Highlights

A novel computational conceptual design approach using LLMs.
Supports designers in analogy-based structured retrieval for ideation.

Facilitates reasoning and synthesis through morphological and semantic
mappings.

Introduces ViMimic, an interactive tool for creative conceptual design.

Evaluated for creativity enhancement, efficiency, and cognitive load
reduction.
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Abstract

Integrating creative concepts into Product Design and Manufacturing Sys-
tems (PDMS) is important for product innovation. However, current PDMS
lack cognitive capabilities, particularly in reasoning and synthesis, which are
essential for conceptual design. As a result, designers face challenges in re-
trieving relevant analogies, establishing meaningful mappings, and integrat-
ing knowledge into new design concepts. This paper proposes a computa-
tional conceptual product design approach that integrates Large Language
Models’ (LLMs) knowledge representation with an analogy-based structured
retrieval mechanism, supporting designers to explore and recombine design
patterns and functionalities in an intuitive manner. Benefiting from the zero-
shot learning and prompting capabilities of LLMs, given a source domain,
this approach allows reasoning target domain based on abstract correspon-
dences in both morphological and semantic associations. A template for the
combinational regulation of the reuse of analogical knowledge has also been
formulated. By decomposing analogical knowledge into ontological distinc-
tion, inspirational feature recognition, and associative mapping explanation,
a creative conceptual design stimulation path is formed. An interactive tool
named ViMimic based on this approach has been developed through a case
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study with 18 participants. FEvaluation results demonstrate that the ap-
proach improves creative performance, increasing the novelty and function-
ality of conceptual designs by 51% and 22% respectively according to expert
evaluations. It also boosts the efficiency and diversity of analogy mapping
by 30% based on objective measures, while enhancing creative experiences
and reducing cognitive load as measured in the participants’ self-assessment.

Keywords: Large Language Models, Conceptual Product Design, Analogy,
Creativity, Innovation, Artificial Intelligence

1. Introduction

Integrating creative concepts into Product Design and Manufacturing
Systems (PDMS) is important for product innovation. PDMS provide com-
putational support for product development, enabling designers to manage
structured processes such as modeling, simulation, and optimization. These
systems play a key role in ensuring efficiency, accuracy, and consistency in
design and manufacturing, helping industries improve workflows and product
quality. Over the years, PDMS have evolved to incorporate advanced compu-
tational techniques, facilitating data-driven decision-making and automation
in design processes (Baby and Nellippallil, 2024; Peruzzini and Pellicciari,
2017). However, while PDMS are effective in optimizing well-defined design
tasks, it offers limited support for conceptual design, which is an essential
phase where innovative ideas are generated before detailed development be-
gins (Childs et al., 2022).

Conceptual design requires designers to explore diverse possibilities, iden-
tify novel configurations, and synthesize insights from different domains.
This process involves exploring diverse sources of inspiration, one of which
is analogy-based design (Goel, 1997), where knowledge from a source do-
main is mapped onto a target domain to inspire new solutions. By identify-
ing structural or functional similarities between different concepts, designers
can generate creative solutions (Gick and Holyoak, 1980). However, exist-
ing PDMS primarily focus on structured workflows and fixed computational
processes, lacking mechanisms to facilitate analogical retrieval, mapping, and
synthesis. This gap forces designers to manually search for relevant analo-
gies, assess their applicability, and integrate them into new design concepts.
Such a manual approach is time-intensive and dependent on individual exper-
tise, reducing the scalability and efficiency of analogy-driven ideation within



PDMS.

Recent advancements in Large Language Models (LLMs) offer a poten-
tial solution for enhancing PDMS by enabling automated analogy retrieval
and reasoning. LLMs contain broad cross-domain information and demon-
strate the ability to identify relationships between concepts without direct
training (Nooralahzadeh et al., 2020). However, their outputs often lack
interpretability and structured mapping, making them difficult to integrate
into systematic design workflows. Additionally, LLMs struggle with gener-
ating analogical insights that go beyond existing knowledge representations,
restricting their ability to support open-ended innovation.

This paper proposes a computational conceptual product design approach
that integrates LLMs with a structured analogy retrieval mechanism to en-
hance conceptual design in PDMS. The approach is composed of five key
components: Problem Finding, Primitives Scheme Block (PSB), Analogy
Mapping, Scoring Block, and Combination. The process begins with Prob-
lem Finding and PSB. Problem Finding receives an input, which is a keyword
of a design task. PSB is a block where the design task is structured into a so-
lution space and a decomposed problem space. The PSB extracts archetypal
solutions, which are stable, well-defined concepts that serve as source domain
references for analogy reasoning. These solutions, along with contextual in-
formation such as design scenarios and user needs, provide the foundation
for analogy retrieval. The Analogy Mapping component utilizes LLMs to
identify potential cross-domain analogies based on semantic and morphologi-
cal associations. Since direct analogy retrieval can be inconsistent, a Scoring
Block evaluates the generated analogies by measuring their conceptual rel-
evance and structural similarity to ensure meaningful mappings. Finally,
the Combination Block synthesizes the retrieved analogical knowledge into
new design concepts, integrating insights from both the source and target
domains. This structured process enables systematic exploration and reuse
of analogical knowledge, supporting designers in generating novel and func-
tional conceptual designs.

To validate this approach, an interactive tool named ViMimic was devel-
oped, which automates analogy retrieval, reasoning, and combination within
PDMS. A case study demonstrates the effectiveness of the approach. The
results show that the proposed approach enables diverse analogies, improves
reasoning efficiency, reduces cognitive load, and enhances the innovativeness
and creativity of conceptual design, by LLMs-based analogy mapping and
domain knowledge reusing.



The remainder of this paper is organized as follows: Section 2 presents
a brief review of analogy within the context of design, the current state of
research on analogy-based design, and related works on leveraging large lan-
guage models to drive design innovation, thereby identifying the research
gaps. Section 3 provides a detailed explanation of the framework and tech-
nical specifics of the proposed approach. Section 4 demonstrates the effec-
tiveness of this approach in supporting creative conceptual design through a
case study. Sections 5 and Section 6 present the discussion and conclusion,
respectively.

2. Related work

2.1. Analogy

Analogy is a fundamental cognitive mechanism that allows people to un-
derstand novel situations, solve problems, and generate creative insights
by drawing parallels between seemingly unrelated domains (Gentner and
Holyoak, 1997; Forbus et al., 1998). It enables individuals to map the rela-
tional structure of one situation onto another, facilitating abstraction, gener-
alization, and flexible thinking (Gentner and Markman, 1997). The outcome
of analogy often results in new cognitive connections or innovation, which
can serve as a foundation for further creative thinking (Holyoak and Tha-
gard, 1996). To achieve this, analogical combination is effective (Han et al.,
2019a). When combining analogies, users often discover unexpected con-
nections and points of convergence between the two. For example, people
use the tree’s branching structure to design efficient urban transportation
networks, combining ideas between natural growth patterns and human in-
frastructure. This approach may facilitate novel associations that can yield
unexpected insights, fostering designs that are both original and adaptable
(Boden, 2009).

Given the importance of analogy in human cognition and innovation,
researchers have sought to model analogical reasoning through algorithmic
approaches to promote the development of computational intelligent sys-
tems. For example, generating inferences and learning about new domains
by utilizing previous knowledge and experience (Daugherty and Mentzer,
2008), that is, applying knowledge from a source domain to a target domain
(Blanchette and Dunbar, 2000). However, mapping knowledge between dif-
ferent fields is challenging. This involves the relationships between domains
and the transfers of cross-domain knowledge. To address this issue, various
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theoretical frameworks and models have been proposed to define analogical
distance. Far-distance analogy has been investigated to encourage designers
to extend their focus from familiar domains to new ones, thereby discover-
ing commonalities between seemingly unrelated entities (Han et al., 2019b).
Some research argues that the most creative solutions may come from stimuli
that are closer to the problem, because these stimuli are more relevant and
perceptible in relation to the problem (Fu et al., 2013).

