-defined goals. For example, PromptCharm [52] 
and RePrompt [51] primarily use text-based inputs, automating 
prompt refinement and providing real-time model explanations to 
fine-tune and align generative outputs with user intentions. Gen-
Query [42] provides iterative refinement workflows that enable 
users to adapt generated content through query concretization and 

image modification progressively. These methods prioritize user 
control, addressing the challenge of balancing generative outputs 
with refinement to create tailored results. Despite advancements 
in generative models for image creation, their application in multi-
object blending for design exploration is limited. Our research 
focuses on the ideation stage, aiming to stimulate divergent think-
ing through the use of image-text embeddings and commonsense 
knowledge, enabling an iterative exploration of a diverse range of 
visual possibilities driven by user input. 

2.3 Visualizing Abstract Concepts 
Abstract concepts refer to ideas or thoughts devoid of physical 
form or concrete qualities. They cannot be directly sensed and of-
ten represent intangible qualities, relationships, or processes [3]. 
Visualizing abstract concepts presents challenges due to their intan-
gible and often subjective nature. Recent advancements leverage 
multimodal systems, metaphorical reasoning, and creative blending 
techniques to make abstract concepts more interpretable, relatable, 
and engaging. Prior work, such as the framework developed by Liao 
et al. [28], has demonstrated the potential of leveraging LLMs and 
T2I models to generate visual representations of abstract concepts 
like morality, fairness, and priority. Similarly, Liu et al. introduced 
Opal [30], a multimodal framework that deals with abstract words 
with recognizable subjects like symbols, showing how integrating 
text and visual elements fosters the understanding of abstract nar-
ratives. These works leverage T2I generation as a powerful tool for 
creating visual interpretations of abstract concepts. 

Another body of research employs metaphors [8] to bridge the 
gap between abstract concepts and visual representations. For in-
stance, Vismantic [54] emphasizes the use of semantic structures 
to guide the generation of meaningful blends, demonstrating how 
metaphorical visuals rooted in commonsense knowledge can en-
hance the interpretation of abstract ideas. Cunha et al. [13] demon-
strate how blending visual elements could produce creative repre-
sentations of abstract ideas, such as combining facial expressions 
and symbols to create new emojis that convey complex meanings. 
In contrast to prior approaches that focus on specific forms of blend-
ing or concrete representations, our method emphasizes expanding 
the exploration space for abstract concepts. This allows for flexi-
ble and diverse visual outputs, enriching the ideation process for 
designers and creators. 

Visual blending techniques [10, 11, 21] have also been extensively 
explored to craft visual representations of abstract ideas. Ge and 
Parikh [21] advanced this field by integrating vision and language 
models to synthesize blended visuals, enhancing the conceptual 
alignment between input ideas and their outputs. PopBlends [50] 
leverages LLMs to generate conceptual blends by combining seman-
tic elements from distinct domains. Building on existing research, 
our approach seeks to broaden the scope of image generation by 
exploring the integration of diverse objects and creating complex 
blending relationships between them. Utilizing a commonsense 
knowledge base, we systematically analyze the potential relation-
ships within each combination, ensuring that the representation of 
these concepts is grounded in and aligns with human metaphori-
cal reasoning. This also enables a more diverse exploration space 
and a more meaningful, relatable visual representation for abstract 
concept ideation. 
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3 Formative Study 
To understand how designers create visual blends and uncover po-
tential challenges, we conducted in-depth interviews with eight 
practitioners, four from advertising and four from graphic design. 
The participants included both amateur and professional designers, 
distinguished by whether they were engaged in full-time design-
related work. We employed a semi-structured interview format 
to engage in open-ended discussions about a specific design task. 
Additionally, we used the think-aloud protocol, encouraging par-
ticipants to verbalize their thoughts, concerns, and plans in detail 
throughout the design process to gain deeper insights. 

3.1 Interview Setup and Process 
We recruited eight participants (5 female, 3 male) for the study, with 
ages ranging from 21 to 31 years (𝑀𝑒𝑎𝑛 = 24, 𝑆𝐷 = 4.04). All par-
ticipants had prior experience incorporating visual metaphors into 
their design work and held formal education in visual design. Three 
participants were full-time design professionals, while the remain-
ing five were design students who integrated visual metaphors 
into their personal projects. During the study, participants first 
shared their previous experiences designing visual metaphors and 
were tasked with creating visual blends focused on a specific topic 
(i.e., “Exercise fuels your body like vitamins”, a theme chosen for its 
relatability and clarity). We emphasized the design process over 
the final product, requesting participants to detail the evolution of 
their ideas. Interview questions covered the major design activities, 
exploring how participants conceptualized their ideas, identified 
sources of inspiration, and transformed concepts into prototypes. 
Toward the end of the interviews, participants were asked to reflect 
on the most challenging aspects of the design process and to artic-
ulate their specific needs for AI tools that could streamline their 
workflow and enhance their creative output in the context of visual 
blend design. 

3.2 Findings 
The feedback from participants revealed that they followed three 
main iterative processes when designing visual blends: ideation, 
gathering materials, and implementation. Among them, the ideation 
stage was cited by most participants (6 out of 8) as the most chal-
lenging and time-consuming phase. One participant (E5, Female, 
21) emphasized the time-consuming nature of ideation, stating, 
“...ideation is a major bottleneck. I need to brainstorm broadly to find 
the best solution, but this process is limited by my personal knowl-
edge and requires constant iteration”. According to her, the primary 
difficulties stemmed from selecting appropriate visual elements, 
identifying their commonalities, and determining how to distribute 
and arrange them effectively. To better understand the ideation 
process of creating visual blends and address the challenges and 
needs voiced by participants, we further subdivided ideation into 
three sub-steps: idea generation, concept visualization, and visual 
integration. 

3.2.1 Idea Generation. Participants primarily concentrated on iden-
tifying key terms, conceptualizing the desired visual message, and 
choosing figurative objects that can effectively represent the ex-
pression. For all participants, keyword extraction emerged as the 

universal initial step when presented with a design topic. After 
that, they attempted to identify appropriate expansions or elabora-
tions of these keywords. However, several participants, including 
professional designers, highlighted the challenges in generating in-
novative design concepts, especially when dealing with ambiguous 
or abstract ones. One participant (E1, Female, 31) emphasized the 
difficulty of initiating the creative process even for experienced pro-
fessionals and reflected that “...initial concepts immediately flashed 
in my mind, but they often default to clichés, lacking novelty and 
engagement”. Another participant (E4, Female, 28) echoed this senti-
ment and expressed a specific need for AI assistance in overcoming 
this hurdle. She envisioned an AI tool capable of generating a wide 
range of options as a starting point for further refinement. 

3.2.2 Concept Visualization. Participants reported significant chal-
lenges in transforming abstract concepts into appropriate concepts 
related to visual representation. Identifying concrete representa-
tions for these abstract ideas was particularly time-consuming and 
labor-intensive, as one participant (E3, Female, 27) highlighted. This 
challenge intensified when design topics involved multiple abstract 
concepts, requiring considerable effort to visually translate and 
integrate them cohesively. To address this, participants expressed 
the need for tools or methods that could systematically examine 
the input abstract concepts from diverse perspectives and view-
points. Our observations revealed that participants assessed how 
connected the selected concepts were when designing. Therefore, 
we prioritize the development of features that facilitate semantic 
relevance analysis for designers. This would enable a more com-
prehensive exploration and understanding of the concepts, better 
equipping the designer to create meaningful visual representations 
that capture the essence of the original abstract expressions. 

