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Figure 1: Overview of our approach for semantic-based Ul search. Left: A multimodal large language model is employed to
extract UI semantics from mobile Ul screens. Right: S&UI, an inspirational semantic-based Ul search system, enables designers
to find relevant UI designs by specifying desired semantic attributes.

Abstract

Inspirational search, the process of exploring designs to inform and
inspire new creative work, is pivotal in mobile user interface (UI)
design. However, exploring the vast space of Ul references remains
a challenge. Existing Al-based UI search methods often miss crucial
semantics like target users or the mood of apps. Additionally, these
models typically require metadata like view hierarchies, limiting
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their practical use. We used a multimodal large language model
(MLLM) to extract and interpret semantics from mobile UI images.
We identified key Ul semantics through a formative study and devel-
oped a semantic-based Ul search system. Through computational
and human evaluations, we demonstrate that our approach sig-
nificantly outperforms existing Ul retrieval methods, offering Ul
designers a more enriched and contextually relevant search experi-
ence. We enhance the understanding of mobile UI design semantics
and highlight MLLMs’ potential in inspirational search, providing
a rich dataset of UI semantics for future studies.

CCS Concepts

« Human-centered computing — User interface design; In-
teractive systems and tools; - Information systems — Multi-
media and multimodal retrieval.
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information, this approach signi cantly improves scalability, allow-
ing for seamless application across diverse Ul datasets and design
tools. Given the potential of MLLMs to o er a richer and more
comprehensive understanding of design elements, this approach
provides a more scalable, exible, and e cient solution compared

Seokhyeon Park, Yumin Song, Soohyun Lee, Jaeyoung Kim, and Jinwookto traditional methods that rely on metadata. This approach enables
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the generation of new, structured metadata from raw Ul images,
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1 Introduction

User interface (Ul) design plays a central role in creating intuitive
and engaging digital experiences. A vital part of the Ul design
process is the inspirational search, where designers explore exist-
ing Ul designs to inform and inspire their own workld, 4§. By
leveraging a wide array of reference materials, designers can craft
innovative, user-centered interfaces that build upon established de-
sign patterns and best practiceg, 9, 16 25. During inspirational
search process for Ul design, designers often focus on functionali-
ties, problem domains, and visual style®7]. These aspects o er
valuable insights into the design choices of Uls and assist design-
ers in comprehending how to ful Il user needs and expectations
e ectively.

However, current Ul retrieval methods are limited in their ability
to capture the nuanced semantic elements essential to an e ective,
inspirational design process. Prior resear@?[52 have focused
on pixel-level retrieval methods, emphasizing visual similarities.
While these approaches are e ective for identifying surface-level
design patterns, they often overlook in-depth semantic aspects such
as user interaction ow, target audience, and the emotional tone
of an application. Some computational method; 31, 34 have
attempted to address these limitations by incorporating metadata
such as view hierarchies and text labels to enable more compre-
hensive browsing of Ul semantics. However, the e ectiveness of
these methods is constrained by the quality and availability of meta-
data, which can vary widely across di erent Ul datasets and design
tools, limiting their scalability and applicability. Likewise, platforms
like Pinterest, Behance, and Dribbble are popular due to their vast
collections of design examples and are frequently used for visual
inspiration. However, these platforms primarily o er image-based
content with limited ability to Iter by deeper semantic attributes,
making it challenging for designers to nd contextually relevant Ul
references$§. Ul curation platforms like Mobbin, which catego-
rize designs by app information, screen category, and Ul elements,
0 er some improvements but rely heavily on manual curation and
human annotation, providing limited scalability.

To address the limitations of existing Ul search methods, we pro-
pose a novel approach that leverages a multimodal large language
model (MLLM) to extract semantic information directly from Ul im-
ages without relying on additional metadata. MLLMs are powerful
models that can process and integrate information from multiple
modalities, such as images and te&3[ 5§. By leveraging the
visual and textual features presented in Ul images, MLLMs can in-
fer complex semantics and generate meaningful metadata without
manual annotation. By focusing on images without any additional

To explore the potential of this approach, we begin our research
by investigating the following key research questions:

RQ1 What Ul semantics are most important for Ul designers
during their search for inspiration?

RQ2 How accurately can a multimodal large language model
(MLLM) extract semantic elements from Ul images?

RQ3 What are the advantages of semantic-based Ul search
compared to traditional pixel or keyword-based retrieval?

