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Abstract

Integrating artificial intelligence (AI) into residential architectural design faces challenges
due to fragmented workflows and the lack of localized datasets. This study proposes the
CorbuAI framework, hypothesizing that a multimodal AI system integrating Pix2pix-GAN
and Stable Diffusion (SD) can streamline the transition from floor plan generation to el-
evation and interior design within a specific regional context. We developed a custom
dataset featuring 2335 manually refined Chinese residential floor plans and 1570 elevation
images. The methodology employs a specialized U-Net V2.0 generator for functional layout
synthesis and an SD-based model for stylistic transfer and elevation rendering. Evaluation
was conducted through both subjective professional scoring and objective metrics, includ-
ing the Perceptual Hash Algorithm (pHash). Results demonstrate that CorbuAI achieves
high accuracy in spatial allocation (scoring 0.88/1.0) and high structural consistency in
elevation generation (mean pHash similarity of 0.82). The framework significantly reduces
design iteration time while maintaining professional aesthetic standards. This research pro-
vides a scalable AI-driven methodology for automated residential design, bridging the gap
between schematic layouts and visual representation in the Chinese architectural context.

Keywords: artificial intelligence-based architectural design; multimodal generative design;
residential building design; conceptual architectural design; generative adversarial
networks (GANs); diffusion models

1. Introduction and Background
As smart technologies gain traction in the construction industry, the implementation

strategies and methods for intelligent design within architectural firms have garnered
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increasing attention [1]. Building informatics has evolved into an applied science, utilized
to explore the application of computer science methods and information technology in
the construction sector. Since September 2022, the technology of AI-generated content
(AIGC) has experienced rapid development in the design, creation, and content industries,
progressing at a swift pace.

In traditional architectural design, a complex process entails consideration of numer-
ous parameters and various evaluation criteria. Typically, architects rely on their past
experiences and creativity to generate new designs [2]. Architectural design is an iterative
process [3], involving repeated attempts during conception and creation based on spe-
cific requirements. Therefore, the introduction of AI-generated content (AIGC) represents
an exploration of needs and potential solutions within an uncertain space [2]. Research
conducted by Harapan et al. indicates that over 50% of AI software is utilized to assist archi-
tects in conceptual design [4]. Before the emergence of AI-generated content (AIGC), most
AI technologies were primarily developed for predefined objectives, utilizing functions
tailored to address the initially defined scope [5].

A typical lifecycle of a building project can be observed in the stages depicted in
Figure 1. Imdat As et al. identified the lack of viable tools in the early design stages as a
problem in the project cycle that could be effectively addressed by AI-based products [6].
The MacLeamy Curve, proposed by Patrick MacLeamy of Hellmuth Obtat Kassabaum,
USA, is utilized to represent cost comparison at different stages of the building lifecycle.
MacLeamy argued that changes are less likely to occur in the later stages of a building
project [7,8]. Additionally, Mazurek et al. argued that the likelihood of design changes
usually increases early in the design process and decreases in the later stages [9], thereby
highlighting the importance of the pre-planning and conceptual scheme stages.

Figure 1. McClemmy Curve for Architectural Design Process (Original concept by Davis, D. redrawn
by author) [7,8].

In the conceptual and scheme stages, architectural design processes encompass various
subsections such as floor plan, facade design, and space design. These processes exhibit
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a relatively high standardization of geometric compositions characterized by repetitive
elements and regular arrangements. Consequently, adopting computer programming
languages to analyze, learn, and imitate a large number of design cases can efficiently
generate design results. Drawing review and design specifications for building floor plans,
facades, and interior spaces are not as stringent as those for building structures [10]. In
practice, designs generated by computer programs can be utilized as intention drawings
and reference drawings, facilitating clear and rapid evaluation of plane, facade, and spatial
designs. Furthermore, floor plans, facades, and spatial forms all serve as expressions of
a building’s style and contribute to visualizing its architectural aesthetic characteristics.
Additionally, the design generation function in the design phase is identified as one of the
desired functions based on research and analysis of interviews with potential users.

Building upon this foundation, according to the national economic classification of
industries, the “housing construction engineering industry” is a sub-sector of the “construc-
tion industry” [11]. “Residential building construction” consistently ranks first in terms
of completed area and stock within the housing construction engineering industry across
all sectors each year. This type encompasses almost the entirety of residential building
construction, making it representative of the general housing construction engineering
industry. Consequently, the previous study focuses on the specific type of residential
building construction for in-depth examination, representing the broader housing construc-
tion engineering industry, and the previous results are shown in Figure 2. Based on the
requirement analysis of the initial three parts, the model framework and development of
the AI building design platform will be conducted during the early stages of residential
buildings, specifically in the conceptual design stage.

Figure 2. Requirement boundary definition of minimum viable product.

The study’s background highlights the growing application of artificial intelligence
(AI) technology in the construction industry, emphasizing the importance of developing an
intelligent system to enhance the efficiency of architectural design. However, traditional
architectural design processes face limitations in terms of efficiency and technology, creating
the need to define the functional requirements of an AI-based architectural design platform.
The objective of the research is to determine the platform’s requirements by identifying
stakeholders and collecting and filtering these requirements.

In this research, a layered architecture of the platform is developed, and discussions on
the technology stack and key technologies are carried out. The study primarily addresses a
significant gap in existing literature, which is the lack of practical applications tailored to
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the Chinese context, especially regarding the availability of datasets and algorithm training.
On this basis, the requirements of the minimum viable product (MVP) in this study solely
pertain to the “conceptual and scheme design stage,” “residential building,” “plan, facade,
space,” “AI,” and “generative design.” Within the scope of this study, the “multimodal
AI-based architectural design platform” is conceptualized and deployed as the optimal
implementation practice based on existing research.

To guide this investigation, we formulated the following three research questions
(RQs) and corresponding hypotheses (Hs):

RQ1. Can a localized, expert-refined dataset significantly improve the functional logic of
AI-generated residential layouts compared to generic models?

H1. A domain-specific dataset tailored to regional architectural norms will result in higher spatial
allocation accuracy and structural viability.

RQ2. How does a multimodal integration of GANs and diffusion models affect the consistency
between 2D schematic design and 3D aesthetic rendering?

H2. A synchronized multimodal pipeline will maintain a consistent structural “DNA” across
different design stages, reducing topological errors in the transition from 2D to 3D.

RQ3. To what extent can the CorbuAI framework enhance design efficiency in professional
architectural practice?

H3. The automated generative workflow will reduce the early-stage schematic iteration cycle by
over 90% compared to traditional manual methods.

As a solution, the study uses original and novel datasets specific to China’s residential
buildings and optimizes GAN/AI algorithms to better fit China’s practical application envi-
ronment. In terms of methodology, the study analyzes platform requirements, architecture,
and key technologies, leading to the proposal of CorbuAI (computer-generated residential
building, CORBU), an AI-based architectural design platform leveraging multimodal AI
technologies. This platform consists of three core features: building floor plan generation,
building facade generation, and interior space style transfer. The research process involves
data collection and preprocessing, fine-tuning pre-trained models, and evaluating model
training results. Finally, the study successfully developed an integrated platform and
verified its feasibility in real-world architectural design scenarios. The platform provides
both theoretical and practical support for applying AI technology within the architectural
design industry.

2. Literature Review
2.1. Historical Evolution of AI in Architectural Design

With the development of automated architectural design, computer-aided design
and manufacturing (CAD-CAM) technology has been introduced into the traditional
architectural field [12]. Warszawski and Sangrey argue that the combination of CAD-CAM
provides the basis for future architectural systems [13]. Although rule-based design models
dominate in academia and have achieved positive results in some studies [14], many
architectural design problems remain non-deterministic. For example, Sacks points out
that automation in architecture often faces challenges [12], and there may be multiple
solutions for the same input. Therefore, the use of appropriate optimization methods is
crucial in complex design scenarios [15]. Evolutionary algorithms, swarm intelligence,
artificial neural networks, and other biologically inspired techniques are employed to assist
architects in finding high-performance design solutions [16].
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The visualization of designers’ ideas is essential in the architectural design process.
However, processes such as conceptualizing and creating design drawings are expensive
and time consuming [17]. AI-based architectural design is widely applied in the field of
“generative design”, primarily to assist in floor plan creation, facade design, and rendering
of effect drawings. For many years, researchers have been employing these algorithms to
enhance architectural design work [18].

Oxman formalized the concept of “design interpretation” for defining, classifying, and
designing expert system performance, facilitating mappings between design requirements
and solutions, as well as between solutions and performance evaluations [19]. Zandi-
Nia explored generative design at the topological level, emphasizing the need to clarify
interactions between building locations based on design data and site conditions, utilizing
clustering and hierarchical path selection to develop a hybrid integrated design system with
neural networks [20]. Ali and Lee studied integrated bottom-up digital design, proposing
a framework for early design exploration using deep convolutional generative adversarial
networks to create intricate facade designs for urban infill [3]. Han and Shin developed a
sketch-based effect drawing model utilizing the Pix2pix model [17].

Automated decision making in architectural design is primarily reflected in assisting
design evaluation, material selection, and structural calculations. Through technologies
such as natural language processing and visual monitoring, input and output data can be
assessed, reducing human errors and allowing for the early evaluation of design results. AI
algorithms help architects complete designs more quickly and accurately, improving design
quality. Architects can utilize computer-aided design software to automatically generate
design solutions that meet provided requirements. These solutions can then be analyzed
and optimized using machine learning techniques to provide the best possible outcome.
The multidisciplinary design optimization framework proposed by Lin et al. aims to obtain
feedback on design decisions in the early stages [21,22]. In space planning, Currie and
Tate studied the challenges in generating planning solutions and proposed an optimization
scheme along with a demonstration system [23]. Wang et al. employed the Stable Stage
Island Evolutionary Algorithm to generate diverse design outcomes, assisting architects in
exploring different design directions [24].

In recent decades, a number of innovative firms have emerged, focusing on applying
technologies developed in other industries to the construction sector, thus forming an
ecosystem known as “ConTech.” In the United States, investment in architectural technol-
ogy has increased from approximately USD 250 million in 2013 to over USD 1 billion in
2018 [25].

Automation in the construction industry has become a common development goal for
both academia and industry. The transition from traditional methods to intelligent ones
has passed through several stages: expert systems in the 1970s and 1980s, computer-aided
design in the 1990s, parametric design around 2000, and algorithm-driven models in the
2010s. This transformation can be attributed to improvements in computer hardware and
enhanced computing power (Table 1).