Furthermore, participants universally recognized the importance 
of this step in bringing their ideas to fruition. At this step, designers 
are required to move beyond textual descriptions and manifest 
concepts visually. Two participants (E2, Female, 21; E6, Male, 21) 
mentioned that they would boost their creativity by taking reference 
for existing design solutions, as E6 reflected “benchmarking against 
existing work sparks innovation and allows for iterative refinement”. 
The visual output of a designer’s ideas relies on pre-defined concepts 
and is also a means of optimizing their design. However, designers 
encountered instances where suitable presentation materials for 
their envisioned design were unavailable, thereby restricting their 
creative potential. To overcome this obstacle, participants expressed 
a need for rapid access to a diverse range of reference images. 

3.2.3 Visual Integration. This step involves the merging of two ob-
jects to create a cohesive and creative design. Participants identified 
the primary challenge, which is determining the optimal points of 
connection between the two objects. One participant (E8, Male, 22) 
commented, “Joining two things aesthetically isn’t random; it needs 
a thoughtful and organized process.”. The complexity arises from 
the need to effectively represent individual concepts visually while 
maintaining a cohesive overall visual composition. By observing 
the general approaches designers use to merge two objects, we 
found that ensuring a seamless blend requires careful consideration 
of factors such as composition, color, perspective, texture, and scale. 
The importance of this step in assessing a designer’s overall skill 
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Figure 2: Creative Blends operates through a multi-stage pipeline. The initial stage involves concept inference to identify 
relevant objects and their attributes. Subsequently, a similarity-based selection process empowers users to choose suitable object 
and attribute combinations. The system then explores potential blending schemes and synthesizes corresponding prompts for 
the T2I model, culminating in iterative image generation based on the selected prompts to support the ideation process. 

set is particularly emphasized in terms of combining disparate ele-
ments. Moreover, the process of creating visually appealing blends 
often involves an iterative approach of trial and error, exploring 
and evaluating various options throughout the creative process. 
Participants suggested expanding the design solution space through 
the divergent exploration of conceptual attributes followed by con-
vergent selection based on attribute similarity to reduce cognitive 
load during the design process. 

In summary, the creation of visual blends extends beyond the 
mere combination of two images. It requires creativity and a solid 
understanding of related concepts and their interconnected at-
tributes to achieve effective and aesthetically pleasing visual com-
munication. Based on the findings from the formative study, we 
summarized four design requirements as follows: 

R1 Assist with innovative idea generation while possessing clear 
connections to the message; 

R2 Facilitate semantic relevance analysis and visual integration 
based on attribute similarity; 

R3 Enable rapid access to diverse reference materials or design 
examples; 

R4 Allow users to try multiple ideas and compare them. 

4 The Creative Blends System 
This section introduces Creative Blends, an ideation support system 
designed to enhance designers’ creativity by identifying and com-
bining relevant objects and attributes for visual blending. Grounded 
in insights from prior research and the formative study, Creative 
Blends follows a multi-stage pipeline (Figure 2). The system begins 
by semantically analyzing user input, using LLMs and external 
knowledge bases to map abstract concepts to concrete objects and 
attributes. To aid in selecting complementary elements, it provides 
visualized similarity and sentiment scores, facilitating informed 
decision-making during the ideation process. By leveraging LLMs, 
Creative Blends generates detailed descriptions of potential visual 
blends based on user-selected inputs, blending schemes, and con-
siderations. These descriptions are crafted into complete solutions, 
comprising prompts for the DALL·E 3 model, to enable rapid pro-
totyping of diverse visual blend concepts. To support iterative cre-
ativity, users can save and revisit their outputs for refinement and 

comparison. The following subsections detail the design, technical 
implementation, and user experience of Creative Blends. 

4.1 Design Goals 
Our formative study revealed key design requirements for visual 
blends, emphasizing the recurring challenges designers encounter 
in transforming abstract concepts into visual representations through 
the use of metaphors. In response, we develop the Creative Blends 
system to support the design ideation of visual blends for a broad 
spectrum of abstract expressions. The system empowers design-
ers to enhance their creativity when searching concrete imagery 
and enables the design to convey the underlying meaning of the 
expression. In light of the design requirements, the design goals of 
Creative Blends are as follows: 

G1 Inferring potential objects with metaphors. Blended 
imagery necessitates associated objects to symbolize abstract 
concepts (R1), with the shared attributes of these objects 
providing a common ground for guiding the direction of the 
blending process (R1, R2). 

G2 Exploring similarity-based exemplars within diverse 
options. The visual harmony of blended images is ensured 
by maintaining similarities between the objects and their 
attributes (R2). The system should support the exploration 
of diverse object combinations and their shared attributes to 
inspire creative representation (R4). 

G3 Offering sample designs as inspiration for creative 
ideation. The system should provide sample designs based 
on designer-selected objects and their identified commonali-
ties, offering valuable and timely inspiration for designers 
(R3). 

G4 Iterating the exploration on potential design choices. 
The system should enable designers to easily track, compare, 
and iterate on blended results, encouraging creative ideation 
with a wide range of design possibilities (R4). 

4.2 System Design 
The Creative Blends system incorporates visualizations to assist 
users in exploring the generated visual blends. Figure 3 illustrates 
the user interface of Creative Blends, which processes the user 
input in the following manner. The system initially decomposes 
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Figure 3: The user interface of Creative Blends showcases an example of generated results for “global warming”. The interface 
consists of four distinct modules: the expression input module (a), the prompt exploration module (b, c, d), the visual blend 
exploration module (e), and the similarity visualization module (f). 

the provided expression into its constituent parts of speech. Users 
are then prompted to select the concepts they are interested in 
for further exploration. Based on the selected results, the system 
identifies related objects that can be metaphorically linked to the 
chosen concepts and extracts their physical attributes (G1). To facil-
itate the exploration of object and attribute combinations, Creative 
Blends employs Sankey diagrams to visualize semantic and similar-
ity relationships. The diagram’s node-link representation, coupled 
with color-coded edges, enhances data clarity and readability, em-
powering users to explore diverse combinations and foster creative 
ideation (G2). Additionally, the system generates tailored prompts 
based on the user-selected objects and attributes, providing guid-
ance for the blending process. Other relevant factors, such as the 
intended expression, chosen metaphors, and applicable design re-
strictions, are also incorporated into these prompts, which serve 
as input for T2I models (G3). Finally, the system generates and dis-
plays the blended results on a 2D canvas, enabling users to explore, 
compare, and identify the preferred ideation outcomes (G4). 