To answer these research questions, we rst conducted a for-
mative study with designers to identify the most crucial semantic
facets of inspirational search. Based on these ndings, we devel-
oped a novel methodology for extracting and structuring semantic
information using MLLM. Utilizing these extracted semantics, we
designed S&UI, a semantic-based Ul retrieval system. To assess the
e ectiveness of our approach, we conducted a multi-stage evalua-
tion process. This evaluation included computational assessments
using established Ul datasets to measure the accuracy of app and
screen category classi cation, Ul element prediction, and screen
role understanding. We also performed human evaluations with
designers, combining quantitative ratings and qualitative insights
to validate the quality and usefulness of the extracted semantics.
Furthermore, we compared our semantic-based Ul search method
to existing pixel and keyword-based retrieval methods. Through
this comparative study, we demonstrated the advantages of our
approach across multiple aspects, showcasing its e ectiveness in
inspirational Ul search through quantitative ratings and qualitative
insights from designer interviews.

Building on these e orts, we highlight three key contributions:

We identify the key Ul semantics that designers prioritize
during Ul inspirational search through a formative study.
We propose a novel MLLM-based approach for extracting
rich semantics directly from Ul screen images and assess its
e ectiveness through computational and human evaluations.
We introduce S&UI, a semantic-based Ul retrieval system,
and demonstrate its signi cant strengths over existing pixel
and keyword-based Ul search methods in multiple criteria.

2 Related Work

2.1 Inspirational Search in Ul Design Process

The user interface design process is a complex and iterative en-
deavor that involves multiple stages, from ideation to implementa-
tion [46. This complexity drives designers to search for external
sources of inspiration that can inform their design decisions and
stimulate creativity P, 16. Herring et al.[ 19 highlighted the impor-
tance of examples as a source of inspiration in the design process,
and multiple studiesT, 26 48 noted their role in enhancing design-
ers' creativity and leading to more diverse and innovative solutions.
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During the inspirational search for Ul design, designers need to
understand key semantic aspects, including functionalities, problem
domains, and visual styles[]. However, current platforms strug-
gle to provide these aspects. Wu and ¥tal.[56 noted that current
creative platforms such as Behance and Dribbble provide vast col-
lections focusing primarily on visual style inspiration but lacking
UX-oriented examples. On the other hand, Ul-speci ¢ platforms
like Mobbin lack options for visual style exploration and attempt to
address functionality by manually curating and annotating designs,
which inherently limits their scalability and comprehensiveness.
Due to these limitations, designers struggle to nd examples that
meet their semantic requirements, which is particularly critical in
fast-paced design environmentd% 47]. Therefore, there is a need
for a new approach that identi es those semantics and supports
rich and extensible inspiration searches.

To address this need, this study explores the application of
MLLMs in Ul inspiration search, leveraging their visual understand-
ing and contextual reasoning capabilities. By supporting semantic
analysis of Ul elements such as interpreting visual styles, domain,
and functional roles this approach aims to enable a multidimen-
sional inspiration search, addressing gaps in existing methods.

2.2 Computational Ul Retrieval

The eld of computational Ul understanding has seen signi cant
advancements in recent years, driven by the increasing availability
of Ul datasetsd.g, Rico [L3 34 and its curated subset Enric@f)
and the development of various deep learning techniqu2d.[One
of the key tasks within this eld is Ul retrieval, which focuses on
e ciently identifying and recovering relevant user interfaces.

Several works have focused on learning latent semantic em-
beddings for Ul components and screens, enabling more e ective
retrieval and clustering of similar Uls. Deket al.[34] introduced
a method for learning semantically meaningful embeddings of Ul
components, allowing for e cient search and analysis of Ul design
patterns. Buniaret al.[8] introduced VINS, a Ul design search sys-
tem that utilizes wireframes or screenshots to query and retrieve
relevant Ul examples. Huanet al.[22 proposed Swire, a similar
system that combines sketch-based retrieval with Ul component
recognition to enable more exible and intuitive search experiences.
Methods like Screen2Vec [31] generate embeddings that integrate
Ul components, layouts, and texts for robust retrieval. These ap-
proaches enabled retrieval of semantically similar screens by train-
ing latent representation of semantics. However, they are utilizing
not only Ul images but also metadata, such as view hierarchies,
which are often noisy B(j and inherently limit their scalability. Rec-
ognizing this challenge, recent machine learning approaches have
shown another direction. Park and Kiret al.[43 demonstrated
that large-scale foundation models like CLI®4, trained without
relying on additional Ul-speci ¢ metadata, can achieve superior
retrieval performance compared to traditional approaches. As a
stretching of this approach, GUICIibl], a CLIP model ne-tuned
with Ul datasets, also showed better retrieval performance than
prior methods.