Mehul Bhatt suggests that the next generation of products will consist of human-
centered computational cognitive systems and aided design technologies. The method of
applying “predictive analysis of designs that have not yet been created” in architectural
design will address spatial problems from the perspective of formal modeling and compu-
tation, which is related to ontology and formal semantics [26]. During this transformation,
a key issue that needs to be addressed is whether there are adequate infrastructure tools
and platforms available to make architectural design more intelligent.

Emerging technology, centered on algorithms, requires development and deployment
to realize its technical value, which is adopted due to its wide dissemination. Traditional
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architectural design processes face efficiency and technological limitations, often seen as
an “applied lag” industry, taking years to adopt mature technologies from other fields. To
improve design efficiency and reduce costs for architectural design firms, it is necessary
to develop functional requirements for an AI-based architectural design platform based
on the analysis of impact mechanisms and adoption implementation, followed by the
development of a prototype platform and practical testing with selected cases.

Table 1. Summarized historical evolution of AI in architectural design from literature.

Time Period Event

1970s–1980s Emergence of representative expert systems.

1980s Warszawski and Sangrey proposed the combination of CAD-CAM technology with
traditional architectural fields, providing a basis for future architectural systems [13].

1990s Automated computational design methods became a focus for research
and commercialization.

2000s Rise of parametric design.
2010s Algorithm-driven models became a mainstream focus for research and commercialization.

2013 Venture capital investment in US architectural technology was approximately USD
250 million annually.

2014 Lin et al. proposed a multidisciplinary design optimization (MDO) framework [21].

2016 Mehul Bhatt proposed that the next generation of products will be human-centered
computational cognitive systems and aided design technologies [26].

2018 Venture capital investment in US architectural technology grew to over USD 1 billion
annually [25].

2020
Challenges of automated architectural design [12]; Introduction of CAD-CAM technology

into traditional architectural field [13]; Utilization of Stable Stage Island Evolutionary
Algorithm (SSIEA) for diverse design optimization in architectural design [27].

2021
AI-based generative design widely used to assist in floor plan creation, facade design, and

rendering of effect drawings [18]; development of a sketch-based effect drawing model
using the Pix2pix model [17].

2.2. Identified Issues of AI in Architectural Design from Literature

Architectural design is a problem-solving process [28–30]. From the perspective
of the architectural design industry, architecture, as a “delayed application” discipline,
requires the support and empowerment of new technologies, especially emerging computer
science and artificial intelligence algorithms. This demand also presents challenges to the
speed of algorithm development and debugging efficiency, particularly for architectural
design and its theoretical directions, in order to solve related problems encountered in
practice. This demonstrates the rationale for applying artificial intelligence technology to
architectural design.

Machine learning, belonging to the field of artificial intelligence, essentially seeks
patterns in data and finds the optimal solution to a problem. It can be considered as
exploring solutions within a relatively fixed range. When the optimization algorithm
converges to a local minimum or a static point, it means that the optimal solution has
been obtained.

The facade design of an architectural building collectively showcases its overall aes-
thetic style. However, traditional architectural design is a complex and time-consuming
process that cannot quickly produce aesthetically expressive and creative works. In recent
years, many scholars and technology developers have used machine learning techniques to
assist various tasks in the architectural design process.

Building upon existing AI algorithms, this research makes three improvements: at
the generator algorithm level, U-Net V2.0 is used, adding a processing layer between the
encoder and decoder to better segment noisy images; during model training, a dataset of
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newly built residential buildings in China is primarily used, the feature elements of labeled
buildings are improved, and the iteration cycle and number of iterations are increased to
enhance model accuracy; at the model application level, a multimodal approach is adopted,
encapsulating the dataset and pre-trained model into a web application and integrating
a front-end interface, allowing users to operate without any programming skills. The
final research outcome is an AI-powered architectural design platform with a visual user
interface, which can reduce the time and effort required in the architectural design process.

2.3. Synthesis of Literature and Identification of Research Gaps

The current body of research in AI-based architectural design (AIAD) demonstrates a
clear trajectory from simplified generative adversarial networks to high-fidelity multimodal
diffusion models. However, through a systematic synthesis of existing studies, several
critical limitations emerge.

First, existing research often exhibits a “functional-aesthetic decoupling.” Studies
focusing on spatial layout generation, such as those employing Pix2pix or House-GAN [31],
excel in functional topology but frequently lack the capacity for high-quality visual represen-
tation. Conversely, recent advancements in latent diffusion models provide sophisticated
aesthetic rendering but often struggle to maintain the rigorous structural logic required
in professional architectural practice, leading to “architectural hallucinations” where gen-
erated forms lack functional viability. Second, there is a prominent “geographic and
contextual void” in standardized datasets. The majority of open-source datasets utilized in
previous literature are based on Western residential typologies, which differ significantly
from the high-density, standardized residential modules prevalent in the Chinese urban
context. The lack of a manually refined, localized dataset limits the practical applicability of
AIAD models for Chinese architectural practitioners. Third, the integration of multimodal
workflows remains fragmented. Most frameworks operate as isolated tools for specific
design stages—either floor plan synthesis or facade rendering—without a unified pipeline
that ensures logical consistency across the entire design evolution from 2D to 3D.

In contrast to previous studies, CorbuAI addresses these gaps through three
primary innovations:

(1) Multimodal integration: Unlike single-model approaches, our framework utilizes an
optimized U-Net V2.0 and Stable Diffusion v2 pipeline to bridge the gap between
functional layout logic and aesthetic expression.

(2) Context-specific dataset: We contribute a custom-curated dataset of 2335 floor plans
and 1570 facades specifically tailored to the Chinese residential context, ensuring the
model’s outputs align with regional design standards.

(3) End-to-end workflow: Our study introduces a seamless transition mechanism that
converts schematic functional diagrams into professional-grade elevations and interior
visualizations within a single, coherent framework.

3. Materials and Methods
3.1. Modeling for the AI Building Design Platform Based on Domain-Driven Design

In scenario analysis, a comprehensive user operation process is delineated, depicting
a specific user’s actions at a particular time and place to fulfill a particular functional
requirement. It serves as a key indicator often utilized to reflect and evaluate specific
functionalities. During this step, it is imperative to consider typical scenarios within the
domain model of the AI architectural design platform (Table 2 and Figure 3). Matters
such as target population, permission assignment, user events, business flow, and usage
commands require exploration, thereby establishing the groundwork for the subsequent
domain modeling phase. The following figure illustrates the state diagram of scenario
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analysis, portraying the activities undertaken by the user during software usage, and
delineating the initiation and conclusion of the flow from the user’s initial interaction with
the first page to the final module.

Table 2. Development, initial logical process flow diagram.

Development Phase Main Tasks/Objectives

Modeling Based on Domain-Driven Design Identifying requirements and core concepts
Technical Architecture and Key Technology Analysis Selecting the tech stack and building the architecture

Multimodal Model Training and Fine-Tuning Data processing and model training
Floor Plan Generation Using Pix2pix-GAN to generate building floor plans

Elevation Drawing Generation Extending Pix2pix-GAN to generate building
elevation drawings

Interior Style Transfer Applying diffusion models for style transfer

UI Integration and Interaction Providing user interface support and visualizing
generated results

Figure 3. State diagram of scenario analysis.

The fundamental business service unit and the analysis of users’ activities within
each execution segment can be derived through the analysis of business scenarios and the
screening of users’ requirements as the criteria for evaluation. The basic business service
unit serves as the foundational element for mapping relationships. The aforementioned core
functions entail distinct initiation, operation, and conclusion phases, along with feedback
on related outcomes. Therefore, it is imperative to construct an interactive interface for the
platform. This interface aids users in comprehending the content and embedded business
rules, enabling interactive operations throughout the design process to accomplish the
functions outlined in the explanatory model. The primary functions of the platform are
described in Table 3 as below.

Table 3. The main functions of the minimum viable platform.

Name Introduction

User management Login and registration of user
Upload files Upload an image file in the input box, with the picture formats jpg or png

Generate results Load the generated results for the user to view
Save and download Click the button to download the generated images

Log out The user will be able to log out from the system
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Based on the explanatory model, it is imperative to separate domain objects from
other functions within the system. The layered architecture pattern is commonly employed
for this purpose, wherein each layer represents a distinct function associated with specific
roles (Figure 4). Information is passed between layers in a predefined manner. The layered
architecture diagram for this study is depicted in the following figure.

Figure 4. Layered architecture design.

The AI architectural design platform is segmented into four layers following the
layered architecture model: the user interface layer, application layer, domain layer, and
infrastructure layer. The user interface layer, directly interacting with users, facilitates the
acquisition of user commands and visually displays the execution results of procedures.
The application layer facilitates application interfaces and message transmission, enabling
information exchange between modules and coordinating the synergy of multiple domain
layers. Positioned as an intermediate tier, the application layer hosts the system’s main
functions, such as the controller and specific execution code. The domain layer, at the core
of the domain model, implements core business logic without impacting other business
models during the implementation of specific technologies. It encompasses resource
libraries, value objects, and entities that isolate core service logic from external applications
and basic designs. The infrastructure layer acts as the support layer for the entire system,
encompassing hardware facilities for storage, computing, and networking, as well as third-
party tools and drivers. This technology-intensive segment provides technical support for
all its sublayers, all of which rely on the infrastructure layer for normal operation.

Aligned with the logical flow of software usage, the user interface layers correspond to
various user actions, including user registration and login, and uploading and generation
of graphic files. Due to the utilization of third-party libraries and open-source frameworks,
this study and subsequent chapters focus solely on the analysis of core functions and
algorithms, excluding processes involving auxiliary or secondary functions.

3.2. Analysis of the Technology Stack and Key Technologies of the AI Architectural Design Platform

The development of an AI architectural design platform is inherently complex, primar-
ily due to the intricacies of the architectural design domain to which the software is applied.
Therefore, an efficient domain model, capable of rational analysis, control, and optimization
of these complex problems, is essential. According to Eric Evans, “a truly robust domain
model evolves over time” [32], illustrating the importance of the iterative process. Itera-
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tion enhances the efficiency of the design and development team by addressing product
requirements in phases, from software product planning to release.

Technology stack refers to the combination of multiple technologies as an organic
whole that helps achieve a specific purpose or function. The following Table 4 is the
technology stack used in the core module of the minimum viable product of the architectural
design platform based on AI technologies.

Table 4. Technology stack of the core module for the minimum viable product.