Despite the advantages of analogy, modeling analogical reasoning presents
challenges such as limited flexibility in mapping structures, lack of cross-
domain knowledge in using external databases, and difficulty handling ana-
logical representations in data-driven workflows. Additionally, the effective-
ness of analogy retrieval depends on cognitive flexibility, prior knowledge,
and problem framing, necessitating strategies to optimize analogy selection
and application.

2.2. Early stages of product design and manufacturing

Designers are frequently required to generate novel ideas, retrieve cross-
domain knowledge, and synthesize information from disparate sources (Chan-
drasegaran et al., 2013). However, attention to Product Design and Manu-
facturing Systems for supporting such advanced cognitive functions has had
limited attention to date. Traditional PDMS have focused on the efficient
execution of engineering and manufacturing tasks (Koren et al., 2018). For
example, existing systems primarily rely on parametric operators, which in-
herently limit their ability to align with and fully support the design process
(Bettig et al., 2005). In addition, current PDMS tools are generally geared
towards convergent tasks, focusing on refining existing designs rather than
generating novel ideas (Boothroyd et al., 2010; Hoque et al., 2013). This
focus limits the exploration of alternative design concepts. As a result, de-
signers struggle to identify relevant precedents, uncover latent connections
between design elements, and integrate creative insights into viable product
concepts (Howard et al., 2008).

Although some data-driven decision-making algorithms (Cantamessa et al.
2020) and representation-based modelling (Gorti et al., 1998) have been pro-
posed to support cognitive functions, they still lack mechanisms for under-
standing abstract concepts, reasoning about design requirements, and map-
ping conceptual ideas to potential solutions. Data-driven design algorithms
learn from existing data — past designs, consumer behaviors, or simulation
results — and thus tend to reproduce or tweak known solutions rather than



invent fundamentally new ones (Johnson et al., 2023). In other words, an
algorithm can efficiently find a better version of what already exists, but
is less likely to generate a bold concept outside the scope of its training
data. Beyond creativity, traditional cognitive PDMS have shown limitations
in open-ended problem-solving and adaptation. These systems excel when
the design problem is well-defined (with clear objectives, constraints, and
plenty of relevant data). However, real-world design challenges are often
ambiguous, with shifting goals and interdependent variables. Designers of-
ten approach problems by drawing analogies (i.e., how else has a similar
challenge been solved) or by making intuitive hypotheses to explore (Goel
and Bhatta, 2004). Conventional optimization algorithms in PDMS lack this
flexible reasoning.

To address these issues, there is a need for PDMS to incorporate cogni-
tive augmentation features that can support and scaffold early-stage design
thinking. This includes natural language understanding, creative reasoning,
and knowledge reuse.

2.3. Large language model for design innovation

Large Language Models are advanced Al systems based on deep learning
that train artificial neural networks on vast and diverse datasets to under-
stand and generate human-like language (Brown et al., 2020). Their knowl-
edge space is constructed from extensive text corpora. This broad exposure
allows LLMs to develop a generalized understanding of world knowledge
(Yu et al., 2023b), encompassing topics such as history, science, engineer-
ing, and culture. Unlike traditional AI systems, which are often confined
to specific datasets or narrow applications, LLMs leverage deep learning
architectures—particularly Transformer (Vaswani et al., 2017) based mod-
els—to learn contextual relationships between words, concepts, and patterns.
This enables them to retrieve, synthesize, and reason information with co-
herence and adaptability (Yang et al., 2022), making them capable of an-
swering complex questions, summarizing content, and even offering creative
insights. Some studies have explored LLM-driven innovation in the fields
of engineering and design. Using LLM-generated content as creative con-
cepts has become an emerging paradigm in the current engineering design
community for creativity support (Zhu and Luo, 2022; Chen et al., 2024b;
Ma et al., 2023). LLMs’ exceptional performance, text-based input acces-
sibility, and flexible APIs undoubtedly provide opportunities for researchers
and providers in developing Al-driven tools to explore creative design. By



referencing generated text, engineers and designers can gain inspiration, ex-
plore diversity, refine design ideas, or make decisions (Duan and Zhang, 2022;
Kwon et al., 2023). A benefit is that Al significantly shortens the time for
ideation, allowing creators to experiment and iterate quickly (Joosten et al.,
2024; Vinichenko et al., 2020). Despite the promising prospects of genera-
tive Al in design innovation, some challenges have emerged. For example,
current LLMs effectively capture common-sense knowledge but lack the abil-
ity to transform this knowledge into creative solutions (Bian et al., 2024).
Additionally, the opacity of generative algorithms poses challenges for inter-
pretability and accountability, making it difficult for designers to understand
or justify Al-generated outcomes.

While the inference process of general models is relatively straightfor-
ward to implement, effectively controlling the generated output via prompts
presents a significant challenge. Due to the lack of a prompting strategy
and experience of users, models often return familiar-looking images or su-
perficially plausible but flawed information (Dathathri et al., 2019). Users
may end up with unsatisfactory results. Recent research has explored var-
ious prompting techniques to enhance the reasoning capabilities of LLMs.
Chain-of-Thought prompting contributes by guiding the model through ex-
plicit reasoning steps, significantly enhancing performance on tasks that re-
quire logic, arithmetic, or multi-step reasoning (Wei et al., 2022). Retrieval-
Augmented Generation (RAG) enriches prompting by incorporating exter-
nal, non-parametric memory through document retrieval (Lewis et al., 2020).
This makes RAG particularly effective for knowledge-intensive or time-sensitive
tasks where pretrained models may lack up-to-date or domain-specific infor-
mation. Few-shot prompting addresses this by including a handful of task
examples, offering better calibration of model behavior and improved per-
formance in scenarios requiring subtle contextual understanding (Ye and
Durrett, 2022). Zero-shot prompting relies solely on natural language in-
structions without examples, providing a simple and scalable approach, es-
pecially useful in low-resource or time-sensitive settings (Brown et al., 2020).
Although Zero-Shot Prompting may lack precision in complex engineering
tasks, this imprecision can be a source of creative potential in conceptual
design. A degree of vagueness can be advantageous in promoting creative
exploration in the early phases of design (Mascitelli, 2000).

Based on the literature review, the current cognitive product design ap-
proaches have significant gaps in three key aspects: Firstly, the obtained
analogy knowledge may not directly help users in creative ideation. Exist-
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Fig. 1. The overall framework of the LLMs-based conceptual product design approach.

ing processes face difficulties in effectively transforming scattered analogical
information into innovative design concepts, leading to a gap between knowl-
edge and creativity. Secondly, current PDMS lack advanced cognitive aug-
mentations to support conceptual reasoning. Finally, although LLMs have
achieved scores above the human average in common-sense reasoning tasks,
it is difficult for them to make significant breakthroughs in complex and in-
experienced tasks (Bian et al., 2024), which hinders the efficient integration
of cross-disciplinary knowledge and creative expression.