4.3 Implementation 
4.3.1 Identifying Metaphorical Objects and Their Attributes. To 
achieve our design goals, we initially tokenize the user input into 
adjectives, nouns, and verbs, allowing users to select the appropri-
ate concepts from them (Figure 3a). The entire user input will later 
provide the model with a comprehensive context, allowing it to 
understand the intended concept better and identify any underly-
ing metaphors. Next, we integrate ConceptNet [43], an external 
knowledge base, with GPT-3.5-turbo [5] to assist users in discov-
ering objects connected to the given concepts. Leveraging CMT, 
we embed the metaphorical expression template, “{Concept} is 
like [a/an] {Object}”, into the prompts to identify related ob-
jects (G1). Specifically, ConceptNet is leveraged to extract the top 

50 semantically related objects for the target concept, which are 
then incorporated into the prompt to guide GPT in selecting the 
most appropriate ones. For each object, ConceptNet is further uti-
lized to identify associated attributes, which are integrated into the 
GPT prompts as contextual references, enhancing its capacity to 
suggest relevant attributes. During each query iteration, the system 
presents five objects to the user, enabling iterative refinement and 
updates until a suitable selection is achieved. Subsequently, users 
can review the rationale behind the metaphorical connections be-
tween each object and its associated concept, along with the top five 
attributes identified for each concept-object pair (Figure 3b&c). As 
shown in Figure 1 (left), if the user selects “vitamins” as a concept, 
the system suggests related objects like “orange”, “medicine”, and 
“egg”. Upon choosing “orange” as the object, GPT suggests that the 
metaphorical connection between “vitamins” and “orange” arises 
from the perspective that “it contains vitamin C, which is essen-
tial for health and well-being”. Additionally, the system identifies 
related attributes of “orange”, such as “round” and “orange color”. 

4.3.2 Calculation of Similarity and Sentiment Scores. To facilitate 
the exploration of various blending options, we incorporate simi-
larity and sentiment scores. These scores help users identify and 
compare similarities among different objects or attributes and un-
derstand the overall harmony of blended results. We leverage a 
pre-trained CLIP model [38], which encodes both image and text 
data into a shared embedding space, thereby capturing the semantic 
relationship between textual and visual modalities. By computing 
cosine similarity in the CLIP text embedding space [39], we as-
sess the similarity among objects and evaluate their likeness. The 
similarities between attributes can also help designers identify com-
monalities among objects, which can serve as anchors during the 
blending process (G2). The Sankey diagrams represent the simi-
larity scores between objects or attributes using the width of their 
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Figure 4: The scheme generation prompt is structured into five key modules: (a) system setup, (b) task definition, (c) user input, 
(d) task execution process, and (e) results format demonstration. The (d) task execution process module outlines the methods 
and rationales for considering potential blending schemes. The results, processed by the (e) results format demonstration 
module, are returned in a standardized JSON format, ensuring compatibility with downstream processes. 

connecting links (Figure 3f), making it easier for users to under-
stand the relationships between different options and aiding them 
in observing and comparing various generation outcomes (G4). 
To preserve the relationships among the original data values and 
improve the visual clarity of the similarity matrix, we employ the 
Min-Max normalization [6] to standardize the similarity scores. 

We use the DistilBERT model [40] to perform sentiment analy-
sis on text descriptions of objects or attributes, thereby assisting 
users in making informed selections and reducing the likelihood 
of misinterpretations due to contextual variations or other factors. 
Sentiment scores are calculated using the confidence level 𝐶 of the 
sentiment label, where “positive” labels are equal to 𝐶 while “nega-
tive” labels are calculated as (1 − 𝐶). We employ color variations 
to distinguish between objects and attributes while ensuring that 
the color temperature gradient correlates with semantic sentiment 
changes. The Sankey diagrams use purple and orange to represent 
negative and positive sentiments for objects, and green and gold for 
attributes, respectively. To determine the overall sentiment between 
two objects or attributes, we average their individual sentiment 
scores. Subsequently, we apply quantile normalization to the overall 
sentiment scores to ensure that the data distributions are similar 
across different samples. This also makes the color distribution in 
the Sankey diagrams more balanced. 

4.3.3 Generate Blending Prompts and Images. Following the user’s 
selection of objects and attributes, Creative Blends generates blended 
images by first establishing blending schemes (Figure 3d), and then 
converting the chosen scheme into a final prompt for image gen-
eration (G3). To enhance user control and creative freedom, we 

adhered to prompt engineering best practices [31, 37] for blend 
scheme construction by outlining the GPT’s role, the task, the user 
input, and a step-by-step process to guide the model (Figure 4). Sub-
sequently, the user’s selected scheme, objects, attributes, and design 
considerations (e.g., metaphorical themes and design constraints) 
were integrated into the final prompt for visual blend generation 
(Figure 5). These design considerations were refined through iter-
ative experimentation. The complete prompt scripts used in our 
system are available in the supplementary material. Finally, we 
use DALL·E 3 to generate images based on the prompt, swiftly 
transforming designers’ creativity into reality. The generated visual 
blends are displayed in the image exploration area (Figure 3e). Users 
can explore these results based on object and attribute similarity 
(X and Y axes), uncovering new creative possibilities for visual 
blend creation (G4). To provide a clearer overview of the generated 
content and support iterative exploration, we number each image 
group with the total number of images produced for that prompt, 
displayed in the upper-right corner. Furthermore, to maximize de-
sign diversity, we avoid imposing unnecessary visual constraints 
on blend generation beyond the specified design considerations. 
This approach leads to a diverse range of design outcomes within 
the 2D exploration space. For prompts that may be closely related, 
Creative Blends implements interactive zooming to adjust the scale 
of the visualization space and prevent image overlap. Our system 
also facilitates diverse and iterative creative exploration by allow-
ing users to alter specific objects when they conceive improved or 
alternative ideas (G4). Users can directly replace the objects in the 
system, prompting it to regenerate new images while discarding 
all prior visual information. 
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Figure 5: The final prompt is composed of four distinct modules: (1) objects, (2) attributes, (3) schemes, and (4) considerations. 
The schemes and metaphorical themes (marked in capital letters with a grey background), essential elements of the prompt, 
are dynamically generated by the GPT in response to the scheme and metaphor generation prompts. 

4.4 User Scenario 
This section demonstrates how Creative Blends assists designers 
in creating visual blends. Alice, a graphic designer, wants to create 
an image that describes the concept of “global warming” to depict 
the idea of environmental protection. She starts by entering this 
phrase into the system (Figure 3a). Creative Blends parses the input 
and identifies keywords like “global” and “warming”. Alice selects 
these keywords to discover specific objects that can metaphorically 
represent them. The Creative Blends system presents two lists of 
objects, along with their associated attributes (Figure 3b&c). Two 
Sankey diagrams visually illustrate the connections between these 
objects and attributes (Figure 3f). Alice initially examines the ob-
ject names, their relevant attributes, and how they align with her 
concept (Figure 3b&c). For unfamiliar objects, she can click the “pre-
view” button to view generated images for more information. She 
then examines the “Objects Analysis” Sankey diagram, which aids 
in object selection by displaying similarity and sentiment scores. As 
Alice explores the Sankey diagram, clicking a link automatically se-
lects the corresponding pair of objects in the lists (Figure 3b&c). She 
finally picks “earth” and “fireplace” as positively oriented objects 
with a higher degree of similarity. 