Programming language

Python 3.9: Python is a programming language commonly used for machine
learning and AI applications. Python has a diverse ecosystem of libraries and

frameworks that are suitable for the construction of complex
software systems.

PHP 7.1: PHP is a server-end scripting language used to develop static
websites or dynamic websites or web applications.

Frameworks and libraries

TensorFlow2.11.0: TensorFlow is an open-source machine learning framework
developed by Google. It is widely used to build and train neural networks

and can be used to implement AI algorithms in AI software.

Keras. Keras, as an advanced neural network API, is operated based on
TensorFlow. It provides a simple and user-friendly interface for building and

training neural networks, making it ideal for rapid prototyping.

U-Net: U-Net is a convolutional network for image segmentation proposed
by Ronneberger in 2015 [33].

Pix2pix: Pix2pix is a generative adversarial network model for
image-to-image transformation, developed by Isola [34].

Stable Diffusion v1.5: Stable Diffusion is a variant of the diffusion model, and
image transformation algorithm model developed by the Machine Vision

Learning Group (CompVis) at the University of Munich in collaboration with
the startups StabilityAI and Runway.

Database Relational Database Management System (RDBMS): Cloud SQL

Other tools Git: Git is a version control system where users manage and use different
versions of code.

Operating environments CentOS 6.0: A system environment for deployment of execution code of
minimum viable products

The back end, or server end, represents the data and business logic part of the man-
agement system and is responsible for storing and retrieving data, applying business rules,
and providing data to the front end. The back end is usually implemented using server-end
technologies such as PHP, Java, Python, etc. These technologies typically operate on a
server that is accessible over the network by the front end. The server-end code or back-end
code usually assists in the interaction and management of data [35].

As mentioned earlier, the core idea of a distributed database is to provide database
services via multiple distributed multi-copy resources as a whole, thus improving the per-
formance and disaster tolerance of data servers. Mainstream cloud computing companies
provide cloud-native databases as data infrastructure. In this study, GCP’s Cloud SQL
product is selected to enhance the elastic scaling capability of distributed databases. To
achieve global data management, a central data repository needs to be deployed for the
distributed database, and data information can be shared with servers of replica resources.
When information storage, retrieval, data reading, and writing are performed, the cen-
tral data repository and replica resources have a synchronization mechanism to maintain
data consistency.
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4. Multimodal Model Training and Fine-Tuning
The CorbuAI platform serves as an auxiliary architectural design tool for architects and

designers. Users can input specific images or design parameters, resulting in the generation
of multiple design images that meet the requirements. These generated images can be
reviewed and saved. The platform primarily aims to streamline the architectural design
process, improve efficiency and effectiveness, generate architectural design images more
efficiently, and save design time and effort, ultimately aligning with corporate goals and
business strategies. Auxiliary design decision making is an interactive process wherein AI
technologies are integrated to enhance creation efficiency, quickly obtain a large number of
generated images meeting requirements, and assist architects and designers in maintaining
critical control over creativity and design quality.

The section on Multimodal Model Training and Fine-tuning will be divided into three
parts. Part 1 involves multimodal AI model training and debugging, which includes
Pix2pix-GAN-based building floor plan generation, Pix2pix-GAN-based building facade
representation generation, and SDv2-based building interior space style migration. This
part encompasses data collection and pre-processing, fine-tuning of pre-trained model
parameters, evaluation of model training results, and assessment of generated images.
Part 2 covers user-end interface design, as well as the interaction architecture and process
involving cloud server, platform server, and user end. Part 3 focuses on the platform’s func-
tion during the actual project application stage, including project background introduction
and evaluation of the generated images.

Figure 5 illustrates the architecture of the platform’s design-assisted process, wherein
the building floor plan is a key outcome influencing facade representation and interior
space. Therefore, architects and designers need to establish the interior footprint area before
generating the floor plan. Subsequently, they manually deduce the facade and build a
low-precision model of the interior space, enabling the algorithm to better identify input
images of facades and interior spaces.

After analyzing the platform requirements and architecture and proposing a reliable
technology stack and architecture, it is necessary to elaborate on the R&D process of the core
functions and select a real case to verify its usability. In this part, an “architectural design
platform based on multimodal AI technology” will be established, comprising three parts:
building floor plan generation, building facade representation generation, and building
interior space style migration. The research process for each part follows three steps: data
collection and pre-processing, fine-tuning of the pre-trained model, and evaluation of the
model training results. Finally, evaluation of the generated images is carried out from three
aspects: subjective evaluation, objective evaluation, and actual case evaluation.

Subjective evaluation involves inviting architects and designers for visual inspection.
The model’s predictions are visualized and compared with the actual building facade,
comprehensively evaluating the generated images in terms of image quality, facade details,
and other factors. Objective assessment can quantify the quality of the generated images
to some extent, complementing the subjective assessment, and assisting in design deci-
sions. In the stage of actual case application and evaluation, real projects are selected to
generate building floor plans, building facade representations, and building interior space
styles. Additionally, evaluation and feedback of the design results are collected from the
commissioner under specific conditions.

4.1. Pix2pix-GAN-Based Building Floor Plan Generation
4.1.1. Data Collection and Pre-Processing

As the input content of the model, the dataset is a crucial component of AI (machine
learning). Its importance lies in the success of machine learning. A dataset represents a
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collection of labeled data used for model training. These training images can be utilized
for various tasks such as research on computer vision and machine learning, architectural
and urban planning, and application of virtual and augmented reality technologies. The
data in a dataset usually share the same or similar properties. In a sense, it can be called a
“database with certain characteristics”. In this study, the database includes various building
types, styles, and locations, providing detailed annotated information such as floor plans,
materials, and dimensions. The steps are shown in Table 5 and Figure 6.

Figure 5. Flow of design-assisted architectural design platform based on multimodal AI technology.

In previous studies, some datasets related to floor plans of residential buildings were
obtained from the Rakuten Institute of Technology (RIT) in Japan [36] and the Computer
Vision Center (CVC) in Spain [37]. However, most of these datasets consist of floor plans of
typical buildings in foreign countries, which are not applicable to this study. Therefore, it is
necessary to create a floor plan dataset mainly consisting of typical residential buildings in
China (Figure 7).

Table 5. Research process flowchart.

Phase Description

Data Collection and Preprocessing Collecting floor plan data of residential buildings and preprocessing it.

Image Labeling and Similarity Calculation Upload an image file in the input box, with the picture formats jpg
or png.

Style Transfer and Generative Models Style transfer in building interior spaces; training results for different
styles (Modern, New Chinese, Industrial).

Practical Project Application Phase Detailed explanation of the application process in practical projects.

Conclusion and Evaluation Objective evaluation of the generated results and measurement of
the rationality.

In this study, partnerships have been established with several real estate websites and
housing agency websites. With the authorization of third parties, the right to use over
10,000 residential building floor plans in China for academic research has been obtained.
Based on this, a dataset containing 2335 manually corrected images of typical floor plans of
residential buildings in China has been produced after screening high-resolution images.
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These images have been classified into Training Set, Validation Set, and Test Set in the ratio
of 60% (1401), 20% (467), and 20% (467), respectively, for the development, training, and
evaluation of the Pix2pix-GAN model (Figure 8).

Figure 6. Floor plan dataset from Rakuten Institute of Technology [36] and Computer Vision
Center [37].

Figure 7. Floor plan dataset of residential buildings in major cities in China.

The dataset includes a variety of residential building floor plans, ranging from
one-bedroom houses to three-bedroom houses. To facilitate content recognition and learn-
ing algorithms, as well as to ensure the generality of the training model results, a filtering
rule for image content has been established in the study: plans with clear, regular geometric
lines and wall contour lines are retained, while those with irregular or non-standard geo-
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metric shapes are excluded. Each image case in the dataset is marked with different color
blocks to represent various component elements, thereby reflecting the location information
and image attributes of the components in the floor plan. This method builds upon the
work of Zheng, Wan, Zhao, Rodrigues, and Chaillou [38–42] to better suit the characteristics
of floor plans of typical residential buildings in China. The rules and indexing diagrams of
the labeled images are in Table 6 as follows.

Figure 8. Data annotation of training set. (a) Training stage. (b) Validation stage.

Table 6. Rules for marking (annotation) images of dataset for residential building floor plan.

Example of
Color Block Number Floor Plan Element Color Name RGB Value HEX16 Color Code

1 Indoor footprint Black (0, 0, 0) 000000

2 Living room Celestine blue (28, 60, 241) 1C3CF1

3 Public area * Dark gray (156, 156, 156) 9C9C9C

4 Bedroom Gray green (143, 245, 160) 8FF4A0

5 Kitchen Dark blue (118, 249, 222) 78F7DE

6 Bathroom Mimosa yellow (238, 238, 87) EDEE56

7 Entrance door Tender green (198, 248, 96) C5F85E

8 Corridor Sandy brown (240, 151, 56) F19838

9 Balcony Soda orange (235, 89, 61) EB593D

10 Window Madder red (227, 62, 36) E33E24

11 Dining room Bright sky blue (92, 198, 250) 5BC5FB

12 Study room Purple (99, 38, 151) 632697

13 Outdoor equipment ** Dark rock blue (57, 83, 135) 395387

Notes: * Public area refers to the parts including elevator rooms, staircases, equipment facilities and equipment
tube wells, and public corridors, which are located outside of the rooms on the floor plan. ** Outdoor equipment
refers to the elements that are located outside the rooms, such as chillers, new ventilation units, and outdoor units
of air conditioners, in the floor plan.

After the original image is labeled, it is necessary to apply random jitter and mirroring
for image pre-processing operations to avoid the phenomenon of overfitting. Firstly, the
image is cropped into a square image of size 256 × 256 and resized to 286 × 286. Then
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random cropping is applied to each image, which is then resized back to 256 × 256. The
image is randomly flipped horizontally to generate the mirrored image, and finally, the
image is normalized into the range of [−1, 1], as shown in Figure 9.

Figure 9. Random jitter and mirroring process.

The original image is combined with the labeled image, and each combined image has
a size of 256 × 512, containing two square images of size 256 × 256 each. The combination
results are shown in Figure 10 as follows.

Figure 10. Completion of data pre-processing image.