3. Methodology

This paper proposes a computational conceptual product design approach,
combining large language models with a structured retrieval mechanism based
on analogy. This promotes the creativity of conceptual products through
reasoning and reusing analogy knowledge. As shown in Fig. 1, the overall
framework of the approach consists of five blocks, including Problem Find-
ing, Primitives Scheme Block (PSB), Analogy Mapping, Scoring Block, and



Combination. The statement of the design problem is taken as the initial
input and finally generates a combinational creative conceptual design by
LLMs. The green box in the diagram represents LLMs as artificial agents
responsible for problem decomposition, analogy reasoning and evaluation,
and generating creative product design in the stages of conceptual design
generation. Throughout the process, the input is reasoned by the PSB to a
solution space and a decomposed problem space, where these solutions are
stable concepts existing in the human knowledge space and therefore may not
be creative, and we refer to them as archetypal solutions. The analogy map-
ping block uses the archetypal solutions as source domain concepts for the
LLM’s automated analogy reasoning, where analogy association and anal-
ogy distance can be customized. Considering insufficient interpretability and
controllability of the LLM in reasoning tasks, we designed a scoring block to
evaluate and align the target domain analogy after analogy mapping, ensur-
ing the effectiveness and stability of the black-box analogy based on LLM.
Finally, the decomposed problem space information, target domain informa-
tion, and source domain information from PSB are reused in the combination
block to generate creative and novel conceptual designs. It is noteworthy
that we do not involve external knowledge bases to participate in the entire
approach. This is because the conceptualization of analogy and creativity
often requires breaking the cognitive rules of inherent and static knowledge
(Holyoak and Thagard, 1996). External knowledge bases may not fully sup-
port this flexible reasoning process and may limit the model’s creativity and
adaptability in the face of new problems. In addition, for mature pre-trained
large language models, the scale of built-in knowledge has basically reached
the level of world knowledge (Yu et al., 2023a). Rich contextual information
and conceptual associations can be implicitly represented and captured by
LLMs which are sensitive to input (Lee et al., 2024). Therefore, our focus is
to control the entire process of LLM-driven analogy reasoning and knowledge
reusing and fully utilize the knowledge space of pre-trained LLMs.

3.1. Primitives scheme block

The design goal originates from a problem requirement. Whether for
a PDMS or a human designer or engineer, they both need external inputs
or stimuli to begin analysis, understanding, and implementation of design.
However, the description of design problems by users is often uncertain; they
may be a clearly defined product function scheme or a vague requirement
that includes target users, scenarios, and contextual information. This un-



structured input cannot be well integrated into the computational system for
analysis. Therefore, we use the LLM to parse the initial description into a ba-
sic scheme space and a problem space that decomposes additional scenarios,
objectives, and user information, denoted as mapping M:

M : D — (S, P) (1)

where D represents the initial description. The scheme space S, is a set
of conventional solutions to design problems, which have solidified main
functional semantics, and these solutions have been tested historically ex-
tensively. We call this type of scheme as archetypal solution, denoted as
Se = {s1,82,...,8,}. For example, an archetypal solution that provides
comfortable support and sitting rest functions can usually be described as
a sofa, chair, or stool. Although these solutions do not seem novel on the
surface, they have stable and easily understandable functional solutions se-
mantically. Thus, the S, can be used as source domain objects for analogy
and as basic concepts for creative design, participating in subsequent analogy
reasoning and conceptual synthesis. The problem space P is represented by
Eq. (2), consisting of three component sets decomposed by LLM, including
design scenario C' = {¢y, ca, ..., ¢}, object Obj = {obj1,0bja, ..., 0bj}, and
user information U = {uy,us, ..., u,}.

P=CUObjUU (2)

For example, the design scenario of a chair is product design, the target
user is office workers, and the objective is to provide a massage and change
sedentary habits. The parameters of the problem space are not necessary.
According to user input, their values can be empty, i.e., for a more general
design. Following this, the complete PSB can be expressed as a function f,s:

(Saap) = fpsb(D) = ({517327 e .,Sn},C U Ob] U U) (3>

3.2. Generating and scoring analogies

3.2.1. Analogy mapping

In this block, two propositions need to be defined in advance to prepare for
the automated analogy of the LLM, namely the associations and the ontol-
ogy. According to structural mapping theory, the core of analogical reasoning
refers to structural alignment, which means establishing this relationship be-
tween the source domain and the target domain, rather than simple attribute

10



matching, which can be calculated by distance metrics. Therefore, analogy
is defined as a mapping M : S — T from the source domain S to the target
domain 7', and its basic formula can be expressed as:

M : Rs(z,y,...) = Re(2,y/,...), d(S,T) (4)

where S € S,. Rs(z,vy,...) is the relationship set in the source domain, and
Rr(2',y,...) is the relationship set in the target domain. d(S,7T) is the ana-
logical distance function between the source domain S and the target domain
T, which are described in Section 3.2.2. Inspired by visual analogy (Yaner
and Goel, 2006), two common analogy associations are considered, namely
morphological and semantic associations. The reason for considering these is
that the relationship in visual analogy is usually similar in overall form and
structure, while significant differences in semantics. This relationship often
leads to unexpected creative breakthroughs, allowing designers to consider
problems outside the box (Gassmann and Zeschky, 2008).

Considering that this approach focuses on product design and manufac-
turing, we define "object" as the top-level concept of the ontology structure
and differentiate it into artifacts and natural objects, based on their origin
and manufacturing method. The reason for defining the ontology structure
in this way is that the relationship between the two in design and manufac-
turing is unidirectional, that is, humans can refer existing natural objects to
design artifacts, but cannot create natural objects. Therefore, new design
ideas can be referenced and iterated from past engineering achievements as
well as inspired by natural objects. This notion will be reflected in the com-
bination block. By utilizing the Zero-Shot Learning ability of the LLMs and
prompt engineering (Marvin et al., 2023), we can effectively retrieve potential
analogy knowledge, denoted as Eq. (5),

(T7 O) = fmap<p(87 R))7 Dtrain - @ (5)

where f,q, represents the LLMs as the analogy mapping functions, p repre-
sents the prompting wrapper, R refers to the analogical association, O repre-
sents the ontology category, and Dy,.,;, represents trained samples. Consid-
ering that analogical association is essentially "jumping" relationship match-
ing rather than step-by-step logical reasoning, examples may lead to inher-
ent pattern matching. Therefore, in this study, we did not consider Few-
Shot Prompting (Reynolds and McDonell, 2021), Chain-of-Thought (CoT)
Prompting (Wei et al., 2022), and Retrieval-Augmented Generation (RAG)
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(Lewis et al., 2020). These methods are more suitable for structured rea-
soning with clear steps or specific knowledge dependencies, such as TRIZ
(Altshuller, 1984) and SCAMPER (Serrat and Serrat, 2017).

3.2.2. Scoring block

Although knowledge retrieval by prompting is an efficient means of uti-
lizing LLMSs, its black-box mechanism and inherent biases in the training
data may amplify "hallucination" (Perkovi¢ et al., 2024). The analogy re-
sults may appear reasonable on the surface but are actually incorrect, and
it is impossible to know how they were inferred. This means that using a
single analogy mapping block to perform analogical reasoning may not be
reliable. To address this issue, a scoring block is proposed to evaluate the re-
lationship distance between source domain objects and target domain objects
before and after analogy. This allows sorting of analogies from high to low
reliability, with analogies more highly ranked less likely to be hallucinations
produced by the LLM. For language models, calculating semantic distance
is very simple, and the distance can be represented as the direction of two
word vectors in high-dimensional space, as shown in Eq. (6). ||v1|| and ||vs]
are the Euclidean norms of vectors v; and v, respectively.