Alice then delves into the system’s image-blending capabili-
ties, beginning with an examination of the “Attributes Analysis” 
Sankey diagram for guidance. This diagram visually represents 
the similarity and sentiment scores among the objects’ attributes. 
By referencing similarity, Alice can assess the coherence of the 
current blending results and plan her next steps. She experiments 
with various attribute combinations to adjust how the objects blend 
within the prompt. Ultimately, she confirms the attributes “round” 
for “earth” and “flames” for “fireplace”. Once satisfied with her com-
binations, she generates the corresponding scheme prompts along 
with the previously selected objects (Figure 3d). The final prompt 
then creates a new blended image in the display area, which she can 
enlarge and examine (Figure 3e). When multiple images are created 
at the same location, the system displays the total image count in 
the upper right corner. After several attempts, Alice realizes she 
has yet to explore certain design options for visual blending. In-
spired by her exploration, she decides to utilize the editing feature 
to modify an object from “fireplace” to “ice cream” (Figure 3c). With 
further experimentation and exposure to additional sample designs 
of visual blends with different combinations, Alice gains new ideas 
that she can incorporate into her subsequent creations. 

5 Hypotheses 
Previous studies indicate that creating visual blends is a challenging 
task [10, 11]. However, a broader range of related examples can 
enhance the ideation process [17]. Additionally, reducing the cogni-
tive load unrelated to creative tasks can boost creativity [32]. Given 
the specific application of our system and the creative practices 
of designers, we propose the following hypotheses relative to the 
baseline (described in section 6): 
H1 Compared to the baseline, Creative Blends improves the over-

all usability by streamlining the design ideation workflow. 
H2 Compared to the baseline, Creative Blends is capable of 

decreasing users’ mental demand (H2a), physical exertion 
(H2b), and time pressure (H2c) during visual blend design 
ideation, while simultaneously improving their satisfaction 
with the design ideation outcomes (H2d), reducing the re-
quired effort (H2e), and mitigating frustration during task 
execution (H2f). 

H3 Compared to the baseline, Creative Blends is capable of gen-
erating a greater quantity (H3a) and a wider variety of design 
ideation outcomes (H3b) in the same amount of time, leading 
to improved overall designer satisfaction (H3c). 

H4 Compared to the baseline, Creative Blends enables users to 
explore a broader range of creative ideas more easily (H4a), 
facilitates collaboration between designers and AI (H4b), and 
enhances the enjoyment of the design process (H4c). Addi-
tionally, users are likely to perceive the generated ideation 
results as more worthwhile (H4d), and the system’s user 
interface enables them to focus on the task itself (H4e). Fur-
thermore, users can exhibit increased expressiveness during 
their design ideation activities (H4f). 

H5 Compared to the baseline, Creative Blends offers a more 
metaphorical approach to supporting user ideation activities. 

6 Evaluation 

To test our hypotheses, we conducted a controlled experiment 
with 24 participants using a within-subject design to minimize 
individual differences. To ensure a fair comparison and avoid the in-
fluence of varying image generation speed and style from different 
models, we opted for a more rigorous approach by using ChatGPT 
(GPT-3.5 with DALL·E 3) and Google Search as the baseline. We 
focused on their core features, such as information search, image 
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Figure 6: The user study procedure. It involved completing two tasks with both the Creative Blends and the baseline. To 
maintain fairness, the order of the systems and design tasks was counterbalanced. 

generation, and browsing history. Participants undertook design 
ideation tasks across the Creative Blends and the baseline. Clear 
instructions were provided at the outset of each task to enable par-
ticipants to explore and interact with both conditions freely. After 
completing each task, we administered questionnaires to gather 
participants’ evaluations of their experiences with the respective 
system conditions. Our questionnaire design was informed by rel-
evant literature [4, 9, 23] and guided by our research hypotheses, 
which shaped the evaluation around the following dimensions: we 
employed the System Usability Scale (SUS) and NASA-Task Load 
Index (NASA-TLX) to gauge the system’s usability and the cognitive 
load imposed on users. Additionally, we incorporated the Creative 
Support Index (CSI) and items focused on outcome satisfaction and 
metaphoricity to measure the extent to which the system fostered 
creative ideation, user satisfaction, and the integration of metaphor 
within the design process. Figure 6 depicts the complete evaluation 
process for each participant. 

6.1 Participants 
We enlisted a total of 24 participants (12 female, 12 male) aged 20 
to 31 (𝑀𝑒𝑎𝑛 = 24.08, 𝑆𝐷 = 3.31) through online advertising and 
word-of-mouth. The participants were local university students and 
faculty members, with equal representation from both computer 
science (6 female, 6 male) and design (6 female, 6 male) backgrounds. 
Our selection criteria included a demonstrated interest in visual 
design and some prior experience in design activities [25]. Addi-
tionally, all participants possessed normal color vision and had 
experience with conversational AI and T2I models. 

6.2 Tasks and Procedure 
During the experiment, each participant was tasked with producing 
visual blending ideas for the two abstract expressions: “Smoking 
is like a warm welcome to death” (T1) and “Knowledge guides the 
hope of our life” (T2). Based on input from professional designers, 
our criteria for selecting these two topics included the presence of 
at least two concepts, their abstract nature that allows visualization 
with specific objects and attributes, the potential for considerable 
exploration, and the inclusion of associated imagery that is either 
positive or negative. Participants were free to explore their creativ-
ity by creating visual blends related to the given topics. To maintain 
experimental balance, we employed a Latin Square design, yielding 
four possible sequences: (a) T1 (Baseline) - T2 (Creative Blends), (b) 
T2 (Baseline) - T1 (Creative Blends), (c) T1 (Creative Blends) - T2 
(Baseline), and (d) T2 (Creative Blends) - T1 (Baseline). 
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Figure 7: The baseline interface integrated Google Search and 
ChatGPT for both text and visual search queries. 

Prior to the main study, we spent three minutes explaining the 
basic concepts of visual blends, encouraging participants to incor-
porate visual metaphors into their creative process. The main study 
had two parts, each using either the baseline or Creative Blends 
system. The baseline interface integrated Google Search and Chat-
GPT into a unified side-by-side display (Figure 7), enabling users 
to interact with both platforms simultaneously. Each task began 
with a 4-minute tutorial, offering an overview of the design pro-
cess and step-by-step instructions, followed by a Q&A session for 
clarification. To mitigate order effects, task sequences were rotated 
using a Latin square design. To ensure a fair evaluation, we provide 
users with sample prompt words as a reference when introducing 
the baseline condition. After the tutorials, participants completed 
design tasks using the baseline or Creative Blends system within 
8 minutes. Once finished, they filled out 5-minute questionnaires 
about their design experience. We also conducted 6- to 15-minute 
interviews to gain a deeper understanding of their experiences. The 
experiment ended after the interviews, and the total duration did 
not exceed 60 minutes. 

6.3 Results Analysis 
This section presents a statistical analysis of user ratings gathered 
during the experimental process. The findings, contextualized by 
user feedback, are presented in relation to each evaluation criterion. 

6.3.1 System Usability. To assess system usability, we adopted the 
System Usability Scale (SUS) [4] as our questionnaire. The means 
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Table 1: The statistical results of user feedback with the Creative Blends and the baseline (i.e., control group), where the p-values 
(−: 𝑝 > .100, +: .050 < 𝑝 < .100, ∗: 𝑝 < .050, ∗∗: 𝑝 < .010, ∗ ∗ ∗: 𝑝 < .001) is reported. 

Category Factor Creative Blends Baseline Statistics Hypotheses 
Mean SD Mean SD 𝑡 𝑍 𝑝 Sig. 