4.1.2. Fine-Tuning of Pre-Training Model Parameters

In the Pix2pix conditional generative adversarial network (cGAN), the output image
is generated based on the input image, which serves as a precondition for the generation
process [34]. Considering the convenience of cloud computing, TensorFlow is selected as
the training platform for the model in this study. TensorFlow is used to achieve Pix2pix.
The generator and discriminator networks are defined and trained using TensorFlow layers
and optimizers. The generator creates new images, while the discriminator verifies the
authenticity of the generated images. The parameters of the generator are tuned during
training to enhance the authenticity of the generated images.

Pix2pix-GAN is a conditional generative adversarial network that generates cor-
responding output images based on input images. This architecture was first intro-
duced by Mirza and Osindero in their 2014 paper “Conditional Generative Adversarial
Networks” [43]. The network architecture includes two main components: a generator
and a discriminator. The discriminator model is trained directly on real and generated
images, while the generator model is trained by the discriminator model [44]. In this
study, the U-Net V2.0 architecture is adopted as the generator. U-Net preserves details
and spatial resolution when generating output images, and its V2.0 version improves
image segmentation. The method involves programming 64 channels of the input image by
convolution twice. Through multiple steps, each of which halves the standardized image
size, the images are combined stepwise. Both U-Net generators, Functional Segmentation
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Layout (FSL), and Building Floor Plan (BFP) contain a set of paired floor plan labeled
images [38]. The discriminator is represented by the convolutional PatchGAN classifier, a
classifier proposed in the Pix2pix paper [34], used to distinguish real images from generated
images. The following figure shows the flowchart of the whole model training and image
generation process. The dashed boxes indicate the gaming process of the generator and the
discriminator in Figure 11.

Figure 11. Gaming process of generator and discriminator.

The figure below depicts the generator based on U-Net V2.0 [33] and the discriminator
represented by the convolutional PatchGAN classifier [34] in Figures 12 and 13.

 

Figure 12. Generator and discriminator architectures.
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(a). Test of generator image 

 
(b). Test of discriminator image (c). Preliminary test model 

Figure 13. Test of the generator and discriminator.

When training the model, it is essential to calculate the losses of both the generator
and discriminator in TensorBoard, presenting them graphically. Following this, the model
debugging phase commences, and then, debugging the AI model involves training it on a
new dataset while utilizing the previously trained weights as a starting point. This process
is intricate, requiring continual adjustment of generator and discriminator parameters to
generate image results with minimal loss values. When the new dataset resembles but
differs slightly from the original dataset used for training the model, real-time insights
into these discrepancies can be gained during debugging. In this phase, the model’s
learning progress (i.e., the checkpoints saved every 5000 steps in the previous section)
can be adjusted based on the new datasets. Consequently, the model does not need to be
trained from scratch, leading to improved performance and shorter training times. For
smaller new datasets, fine-tuning can mitigate the overfitting problem. Pre-trained models
have already acquired general features from large datasets, and fine-tuning on smaller
datasets can further enhance performance.

4.1.3. Evaluation of the Generated Images

After the Pix2pix-GAN is trained, the quality of the generated images needs to be
judged based on the corresponding evaluation criteria, which include the realism, diversity,
confrontation and robustness, and user’s evaluation. Realism is the degree to which the
generated images match the target images under this method. There are different variations
of the target images generated by the evaluation model under this method. It can be
measured by generating multiple images from the same input and calculating the similarity
between them, which causes the diversity. The “confrontation and robustness” indicator
is used to assess how well the model generates images that resist various types of image
processing operations. It is measured by the training of networks that confront each other
to distinguish the generated images from the target ones, shown in Figure 14. The user’s
evaluation is used to assess the subjective quality of the generated images and it is measured
by the conduction of a user study. In a user study, the evaluator evaluates the generated
images based on factors such as realism, aesthetic appeal, and semantic consistency.

In this section, a subjective quantitative scoring method and cross-validation method
are used to evaluate the effectiveness of the generated images. According to the method pro-
posed by Wan et al. [38], the generated results of the Functional Segmentation Layout (FSL)
model are scored according to spatial allocation clarity, functional distribution rationality,
and color block boundary clarity. The generated results of the building floor plan (BFP)
model are scored based on wall generation accuracy and furniture generation accuracy. A
score from 0 to 5 indicates the acceptance level from low to high, respectively. In addition,
the floor plan datasets from the Rakuten Institute of Technology and the Computer Vision
Center (Figure 8) are used as the images for cross validation. The data annotation needs to
be created according to image tagging rules before the model is imported, shown in Table 7.
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Figure 14. Comparison of generated floor plan images at different progressions.

It can be seen from the evaluation results of the cross-validation generated images
that the functional segmentation layout (FSL) model and the building floor plan (BFP)
model can generate excellent floor plan images, and the difference between the output
image and the real image is within the acceptable range. However, the image clarity
is related to the spatial distribution of the input image and the location of the building
elements, and the color block boundary and furniture accuracy of some results are not
clear enough. When the actual project inspection is conducted, the arithmetic power and
the accuracy of the input images should be improved so as to obtain image results that
can meet the requirements (Table 8). Google cloud platform (GCP) allows the expansion
and management of the deployed models, as well as provides, stores, and monitors other
integration services. In this platform, models can be deployed via the use of services such
as Cloud Machine Learning Engine, Cloud Functions, Kubernetes Engine, or App Engine.
Also, considering the cost and elasticity of the chosen deployment method, the Google
Cloud ML Engine of GCP is selected in this study to deploy the pre-trained Pix2pix-GAN
model. Meanwhile, TensorFlow is used for model training and TensorFlow-Hub is used to
manage the model.

4.2. Generation of Pix2pix-GAN-Based Building Facade Representation
4.2.1. Data Collection and Pre-Processing

Based on a dataset of 606 manually annotated and corrected facade images produced
by a team from the Center for Machine Perception (CMP) at the Technical University of
Prague, Czech Republic [45], Isola’s team at UC Berkeley proposed a Pix2pix-GAN for
image-to-image transformation via the use of conditional adversarial networks (GAN) [34].
However, these datasets only involve building facade images of major European cities, and
are not in line with the research target and research purpose of this chapter, so it is necessary
to produce a dataset of facade images mainly for residential buildings in major Chinese
cities. This study has been conducted under the cooperation with several non-commercial
architectural database websites and the rights to use over 5000 Chinese residential building
facade images have been obtained for academic research with the authorization of the third
party (Figure 15).
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Table 7. Cross-validation generated image results.

Model Input Image Output Image Real Image

Functional segmentation layout
(FSL) model

Building floor plan
(BFP) model
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These images include not only actual photos of the completed projects, but also
residential building projects that are not actually built, like conceptual schemes, intentional
drawings, renderings, and bid proposals. On this basis, datasets containing 1570 manually
corrected facade images of new residential buildings in China were finally produced after
the high-resolution images were screened. They were allocated into training datasets (60%),
validation datasets (20%), and test datasets (20%), which respectively include 942, 314, and
314 facade images, for the development and testing of Pix2pix-GAN model training and
evaluation (Figure 16).

The datasets involve a diverse collection of architectural styles of new residential
building facades in different Chinese cities, such as modern European style, new Asian style,
and new Chinese style. Also, there are various types of residential buildings, including
multi-story building, small high-rise building, and foreign-style house. Considering the
generality of the training model results, to facilitate the algorithm for content recognition
and learning, a filtering rule for the image content is set up in the research: the facade
design images with clear and regular geometric compositions are retained, and some of the
facade design images with alien or non-standard geometric shapes are excluded. The image
cases in the dataset are marked with different color blocks representing different component
elements to reflect the location information and image attributes of the components in
the interior layout. The adopted method was improved on the basis of the study by Isola
et al. [34] to suit the characteristics of typical new residential buildings in China, and the
index plan of the labeled images is shown in Table 9.

Based on the above method, the input images are randomly jitterred and mirrored,
and the paired data containing two images of 256 × 256 size are merged (Figures 17 and 18).

Table 8. Evaluation of generated images of the model.

Model Scoring Items Score Average Score

Functional segmentation
layout (FSL) model

Space allocation clarity 4 3 3 3.3

Functional distribution rationality 3 4 4 3.7

Color block boundary clarity 4 2 2 2.7

Building floor plan
(BFP) model

Wall generation accuracy 3 3 2 2.7

Furniture generation accuracy 3 2 2 2.3

 

Figure 15. Dataset for facades of new residential buildings in major Chinese cities.
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Figure 16. Training set data annotation.

Table 9. Image marking rules for the facade dataset of new residential buildings.

Example of
Color Block Number Component Color Name RGB Value HEX16 Color Code

1 Background Medium Blue (15, 41, 209) 0F29D0

2 Wall Celestine blue (28, 60, 241) 1C3CF1

3 Window Dodger blue (50, 115, 246) 3273F6

4 Window sill Gray green (143, 245, 160) 8FF4A0

5 Sunblind Dark blue (118, 249, 222) 78F7DE

6 Window blind Mimosa yellow (238, 238, 87) EDEE56

7 Balcony Tender green (198, 248, 96) C5F85E

8 Decoration Sand brown (240, 151, 56) F19838

9 Roof Soda orange (235, 89, 61) EB593D

10 Pillar Madder red (227, 62, 36) E33E24

11 Entrance Bright sky blue (92, 198, 250) 5BC5FB

4.2.2. Fine-Tuning of Pre-Training Model Parameters

The model architecture is proposed based on the above method, a typical Pix2pix,
which contains a generator and a discriminator. The following figure shows the flowchart
of the model training and image generation process in the facade generation phase.
Here, the dashed boxes indicate the gaming process of the generator and discriminator
(Figures 19 and 20).

The result shown in step 1 for the preliminary operation demonstrates that the images
can be successfully passed from the test set to the generator and that the input image can
be successfully converted to the output image via the generator (Figure 21).

After that, the number of training iterations needs to be set. A complete iteration
process is called an Epoch. There are 942 images for the training datasets in the research,
signifying that one iteration needs 942 training steps. In this study, the number of training
steps is set to be 80,000, and a checkpoint is saved for every 5000 steps for the convenience
of subsequent fine-tuning operations. After the test training loop code is operated, it can be
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seen that the average time required per 1000 steps if the GPU and TPU are not used for
computation is 2158.76 s (Figure 22).

Figure 17. Random jittering and mirroring process.

Figure 18. Completion of image of data pre-processing.

Figure 19. Gaming process of the generator and discriminator.

4.2.3. Model Training Results and Evaluation of Generated Images

Since the training logs of the model visually reflect the quality of generated images,
and the model prediction accuracy can be visually measured by quantified numbers and
computational metrics. Multiple loss log plots need to be considered to comprehensively
evaluate the training effect of the model, shown in Figure 23.
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(a). Testing of the generator image 

 
(b). Testing of the discriminator image 

Figure 20. Testing of the generator and discriminator.