Vi1 Vo
OS2 = i vl R

In Eq. (4), the distance function d(S, T') can reflect the mapping relation-
ship between objects from a computational perspective. In analogy systems,
they can be near or far distances, and their values can be defined by dif-
ferent methods. For example, Eq. (7) represents the mismatch distance of
relationships:

| Mg
| Rs| @)

where | Mp| represents the number of successfully mapped relationships, and
|Rs| is the total number of relationships in the source domain. When all
relationships match, d(S,7) = 0, indicating the most similarity; when no
relationships match, d(S,T) = 1, indicating the most dissimilarity. By com-
bining the cosine distance and normalization, it can be defined as:

d(S,T) = 1

max(0, cos(S,T))

ds(S,T)=1—
(5.7) max(|Es], | Rs)

where dy(S,T) € [0, 1] (8)
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In contrast with semantic distance, in general, shape distance is calcu-
lated in three-dimensional space through algorithms based on image or 3D
entity data, such as segmentation (Minaee et al., 2021) and shape histogram
signature (Tombari et al., 2010). However, applying this concept to textual
entities presents challenges. Vocabularies themselves do not have a specific
spatial form; they are an abstract form of linguistic expression, and different
linguistic environments and business domains bring differences to the appli-
cation of the same word. Nevertheless, text-based language models based
on strong contextual understanding have promoted the possibility of this
practice. Since LLMs are trained based on semantic co-occurrence, their
embedding vectors usually also reflect the overall information of the context,
which is typically the functional concepts, usage scenarios, and semantic sim-
ilarity. However, this shape similarity relationship is implicitly hidden in the
knowledge of LLMs and cannot be represented stably and efficiently. For
analogy reasoning tasks, the requirement for shape similarity is not high;
humans pay more attention to the approximate shape when using visual
analogies to reason about objects (Hashemi and Tubau, 2024). Therefore,
we propose a shape language descriptor system for constructing an approx-
imate similarity, aiming to associate the shape similarity between objects
through shape descriptions with the same or similar semantics. The system
includes four dimensions: Perceptual Shape Categorization (PSC), Height-
to-Width Ratio (HWR), Structure, and Curvature Similarity, where PSC is
constructed based on Recognition-by-Components (RBC) Theory (Bieder-
man, 1987), which is the main factor in this system. For this purpose, we
have constructed a set consisting of 36 basic shapes called geons. The other
three dimensions are additional supplements to the shape description. Here,
we specify their weights as PSC=0.4, and the other three dimensions are
all 0.2. HWR is a 5-category description of the overall proportion of ob-
jects, structure is a 4-category description of the segmented structure, and
Curvature Similarity contains 3 curvature descriptions, which are shown in
Appendix A. The shape language descriptors will be used as enhanced data
for the RAG strategy, allowing LLMs to generate accurate descriptions for
objects’ shape alignment. Once the shape descriptors are determined, we use
cosine distance to calculate the text similarity of each dimension between the
concepts before and after analogy, represented as:

Sim(S,T) = Z w; cos(Embed( f4(S;)), Embed(f4(T}))) (9)
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where f; represents the LLMs as a shape description function, Embed() rep-
resents the calculation of the word embedding, and w; represents the weight
of each dimension. Combining Eq. (7), the morphological distance function
is finally represented as:

>, max(0, Sim(S;, T;))
max(|Rs|, | Rs|)

dn(S,T)=1— where d,,(S,T) € [0,1]  (10)

According to cognitive science and visual analogy theory, far-distance
semantic relationships mean that the target domain and the source domain
are not conceptually directly related. This large-span analogy can avoid
overly conventional or obvious associations, while approximate morphological
relationships ensure that they can share a set of perceived affordances (Siegel,
2014; Basri et al., 1998). Even if the semantics are different, people can still
identify potential uses from familiar shapes. This helps to reduce cognitive
burden and makes cross-domain conceptual transfer easier. Therefore, we
permit a creative target analogy to be as far as possible in semantics, and as
close as possible in approximate morphology, compared to the source domain.
To avoid extreme values, the comprehensive distance score will be represented
by geometric mean optimization:

ds(S,T) - (1 —d,(S,T)) — max (11)

where the weights of the two distance functions are equal. The maximum
distance target is achieved when d;, — 1 and d,, — 0, and the minimum
distance target is achieved when d, — 0 or d,,, — 1.

3.3. Reuse of analogical knowledge

Although analogy can help explore potentially related objects, merely us-
ing analogy does not guarantee the effective promotion of creative design.
The main reason is that analogy itself does not directly produce new ideas,
but provides a way of thinking. Since people’s thinking is often limited by
existing experience and mental set (Kray et al., 2006), simply obtaining the
objects before and after the analogy is not enough. The key challenge lies
in how to use the knowledge in the analogical objects to generate new ideas.
Inspired by Han’s combinational creativity (Han et al., 2019b), we propose a
combinational block that reorganizes analogy knowledge for creative concep-
tual design. This block receives three parameters, namely the source concept
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S from the PSB solution space S,, the problem space P, and the target
concept along with the ontology (7',0). Since S has mature functions and
feasibility, it will be used as the base concept (i.e. the Base). The concept
T obtained through analogy reasoning can fit the perceptual affordances of
the source domain concept in form, which can serve as an additive concept
(i.e., the Additive) to enhance or improve the creativity of the Base through
combination. The problem space P includes the design objectives, scenario,
and target users. Then, the LLMs improve or redesign the initial scheme of
the source analogy according to the properties and functions of the target
analogy by combination, as shown in Eq. (12):

(gDagfagE) = fcomb(S7 T707P) (12>

where f.,mp represents the LLMs as a combination function. ¢p represents
the generated creative conceptual design combining the source analogy with
the target analogy; g; represents the generated inspiration description that
describes what functional or morphological feature of the analogy the cre-
ative idea comes from; and g represents the generated explanation which
helps the user understand how the target analogy contributes to the creative
idea. For those target analogies belonging to natural objects, we use bio-
inspired signifiers to stimulate LLMs to learn from the ecological properties,
morphology, and functions of natural objects. For example, the source do-
main is a TV tower, the target domain is a cactus of a natural object, the
scene in the problem space is architectural design, and the goal is sustainable
construction. Through LLM, gp is described as "self-sustaining Television
tower". g; can be "storage capability and resilience of a cactus". gg can be
"the television tower can incorporate a rainwater harvesting system inspired
by how cacti store water in their bodies. The outer shell of the tower could
be designed with micro-channel structures that guide rainwater into a stor-
age reservoir, which could then be used for cooling systems, reducing energy
consumption and increasing sustainability".

In summary, the proposed computational concept product design ap-
proach, by integrating the knowledge reasoning and reuse ability of LLMs
and the structured analogical retrieval mechanism, not only systematically
retrieves cross-domain knowledge but also efficiently transforms this knowl-
edge into creative concepts. This development overcomes the gap between
analogy and creative generation in traditional design methods.
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4. Case study

4.1. ViMimac

ViMimic, an interactive tool based on the proposed computational con-
ceptual product design approach, was developed and implemented following
the principles described in Section 3. Fig. 2 shows an example of the pro-
cess of using this tool to generate an extendable vase design. The creative
conceptual design of vase is generated by first reasoning the target analogy
from "vase" and then reusing analogy knowledge to form a new combination.
We use GPT-40 (Version: gpt-40-2024-08-06) as the system’s backend LLM,
representing a leading state-of-the-art LLM. To reduce the experimental bias
caused by LLM, we use default parameters (temperature=1.0, top_p=1.0).
It is worth noting that our approach is designed to be compatible with any
LLM. However, we recommend selecting models listed in the Chatbot Arena
benchmarking (Chiang et al., 2024) as generative drivers. These models have
been rigorously evaluated and validated for their performance, ensuring relia-
bility and effectiveness in our approach. To mitigate the negative influence of
hallucination of LLMz when generating content, ViMimic supports human-AI
cross-validation through card-based interaction. We built ViMimic as a web-
based interactive system using React.js and Python Flask. This allows users
to inspect and select the analogies and combinational designs they consider
appropriate. For image references that supplement visual knowledge, as seen
in Fig. 2 (b3), we integrated Google Custom Search API! to retrieve images
from Google’s dataset. The zero-shot prompting for the analogy mapping
block and the combination block was adopted to return the JSON format
in a structured output by OpenAl’s recommendation 2, which are shown in
Appendix B and Appendix C.