However, most of the above approaches rely on embeddings,
which often fail to fully re ect human perception 2§, and their fo-
cus on embedding similarity limits both interpretability and depth
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of semantic understanding. Building on the strengths of foundation
models, the emergence of MLLMs has opened new possibilities.
Unlike previous methods that utilize latent semantic representa-
tions and their similarities, MLLMs can directly generate semantic
outputs from Ul screenshots, enabling granular and explainable
retrieval. Our work builds upon these foundations while addressing
key limitations: reliance on additional annotations and restricted se-
mantic explanation. So, we investigate whether MLLMs can extract
rich semantic information directly from Ul screenshots, enabling Ul
design inspirational search that considers both functional context
and design intent beyond surface-level visual patterns.

2.3 Multimodal Learning and Language Models
in Ul Design

The application of language models and multimodal learning tech-
niques in Ul design has gained increasing attention in recent years.
While earlier works primarily focused on visual understanding
and retrieval using deep learning methods, the emergence of large
language models (LLMs) and vision-language models (VLMs) has
opened up new possibilities for assisting various aspects of the Ul
design process.

Several studies have explored the use of multimodal learning for
Ul-related tasks, such as generating natural language descriptions
and enabling conversational interactions. ¢fi al.[37 developed a
method for generating natural language descriptions of Ul elements,
which can aid in accessibility and user understanding. Prior works
like Screen2WordsH( and UIBert F] learned embeddings based
on the screen images, view hierarchies, and texts in the Ul, enabling
the generation of natural language descriptions and the discovery
of semantic relationships. These approaches enabled a textual un-
derstanding of Ul by o ering descriptions. Recently, Waatal.[49
demonstrated the potential of LLMs for enabling conversational in-
teractions with mobile Uls, paving the way for users to accomplish
tasks through natural language dialogue.

More recent studies have begun to explore the application of
MLLMs on Ul that go beyond the simple vision-language model. For
example, Ferret-UIH9 combines a customized visual sampler with
MLLM, enabling Ul-related tasks such as referring, grounding, and
reasoning of user interfaces. Likewise, AppAge6t] leverages an
MLLM to operate the user interface in a manner similar to human
users, enabling autonomous task execution. While these approaches
demonstrate the potential of MLLMs in Ul understanding, they are
not speci cally tailored for Ul design tasks. Furthermore, most of
the above approaches require not only images but additional Ul
metadata €.g, types of Ul elements or coordinates) at the time
of inference. This reliance on metadata makes it impractical to
search for Ul design inspiration, as the vast majority of inspiration
materials lack structured Ul metadata.

This study addresses the challenge of e ectively capturing and
leveraging the semantic elements crucial for designers during inspi-
rational searches and creative processes, using only screen images.
We propose a novel MLLM-based approach for semantic extraction
and retrieval, enabling designers to capture the nuanced inten-
tions underlying their work. Our study represents a step forward
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by demonstrating the utility of MLLMs for extracting designer-
oriented semantic elements vital for inspirational Ul design search,
using only screenshot images.

3 Formative Study
We conducted a formative study to understand how Ul designers
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relevant to the design process. This process allowed us to distill
key insights that informed our understanding of essential semantic
elements for Ul search and inspiration.

This study received approval from the Institutional Review Board
(IRB). Participants were fully informed of the study's purpose and
procedures, and their consent was obtained prior to participation.

search for design inspiration and the types of sources, processes, The participants received compensation equivalent to 15 USD for

and methods they rely on. This study focused on identifying the
key semantic elements designers consider important during their
inspirational searc(RQ1). Our goal was to gather insights into

their time and contribution.

3.2 Key Insights from Interviews

how designers navigate the search process and the semantics they3 2 1 Ul Design Process and Inspirational SeResticipants con-
emphasize, which will later serve as a basis for extracting these se- gjstently highlighted the importance of thBouble Diamondlesign

mantic elements from an MLLM and establishing design principles
to guide the development of an e ective search system.

Table 1: Formative Study Participants: Six participants were
recruited to capture a broad range of perspectives. YOE de-
notes years of experience. For students, their number of com-
pleted Ul design projects is noted.

ID | Professional Status YOE Age Gender
| # projects

P1 | Product, UI/UX designer 8 33 M

P2 | Product, UI/UX designer 8 32 F

P3| Product, UI/UX designer 5 29 F

P4 | Senior student 2/4 24 F

P5 | Junior student 2/4 23 F

P6 | Sophomore student 1/3 23 F

3.1 Participants and Procedure
To gain a comprehensive understanding of Ul inspirational search

practices, we recruited six participants, balancing experienced pro-

process 11, which involves both the problem de nition and the
solution exploration phases. During the process, designers focus on
understanding user needs, de ning core features, and considering
the target audience of the app (P1, 2, 4-6). One patrticipant (P2), a
designer with eight years of experience, remarked:

In the discovery phase, we focus on understanding the
user and de ning the features of the app. Knowing the
target audience shapes much of the design process."