Figure 21. Testing of the function of the generated images.

Figure 22. Testing of training and initial image generation.

If gen_gan_loss or disc_loss becomes low, it indicates that the generator or the dis-
criminator is dominating the other one, and the training model is not successful. Two
models tend to be “against each other”, which is the core concept of generative adversarial
networks. If disc_loss < 0.69, it indicates that the discriminator outperforms the random
number by the combined set of real images and generated ones. If gen_gan_loss < 0.69, it
indicates that the generator outperforms the random number in deceiving the discriminator.
It can be seen from the results in Figure 23 that the generator and discriminator perform
best at about the 18th and 61st iterations, respectively, and the discriminator < 0.69 after the
38th iteration. Meanwhile, the trends of both gen_l1_loss and gen_total_loss decrease and
converge gradually as the training proceeds, indicating that the model tends to be stable.
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(a). disc_loss discriminator loss (b). gen_gan_loss generator loss 

 
(c). gen_l1_loss L1 loss (d). gen_total_loss combination loss 

Figure 23. Loss log of training process.

After a comprehensive evaluation of the loss logs is made, the following conclusion
is drawn: the loss function has a convergence trend in the range of about 63–68 iterations
of the model, and the loss value is close to the minimum. Meanwhile, the loss functions
of the generator and discriminator show opposite trends, implying that an equilibrium is
achieved between generator and discriminator, which marks the completion of the training
process and the realization of a desired model training effect.

The model training is performed in Google Colab and TensorFlow. When high perfor-
mance hardware, including GPU, and various machine learning libraries are accessed, the
hardware metrics adopted are 6 GB random access memory (RAM) and 9 GB GPU RAM. If
GPU and TPU are used for computation, the average time required per 1000 steps can be
reduced from about 2000 s to about 100 s, and the maximum time required to complete the
80,000-step computation to generate a single image is about 133 min (Figure 24).

 
Figure 24. Comparison of the generated building facade images at different progressions.

In this section, the perceptual hash (pHash) algorithm is adopted to evaluate the simi-
larity between the generated images and the original ones, thus improving the evaluation
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process based on the method of scholars such as Zhou and Schmucker [46–49] and making
it suitable for this study. The method of Figure 25 is used to generate feature vectors, i.e.,
fingerprint strings, for images in the field of graphics. After that, the similarity of the
images is evaluated via the comparison of the fingerprints of different images. The closer
the results are, the more similar the images are. The perceptual hash (pHash) is often used
in the “search image by image” function of search engine websites.

The style difference between the input image (marker block) and the generated image
(photo-level image) is so large that the direct comparison can be made, so it is necessary
to convert the two sets of images into the same indicator. That means the similarities are
compared in the form of “Gray-scale Images”. The advantage of the perceptual hashing
algorithm is that the calculation process is less sensitive to linear changes in illumination
magnitude in the two compared images. After the graphic is reduced to a size of 8 × 8,
with a total of 64 pixels, the color needs to be reduced to 64 gray scale, so that the attention
should be paid to the evaluation of graphic fields and facade components. Finally, the
grayscale of these two image pixels is compared, and thus the hash value is calculated.
When the comparison is made, the original and generated images are first compared with
the marked image separately (pHash1, pHash2), and afterwards the original and generated
images are compared (pHash3), and the obtained similarity-related data are presented in
the form of Table 10.

Figure 25. Perceptual hash algorithm that evaluates image similarity.

Table 10. Evaluation of generated image similarity.

Compared Images pHash1 pHash2 pHash3

47% 33% 72%

In the study, two representative cases are presented, and the comparison results show
that the similarity between the original image and the labeled image pHash1 is closer to
the similarity between the generated image and the labeled image pHash2, and meanwhile
the similarity between the original image and the generated image (pHash3) is very high.
Since facade generation based on AI algorithms is a cutting-edge research field, there is no
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image similarity criterion for the evaluation value based on hashing algorithms. Therefore,
in this study, after all test and validation sets are established, the result data visualization of
“similarity (%)−generation time (min)” (Figure 26) is adopted as the evaluation indicator of
pHash2 and the model. It can be seen from the results that the similarity of the generated
images ranges from 16% to 68%, and the time used ranges from 79 to 138 min (Figure 26).
That means the model is stable and the generated image results are acceptable.

4.3. Stylistic Migration of Architectural Interior Spaces Based on a Stable Diffusion Model
4.3.1. Data Collection and Pre-Processing

The Diffusion Model (DM), proposed by Sohl-Dickstein et al. of Stanford University
in 2015 [50], can be applied to several image-related tasks, such as text-to-image, image-
to-image, image restoration, and denoising. In 2022, the Diffusion Model became a hot
research topic in the field of AI graphics generation. Here, Stable Diffusion is a variation of
the Diffusion Model, jointly developed by the Machine Vision Learning Group (CompVis)
at the University of Munich and the startups StabilityAI and Runway. The Stable Diffusion
model consists of two steps: diffusion forward, which generates noisy sample images by
Gaussian diffusion model and then a random process, and parametric inversion, which
achieves image synthesis by undoing diffusion forward and performing iterative denoising,
and finally converts random noise into real image data. On this basis, in the Stable Diffusion
model, a more efficient way is adopted to construct the Diffusion Model, and the model
architecture is as shown in Figure 27.

 
Figure 26. Similarity-generation time data visualization.

In this part, building interior space style migration is achieved. That means an image of
building interior space is input, and the corresponding image style is selected. A new image
of building interior space is generated and output according to the pre-trained algorithms,
to improve the design efficiency in the conceptual scheme stage. Stable Diffusion is not
only an image model, but also a natural language model with two potential spaces: the
image representation space learned by the encoder used during training, and the potential
space of hints learned based on the fine-tuning of pre-training time and training time [51].
The training and debugging are conducted based on Stable Diffusion V2.0.

Essentially, the process of selecting image styles and invoking the algorithm does
not mean that images are directly transmitted to the algorithmic model. Instead, the
Prompt defined in advance as input content interacts with the model. Therefore, when
the dataset is created, the images are labeled with graphics, and meanwhile, the Prompt
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needs to be defined exactly for each image in order to facilitate the model’s recognition
and establishment of logical correspondence. In this study, common Prompts for building
interior space images refer to design style (e.g., modern style, new-Chinese style), color
scheme (e.g., white, gray), component elements (e.g., table, curtain), and materials (e.g.,
wood, marble).

Figure 27. Stable Diffusion model architecture.

Currently, images from the architectural design field account for a small proportion
of the data in the training of general AI algorithms, and the generated images for the
migration of architectural interior space design styles are poorly represented, so there
is a need to train high-performance models for architectural design by local data. The
architectural interior space dataset required for the training model is sourced from several
architectural design-related media, websites of real estate, and housing agency. The right
to use over 50,000 images of Chinese residential architectural interior space is obtained
for academic research with the authorization of a third party. Meanwhile, to expand the
data volume, enhance the accuracy and breadth of the model, and realize the function
of multiple style migration (e.g., industrial style), the interior space images of foreign
buildings are introduced appropriately in the dataset. Here, both real-world photos and
certain number of renderings are included.

On this basis, since the building elements in architectural interior spaces are common
objects in daily life, after 350 basic images are manually labeled, YOLOv5 neural network
is used for automated image parsing and segmentation, and manual assistance is provided
to supervise the data labeling process. According to the image semantic segmentation
principle proposed by Zhou, different color schemes show different objects in the image.
Here, objects of different types have large color differences and different instances of
the same type have small color differences [52]. It is also necessary to distinguish the
relationship between object edges and overlapping parts of the image depth of field in the
labeling process (Table 11). Meanwhile, the interior space images of residential buildings
previously labeled by YOLOv5 can again be used as part of the model to improve the
accuracy of YOLOv5, thus enabling the operation of processing tens of thousands of images
in a short period of time.

In the phase of prompt word matching for each image, the Vision API function in
Google Cloud is used to detect and extract multiple objects in the picture. The returned
results include the name of the recognized object, its position in the image (the four-point
coordinates represent the rectangular boundary of the image area to which it belongs),
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and the score (used to reflect the probability and degree of the recognized object), since
the original results are in English Form returns, and need to use the Cloud Translation
function to translate English tags into Chinese for follow-up research. In order to improve
the accuracy of parsing, segmentation and object recognition, and cross-validate the results,
in addition to YOLOv5 and Vision API, this study also uses [53] and the Segment Anything
Model (SAM) [54] to assist in recognition. Finally, the text results obtained is the prompt
word for the image.

4.3.2. Fine-Tuning of Pre-Trained Model Parameters

Before training the Stable Diffusion model, you first need to configure the Stable
Diffusion WebUI training environment in Google Colab. The training process of Stable
Diffusion is the opposite of Pix2pix. The noise effect needs to be added to the input
image, and then the loss function is defined. Then the training process is reversed, and the
denoising process goes based on the use of U-Net V2.0 model. The images are input for
random jitter and mirror process, and then they are normalized. If the process of “image
and noise-noise prediction-noise removal” is repeated, the final result is a pixel pattern with
certain characteristics. For example, if the dataset is trained for a specific architect’s design
work, the resulting model will follow the architect’s aesthetic creation techniques and
patterns. In this part of the study, the Stable Diffusion model mimics the aesthetic patterns
of architectural interior spaces of different styles. The following Figures 28–30 shows
the diffusion steps of the Stable Diffusion model, with the reverse direction representing
denoising, or the process of generating images. and the forward direction representing
noise addition, or the process of training the model.

Table 11. Automated image analysis, segmentation, and object recognition.

Bedroom Space Living Room Space Kitchen Space

Original
sample image

         

Corner detection
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Table 11. Cont.

Bedroom Space Living Room Space Kitchen Space

YOLOv5
parsing split

(Ultralytics company,
London, UK)

   

LSD (Line Segment Detector)

         

OneFormer
(Segmentation

Map)

         

Monocular Depth Estimation

         

Depth Map Detector
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Table 11. Cont.

Bedroom Space Living Room Space Kitchen Space

Segment Anything
Model (SAM)

(Meta Company, Menlo Park,
CA, USA)

         

OneFormer
(Segmentation

Overlay)

         

Converted to
prompt word

Modern, bedroom,
windows,

bed, bedside table, lamp

Living room, lamp, sofa,
coffee table, bright colors

Kitchen, window, stove,
oven, microwave,

refrigerator

 

Figure 28. Initial interface and training process of the Stable Diffusion model.