4.2. Participants

18 designers were recruited for the study (Females = 9, Males = 9,
Mean age = 24.5, SD age = 3.29) with backgrounds in product and indus-
trial design (11 undergraduate background designers and seven master back-
ground designers). All participants were required to be familiar with innova-

'https://developers.google.com/custom-search/vi/overview
’https://platform.openai.com/docs/guides/structured-outputs/
introduction
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Rotating Vase
R

Extendable Vase

Inspiration:

Extendable function of a telescope.

Explanation:

Inspired by the telescoping feature of a telescope, this
vase can extend or refract in height. Users can adjust
the vase size to accommodate different flower
amrangements. The telescoping mechanism allows for
compact storage and versatile display.

Telescope

B\

Atelescope, when collapsed, can have a similar
cylindrical shape to a vase, especially with is clean
fines.

Fig. 2. The screenshot of the user interfaces of ViMimic. The usage process of the tool
is from interfaces a to ¢: (a) selecting user scenario, (b1-b4) implementation of analogy
mapping and scoring block, allowing users to select the generated analogy, (c1-c4) imple-
mentation of combination, allowing users to select the generated design idea.

tion design (Mean design experience = 4.07 years, SD _design _experience
= 1.77) to mitigate the bias of the study.

4.83. Experiment and procedure

A within-subject study was conducted to compare and evaluate creative
performance when using the tools based on our approach (i.e., ViMimic)
versus current typical search and inspiration tools (i.e., the combined use of
Google Search, Pinterest, and Behance) as a baseline. It is worth noting that
our comparison is reasonable because these typical search and inspiration
tools had integrated large language models and allowed Al-enabled search
(e.g., Google integrated Gemini (Team et al., 2024) into its search engine
before the experiment was implemented.
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The participants were asked to use the assigned tools to complete a com-
binational design by analogy. Three design topics were provided: 1) kitchen
knife, 2) umbrella, and 3) hair dryer. The reason for choosing these three
concepts is that they are typical everyday product designs. These familiar
objects invoke users’ historical perceptions. It can be challenging to give
these objects a new form of creativity than to design a brand-new creative
concept that is unknown to us. Considering this, the three components in
the problem space are all regarded as ordinary users in general scenarios, and
therefore corresponding parameters are not specified in ViMimic.

Before the experiment began, participants received a 5-minute introduc-
tion to visual analogy. During this, we explained the definition of visual
analogy, how to reason using it, and how to generate creative design ideas
based on visual analogy through a combinational approach. To help partici-
pants better understand the concept, we provided several examples of visual
analogy and design-by-analogy to offer a more intuitive understanding. We
also clarified that the goal of the study is to verbally describe creative ideas
rather than deliver a fully completed design. Therefore, the whole design does
not need to be very detailed, just to produce a creative direction. The total
duration of the study was 45 minutes. Participants were required to complete
a 20-minute baseline design task and a 20-minute ViMimic-assisted design
task. There was a 5-minute break between the two tasks. To avoid order
effects, we randomly balanced the order of the two tasks and rotated the con-
cepts within the same design context for the second task (e.g., P1T1: kitchen
knife — P1T2: umbrella, P2T1: umbrella — P2T2: hair dryer, P3T1: hair
dryer — P3T?2: kitchen knife). During the tasks, participants were asked to
record the divergent analogies. Fig. 3 shows some of the conceptual designs
along with an inspirational analogy generated by ViMimic.

4.4. Fvaluation

The goal of the evaluation is to investigate the overall creative perfor-
mance using our approach, including expert evaluation, objective measures,
and self-assessment.

The expert evaluation employs a 5-point Likert-scale Consensual Assess-
ment Technique (CAT) (Amabile, 1982) to assess novelty, completeness, func-
tionality, and flexibility of the generated conceptual designs. We recruited
four experts with 8-10 years of creative design experience to rate the results
generated by both the baseline and ViMimic. To avoid data sparsity issues
when analyzing Fleiss’ Kappa (Falotico and Quatto, 2015), we quantized the
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Design Topic Design Topic Design Topic

Hair Drier Kitchen Knife
h Analogy h Analogy h Analogy
Mushroom 0 Jet Engine 1 Icicle
Satellite Dish 1 Sunflower 0 Arrowhead 1
Lotus Leaf 0 Snail Shell 0 Ruler 1

Conceptual Design

i~1_AeroShield lonic Hair Drier

Conceptual Design
Airflow-Control Canopy Umbrella

Conceptual Design

~1 GlacierGrip Handle

Light-Filtering Glow Umbrella | | =---- Inspiration Ry Inspiration
Inspiration Heat-resistant alloys and airflow control in jet The textured and frosty surface of icicles
engines Explanation

Mushroom gills' structure for airflow
distribution

Explanation

Explanation
Inspired by jet engine materials, this hair drier
features heat-resistant alloys and ceramic
coatings to enhance durability and prevent
i ji airflow

The knife handle is designed with a non-slip
texture inspired by the uneven, frosty surface
of an icicle. This ensures a secure grip even

when wet, improving safety and control during
use.

The umbrella integrates a layered canopy
system resembling mushroom gills, allowing

Conceptual Design

-1 _ Precision Chef Knife

Inspiration

desigl
for stormy conditions.

Conceptual Design

i~1__Compact Foldable Hair Dryer

[ Inspiration
T
light in dark environments The ability of a snail to retract into its shell for Explanation
Explanation protection

wolanat Inspired by the ruler's precision, this kitchen
Explanation Y 3

The umbrella canopy features a translucent, e features enaraved meas:
glow-in-the-dark material that absorbs sunlight
during the day and emits a soft luminescent
glow at night, improving visibility in rainy or
dark conditions. This is ideal for pedestrians
and cyclists navigating dimly lit areas.

knife features engraved measurement
markings on the blade to help chefs cut
ingredients into exact portions. This is
especially useful for recipes requiring precise
cuts, such as sushi or pastry making.

The hair dryer’s nozzle and handle can retract
into its body, similar to how a snail retreats
into its shell. This foldable design makes it
highly portable and ideal for travel while
protecting internal components from damage.

Fig. 3. Reports of the generated analogies and the conceptual designs by ViMimic using
our approach, where 0 represents natural objects and 1 represents artifacts.

data for each evaluation dimension (combining scores of 1-2 as "Low," 3 as
"Medium," and 4-5 as "High").

The objective measure is formed by the combination of diversity and ef-
ficiency. The time taken for completing analogy mapping and conceptual
design combination, and the number of identified source analogs partici-
pants documented were recorded. We constructed two convex hulls (Avis and
Bremner, 1995) containing 36-point sets, representing the number of ideas
generated and the time taken in both the ViMimic and Baseline phases. The
orientations of the centroids of these convex hulls were used to assess overall
support of our approach for divergent thinking and creative efficiency.