Usability [4] \ 75.000 9.918 61.458 21.781 2.547 \ 0.018 ∗ H1 Accepted 

Cognitive 
Load [23] 

Mental Demand 2.542 1.062 4.458 1.587 -4.861 \ <0.001 ∗ ∗ ∗ H2a Accepted 
Physical Demand 1.625 0.824 2.958 1.967 \ -2.865 0.004 ∗∗ H2b Accepted 
Temporal Demand 3.250 1.359 3.833 1.685 \ -1.517 0.129 − H2c Rejected 
Performance 4.583 0.929 4.333 1.736 0.598 \ 0.556 − H2d Rejected 
Effort 2.583 1.349 3.917 1.666 -2.734 \ 0.012 ∗ H2e Accepted 
Frustration 2.625 1.663 3.625 1.663 -1.931 \ 0.066 + H2f Rejected 

Outcome 
Satisfaction 

Amount 5.080 1.412 4.540 1.444 1.299 \ 0.207 − H3a Rejected 
Diversity 5.380 1.345 3.670 1.274 5.058 \ <0.001 ∗ ∗ ∗ H3b Accepted 
Overall 5.080 1.283 3.960 1.367 2.609 \ 0.016 ∗ H3c Accepted 

Creativity [9] 

Exploration 5.708 1.160 4.083 1.886 2.985 \ 0.007 ∗∗ H4a Accepted 
Collaboration 5.500 1.560 3.667 2.014 3.350 \ 0.003 ∗∗ H4b Accepted 
Enjoyment 5.833 1.435 4.042 1.756 3.558 \ 0.002 ∗∗ H4c Accepted 
Results Worth Effort 5.458 1.444 4.167 1.633 2.806 \ 0.010 ∗ H4d Accepted 
Immersion 5.167 1.903 5.042 1.706 0.213 \ 0.833 − H4e Rejected 
Expressiveness 5.167 1.167 4.375 1.689 1.807 \ 0.084 + H4f Rejected 

Metaphoricity \ 5.655 0.974 5.047 1.193 2.276 \ 0.032 ∗ H5 Accepted 

and standard deviations of the participants’ ratings are presented 
in Table 1. From the participants’ feedback, a Shapiro-Wilk test 
is conducted to examine the distribution’s normality, and no ev-
idence of non-normality is observed in the overall distribution 
(𝑊 = 0.925, 𝑝 = 0.075). A paired samples t-test comparing Creative 
Blends to the baseline shows significantly higher usability for Cre-
ative Blends (𝑡 (23) = −2.547, 𝑝 = 0.018). The effect size of Cohen’s 
d (𝑑 = 0.800) suggests a large effect on the improvement in Creative 
Blends usability. Therefore, H1 is accepted. Two participants (P9, 
Male, 21; P17, Male, 21) praised Creative Blends for its simple and 
user-friendly interface, describing it as “refreshing”. Almost all par-
ticipants (22/24) found Creative Blends relatively easy to learn. As 
one participant (P18, Female, 23) noted, “While I needed some help 
at first to use Creative Blends, I was able to use it independently after 
practicing once.” Unlike the conversational interface of the baseline, 
Creative Blends presents generated results via a 2D mood board-like 
interface (Figure 3e), providing a comprehensive overview of the 
output’s scope. The sentiment analysis visualizations also empower 
users to evaluate and refine the blending process effectively. 

6.3.2 Cognitive Load. To evaluate cognitive load, we referred to 
the NASA-Task Load Index (TLX) [23]. The questionnaire is tailored 
to encompass six factors: mental demand (the amount of mental 
effort required to complete a task), physical demand (the degree of 
physical exertion needed to complete the task), temporal demand 
(the time taken to complete the task), performance (the impact of 
task completion), effort (the amount of effort necessary to complete 
the task), and frustration (the dissatisfaction experienced while 
completing a task). Table 1 provides the mean and standard devia-
tion of the participants’ ratings. The Shapiro-Wilk test reveals no 
evidence of non-normality in the distribution of mental demand 
(𝑊 = 0.594, 𝑝 = 0.967), performance (𝑊 = 0.948, 𝑝 = 0.246), effort 
(𝑊 = 0.962, 𝑝 = 0.479), and frustration (𝑊 = 0.948, 𝑝 = 0.243) fac-
tors. Therefore, paired samples t-tests were employed to compare 
the differences in these four dimensions between the two systems, 

as shown in Table 1. However, the distributions of physical demand 
(𝑊 = 0.811, 𝑝 < 0.001) and temporal demand (𝑊 = 0.870, 𝑝 = 0.005) 
factors deviate from normality. Consequently, the differences be-
tween the two systems in these dimensions were compared using 
the Wilcoxon signed-rank test. 

The test results indicate that the cognitive load in the dimen-
sions of mental demand (𝑡 (23) = 4.861, 𝑝 < 0.001), physical demand 
(𝑍 = −2.865, 𝑝 = 0.004), and effort (𝑡 (23) = 2.734, 𝑝 = 0.012) when 
using Creative Blends is significantly lower than that of the base-
line. The effect sizes of Cohen’s 𝑑 and Pearson’s correlation coeffi-
cient 𝑟 indicate that the reduction in mental demand (𝑑 = −1.419) 
was large, physical demand (𝑟 = −0.414) was moderate, and effort 
(𝑑 = −0.880) was large. Consequently, hypotheses H2a, H2b, and 
H2e are accepted. However, no significant differences were found 
in the dimensions of temporal demand, performance, and frustra-
tion, leading to the rejection of hypotheses H2c, H2d, and H2f. 
The results show that there is little difference in the time spent 
and performance of the generated results between the Creative 
Blends and the baseline, as they both use the same underlying tech-
nologies. However, our approach significantly reduces the mental 
and physical burden on users and requires less effort from them. 
Four participants (P1, Female, 31; P2, Male, 23; P14, Male, 22; P23, 
Female, 30) praised the pipeline and interface applied in Creative 
Blends. They appreciated the time-saving benefits of not having to 
initiate the design process from scratch, and the generated results 
were more controllable, making their efforts more manageable. 
Other participants further emphasized the value of the Sankey 
diagrams in streamlining the selection of appropriate object and 
attribute pairings, highlighting their ability to provide an overview 
and thereby minimize the cognitive effort required for individual 
pair evaluations. 

6.3.3 Outcome Satisfaction. To measure outcome satisfaction, we 
designed the questionnaire inspired by MetaMap [25]. The ques-
tionnaire includes three factors, i.e., satisfaction with the amount, 



Creative Blends of Visual Concepts CHI ’25, April 26–May 01, 2025, Yokohama, Japan 

diversity, and overall quality of the system output. We gathered 
participants’ ratings and conducted a Shapiro-Wilk test. The results 
show no evidence of non-normality in the distribution of outcome 
satisfaction ratings for the amount (𝑊 = 0.939, 𝑝 = 0.154), diversity 
(𝑊 = 0.931, 𝑝 = 0.101), and overall quality (𝑊 = 0.936, 𝑝 = 0.129). 
Therefore, paired samples t-tests were employed to compare the dif-
ferences in outcome satisfaction between the two systems. Table 1 
provides the mean and standard deviation of the relevant factors. 