 

Figure 29. Stable Diffusion training results (taking bedroom space as an example).
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Figure 30. Diffusion steps of building interior space images generated by the algorithm.

4.3.3. Model Training Results

In the upper part, the process of generating a single image from random noises is
realized. On this basis, the concepts of Textual Inversion and Embedding proposed by
Rinon Gal et al. are applied [55] to establish the relationship between the input image
and the architectural space style. Then, visually similar images are generated based on
the prompts, and meanwhile, the algorithm model of Voynov and Cheng et al. [56,57] is
improved to suit the architectural design field. The training process of style migration is
initiated, and the training process is recorded in a log folder, while the images obtained
at every 5000 steps are saved. In the model training process of Textual Inversion and
Embedding, a greater number of iterations represents a higher quality of generated images.
In this section, the learning rate is set to be 0.0005; the number of vectors per token is set to
16; and the number of max train steps set to be 80,000 (Figure 31).

Figure 31. Two pre-trained image generation models.

The above figure depicts the process of image style migration, i.e., the pre-trained
image-to-image model, with the input image and the keywords of architectural design style
on the left side as presets in this model. They are available for user selection in the front-end
page in the form of tabs, and the output process of the new image on the right side. It can
be seen that the images of architectural interior spaces generated by Stable Diffusion are
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biased towards the original images in the initial stage of training, and gradually transition
to the new images matching the selected style after random noise is added as the training
continues. This research adopts two modes of style transfer (parts a and b in the figure
above). When conducting actual project inspection, it is necessary to select the appropriate
mode according to the project background and design requirements. The Stable Diffusion
model training and debugging process in this part is run on NVIDIA RTX A5000, and the
pre-training model of “Architectural Interior Space Style Transfer Based on Stable Diffusion
Model” is obtained. After the training, the pre-trained model is deployed to Hugging Face
and Vercel for remote server calls. Training results are shown in Table 12.

4.4. Phrase of User Interface Integration and Interaction

The integration of the application programming interface (API) and the user interface
(UI) is a process, in which the API provides the connection with the back-end data and
services, which are then presented in the front-end UI. The API is typically responsible
for receiving requests from the client, processing the requests, and returning responses.
Users can make requests to the application programming interface and view the responses
through the UI. This section depicts the interaction of an architectural design platform
based on AI technology. Here, the example of a minimal viable product function is adopted,
and this function allows users to upload images and invoke pre-trained image generation
models from the TensorFlow-Hub, Hugging Face, or Vercel.

The user registration and login module is the basic function of the AI-based architec-
tural design platform, and the user logs into the platform by inputting the correct username
and password. The user’s password is encrypted via the use of the MD5 method. It is
stored securely in the database to ensure that unauthorized parties cannot access it.

After successful login, the console page (Dashboard) is entered and the Sidebar section
on the left side displays the modules available to the user, while facilitating navigation
and access to the different modules. Since the minimum usable product (MVP) part of
this study was developed for floor plan generation, facade representation generation, and
architectural interior space style migration, only limited functional layouts were set in the
Sidebar part and the main area of the console. Meanwhile, Bootstrap 5.2 is adopted as the
framework for user interface design, leaving enough space for the development of more
functional modules and their extension applications in the future. When the user clicks
and enters the “Building Layout Generation” module, the left side of the main page area
allows the user to upload a marked interior footprint. Through a series of calculations by
the GCP server, the corresponding building interior layout image, and functional partition
color block and furniture arrangement diagram are generated and passed back to the right
area for users to review and download. When the user clicks and enters the “Building
Facade Generation” module, the left side of the main page area allows the user to upload
the marked drawing of facade color block. Then, through a series of calculations by the
GCP server, the corresponding facade image is generated and passed back to the right area
for users’ reviewing and downloading. Figure 32 illustrates the user interface (UI) design
for the three core modules of the CorbuAI framework. It is important to clarify that the
application was natively developed in Mandarin Chinese for two primary reasons. Since
the training datasets and the underlying architectural logic were derived specifically from
China’s residential building codes and layout standards, the terminology used in the UI is
intrinsically linked to this localized context. The expert evaluators and target users involved
in the validation phase were all professional architects based in China. Maintaining the
UI in their native language was essential to eliminate linguistic barriers, ensuring that
the qualitative feedback and scoring were based strictly on the system’s functional and
aesthetic performance rather than interface comprehension issues. Consequently, the
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original Mandarin interface was preserved in this study to maintain the integrity and
consistency of the expert evaluation process.

Table 12. Training results of image style migration model for interior space.

Original Sample Images Style 1: Modern Style 2: New Chinese Style 3: Industrial

                

                

                

   
(a) (b) (c) 

Figure 32. User interface design for 3 modules. (a) layout generation. (b) facade generation.
(c) interior space style migration.
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When the user clicks and enters the module of “Building Interior Space Style Migra-
tion”, the left side of the main page area allows the user to upload the interior space image
rendered by the low-precision model or the original input image for style migration. In
the box of “Input criteria”, you need to select the type of interior space (bedroom, living
room, kitchen), and then select the desired migration image styles (modern, neo-Chinese,
industrial). After the input criteria are confirmed, “Run and generate image” is clicked.
Afterwards, a series of calculations by the GCP server, the corresponding image of the build-
ing interior space is generated, and passed back to the right area for the user’s reviewing
and downloading.

The core framework for the user interface functionality is developed via the use of
two PHP files and a Python script. With the Bootstrap open-source framework applied on
the front end, the complete interaction process is depicted in Figure 33. The first PHP file
is the startup page for the facade design functionality, where the user can select images
and upload them. Then, images are processed by process.php. The second PHP file, or
process.php, stores the uploaded images in a local directory named “images”. Then, the
new directory of images is sent to the Python file. Process.py generates the new image
via the use of the pre-trained TensorFlow-Hub model. The output is the generated image,
which is then passed back to the local server, renamed “New-Image-Current-Timestamp”,
and stored in the same directory as the PHP file. Finally, Ajax is used to display the updated
image on the right side of the startup page.

Figure 33. Interaction architecture diagram.

5. Validation and Results
After the preliminary technical reserve, the floor plan generation function, facade

representation function, and function of building interior space style migration in the
multimodal AI-based architectural design platform have been developed. The three models
that have been pre-trained and debugged have witnessed the ideal test results in the
theoretical stage. In this part, actual project cases will be selected to demonstrate the
usability of the platform and to evaluate and verify the generated results.

5.1. Project Background and Design Specification

The project is located in a coastal city in one of the provinces in East China, and
this city intends to build a high-rise residential building in a new district. Transportation
facilities are very convenient; supporting facilities are complete, and they were constructed
in recent 15 years. Most projects in the vicinity are residential communities, and mainly
high-rise residential buildings. The project is in the pre-conceptual scheme stage, and the
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design management needs to develop the prepositioning planning and design scheme for
the project. Meanwhile, the project manager and marketing department are also analyzing
the market positioning and demand; therefore, it is necessary to use the multimodal AI
architectural design platform proposed in this study to quickly generate a variety of plan,
facade, and interior space schemes as reference drawings and intention drawings in a short
period of time. The design department, project management department, and marketing
department need to work together (Figure 34) to visually display the standard floor plan,
facade representation, and interior space design style of the project to provide assistance in
the enhancement of the decision-making efficiency.

Upon inquiry, the control unit in which the project site is located is planned as Class II
residential land, with various attributes and their indicators as follows: site plot ratio ≤ 3.4,
building density ≤ 25%, green area ratio ≥ 35%, and building height limit of 80 m. After
negotiation with the design management department, the requirements for residential
building floor plan in the project are as follows: the project is positioned as an improved
residential building, with three bedrooms in the set, and the floor plan is kept functional,
permeable, and coherent. The facade design requirements are with modern composition as
the keynote, and a clear and bright block geometric composition is adopted to echo with
the city culture and surrounding architectural style. The number of floors is limited to
26, and the height of the floors is 2.8–3 m. The interior space design requirements of the
building are that the style is positioned as neo-Chinese or modern style, in line with the
requirements of conventional space composition and interface disposition. The material
performance is consistent with the function.

 

Figure 34. Flowchart of the actual project application phase.

5.2. Validation for the Process of Generating Images

As the project is in the pre-conceptual scheme design stage, the floor plan of the
residential building has not yet been finalized. Based on past sales data and market
research results, the design department provides three house types that are well designed
and have been well sold in projects of other cities for reference. Excellent historical sales
have been achieved for these three house types, but it is still necessary to use the floor plan
generation module to quickly check the rationality of their designs. According to the above
method in Section 3, the interior footprint areas of the three schemes are firstly mapped,
and the functional zoning color block diagrams and furniture arrangement diagrams are
generated through the Pix2pix-GAN model.
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The diagram below presents the generation process of three design schemes. To
evaluate their rationality and applicability, unified evaluation standards and methods need
to be introduced. First, starting with the house type diagram for reference, the spatial
layout should be assessed to ensure that the division of functional areas meets residential
needs, with particular consideration given to whether the distribution of areas such as the
living room, bedrooms, and kitchen is scientifically sound. In the interior footprint diagram,
the proportion of effective usable area, shown in black, is evaluated, and the impact of
complex or inefficient shapes on space utilization is analyzed. The color-block diagram of
functional zoning focuses on whether the division of each functional area is reasonable and
whether the circulation between zones is smooth and logical. The furniture arrangement
diagrams are compared between preliminary and refined versions to assess the rationality
of the furniture layout, ensuring compliance with ergonomic principles, optimizing space
usage, and enhancing residential comfort. Finally, the furniture arrangement diagram of
the reference house type should be compared with the generated schemes using similarity
algorithms (such as the pHash algorithm) to evaluate the similarity and rationality between
the generated and reference designs. Through the comprehensive analysis of these steps,
the rationality assessment conclusion of each design scheme is drawn (Table 13).

The subjective evaluation was conducted by a panel of 25 professionals, comprising
15 Class-A licensed architects from leading Chinese architectural design institutes and
10 academic researchers specializing in digital architecture and computational design. To
ensure the authority and validity of the functional and aesthetic assessments, all evaluators
were required to have a minimum of 8 years of professional experience in residential
building design. The evaluation was carried out through a blind review process to elim-
inate potential bias. To ensure the statistical reliability of the expert scoring, Kendall’s
Coefficient of Concordance (W) was employed to measure inter-rater reliability among the
25 evaluators. The resulting coefficient (W = 0.85) indicates a high level of agreement across
the two primary evaluation criteria which has been used in Section 3: Functional Spatial
Logic (FSL) and Building Functional Program (BFP). This high level of consensus provides
a rigorous foundation for the subsequent qualitative analysis.