The self-assessment consisted of a questionnaire survey, NASA-TLX, and
an interview, aiming to evaluate creative experiences and cognitive load from
designers. A survey using a 5-point Likert scale (Joshi et al., 2015) was
conducted to gather feedback from participants in three areas: visual anal-
ogy mapping (Q1-4), creative design-by-visual analogy (Q5-8), and creativity
stimulation (Q9-11). After the survey, each participant was asked to com-
plete a NASA-TLX (Hart, 2006) questionnaire to measure their perceived
cognitive load during the ideation process. Participants were then subjected
to a semi-structured interview to delve deeper into how our approach sup-
ports their creativity.
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4.5. Results

4.5.1. Ezxpert evaluation

The results of CAT are illustrated in Table 1, which show a high cre-
ativity performance in generating conceptual product design. The results
indicated that ViMimic-generated conceptual designs were superior to the
baseline. Compared to the baseline, the overall creativity of the conceptual
design generated by ViMimic has increased by 43.2%. Experts agreed that
the conceptual designs of ViMimic are more novel (Novelty Mean diff =
0.76, moderate agreement) and complete (Completeness Mean diff = 0.82,
substantial agreement) compared to the baseline. Although there is no signif-
icant agreement in the areas of functionality and flexibility, the CAT scores
still indicated that ViMimic had a stronger ability to support creative output.

Table 1: The CAT results were quantized from the original 5-point Likert scale into a
range of 1-3. Scores of 1-2 were categorized as ‘Low (1)’, 3 as ‘Medium (2)’, and 4-5
as ‘High (3)’. P-values were interpreted as *: p<0.05; **: p<0.01; ***: p<0.001. Fleiss’
Kappas were interpreted as follows: <0.33: no agreement; 0.33 < Kappa < 0.66: moderate
agreement; >0.66: substantial agreement.

(Pl\i[_e;il& (Pls—]f:’)18) Fleiss’ Kappa Cohen’sd Sig.
o v A
e U TR 08w
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4.5.2. Objective measure

The results of the convex hull analysis are shown in Fig. 4, representing
the number of ideas generated and the time taken in both the ViMimic and
Baseline phases. In the case that the area of the two convex hulls is not
significantly different, the closer the data points are to the left of the X-axis,
the less time participants took to complete tasks, indicating higher efficiency.
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Fig. 4. Convex hulls of duration / number of identified analogies in both ViMimic and
baseline.

The closer the data points are to the top of the Y-axis, the more analogies
participants generated or found interesting. The convex hull area of ViMimic
was only 9.03% smaller than the baseline (Convex hull area ViMimic =
77.5 units?, Convex hull area Baseline = 84.5 units?). ViMimic’s overall
area and centroid were positioned above and to the left of the baseline (ViM-
imic centroid = (9.67, 8.83), Baseline centroid = (12.29, 3.86)). To quantify
the overall improvement in the distribution, we calculated the Fuclidean dis-
tance from each method’s centroid to an ideal reference point (x=0, y=15).
The corresponding distances to the ideal point were 11.47 and 16.60, re-
spectively. This represents a 30.9% reduction in distance, indicating that
ViMimic outperformed the baseline in supporting designers’ divergent visual
analogies and creative design generation.
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4.5.3. Self-assessment

A t-test was conducted to analyze the questionnaire survey. As shown in
Fig. 5, the results show that participants were more satisfied with the effi-
ciency of using ViMimic to obtain visual analogies (Q1, Mean diff = 1.55, p
< 0.001). They also expressed greater satisfaction with the variety of cross-
domain analogies provided by ViMimic (Q3, Mean _diff = 2.39, p < 0.001).
They felt that the conceptual design ideas were more unique and innova-
tive than usual (Q5, Mean diff = 1.16, p < 0.001, ViMimic_SD = 0.81,
Baseline SD = 0.87), and the generated concepts were relevant to the sce-
nario’s requirements (Q6, Mean diff = 0.72, p < 0.05, ViMimic_SD = 0.97,
Baseline  SD = 0.82). The results also suggest that ViMimic helped partici-
pants better understand analogy-inspired conceptual designs (Q8, Mean _ diff
= 1.28, p < 0.001, ViMimic_SD = 0.64, Baseline SD = 0.87) and gener-
ate a variety of creative designs (Q10, Mean diff = 1.33, p < 0.001; Q11,
Mean _diff = 1.94, p < 0.001). However, there was no significant difference
between the baseline and ViMimic in terms of analogy decision-making (Q2,
Mean diff = 0.72, p > 0.05, ViMimic_SD = 1.14, Baseline SD = 0.92; Q4,
Mean_diff = 0.28, p > 0.05, ViMimic_SD = 0.99, Baseline SD = 0.90).

The results of the NASA-TLX are presented in Table 2. The mental de-
mand of using ViMimic for analogy was significantly lower than that in the
baseline condition (Mean Vi _md = 2.72, Mean Ba_ md = 4.66, p < 0.001).
Designers’ mental and physical demands are reduced by 41.6% and 29.2% re-
spectively. In contrast to the baseline, ViMimic performed a large amount
of knowledge retrieval and computation for users, reducing their physical ef-
fort (Mean Vi pd = 1.33, Mean Ba pd = 1.88, p < 0.05; Mean Vi fs
= 2.66, Mean Ba_ fs = 3.83, p < 0.05). However, the result of the effort
suggests that they could not determine which analogy would be more benefi-
cial for the subsequent creative combinational design. More than half of the
participants indicated that, since the analogy objects were all familiar and
common, it was difficult to judge which analogy would be better for later cre-
ativity. They found that deciding on a good analogy did not feel significantly
easier compared to the baseline (Mean Vi _ef = 3.83, Mean Ba_ef = 4.83).
Despite this, participants expressed a preference for continuing to use ViM-
imic, as it allowed them to quickly access analogies and reduced cognitive
effort, which self-thinking or using traditional Al tools could not achieve.
Overall, ViMimic is highly effective in supporting divergent visual analogy
generation. Users experienced reduced cognitive load and gained access to a
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Fig. 5. The questionnaire asked participants about three dimensions, including visual
analogical reasoning, creative design-by-visual analogy, and creativity satisfaction on a
5-point Likert scale. The results were analyzed using significance levels: *: p < 0.05; **:
p < 0.01; ***: p < 0.001.
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variety of analogy options. However, the system did not achieve high satis-
faction in aiding users with analogy decision-making. In the results of the
semi-structured interview, P11 noted, "Compared to the baseline, I had no
idea there would be so many interesting creative combinations. I felt like my
creative thinking was opened up”. Moreover, ViMimic helped participants
better understand analogy-inspired creative ideas. P17 explained, "I could
quickly build on the analogies’ foundation and add new ideas, which really
stimulated my creativity. For example, an Airflow-Control Canopy Umbrella
15 inspired by a mushroom gills’ structure, which integrates a layered canopy
system resembling mushroom gills, allowing controlled airflow to reduce wind
resistance and prevent flipping inside out. The vented design also enhances
stability, making it ideal for stormy conditions. If ViMimic had not presented
these potential ideas, it might have taken me much longer to come up with it".
In the baseline, half of the users found it difficult to think of an interesting
analog. P10 mentioned, "In the baseline, I would transition from thinking
with my brain to using computer tools, and they consumed a lot of effort.
Since many results were irrelevant, I had to keep searching and trying to find
analogies”.

Table 2: NASA-TLX questionnaire results comparing ViMimic and Baseline on a 5-Likert
Scale. n.s.: p > 0.05, *: p < 0.05, **: p < 0.01, ***: p < 0.001.

ViMimic Baseline
Mean SD Mean SD

Mental Demand (md) 272 0.57 466 1.81 0.000 KX
Physical Demand (pd) 1.33 0.59 1.88 0.96 0.037 *
Temporal Demand (td) 294 1.51 3.16 142 0.663 n.s.

p-value Sig.