This re ects the signi cance oApp CategorandTarget Audience
in the early design stages, indicating the need for tools that allow
designers to search for Uls based on these factors.

During the solution exploratiophase, designers begin wirefram-
ing and developing the visual aspects of the interface. A common
challenge noted by multiple participants was nding screens that
served similar functional roles while maintaining their design styles.
As P6 explained:

| search for screens with a similar function because it
helps me gure out the layout and elements | need."

Including this, multiple participants emphasize the importance of
Screen Roles a key semantic in Ul search tools, helping designers

fessionals and emerging designers. This sample size was chosenyjign their screens with the intended function within the user ow

based on prior research, which indicates that it e ectively captures
recurring themes and meaningful insights within a focused qual-
itative study [18 39. Balancing expertise levels ensured a broad
range of perspectives, which enriches the depth and applicability of
ndings [ 12 21]. This diversity allowed us to capture general needs
from early-career designers to experienced practitioners, providing
a more comprehensive understanding of design practices. The nal
participants included three expert Ul designers and three design
major students with Ul design experiences, as shown in Table 1.

We conducted semi-structured interviews lasting 1 hour each.
The interviews were designed to be conversational and exploratory,
allowing participants to share their experiences and insights freely.
We began each interview by asking participants to walk us through
their typical design process, paying particular attention to how they
search for inspiration and reference materials. We then investigated
their use of existing Ul search tools more deeply, encouraging them
to share speci c examples of successes and frustrations.

All interviews were audio-recorded with participant consent
and later transcribed for analysis. We employed thematic analy-
sis, iteratively coding the transcripts to identify recurring themes,

(P2, 3,5,6).

3.2.2 Sources of Inspiration and their Limitatid»ssigners fre-
quently seek inspiration from established platforms to assist them
in their work, such asPinterestBehanceandDribbble However,
most participants were frustrated with the lack of Itering options
that account for Ul-related elements like app and screen informa-
tion, as Wu and Xwet al.[56 highlighted in earlier research. As P2,
one experienced designer commented:

It's hard to nd screens that match my app's category
or the role of a speci c screen in the user ow. Most
platforms just give me visually similar designs, but the
context is missing.”

This highlights the necessity of incorporating application and screen
level semanticsd.g, App Categoryand Screen Rolinto Ul search
tools, enabling designers to locate references that align with their
project's functional requirements. While most participants utilized
Ul-speci ¢ platforms like Mobbin to get inspiration for app ows
and screen functionalities, they noted its lack of support for Itering

challenges, and desired features. The authors conducted semanticbased on visual elements such®odor emotional tonéP1-5). P4

coding of the interview data, organizing insights into key categories

explained:
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I need to nd Uls that match the mood | want for my
app whether it's professional or playful. But nding
something that ts that tone is hard."

This underscores the need for a search tool that allows designers
to Iter Uls by Mood a crucial component of the visual design of

apps.

3.2.3 Challenges with Current Search MethAd®mmon issue
voiced by participants was the ine ciency of existing Ul search
methods, which rely heavily on simple keyword-based queries (P1-
3,5, 6). P3, with ve years of experience, shared their frustration:

Current tools only let you search with keywords like
‘login screen Ul, but they don't give you the deeper
context like the app's audience or the screen's role. It
takes forever to nd the right match."

This highlights the need for a more semantic-driven search sys-
tem, where designers can search not only by textual information or
visual appearance but also by meaningful attributes suclaget
AudienceScreen RalandApp Category

Participants also emphasized the time-consuming nature of man-
ually Itering through search results to nd the right inspiration
(P1, 4-6). As P6 explained:

| often have to go through tons of irrelevant results to
nd something that ts my project. It's a huge waste of
time."

This points to the importance of a Ul search system that can auto-
matically narrow down results based on key semantics, reducing
the manual e ort required to nd relevant designs.

3.3 Key Semantics Derived from the Study

Through semantic coding, we identi ed several key semantics that
designers consider important when searching for inspiration. We
found several Ul semantic elements that were consistently men-
tioned across participants, and these elements were organized into
four main levels:Application (App)ScreenCompositionandVisual
Desigrilevel. At the app level, we identi ed the app category, de-
scription, similar apps, and target user information. The screen level
semantics included screen category, role, and navigation context,
while the composition level focused on Ul elements and action items.
The visual design level encompassed color (scheme and palette)
and mood considerations.