Table 13. Building floor plan generation and evaluation process.

Scheme 1 Scheme 2 Scheme 3

House type diagram for reference

Drawing of
interior footprint

area
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Table 13. Cont.

Scheme 1 Scheme 2 Scheme 3

Generation of
color block diagram
of functional zoning

Preliminary generation
of furniture arrangement diagram

(15,000 steps)

Further generation
of furniture arrangement diagram

(75,000 steps)

Furniture arrangement
diagram of

house types for reference

Reasonableness assessment
conclusion

Highly similar
reasonableness

Highly similar
reasonableness

Highly similar
reasonableness

(Note: Following standard conventions in computer graphics and semantic segmentation, solid structural
footprints are represented in black to ensure maximum contrast for algorithmic recognition, while white represents
void spaces).

5.3. Evaluation for Generated Images

According to the above results, the building floor plan generated by the model has a
high similarity with the three selected design schemes, indicating that the selected schemes
are reasonable. Previously, the model was trained based on 1401 images in the dataset, and
its generated functional zoning color block and furniture arrangement diagrams have been
tested by the market and users, and have feasibility and a reference value. Therefore, based
on the house types for reference and the functional zoning and house types generated by
the AI algorithm, the standard house type and standard floor plan of the actual project are
determined by the consideration of the advantages of the two types of schemes.
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Then, the stage of building facade extrapolation and facade representation generation
comes, as shown in Table 14. The three kinds of intentional floor plans are identified for facade
extrapolation and marked with different color blocks according to different components based
on the method of pre-processing dataset mentioned in the previous section. The marking
is performed objectively and rationally without excessive aesthetic modification. The AI
architectural design platform is visited, and the “Residential Building Facade Generation”
module is positioned. Then, the tagged images are uploaded in turn. After the remote
server completes the calculation, and the generated images are returned and reviewed, the
“Download” can be clicked to save them to your local computer. This step can be repeated
several times, and then the generated image results need to be evaluated. To improve the
quality of the generated images in the actual project inspection, the number of iterations of the
model is increased from 80,000 in the pre-training stage to 400,000 in the cloud server. Thus,
the computation time becomes longer, but the quality of the generated images is high, and it
is beneficial for the image evaluation.

Table 14. Building facade representation generation and evaluation process.

Scheme 1 Scheme 2 Scheme 3

Floor plan
of standard house types

Floor plan
of standard floor

Facade extrapolation
and division

         

Facade components
data marking
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Table 14. Cont.

Scheme 1 Scheme 2 Scheme 3

Alternative
generated scheme

         

Optimal
generation results

         

Similarity assessment 76% 70% 65%

Using the perceptual hash (pHash) algorithm to objectively evaluate the generated
image and the labeled image, the following scatter plot is obtained. It can be seen that the
similarity between all generated images and the original marked images is generally more
than 50%, exceeding the similarity range of the dataset when training the model, so it can
be considered that the model is running normally and stable.

In selecting an objective metric, the Perceptual Hash Algorithm (pHash) was priori-
tized over generic computer vision metrics such as Intersection over Union (IoU). While IoU
is effective for pixel-wise semantic segmentation, it fails to capture the structural composi-
tion and stylistic coherence essential to architectural elevation design. In contrast, pHash
focuses on the global structural and perceptual similarity, making it a more robust indicator
for assessing whether the AI-generated facades maintain the intended architectural features
and compositional logic. The experimental results in Table 15 show a high similarity mean,
reinforcing the framework’s capability in structural preservation.

Before the interior style of the building is migrated, the characteristics of the three
standard house plans are first analyzed. To a certain extent, they are similar. For instance,
all the master bedrooms are in the south-facing direction and have an external window. All
the living rooms are connected to the balcony through sliding glass doors. Therefore, in
this part, the living room space, bedroom space, and kitchen space of the three schemes are
extracted. On the basis of manual creation of a low-precision model, a fixed perspective is
selected to export the white mold image (clay render) as the original input image. Then,
four styles including modern style, new Chinese style, and industrial style are generated
and the new images are output. Since the layout of the kitchen space structure of Scheme A
and that of Scheme C are similar, they can be considered as mirror images of each other, so
they are analyzed together. When a low-precision model is created, there are dimensional
differences between the spaces of different schemes. To visualize the style migration
process, a representative space in each space type is selected for fast modeling and export of
white model images. The selected spaces include the living room space (green symbols) of
Scheme 1, the bedroom space (blue symbols) and kitchen space (red symbols) of Scheme 2,

https://doi.org/10.3390/buildings16030668

https://doi.org/10.3390/buildings16030668


Buildings 2026, 16, 668 40 of 49

and the kitchen space (orange symbols) of Scheme 3. These spaces are marked accordingly
in the standard house plan (green icon of check mark), shown in Table 16.

Table 15. Selected representative building interior spaces.

Scheme 1 Scheme 2 Scheme 3

Selected space location
and angle

Extract all
building spaces

Living room
Bedroom

Living room
Bedroom
Kitchen

Living room
Bedroom
Kitchen

Final
Selected

building spaces
Living room space Bedroom space A

Kitchen space A Kitchen space B

Table 16. Migration process of styles for different building interior spaces.

Style Living Room Space Bedroom Space Kitchen Space A Kitchen Space B

Low-precision model

                

Modern

                

New Chinese

                

Industrial
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5.4. Efficiency Analysis

To validate the efficiency claims of the CorbuAI framework, a comparative time–cost
analysis was conducted against a traditional manual design workflow. Three professional
architects (with 5–10 years of experience) were asked to complete a schematic design
task—comprising floor plan synthesis, functional zoning, and facade rendering—for a
standard residential unit.

The results (Table 17) show that the traditional manual process required an average of
12.5 h to reach a professional presentation standard. In contrast, CorbuAI completed the
generative process in 45–60 s on a cloud-based GPU node, with an additional 15–30 min
for human-in-the-loop parameter adjustment and selection. This represents a reduction in
early-stage design time by over 90%, significantly accelerating the iterative prototyping
phase. While AI significantly reduces computational time, professional human oversight
remains essential for final regulatory compliance.

Table 17. Time–cost comparison between traditional and CorbuAI workflows.

Design Phase Traditional Manual Workflow CorbuAI Framework Efficiency Gain

Layout Generation 4–6 h <10 s ~2000x

Functional Refining 2–4 h <30 min (Human-in-loop) ~6x

Elevation Rendering 2–6 h <30 s ~500x

Total Iteration Time 8–16 h ~30 min >90%

6. Discussion
6.1. Evaluation of Hypotheses and Quantitative Interpretation

After a multimodal AI algorithm is adopted to generate the building floor and the
facade representation and migrate the interior space styles, the generated images are
submitted to the design department, project management department, and marketing
department for subjective evaluation. It is concluded that the generated floor plan of
standard house type is reasonable and has similar functional zoning with the existing house
type verified by the market. It has advantages of both the reference house type and the
generated house type, so the standard house type and standard floor plan of this project
can be quickly determined. Meanwhile, the generated furniture arrangement diagram is
reasonable and clear, and it can visually reflect the optimal functional zoning based on
the interior footprint area. In terms of facade representation, the component elements
of the generated images are well presented. For example, it is reflected that both facade
materials and glass have their own characteristics, with relatively clear block geometric
composition, and the overall visual effect is in line with the characteristics of residential
buildings of new Chinese style or modern style. For the interior space style migration, the
generated images have obvious style characteristics, whether based on the low-precision
model or the input images. The interior spaces of different types of buildings can show
their functional attributes well and conform to the requirements of conventional space
composition and interface disposition. The material performance remains consistent with
the function. The generated plan, facade, and interior space images meet the requirements
of a quick generation of reference and intention diagrams. However, in the parts of floor
plan and facade representation, due to the short calculation time, not all the details are
presented, and the resolution of the generated images is low. So, the investment needs to be
improved in the hardware part to obtain high-quality generated images, or more time needs
to be invested to obtain images with more details. In the part of building interior space,
due to the large number of parameters, variables, and random factors involved, several

https://doi.org/10.3390/buildings16030668

https://doi.org/10.3390/buildings16030668


Buildings 2026, 16, 668 42 of 49

repetitive operations are required to obtain high-quality images that meet the requirements.
In general, this part of the R & D result “multimodal AI technology-based architectural
design platform” has certain practicality in improving design efficiency, rapid drawing,
assistance in the design process, creativity inspiration, etc. It also has application value
in practical work. It is worth mentioning that the traditional architectural design process
of complicated modeling, mapping, parameter setting, debugging, rendering, and so on,
are saved, and the efficiency of the residential architectural design process is improved.
In addition, the friendly and convenient user interface design can be easily used and
maintained, and it is easy to add more independent functional modules to achieve other
functions in the architectural design process based on the core framework in the future.

The empirical results support our central hypothesis that a multimodal integration
of Pix2pix-GAN and Stable Diffusion (SD) creates a more robust design pipeline than
single-model approaches. Quantitatively, the spatial allocation score of 0.88 obtained in
the validation phase demonstrates that the optimized U-Net V2.0 successfully internalized
the complex functional logic of Chinese residential modules. Furthermore, the mean
pHash similarity of 0.82 in elevation generation confirms that the model maintains high
structural consistency while allowing for aesthetic variety. These figures indicate that
the “architectural hallucination” typically found in generic generative models has been
significantly suppressed within the CorbuAI framework.

6.2. Comparative Analysis with Previous Studies

Although the artificial intelligence technology-based architectural design (AIAD)
platform developed in this chapter has many potential advantages, it still has some pos-
sible limitations, such as the completeness of data collection, the algorithmic efficiency
of data preprocessing, and the complexity of the architectural design process. The ac-
curacy of machine learning models depends to some extent on the quantity and quality
of data. In this study, the number of selected datasets is limited, which meets the data
volume requirements under research and development conditions. However, in practical
applications, the amount of data cannot be accurately calculated, so it cannot involve all
types of planes, facades, and interior spaces. In terms of algorithm efficiency, due to the
progress of research in the field of computer science, a more efficient algorithm that can
replace Pix2pix-GAN-SDv2 may appear in the future to generate qualified architectural
design images.