Performance (pf) 455 098 4.05 1.89 0207  n.s.
Effort (ef) 383 1.20 483 142 0031 ¥
Frustration (fs) 2.66 1.08 383 223 0.042 *

5. Discussion

5.1. Discussion of methodology
5.1.1. Enhancing analogical reasoning by LLMs

Human designers often struggle with analogical thinking and generat-
ing concepts due to inherent cognitive limitations and bounded knowledge
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spaces (Lieder and Griffiths, 2020). Manually identifying relevant analogies
across domains requires extensive experience and expertise. However, even
skilled designers may overlook distant yet valuable inspirations due to cog-
nitive biases and knowledge constraints (Crilly, 2015). The complexity of
processing and integrating diverse knowledge makes it difficult to innova-
tively explore a broad solution space. In contrast, our approach leverages
the capabilities of LLMs to perform analogical reasoning and generate inno-
vative conceptual design solutions. Through case studies, the experimental
results further support the feasibility and effectiveness of the proposed ap-
proach, albeit with limited testing. The approach presented here does not
rely on external domain-specific knowledge bases. By leveraging the vast,
implicit understanding of patterns, principles, and structures learned from
extensive pretraining data, our approach can autonomously discover diverse
analogies and synthesize novel combinational design concepts.

One of the major challenges in employing large language models (LLMs)
for reasoning tasks is that the entire generation process functions as a black-
box (Sun et al., 2022). This implies that even with techniques such as fine-
tuning and prompt engineering, the generated outputs may still be incorrect
(Pan et al., 2023). A common solution is to have human reviewers verify the
generated content to assess its accuracy and reliability. However, this kind
of solution requires users to possess domain-specific knowledge relevant to
the task. For evaluating analogies, our approach introduces an automated
computational scoring strategy, making the reasoning process of LLMs more
transparent and controllable while reducing reliance on human verification.

Moreover, the approach presented demonstrates the potential capability
of mental imagery (Kosslyn et al., 2006) recognition by leveraging LLMs.
Unlike traditional machine vision systems that primarily focus on feature
extraction and classification, the shape language descriptor system can rep-
resent cognitive shape properties of an object using natural language. This
capability highlights the potential of LLMs to bridge the gap between per-
ceptual recognition and conceptual abstraction (Yee, 2019). This not only
advances LLM-driven design but also sheds light on how PDMS can approx-
imate human-like cognitive processes in analogical reasoning tasks.

5.1.2. Reusing knowledge for creative discovery

Although analogy serves as a valuable ideation method, its outcomes often
remain within the realm of common knowledge, thereby imposing constraints
on innovation (Champagne, 2015). As a result, designers may find their abil-
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ity to associate with these familiar concepts inhibited. The approach pre-
sented here reuses analogical knowledge to address this limitation by retriev-
ing connections between source and target domains based on combinational
creativity method. The results of the case study reveal that individuals can
discover new solutions by linking seemingly unrelated things. This combina-
tional approach is well-suited for transitioning from visual analogy to creative
design. However, the difficulty of recombining common knowledge depends
on an individual’s ability to understand and manipulate it (Nusbaum and
Silvia, 2011). The proposed approach can assist designers by searching for
combinational inspirations and explaining why such combinations work, thus
easing the cognitive load in transitioning from analogy to design. The ap-
proach ensures that creative discoveries remain relatable, making them more
practical and applicable in real-world design contexts.

While much research has focused on training generative models to pro-
duce novel outcomes (Chen et al., 2019; Edwards et al., 2024), we argue that
instead of forcing machines to generate entirely new, unheard-of knowledge,
it is more productive to have them reliably generate human common knowl-
edge (e.g., through analogy) and help users draw creative inspiration from it.
In other words, the analogical mappings provided by our approach as an in-
formation retrieval mechanism, similar to existing heuristic techniques (e.g.,
brainstorming (Rawlinson, 2017) and reverse thinking (Myerson, 2016)) and
knowledge graph tools (e.g., ASKnatureNet (Chen et al., 2024a) and Wik-
iLink (Zuo et al., 2022)). While the retrieved concepts stem from familiar
human knowledge, the challenge lies in ensuring that this knowledge can
be applied to keyword-driven design tasks. Our results show that ViMimic
helps designers understand the relevance of visual analogy from other do-
mains to the nature of the problem through inspiration and explanation. We
believe the reason for this relevance is that two visually analogical objects
often share the same set of perceived affordances (Norman, 2004), which al-
lows them to be applied to similar functional problems. For example, while
a "ruler" provides a measurement function, it does not inherently possess
the cutting properties of a "kitchen knife". However, if designers break free
from the conventional use of the ruler, its shape could potentially support
cutting tasks. Since affordances are perceived visually, we suggest that when
the problem space of a design task is not explicitly defined, this functional
interchangeability can be used to reverse-explore concepts. For instance, a
multifunctional ruler could be designed to cut, with its cutting property de-
rived from the affordance of the ruler’s blade-like shape, akin to a knife’s thin
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edge.

5.1.3. Generating conceptual design for product innovation

The findings of the case study indicate that the approach presented can,
to some extent, mitigate anchoring effects (Furnham and Boo, 2011), though
this impact varies depending on the specific context and individual charac-
teristics. Anchoring effects were more pronounced in the baseline condition.
When participants engaged in analogical reasoning, they remained influenced
by initial anchors. For example, P14 stated, "I associated a handgun with a
hair dryer, but I didn’t know how to combine them. Their connection was too
weak". This may be because participants organizing their own visual analo-
gies might introduce many factors related to their current domain. While
the handgun visually resembles the hair dryer, they have no functional re-
lationship. In contrast, P14 was interested in the solution "Quick-release
detachable air nozzle: This hair dryer features a detachable nozzle that can
be quickly swapped out, inspired by the fast and efficient magazine change of
a handgun. It allows users to switch between different styling nozzles for var-
ied airflow with ease" in ViMimic, and explained in the interview, "I found
this idea very creative. Initially, I kept thinking about the handgun’s firing
function and was influenced by the hair dryer’s airflow function. However, I
overlooked the handgun’s magazine change system. This idea opened up new
thinking for me".

Another finding is that the approach presented can help alleviate the
issue of design fixation caused by generative Al. Previous empirical stud-
ies have shown that designers are easily influenced by Al-generated images
(Wadinambiarachchi et al., 2024). They tend to adopt the image solutions
provided by Al and overlook the exploration of more novel and unique de-
sign paths. To address the design fixation problem introduced by generative
AI, more abstract textual descriptions are used as output. These solutions
were meant to represent rough ideas rather than fully detailed designs for a
designer to further refine.

5.1.4. Implications for product design and manufacturing systems

This approach primarily addresses creativity aspects in conceptual de-
sign, focusing on enhancing ideation through analogy-based reasoning with
the support of LLMs. However, its direct applicability to engineering and
manufacturing remains limited at this stage. To fully support PDMS, fur-
ther integration of engineering and manufacturing knowledge is necessary.

27



This includes incorporating domain-specific constraints, materials knowledge,
process feasibility, and other practical considerations inherent to real-world
product development.

Furthermore, existing data, methods, and technologies from the PDMS
and engineering informatics communities can be structured and formalized as
knowledge bases or workflows to complement and enhance the proposed ap-
proach. By integrating structured engineering knowledge such as reverse en-
gineering (Raja and Fernandes, 2007) and function-behavior-structure mod-
els (Gero and Kannengiesser, 2004), the approach could evolve into a more
comprehensive design and engineering support system. We believe that while
this approach introduces a novel perspective on analogy-driven conceptual
product design, it can also benefit from the well-established practices and
structured knowledge representations within PDMS research and practice.