Overall, participants were significantly more satisfied with the 
outcomes from Creative Blends than with those from the base-
line (𝑡 (23) = −2.609, 𝑝 = 0.016). This large effect size (Cohen’s 
𝑑 = 0.845) indicates a meaningful improvement in satisfaction 
with Creative Blends. Specifically, participants were significantly 
more satisfied with the diversity of outcomes generated by Creative 
Blends (𝑡 (23) = −5.058, 𝑝 =< 0.001; 𝑑 = 1.305). However, there was 
no significant difference between the two systems in the number 
of outcomes generated. Therefore, hypotheses H3b and H3c are 
accepted, while hypothesis H3a is rejected. 

Participants indicated that the Creative Blends system facilitated 
the generation of more varied, predictable, and actionable expres-
sions of their ideas. Nearly half of the participants (11 out of 24) 
mentioned that the baseline often produced outcomes that deviated 
from their intended concepts, while Creative Blends guided users in 
expanding their design choices systematically. Some participants ex-
pressed frustration with the baseline, stating, “I feel like my prompts 
are pretty clear, but I am struggling to get good results...It is really 
frustrating that these results are not even close to what I am looking 
for” (P8, Female, 21). In contrast, P17 (Male, 21) commented, “I find 
it much easier to achieve the desired effect with Creative Blends. You 
can start with one idea and branch off into lots of different directions”. 
The association-based thought expansion approach for visual blend 
design, which links objects and their attributes, has demonstrated 
its effectiveness in rapidly generating diverse results. 

6.3.4 Creativity. We borrowed the Creative Support Index (CSI) [9] 
to assess creativity. We modified the CSI questionnaire to include six 
metrics: exploration (the extent to which the system supports user 
exploration), collaboration (the manner in which users collaborate 
with AI), enjoyment (the level of enjoyment participants experi-
enced during the activity), results worth effort (the value derived 
from the effort), immersion (the degree of focus within the system), 
and expressiveness (the expressiveness and creativity exhibited dur-
ing the activity). Table 1 provides the mean and standard deviation 
of these six factors. The Shapiro-Wilk tests indicate that the distri-
butions of scores for all six factors are normal. For each factor, the 
following values were obtained: exploration (𝑊 = 0.944, 𝑝 = 0.205), 
collaboration (𝑊 = 0.964, 𝑝 = 0.524), enjoyment (𝑊 = 0.946, 𝑝 = 
0.225), results worth effort (𝑊 = 0.946, 𝑝 = 0.227), immersion 
(𝑊 = 0.975, 𝑝 = 0.791), and expressiveness (𝑊 = 0.953, 𝑝 = 0.307). 

The results in Table 1 show that Creative Blends significantly 
outperforms the baseline in supporting creativity in exploration 
(𝑡 (23) = −2.985, 𝑝 = 0.007), collaboration (𝑡 (23) = −3.350, 𝑝 = 
0.003), enjoyment (𝑡 (23) = −3.558, 𝑝 = 0.002), and results worth 
effort (𝑡 (23) = −2.806, 𝑝 = 0.010). The substantial advantages of 
Creative Blends are reflected in the large effect sizes, with Cohen’s d 
values for exploration (𝑑 = 1.038), collaboration (𝑑 = 1.018), enjoy-
ment (𝑑 = 1.117), and results worth effort (𝑑 = 0.838). Compared to 

the baseline, participants found Creative Blends to be more support-
ive of exploring, collaborating, and enjoying the creative process. 
Additionally, participants perceived a significant improvement in 
the value of their efforts when using Creative Blends. Consequently, 
hypotheses H4a, H4b, H4c, and H4d are supported, whereas hy-
potheses H4e and H4f are refuted. 

Feedback from participants suggests that our system significantly 
improves the exploration of design options, enhances engagement, 
and reduces the burden of ideation during the creative process. Five 
participants emphasized that Creative Blends helped them express 
abstract concepts in visual representation more effectively than the 
baseline (P3, Male, 27; P11, Male, 27; P13, Female, 25; P19, Male, 22; 
P22, Male, 26). As P19 (Male, 22) reflected, “...(Creative Blends) could 
really help me think outside the box and come up with some new solu-
tions that I would not have thought of on my own”. Creative Blends 
leverages metaphors to facilitate inter-domain concept transfer. By 
examining the underlying relationships between disparate concepts, 
the system produces a more multifaceted assortment of object com-
binations. Additionally, our approach fosters collaboration between 
users and AI. Like P1 (Female, 31) remarked, “...basically, I tell Cre-
ative Blends what I am looking for, and it fills in all the gaps. It is 
like giving AI a blueprint, and then it builds the whole thing”. These 
findings provide empirical evidence that human-AI collaboration 
extends beyond simple task delegation, encompassing the ability of 
humans to decompose complex problems into manageable subtasks 
for AI processing effectively. Moreover, two participants stated that 
Creative Blends increased their ability and willingness to explore 
(P18, Female, 23; P23, Female, 30). Even after the design session 
ended, both expressed a desire to continue exploring. 

6.3.5 Metaphoricity. To assess the metaphorical quality of the 
generated outputs, we adopted a method outlined in previous re-
search [49]. Participants were asked to indicate the extent to which 
they perceived a metaphorical relationship between the target and 
source elements, using a 7-point Likert scale ranging from “no 
metaphor” to “extremely strong metaphor”. The Shapiro-Wilk test 
confirms the normality of the distribution (𝑊 = 0.935, 𝑝 = 0.124). 

T1: Smoking is like a warm 
welcome to death 

Creative BlendsBaseline 
P1P6 

P18P5 P5P18 

P1 P6 

T2: Knowledge guides the 
hope of our life 

Creative BlendsBaseline 

Figure 8: Eight sample outputs generated by the Creative 
Blends and the baseline for topics of T1 and T2. 
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Figure 9: Creative Blends generates diverse visual blends representing abstract concepts based on user-provided expressions. 
Each topic includes eight examples: four highlighting different levels of object similarity and four demonstrating varying 
attribute similarity. Similarity increases from left to right. The attributes are extended based on the objects enclosed by the 
double brackets. Colors within the topics serve to identify concepts and their associated objects and attributes. 

A paired samples t-test reveals a significant difference in over-
all similarity between Creative Blends and the baseline (𝑡 (23) = 
−2.276, 𝑝 = 0.032). The moderate effect size (Cohen’s 𝑑 = 0.558) 
indicates a meaningful improvement in the metaphorical quality of 
content generated by Creative Blends, leading to the acceptance of 
hypothesis H5. 

Participants’ feedback highlights the significance of metaphor in 
bridging the gap between abstract concepts and familiar imagery. 
As P15 (Male, 23) observed, “... the (baseline) often turns abstract in-
formation into scenes rather than specific characters”. This shows that 
existing models are not yet able to associate abstract meanings with 
existing imagery of physical objects. In addition, six participants 
noted that the target and source elements within Creative Blends 
outcomes were more readily recognizable compared to the baseline 
(P5, Male, 21; P7, Female, 21; P18, Female, 23; P21, Male, 20; P22, 
Male, 26; P24, Female, 23). These findings suggest that the Creative 
Blends system preserves the original features of blended objects 
while aligning metaphorical relationships with human cognition 
within the constraints of the commonsense knowledge derived 
from the physical world. 