Compared to earlier GAN-based layout generators like House-GAN [31], which often
struggle with high-density urban constraints, CorbuAI shows superior adaptability to the
Chinese context due to our manually refined dataset. While previous studies using latent
diffusion models [55,56] achieved high visual fidelity, they often lacked the functional
precision required for construction-ready plans. Our framework bridges this gap. Aligning
with the findings of Stanislas Chaillou, our results suggest that domain-specific fine-tuning
is more critical for architectural accuracy than merely increasing model scale [58]. However,
unlike the generic text-to-image methods discussed by Rombach et al. [59], CorbuAI ensures
that the transition from 2D to 3D maintains a consistent structural features.

In terms of the complexity of the architectural design process, this part of the research
focuses on the generative design in the conceptual scheme stage, and builds the under-
lying multimodal model of the artificial intelligence-based architectural design (AIAD)
platform. On this basis, in the future, extended models such as “building material selec-
tion”, “construction drawing generation and review”, and “construction engineering cost
calculation” will be constructed, and applied to the preliminary design/expansion stage
and construction drawing design stage after the conceptual scheme stage. The new mod-
ule still follows the layered architecture, technology stack selection, interface mode, and
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database architecture proposed in Section 3.2. Since the artificial intelligence technology
architectural design (AIAD) platform involves the process of overall architectural design, it
is necessary to create a new module for each new module. The extended model matches
the corresponding algorithm, dataset, and reasonable model training process.

The results of this study contribute to the growing body of literature focused on the
integration of generative AI within architectural workflows. Our findings align with the
computational logic of early GAN-based layout synthesis demonstrated by Chaillou [58]
and Nauata et al. [31], yet extend beyond their focus on single-modality generation by
introducing a synchronized floor-plan-to-facade pipeline. While Zheng et al. [42] utilized
graph-based methods for layout connectivity, the CorbuAI framework leverages the per-
ceptual advantages of diffusion models, similar to the latent diffusion techniques explored
by Rombach et al. [59]. In contrast to the style transfer approaches of Isola et al. [34],
which often prioritize texture over structural logic, our methodology integrates structural
constraints akin to the sketch-to-image methods discussed by Voynov et al. [57] and Cheng
et al. [56]. Furthermore, while researchers like Wang et al. [24] and Gal et al. [55] empha-
sized personalization in generative models, our focus on a localized Chinese residential
dataset addresses the data-specificity gap noted in the comparative studies of As et al. [6].
By positioning our framework within the context of these diverse methodologies, it be-
comes evident that CorbuAI bridges the gap between purely experimental AI and practical
industry applications previously theorized in Wang [27]. The future roadmap of CorbuAI
is shown in Figure 35.

 

Figure 35. The future planning roadmap based on CorbuAI.

6.3. Methodological Limitations and Future Work

When evaluated against classical manual design workflows, CorbuAI demonstrates
a paradigm shift in efficiency. Traditionally, the transition from a functional schematic to
a rendered elevation and interior concept would require 8 to 16 man-hours for a profes-
sional architect. CorbuAI reduces this process to under 60 s per iteration. While classical
methods offer superior nuance in handling hyper-specific client requirements, our AI-
driven approach provides a diverse range of high-quality prototypes that can serve as a
robust foundation for further human refinement. This highlights the role of AI not as a
replacement for the architect, but as an “intelligence augmentor” that automates repetitive
topological tasks.
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Despite the promising results, several methodological limitations must be acknowl-
edged. First, the current model is optimized for standardized residential modules; its
performance on non-standard, irregular room layouts or complex mixed-use buildings
remains to be fully validated. Second, while the facade generation is structurally consistent,
the variety of atypical facade types (e.g., parametric or kinetic skins) is currently limited by
the training distribution of our dataset. Future research will focus on expanding the dataset
to include more diverse architectural typologies and exploring the integration of 3D volu-
metric data to further reduce the gap between 2D representation and BIM-ready models.

The current research results demonstrate the potential application value of multimodal
AI technology in architectural design, particularly in improving design efficiency and
quickly generating building floor plans and facades. However, there is still room for
further optimization in terms of the comprehensiveness of the dataset, the efficiency of
algorithm processing, and the quality and detail of the generated images. Therefore, future
research should focus on expanding the scale and diversity of the dataset, enhancing the
stability and accuracy of the algorithm, and improving image resolution and detail through
hardware upgrades. Guided by these research directions, the CorbuAI platform will be
closer to practical application and lay the foundation for the intelligent development of the
architectural design process. Clarifying these future research directions will help deepen
the research findings of this chapter and further promote technological progress.

6.4. Critical Analysis of Research Questions and Hypotheses

After the above deep discussion from Sections 6.1–6.3, this section evaluates the
experimental results in the context of the research questions (RQs) and hypotheses (Hs)
formulated in the Introduction.

Regarding RQ1, the high accuracy scores (0.88 and 0.82) for functional logic support
H1, confirming that an expert-refined, localized dataset significantly mitigates the “halluci-
nation” issues common in generic models. However, the system still occasionally produces
non-standard wall thicknesses, indicating that while logic is improved, geometric precision
requires further refinement.

For RQ2, the multimodal synchronization between floor plans and facades validates
H2. The pHash similarity results demonstrate that the structural features are maintained
across 2D and 3D transitions. Nonetheless, a critical observation remains: AI-generated
facades can occasionally disconnect from the internal zoning logic when faced with complex
boundary conditions, a limitation that necessitates human-in-the-loop adjustments.

Finally, RQ3 and H3 are supported by the time–cost analysis, showing a 90% reduc-
tion in schematic design time. However, the efficiency gain is primarily computational.
The analytical depth confirms that while CorbuAI excels at rapid prototyping, the pro-
fessional responsibility for regulatory compliance and structural safety remains with the
human architect, framing the AI as a powerful collaborative assistant rather than an
autonomous designer.

7. Conclusions
In this study, the analysis of the rationality, necessity, urgency, and applicability of

the influence mechanism and adoption model of architectural design-oriented AI tech-
nologies leads to the determination of stakeholders, collected requirements, and screening
requirements to establish the requirement boundaries of the minimum viable product. Sub-
sequently, the platform’s layered architecture is developed, and discussions regarding the
technology stack and key technologies are undertaken. This encompasses the construction
of the technology stack model selection and combination model, the design of the separated
front and back-end interface model, and the design of the distributed architecture and
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relational database. Building on this foundation, the problems in the R&D process are
analyzed, and CorbuAI, an architectural design platform based on Pix2pix-GAN-SDv2
multimodal AI technologies, is proposed. This consists of three parts: building floor plan
generation, building facade representation generation, and building interior space style
migration, each following three steps: data collection and pre-processing, fine-tuning of the
pre-trained model, and evaluation of the model training. After training and debugging the
models, the user-end interface and interaction are determined, and the pre-trained models
are deployed to the cloud server to realize the minimum viable product. Finally, in the stage
of practical case application and evaluation, real projects are selected to generate building
floor plans, building facade representations, and building interior space styles. The results
demonstrate that the AI-based architectural design platform can undergo subjective eval-
uation by designers and meet the requirements for the rapid generation of reference and
intention diagrams in the conceptual scheme stage.

From a theoretical perspective, this study enriches the theoretical system of interdis-
ciplinary combination of architectural design theory and computer AI technology and
improves empirical research and dynamic simulation of the willingness to adopt AI tech-
nologies in the field of architectural design. Moreover, it explores implementation methods
based on the combination of theory and practice for the analysis and research work about
the requirements for “AI-based architectural design platforms.” The research results in-
dicate that architectural design companies and architects can utilize the tool to conduct
work in the conceptual stage of actual architectural design, thus enhancing the innovation
of research methods in this field. From a practical standpoint, the research results hold
great significance for promoting the development of the architectural design industry and
exploiting the potential value of AI technologies in architectural design projects, which
might lead the collaboration between academia and design firms to foster real-world pilot
studies. The use of the “AI-based architectural design platform” can enhance the efficiency
of architects and designers, strengthen design capabilities, and serve as a “design assistant”
for architects by enabling machines to assist in design through algorithms. Therefore, this
study demonstrates product feasibility with practical significance.

Unlike generic AI generative models that often prioritize visual aesthetics over ar-
chitectural logic, this study introduces CorbuAI, a framework uniquely tailored to the
functional and regulatory constraints of the Chinese residential context. By bridging the
gap between 2D topological layout and 3D-oriented elevation rendering, our work provides
a novel solution to the fragmented workflows identified in previous literature.

The implementation results demonstrate a high degree of precision, with a spatial
allocation accuracy of 0.88 and a mean pHash similarity of 0.82 in facade generation.
These metrics confirm that the proposed multimodal framework significantly enhances
the reliability of AI-generated architectural designs. While CorbuAI exhibits professional-
grade performance in standardized residential design, a critical reflection reveals that the
system remains dependent on the quality and diversity of its training data. The potential
for “algorithmic bias” towards specific architectural styles and the challenge of handling
highly irregular urban plots remain areas for further refinement.

Based on our findings, we offer the following practical conclusions, first, the multi-
modal AI frameworks can reduce the schematic design cycle by over 90% in standardized
residential projects. To ensure functional viability, designers should utilize AI as an iterative
prototyping tool rather than a final output generator, maintaining a “human-in-the-loop”
approach to refine structural and social nuances. Future research will explore the inte-
gration of 3D geometric data to transition from image-based generation to volumetric
BIM-compatible models. Additionally, we aim to expand the dataset to include diverse
climate-responsive facade typologies to enhance the framework’s global applicability.
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AIAD Artificial Intelligence-based Architectural Design
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SD Stable Diffusion
AIGC AI-Generated Content
GAN Generative Adversarial Network
CLIP Contrastive Language-Image Pre-training
MVP Minimum Viable Product
CAD-CAM Computer-Aided Design And Manufacturing
MDO Medium Density Overlay
SSIEA Stable Stage Island Evolutionary Algorithm
MMML Multimodal Machine Learning
IPD Integrated Project Delivery
API Application Programming Interface
GCP Google Cloud Platform
GPU Graphics Processing Unit
TPU Tensor Processing Unit
CDN Content Distribution Network
RIT Rakuten Institute of Technology
CVC Computer Vision Center
cGAN Conditional Generative Adversarial Network
FSL Functional Segmentation Layout
BFP Building Floor Plan
CMP Center for Machine Perception
RAM Random Access Memory
DM Diffusion Model
UI User Interface
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