While the experimental validation was conducted within the scope of
product design cases, we suggest that the approach can be adapted to early-
stage creative information retrieval processes in various design engineering
domains. The analogy retrieval guided by LLMs can be extended to other
fields such as mechanical system design, civil engineering and biomedical
device development.

5.2. Limitations and future work

Currently, the approach presented offers limited decision-making support.
Although it reduces the cognitive load associated with generating analogies, it
does not significantly assist designers in discriminating between these analo-
gies. It is difficult to select the best analogy or creative idea from various op-
tions, as all can seem equally viable without clear direction. Future research
and development could include enhanced decision-support features, such as
algorithms that highlight or rank analogies based on designers’ preferences
or specific design contexts, learning from interactions, and prioritizing analo-
gies with higher creative potential. Despite the advantages of the scoring
block in our approach, the success of this strategy depends on several crit-
ical factors, including the definition of analogy relationship, computational
distances, and the enhancement of its generalization capability, which could
be inflexible when evaluating different analogy methods. These limitations
require further in-depth research and exploration in the future.

This research focuses on language-based methods to identify novel ideas
in conceptual product design. However, we recognize that some design is-
sues are often complex, ambiguous, and not easily captured through ver-
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bal or textual descriptions alone. Integrating visual representations into the
problem-finding framework could enrich the identification and articulation
of user requirements and support designers in capturing aspects that may
be difficult to verbalize (Dahl et al., 2001). Although this integration is be-
yond the scope of the current study, we see it as a promising direction for
future research, particularly in expanding the applicability of our framework
to more visually-driven design domains.

While LLMs offer broad analogy-based reasoning and combination at the
conceptualization stage, integrating expert technical knowledge is crucial for
new product design and development (Wang et al., 2024). Future work on the
implementation stage in product design could incorporate private or domain-
specific datasets to fine-tune or augment the LLM, or adopt a human-in-the-
loop setup to ensure technical accuracy.

6. Conclusions

This paper introduces a novel computational conceptual product design
methodology that integrates large language models with an analogy-based
structured retrieval mechanism to support and enhance creativity in the
early stages of conceptual product design. By leveraging the extensive world
knowledge and contextual understanding capabilities of LLMs, the proposed
approach enables more effective analogy reasoning, concept combination,
and knowledge reuse, all while maintaining transparency and controllabil-
ity throughout the design process.

The key contributions of this work are threefold. First, it demonstrates
how LLMs can function as artificial analogy agents capable of generating
meaningful and diverse analogies that inspire innovative design ideas. Sec-
ondly, a structured retrieval mechanism that guides the reasoning process,
ensuring relevance and coherence while reducing the cognitive burden on
human designers is presented. Thirdly, through comparative experimental
validation, the approach is shown to significantly enhance design outcomes
in terms of novelty, diversity, and reasoning efficiency, emphasizing its po-
tential as a practical tool for design ideation.

Overall, this approach highlights the potential of LLM-based computa-
tional analogy in facilitating design innovation through knowledge trans-
formation. By bridging AI techniques with cognitive principles, the pro-
posed approach provides a foundation for more intelligent, interpretable, and
creativity-enhancing product design systems.
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Appendix A. Shape Language Descriptor

Table A.1: Pre-defined 36 Perceptual Shapes Categorization

Number | Geon Example Object
1 Cylinder Soda can

2 Cone Traffic cone

3 Sphere Basketball

4 Torus Inner tube (donut float)
5 Brick (Rectangular Prism) Shoe box

6 Pyramid Egyptian pyramid
7 Wedge Door wedge

8 Barrel (Curved Cylinder) Beer barrel

9 Disc (Flat Cylinder) Coin

10 Ellipsoid Rugby ball

11 Arch Bridge arch

12 Handle (Bent Tube) Mug handle

13 Tapered Cylinder Drumstick

14 Curved Wedge Boomerang

15 Trapezoidal Prism Trapezoidal roof
16 Double Cone Hourglass

17 Half Cylinder Half-pipe

18 Horseshoe Horseshoe

19 Crescent Crescent moon
20 U-Shaped Tube Staple remover
21 Y-Shaped Structure Slingshot
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22 L-Shape Bookend
23 T-Shape Hammer head
24 Cross-Shaped Prism Medical cross sign
25 Hourglass Shape Egg timer
26 Flat Slab Chopping board
27 Triangular Prism Toblerone chocolate
28 Pipe Water pipe
29 Box with Rounded Corners Rounded jewelry box
30 Elliptical Cylinder Vitamin pill
31 Irregular Lobe Kidney bean
32 Curved Plate Folded sheet metal
33 Hollow Tube PVC pipe
34 Forked Branch Shape Tree branch fork
35 Parallel-Piped Shipping container
36 Handle Suitcase handle

Table A.2: Height-to-Width Ratio
Number | HWR Example Object
1 Square-like Square, cube
2 Moderately Elongated Books, bricks
3 Highly Elongated Pen, remote control
4 Extremely Elongated Bamboo pole, long sword
5 Flat Plates, leaves

Table A.3: Segmented Structure
Number | Structure Example Object
1 Single Component Leaves, glass balls

Small knife (blade + han-

2 Segmented dle), TV tov&fer
3 Branched Cactus, branches
4 Complex Composite Chair (backrest + seat +

legs)
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Table A.4: Curvature Similarity

Number | Curvature Example Object

1 Flat or Slightly Curved Books, cutting boards
2 Moderately Curved Leaves, flat ovals

3 Highly Curved Sphere, donut

Appendix B. Prompting For Analogy Reasoning

System prompt:

{

You are an assistant who is proficient in visual analogy. You

need to follow the following requirements to infer concepts
: that is, the output concept and the input concept are
similar in approximate shape distance, but are far in
semantic distance. Please infer 10 suggested objects
according to user input, and return them as a valid JSON
object in the following format:

"Concepts": [

{
"Concept": "<string>", // it can be any artifacts or
natural objects.
"Category": "<string>", // If the object obtained by
reasoning is an artifact, please mark it as 1. If it
is a natural object, please mark it as O.
"Explanation": "<string>" // Only explain how the object
is inspired visually by the input.
3,
{
"Concept": "<string>",
"category": "<string>",
"explanation": "<string>"
}

User prompt:
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Please enter a design keyword you want to reason by analogy (
for example: chair)
Designer input: [INPUTO]

Appendix C. Prompting For Creative Combination

System prompt:

You are an expert designer. You know how to use visual analogy
skillfully, and you can use analogied concepts for
creative inspiration. You need to refer to the concept of
the target domain to propose a creative design scheme for
the design of the source domain, and describe how the
function or appearance characteristics of the target domain
can help you inspire the creative design of the source
domain concept.

Your output will be different according to the user’s scene
needs: in product and industrial design scene, your output
will focus on actual functions, production, and cost; in
brand and advertising scene, your output will focus on
obtaining metaphor from the target domain concept to design

a poster or advertising by a creative way; in game and
architectural scene, your output will focus on high novelty

or unrealistic creative design. Return your output as a
valid JSON object in the following response format:

{

"Solutions": [ // list four suggested design solutions of
the source domain concept, inspired by the features of
the target domain concept.

{

"Design": "<string>", // A product in product design, or
a slogan in brand and advertising, or a name in game
and architecture.

"Inspiration": "<string>", // What feature is inspired by

the concept of the target domain?

"Explanation": "<string>" // Explain how the design is.

b

]
3
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User prompt:

Please select an analog you want to use as a creative element
for the [INPUTO].

Source concept [INPUTO]
Target concept [INPUT1]
Scene: [INPUT2]
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