To ensure our semantics re ect widespread designer needs, we
derived elements mentioned by ve or more participants, exclud-
ing less frequently mentioned elements like typography, visual
style system €.g, material design, glassmorphism), iconography,
and UX writing tone. Below, we detail each semantic level and
its constituent elements, supported by designers' quotes from our
interviews.

3.3.1 Application Level Semantics.

App Category and Description : Designers often reference
Uls within a speci ¢ app category, such as social media, e-
commerce, or productivity, along with descriptions of the
app's purpose and features. This allows them to nd designs
that align with the functional and aesthetic expectations of
the app type.

3.3.2

3.33

334
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Target User: The intended user demographic whether pro-

fessionals, children, or older adults plays a signi cant role

in shaping design decisions. Designers expressed a need to

search for Uls that cater to speci ¢ audiences.
When | design for older adults, | need to nd Uls that are
accessible and easy to use. But it's hard to Iter for that
in most search toolgP3)

Similar App : Designers often seek inspiration from apps

with similar functionality or design principles. Being able to

nd Uls from apps in the same domain helps ensure their

designs align with industry standards and user expectations.
When designing a new app, | always look at top apps
in the same category to see how they handle common
features and interactiongP1)

Screen Level Semantics.

Screen Category and Role: Designers often look for Uls
based on the functional category and speci ¢ role of a screen
within the app, such as login screens, dashboards, or pro le
pages. These semantics are particularly important during
wireframing, where the structure and layout are closely tied
to the screen's purpose.
Navigation Context : Participants noted the importance of
understanding how a screen ts into the overall user ow,
including what screens come before or after it. This helps
create cohesive designs that guide users smoothly through
the app.

It would be helpful to know what screens come before or

after the one I'm designing, so | can better plan the user

ow." (P5)

Composition Level Semantics.

Ul Elements : Designers frequently search for speci ¢ Ul el-
ements like buttons, input elds, and navigation bars, which
play a key role in the overall usability and functionality of
the app. The ability to Iter search results based on these
components was a widely requested feature.
Action Items : The visibility and emphasis of actionable
elements, such as buttons and links, are critical for ensuring
user engagement. Designers expressed the need to nd Uls
that make these elements stand out clearly.

Actionable elements like buttons need to be obvious, and

I'm always checking how other apps highlight thefa2)
Layout: Designers often reference layouts during wirefram-
ing to understand how Ul elements are arranged on a screen
and how they interact to support functionality and aesthetics.
This helps ensure the composition aligns with the intended
user ow and design goals.

Visual Design Level Semantics.

Color : The color scheme and palette play a crucial role in
setting the visual tone of the app. Designers need to nd Uls
that employ colors e ectively to convey the right mood and
ensure accessibility.
Color is so important for creating the right feel. I'm al-
ways searching for examples of color schemes that t the
mood I'm going for[P5)
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Table 2: Categorized breakdown of key semantic elements in mobile Ul design, detailing  Application , ScreenComposition, and
Visual Design levels, along with their descriptions for a semantic-based retrieval.

Level Semantic Description
App Category The type of applicatiore(g, social, productivity, or entertainment).
s App Description A brief overview of the app's purpose, features, and functionality.
Application B o . . . -
Similar App Examples of apps with similar functionality or design principles.
Target User The primary audience the app is intended for.
Screen Category The type of screemsy, login, dashboard, or pro le screen).
Screen Role The speci ¢ purpose of the screen, similar to screen summary.
Screen - . - . .
Next Screen The screen users will navigate to after completing possible actions.
Previous Screen  The screen from which users arrived, o ering context or continuity.
Ul Elements Speci ¢ Ul elements such as buttons, text elds, or images.
Composition Action Items Interactive elements like buttons or links that prompt user actions.
Layout The arrangement of Ul elements on the screen.

Color Scheme The color combinations used across the Ul.

Visual Design Color Palette The speci ¢ colors chosen for Ul elements.
Mood The emotional tone conveyed by the app's design.