6.4 Ideation Results 
We collected the outputs produced by participants during the study. 
These results have been documented and are provided as part of 

our supplementary materials. Figure 8 presents eight representa-
tive examples selected from four participants (i.e., P1, P5, P6, and 
P18), showcasing typical outcomes generated by both system con-
ditions. Our analysis revealed that both conditions are capable of 
generating images that use visual metaphors to represent abstract 
concepts. However, Creative Blends exhibited a notable ability to 
generate blended results that align with the definition of visual 
blends (as shown in Figure 8). In contrast, the baseline often relied 
on background elements, scene composition, or visual juxtaposi-
tion to communicate abstract ideas, and, in some cases, simply 
incorporated related text directly within the images. 

To demonstrate the capability of Creative Blends, we showcase 
generated results for four additional topics in Figure 9. These ex-
amples illustrate the versatility of Creative Blends’s output. The 
examples in the left part of Figure 9 show the system’s ability to 
explore physical objects that vary in their relevance to abstract 
concepts. To achieve optimal object combinations, users can ad-
just the blending structure and connection method according to 
the similarity of their attributes (Figure 9 right). Overall, Creative 
Blends facilitates metaphorical mapping between physical objects 
and their associated abstract concepts, and builds connections be-
tween these different objects, stimulating creative ideas for visual 
blend creation. 
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Figure 10: Designers have two options when choosing visual 
metaphors: explicit (left) or implicit (right). 

7 Discussion 
This section delves into user preferences for creating visual blends 
and the generalizability of our method. We also provide insights for 
designing with generative AI and highlight the study’s limitations. 

7.1 Design Preferences of Visual Blends 
During the evaluation of Creative Blends, we observed a variety 
of user designs reflecting their individual preferences. These pref-
erences were apparent not only in our interviews but also in how 
they interacted with both systems. We can categorize these prefer-
ences into three main design options: a preference for the visual 
expression of metaphors, the features prioritized for blending, and 
the visual style of blended results. 

7.1.1 Explicit vs. Implicit Expression of Visual Metaphors. The de-
sign content of visual blends can directly or indirectly represent 
the topic. For instance, in Figure 10, when creating visual blends for 
“global warming”, we can choose the “fireplace” from the explicit 
direction to establish a direct metaphorical connection with the 
concept of “warming”. Alternatively, we can select the “ice cream” 
from the implicit direction to represent this concept through its 
melting state. Similarly, for the task “Pepper sauce: be aware of the 
heat”, we can opt for the “lighter” from the explicit direction to 
directly represent the concept of “heat”. Or, we can choose the “fire 
extinguisher” from the implicit direction to represent this concept 
through its fire-extinguishing or heat-reducing function. 

Almost half of the participants (13 out of 24) preferred implicit 
expression, finding it more subtle (P20, Female, 31; P24, Female, 
23) and thought-provoking (P13, Female, 25). This approach allows 
the audience to gain a deeper understanding of the design output. 
These advantages contribute to the engagement (P11, Male, 27) and 
imagination (P9, Male, 21) of the resulting outcomes (P12, Female, 
24). P9 (Male, 21) noted that implicit expressions provide richer 
metaphorical information. While implicit expressions offer these 

benefits, explicit visual metaphors succeed in directly represent-
ing the literal information, providing a clear and straightforward 
understanding. 

7.1.2 Prioritizing Semantic vs. Visual Features when Blending. When 
visually representing abstract concepts, a debate exists regarding 
the optimal object features to utilize. Participants’ preferences were 
evenly distributed, with eight out of 24 participants favoring seman-
tic features, while nine favored visual features. Those who preferred 
semantic features believed that semantic meaning captures the con-
textual nuances of concepts, enabling accurate representation (P20, 
Female, 31) and facilitating the understanding of abstract concepts 
and relationships that are not immediately apparent visually (P18, 
Female, 23). They hypothesized that blended results could convey 
the topic more directly, clearly, and comprehensively (P15, Male, 
23). However, participants also recognized the potential ambiguity 
of semantic meanings arising from polysemy (words with multiple 
meanings) and homonymy (different words that share the same 
spelling). Conversely, those who preferred visual features favored a 
straightforward utilization of visual elements such as color, shape, 
and texture when creating visual blends (P8, Female, 21; P14, Male, 
22). They believed that higher visual similarity would result in more 
harmonious blended visual outcomes (P6, Female, 23). Nevertheless, 
the superficiality of visual representation can also lead to misin-
terpretations of meaning. We propose that when creating visual 
blends, designers should seek suitable objects based on semantic 
features and then identify the most appropriate forms of related 
objects for blending using visual features to achieve more effective 
conceptual expression. 

Beyond using relevant features to facilitate harmonious blending, 
similarity scores within each feature also play a pivotal role in 
guiding designers toward diverse exploration paths. While high 
similarity scores are often desirable, designers may intentionally 
select object combinations with lower similarity scores to achieve 
more exaggerated and visually striking results. As illustrated by the 
example “exercise is your daily dose of body vitamins” in Figure 
9, “orange” and “basketball” exhibit greater visual compatibility 
than “orange” and “badminton” and are easier to combine; however, 
this may lead to a less innovative visual outcome. This approach 
encourages designers to explore a broader range of possibilities, 
stimulating their creativity and accelerating the ideation process. 

7.1.3 The Integrated vs. Independent Styles of Blended Outcomes. 
Upon analyzing the generated visual blends, we identified two pri-
mary blending styles: objects merging into a unified form while 
retaining their individual identities or remaining independent and 
connected by shared attributes. For instance, the visual blends 
of “global warming” (first row) in Figure 9 exhibit a cohesive ap-
pearance between different objects. The integrated representation 
creates a seamless and unified visual, which can be aesthetically 
pleasing and easier to interpret as a single entity. However, achiev-
ing a balanced and harmonious blend can be challenging and may 
necessitate a thorough analysis of the objects’ attributes. In con-
trast, the visual blends of “smoking is like a warm welcome to death” 
(last row) in Figure 9 present the distinct characteristics of each 
object. Such independent representation allows for more flexibility 
in design, as objects can be repositioned or modified independently 
without affecting the overall composition. Using common attributes 
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Figure 11: Creative Blends draws upon topics from Visi-
Blends [11] to showcase the related physical objects and the 
interconnections among their attributes. 

to connect objects can highlight the relationships or interactions 
among them, providing additional information. However, the sep-
arated objects may not convey a sense of harmony and unity as 
effectively as the integrated design, and an excessive focus on in-
dividual characteristics might detract from the overall message. 
Overall, the visual blend’s style is largely shaped by the attributes 
of the combined objects. Designers have the flexibility to optimize 
the representation by substituting associated objects or adjusting 
visual attributes. 

7.2 Generalization of Creative Blends 
Creative Blends is designed and implemented to create visual blends 
by merging two objects representing distinct concepts. To test its 
generalizability, we applied the system to additional topics studied 
in prior research and expanded our experiments to evaluate its 
ability to combine multiple objects. 

7.2.1 Create Visual Blends with Previous Topics. To demonstrate 
Creative Blends’s performance in generating visual blends, we em-
ployed the same topics used in VisiBlends [11]. Unlike the manual 
brainstorming and image selection processes in VisiBlends, our 
system automatically identifies metaphorically related objects and 
offers a variety of blending options based on shared attributes. This 
facilitates creative ideation and reduces user effort. Figure 11 demon-
strates two topics from VisiBlends. Beyond the high-quality visual 
results achieved through advanced image generation techniques, 
our approach provides a broader range of blending possibilities. By 
considering attribute combinations rather than solely relying on 
object shapes, we enable more creative blending directions. Addi-
tionally, our method focuses on the essential aspects of physical 
objects that connect to abstract concepts, leading to natural and 
visually appealing blended outcomes. 