Mood: Participants emphasized the importance of nding functionality but lack support for aesthetics like mood and
Uls that convey the right emotional tone or visual mood for tone. Designers focus on functionality in the early stages
their project. The ability to Iter Uls by mood helps designers and shift to aesthetics in later stages, but current systems fail
create interfaces that align with the brand's identity or the to support both aspects e ectively. This lack of integration
app's goals. of current tools hinders the iterative design process as de-

The mood of the app is key whether it's serious and signers struggle to revisit and re ne their work holistically.

professional or fun and playful. | need Uls that match that Supporting both functionality and aesthetics in an integrated

mood.(P4) manner allows for richer inspiration at each stage, enabling

By incorporating these semantics, our MLLM-based search sys- designs that are both e ective and visually compelling.

tem will allow designers to nd more relevant and contextually ap- ) o o )
propriate Ul designs, addressing the limitations of current keyword-  DP2 Flexible Query for Adjusting Prioriti€sur formative study

based tools. This will enhance the search experience by enabling de- revealed that designers' search priorities shift across di er-
signers to lter results based on deeper, more meaningful attributes, ent design stages, focusing more on functional elements in
resulting in a more e cient and targeted inspirational search pro- the early stages and on aesthetic aspects in wireframing and
cess. In addition to the insights gathered from our study, we also visual re nement. This principle emphasizes the need for a
incorporated widely accepted semantic elements commonly used search approach that adapts to shifting priorities, allowing
in the Ul design community. This comprehensive approach ensures designers to emphasize certain semantics while maintaining
that our system re ects both the nuanced needs of designers, as a level of consistency in the overall search results.

highlighted in our interviews and the established practices within ) ) ]
the industry. Table 2 provides a structured summary of the key ~DP3 Adaptive and Exploratory Sear&¥esigners emphasized the

semantics derived from our study, categorized into app level, screen iterative nature of their search process and the di culty of
level, composition, and visual design attributes. These semantics articulating precise search keywords to nd relevant refer-
will form the foundation of our approach to semantic-driven Ul ences. This highlights the need for iterative query re nement,
retrieval, addressing the limitations of existing tools. allowing designers to adjust their searches dynamically. Ad-

ditionally, surfacing the semantics of search results can help

3.4 Deriving Design Principles overcome the limitations of keyword-based searches, facil-

Building on the ndings from the formative study, we established
three key design principles to guide the development of a semantic-

itating a more adaptive and exploratory discovery process
during inspirational searches.

driven Ul search system that addresses the challenges and needs  These principles address the challenges identi ed in the forma-

highlighted by designers.

tive study, serving as the foundation for our system design. By

DP1 Considering both Functionality and Aesthetogsting in- embedding these principles into the system design, we aim to en-
spiration platforms often prioritize aesthetics but overlook  hance both the e ciency and creativity of the inspirational search
functional aspects of Ul, while Ul-speci ¢ platforms focus on  process for Ul designers.
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4 Methods a brief explanation of its design implications.@, playful: A simple
This section outlines our methodology for extracting semantics and straightforward design facilitating focus on habjitéJsing keys
from mobile Ul screenshots using a multimodal large language helps organize attributes for faster lookup, while detailed descrip-
model (MLLM). We describe our approach to structuring and ex- tions support both embedding-based searches and the adaptive and
tracting key semantics and explain how these semantics are lever- €xploratory search principle. Table 3 provides an overview of the
aged to build a semantic-based Ul search system. structured output formats for all key Ul semantics.

4.1 Semantic Extraction Table 3: Output formats for key Ul semantics. The table out-
lines how semantic attributes are structured into standard-

We adopted standardized de nitions and techniques for various ‘ = -
ized formats for clarity and usability in design tasks.

semantics and structured prompting strategies to extract key seman-
tics using an MLLM. The following sections detail how we de ned

semantic structures and implemented the extraction process. Semantic \ Output Format

4.1.1 Defining Categorical Semantitle. used widely accepted App Category | List of app categories
industry-standard sources in mobile Ul design to establish consis-  App Description | Brief description of application

tent de nitions for key areas of categorical semantics and align Screen Category List of screen types

with designers' everyday work ow. For thepp categorywe uti- Screen Role Brief description of screen purpose
lized the categorical semantics from the Apple App Sforehich Target User Key-value pairguser types: descriptions)
provides a comprehensive and standardized classi cation system  Similar Apps List of app names with descriptions
for mobile apps. For thecreen categarye adopted the mobile Ul Elements Key-value pairgelements: descriptions)
screen categories from Mobbin, a curated Ul repository resource  Layout List of layout types with explanations
frequently used by Ul designers, to provide a practical and com-  Action Items Key-value pairgui elements: action)
prehensive taxonomy. We also considered using screen topics from  Next Screen Descriptions of potential next screens
Enrico 29 as an alternative but chose topics from Mobbin asit ~ Previous Screen| Descriptions of potential previous screens
o ered ner granularity. Lastly, for Ul elementswe categorized Mood Key-value pairgmoods: descriptions)

Ul components€.g, buttons, text elds, navigation bars) using Color Scheme | Key-value pairgschemes: descriptions)
Mobbin's classi cation. Given the potential for multiple labels to Color Palette | Key-value pairgelements: HTML color)

apply to the same screen, semantic outputs were structured in a

list format to accommodate overlapping categories.

4.1.3 Prompting Strategy for MLLWb achieve optimal results
from the MLLM, we implemented a detailed prompting strategy
following established prompt engineering principles that include
ve key components (Figure 2)Assistant Persopd@ask Instruc-
tion, Feature List-eature De nition and Instructip@andResponse
Form Each component was encapsulated in an XML format to
enhance the e ciency of the prompt executiord]. The Assistant
Personaomponent de ned the MLLM as a mobile application
design expert specializing in interpreting mobile Ul screenshots
and identifying detailed characteristics. This approach is based on
the role prompting techniqued, 57, which e ectively frames the
model's responses within a speci ¢ context and expertise level.
This persona was designed to draw insights from screenshots and
provide expert-level analysis tailored to the speci c context pre-
sented. Th&ask Instructiomomponent outlined the assistant's task
as understanding the screen's content, extracting text, identifying
Ul elements' roles and positions, and recognizing relationships be-
tween them. We provided clear and speci c instructions that are
fundamental to e ective prompt engineering, guiding the model's
focus and output 1, 2, 17. The Feature Listomponent included

a comprehensive set of semantic attributes as identi ed earlier.
TheFeature De nition and Instructiocomponent provided detailed

4.1.2 Handling Layouts and Visual Deskpr. more complex de-
sign attributes, such as layout and mood, we curated semantic
de nitions from existing design literature and Itered them to en-
sure relevance to mobile interfaces. For tlagout, we adopted Ul
layout guides from online materid| curating a set of layouts spe-

ci ¢ to mobile Ul and excluding those intended for desktop or other
environments. We selected guideline articles because describing
intricate layouts textually is inherently challenging3g, and these
articles o er semantically meaningful textual interpretations of
the layout. Formood extractionwe referenced Nielsen Norman
Group's guidelines on moodboar®@§ to provide a robust set of
mood keywords and lter those relevant to mobile design. Femi-

ors we adopted a hybrid approach. Color is a critical visual design
component, but current LLMs often struggle with precise color ex-
traction [51]. To address this issue in the context of color schemes,
we leveraged LLMs to generate initial color scheme categories. This
approach takes advantage of the extensive knowledge of the LLM
of well-known color schemes, allowing it to generate schemes that
align with the general design intent. For the color palette, inspired
by a previous study 49, which adopts HTML format for LLMs'

Ul understanding, we presented color information using HTML
color names. We added strqctqre to mu!ti-faceted attributes TQ‘UCh de nitions and instructions for extraction for each feature. The
as mood and layout by assigning colnC|se keys to each atiribute model was instructed to respond with appropriate values within
where needed._ For example, a screen's mood can be represen_ted bythe prede ned categories for categorical semantics. For example,
a key-value pair, where the key is the mood, and the value provides in the case of Ul elements, the model was tasked with identifying

Lhttps:/www.apple.com/app-store/ each element's role, while for the next and previous screens, it
2https://devsquad.com/blog/user-interface-layouts was guided to align its output with the inferred screen role. For
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Figure 2: lllustration of prompt and semantic output for mobile Ul semantic extraction using multimodal LLM. The left panel

displays our prompt concept (the mobile Ul screenshot and additional prompts (

i.e, assistant persona, instruction, feature

list, feature de nition & instruction, and response form), and the right panel presents the structured YAML-formatted output

detailing key semantic attributes extracted by GPT-40.

the color palette, the assistant was prompted to analyze the color
distribution rst and extract the primary and secondary colors. It
was also instructed to output the colors of major Ul components
in HTML Color Name format, ensuring clarity and consistency in
the response. This detailed approach to de nitions and instructions
aligns with the principle of providing comprehensive context to
improve the model's understanding and performan& 14, 42.
Finally, theResponse Forwomponent speci ed the output format.
We chose the output format as YAML, which was selected for its
human readability and ability to reduce token counts up to 584 [

by eliminating unnecessary characters like braces and reducing
blank space indentation of JSON.

4.1.4 Model and Configuratiowe employed OpenAl GPT-441],

one of the most competitive MLLM models, to extract key seman-
tics from mobile Ul images. During our preliminary testing, we
evaluated several publicly accessible MLLMs available in our re-
search period, though the options were just a few. Among these,

GPT-40 demonstrated superior performance in understanding Ul
concepts and generating consistent semantic descriptions, making
it the optimal choice for our research.