7.2.2 Increase the Number of Blended Objects. When blending 
three or more concepts, our approach emphasizes selecting two 
main concepts to merge into a primary subject, while the remaining 
concepts are incorporated sequentially as secondary elements in the 
image. By considering similarity and sentiment scores, we strate-
gically select objects and attributes for these additional concepts 

Books are the mirror to the 
soul I feel like a lily in February 

My whole mind is a leaking 

black hole 
The news of the accident 
was a dagger in her heart 

Figure 12: The results generated by our approach when pro-
cessing more than two concepts. The outcomes presented are 
in line with the topics explored in I Spy a Metaphor [8]. 

based on similarity and sentiment scores to create the final blended 
composition. Previous work, such as I Spy a Metaphor [8], also 
explores metaphorical representations. Unlike its method, which 
treats all concepts equally, our approach distinguishes itself by em-
phasizing the blending of specific concepts with metaphorically 
related objects. This not only facilitates creative exploration but also 
enhances the visual representation of abstract ideas [33]. Figure 12 
demonstrates four topics that highlight the differences between our 
method and the previous approach. In the expression “Books are 
the mirror to the soul”, our system merges “books” and “mirror” 
into a primary subject, strengthening the metaphorical connection 
and establishing it as the main focus of the image. Additionally, we 
incorporate the “phoenix” element to represent the “soul”, show-
casing the remaining concepts within the expression. In terms of 
the final output, the previous method relied on visual elaboration 
without clear semantic mapping, leading to scattered visual mes-
saging. Our method, however, prioritizes element integration while 
preserving individual characteristics, making the intended message 
more easily recognizable by the audience. 

7.3 Design with Generative AI 
During our experiment, we found that the general T2I models 
do not always reflect users’ intent from their generated results. 
Participants commented that “sometimes it is tough to keep the AI 
model on track” (P11, Male, 27). In some circumstances, users “... 
have no confidence or idea of how the AI will interpret what (they) 
say”, and “...each prompt is a bit of a gamble” (P15, Male, 23). These 
responses revealed two major issues in designing with generative AI. 
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One is that natural language can be limited in its ability to convey 
certain design intentions. The second issue is that the capabilities 
of generative AI can sometimes be confusing to users due to their 
unclear boundaries. 

The conversational style of current generative AI interfaces has 
catalyzed a novel trend in interaction design, enabling more intu-
itive communication with machines through natural language [34, 
53]. However, the lessons we learned have revealed the limitations 
of natural language in conveying abstract concepts and represent-
ing tacit human knowledge, which is often learned through ex-
perience rather than explicit instruction. While natural language 
interfaces work well in domains where user intent is easily ar-
ticulated, truly versatile AI interactions require systems that can 
understand abstract intent and respond to subtle cues, much like 
human communication. To mitigate this limitation, specialized tools 
can tailor the user interface to suit the needs of target users better. 
Given the potential shortcomings of natural language interfaces in 
handling multimedia content [46], specialized tools can effectively 
leverage alternative user interfaces (e.g., graphical user interfaces, 
or tangible user interfaces) to enhance user support for interactive 
tasks. 

While generative AI offers the potential for processing multi-
modal information, it currently requires advancements in task de-
composition and domain-specific expertise to address complex prob-
lems effectively. The evolution of software development shows that 
specialized techniques are needed to harness the unique capabilities 
of diverse applications. Despite the potential to integrate various 
information sources, current generative AI models sometimes strug-
gle to produce coherent and reliable outputs, frequently generating 
unrealistic or nonsensical results. For example, Figure 8 illustrates 
how P6’s result in T1 exhibits a visual discrepancy, such as an 
improperly lit cigarette. While Creative Blends focuses on design 
ideation, resolving such visual issues falls outside its scope. These 
common failures, often due to training data bias or model mis-
alignment, can be mitigated through techniques such as retrieval-
augmented generation or fine-tuning [29], though these methods 
require technical expertise and additional resources [20]. From a 
human-computer interaction perspective, challenges such as am-
biguous input, lack of context, and inadequate instructions hinder 
users’ ability to leverage generative AI for complex tasks. To im-
prove usability, we propose using prompt engineering to break 
tasks into smaller sub-tasks and employing a guided task decompo-
sition interface tailored to specific tasks, ultimately enhancing user 
understanding and problem-solving efficiency. 

7.4 Limitations and Future Work 
Our research is subject to several limitations that we intend to 
address in future work. Firstly, our evaluation was conducted us-
ing two design ideation tasks, each limited to under 20 minutes. 
In contrast, real-world design processes often span longer dura-
tions and encompass multiple iterative rounds of refinement and 
exploration. As a result, our analysis of user interactions and be-
haviors in creating visual blends was deliberately constrained to 
the ideation stage, reflecting the system’s primary focus. In our 
evaluation, we employed a baseline consisting of Google Search 
and ChatGPT (GPT-3.5 with DALL·E 3) for comparison, aiming to 

balance technical sophistication due to the automatic generation 
capabilities of AI models. Other comparisons might involve existing 
ideation methods like moodboarding [26] or mind-mapping [25] 
to investigate strengths and weaknesses further. Future work can 
also integrate Creative Blends into real-world design cases to ob-
serve how the system can facilitate designers’ visual blend design 
processes. 

Secondly, our system is designed primarily to inspire users dur-
ing the ideation process, which currently limits the flexibility of 
the provided prompts for re-editing. Moreover, if used to generate 
the final result, the system still requires multiple trial-and-error 
iterations to achieve a satisfactory outcome for users. Future en-
hancements could include improving prompt editability to allow 
professional users greater flexibility in expressing their creativity, 
incorporating more control modalities to streamline the trial-and-
error process, and extending support to the refinement stage further 
to enhance the system’s utility and creative capabilities. 

Thirdly, since our research primarily focused on understanding 
the system’s potential within the design ideation context, a compre-
hensive analysis of prompt quality and generated result attributes, 
such as style and layout, was not undertaken. Nonetheless, we rec-
ognize that the quality of user-supplied prompts directly influences 
the generated outcomes. Future investigations could delve deeper 
into how the user’s knowledge or experience with AI can affect 
their experience in generating visual blends. Additionally, explor-
ing the impact of varying prompt formats on AI behavior and the 
resulting visual blend outputs could provide valuable insights into 
optimizing the creative process. 

8 Conclusion 
This paper introduces Creative Blends, an AI-assisted system de-
signed to enhance the process of visual blend ideation by leveraging 
metaphors. Our system utilizes LLMs and commonsense knowledge 
bases to explore objects and their associated attributes, forming 
metaphorical connections with abstract concepts. It offers the ca-
pability to automatically generate blending proposals based on 
user selections, facilitating rapid creative realization for verifica-
tion through the T2I model. To evaluate the system, we conducted 
a user study involving 24 participants who had AI experience. The 
findings demonstrate that Creative Blends has the potential to en-
hance the creativity of the generated ideation results and enable the 
expression of abstract concepts more metaphorically. Additionally, 
this research offers insights into user preferences regarding visual 
blend design and potential future approaches for supporting design 
with generative AI. 
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