To assess the MLLM's ability to understand Ul semantRQg),
we chose a zero-shot approach, not providing the model with any
prior Ul examples or semantic labels, for the following reasons. First,
this approach allows us to evaluate MLLMs' inherent capability
to grasp Ul semantics without the confounding e ects of addi-
tional training or example data. Second, ne-tuning or few-shot
approaches would require extensive human-labeled datasets, but no
well-structured data exists for the semantic attributes we identi ed.
Moreover, the breadth of semantics cannot be adequately addressed
with only a few shots. A detailed evaluation of the model's semantic
extraction capability in this context is presented in the computa-
tional and human evaluation sections.
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Figure 3: The query and retrieval method illustrates how user-speci e
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d semantics and weights are processed to retrieve relevant

Ul designs from the database. The system computes cosine similarity scores between the query and the designs, considering

user-adjusted semantic weights to prioritize certain elements.

4.2 S&UI: Semantic-based Retrieval System

4.2.1 Search ery and Retrieval Method Desigie designed a
guery system that enables users to input their desired semantics and
retrieve the most relevant Ul designs from the database. The search
query input consists of user-speci ed semantics, where users can
select the semantics they want to search for and provide a textual
description for each semantic, enabling a exible combination of
functional requirements and aesthetic interidP1). To measure the
similarity between the user query and the Ul designs in the data-
base, we employed the Openféxt-embedding-3-large  model

for text embedding. As shown in Figure 3, we calculated the cosine
similarity between the query and semantics in the database. Guided
by the principle of exible queries for adjusting prioritiesqP2), in
cases where multiple semantics are involved, users can adjust the
weight of each semantic to re ect their importance, and a weighted
sum is applied to calculate the overall similarity score. To construct
the search database, we extracted text embeddings for all Ul seman-
tics in each screenshot. For semantics in the key-value format in the
YAML output, we represented the semantics by including the key
along with the value description. This approach ensures that the
similarity search not only considers the textual description in the
value but also re ects the speci ¢ semantic represented by the key.
Furthermore, aligned with our principle of supporting functionality
aspects of UIDP1), we developed special queries to address this
requirement. While the regular queries focus on nding Ul designs
similar to the user-speci ed semantics, these special queries are
designed to retrieve the next or previous screens in the user ow.
This functionality is made possible by the LLM's ability to infer the
next and previous screens. The special queries are implemented by
calculating the similarity between the screen roles in the database
and the inferred next or previous screen semantics from the query.

4.2.2 Interactive Search Syst¥ve.developed an interactive mo-
bile Ul search systeng§&UI, that embodies our design principles
through integrating query formulation, result display, and iterative
re nement to facilitate user interaction within our semantic-based
retrieval methods, as illustrated in Figure 4.

The search panel enables users to de ne their desired semantics,
providing a customizable blend of functional needs and visual pref-
erencesDP1). Users can freely add or remove semantic attributes,
input natural language descriptions for speci ¢ design require-
ments, and utilize dropdowns for prede ned categorical semantics.
To adjust search priorities¥P2), the system allows users to assign
weights to each semantic, visually represented by a dynamic bar
chart above the search button. This functionality helps designers

ne-tune their queries and prioritize speci ¢ Ul semantics. Once
the query is submitted, the backend processes the selected seman-
tics and weights to retrieve the most relevant Ul designs from the
database. The system uses pre-computed text embeddings of the
Ul semantics for e cient similarity calculation and ranking.

The results panel presents retrieved Ul designs in a structured
format, with overall matches considering all provided semantics
at the top. Below, individual semantic search results are shown,
ranked by similarity scores for each facet. To support exploratory
and adaptive searctDP3), clicking on a resultimage opens a screen
detail panel that displays the extracted semantics for the screen.
This detailed view, as shown in the bottom part of Figure 4, allows
designers to examine the semantic attributes in-depth, assessing
the design's suitability for their project. To facilitate the iterative
nature of design exploration, the import button in the detailed view
enables users to incorporate the semantics into subsequent queries,
supporting an iterative and exploratory design process. We also
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Figure 4: The S&UI system interface. The system enables designers to search Ul screens using key Ul semantics, such as app
category, mood, and screen role. The Search Panelallows the addition of semantic descriptions and weight adjustment according

to user needs. The Result Panel displays relevant screens retrieved based on semantic queries. In the Screen DetailPanel,
designers can explore detailed screen semantics, iterating and re ning their search with the Import feature. The Find Next &
Previous functionality helps nd screens based on estimated user ows, enhancing designers' contextual understanding during

the design inspiration process.
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