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In recent years, parametric design and floor plan generation methods that utilize Building 
Information Modeling (BIM)/CAD data have been employed as computational tools to 
assist architects in designing floor plans. However, the utilization of these methods is 
challenging for non-professionals as they require specialized software to participate in 
the design process. Consequently, the automatic generation of floor plans using deep 
learning, a data-driven approach, has emerged as a significant topic of research. 
Specifically, Graph Neural Networks (GNNs) have emerged as a prominent and rapidly 
evolving field of research in recent years, particularly in the context of automatic floor 
plan generation. However, these methods encounter challenges such as inconsistencies 
with exterior wall layouts and the inability to incorporate room function information, 
despite achieving successful prediction of interior wall positions. To address these 
limitations, this study proposes a GNN-based floor plan generation method that explicitly 
considers the building's exterior walls as constraints. This method performs an end-to-end 
process, from generating internal boundaries to estimating room types. Furthermore, the 
potential application scenarios of this method are discussed. This approach facilitates the 
automatic generation of highly consistent floor plans that align with exterior walls while 
incorporating room arrangements and functional information. The efficacy of the 
proposed method was evaluated using a prototype system, yielding an accuracy of 0.7435 
and a graph edit distance of 79.3154 for floor plan generation. This study makes a 
significant contribution to the development of a system that enables non-professionals to 
engage in architectural design planning, particularly in applications such as apartment 
renovations where exterior walls are predefined and the layout design of single-family 
homes. 
 
Keywords: Graph Neural Network, Graph Reconstruction and Generation, Detailed 
Building Components

INTRODUCTION 
A floor plan is a crucial and extensively utilized 
medium for depicting a building's interior layout, 
serving as a blueprint that effectively conveys 

spatial configuration, structural elements, and 
openings (Mostafavi et al., 2024). In professional 
practice, design processes are often supported by 
approaches such as parametric design and 
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building information modeling (BIM) (Lee et al., 
2014; Yildiz et al., 2024). The parametric design 
approach facilitates the creation of complex 
shapes by formulating input features and multiple 
objective functions using parametric functions 
(Gaha., 2023). In contrast, BIM-based methods 
enable centralized management of all design-
related information, ensuring that any 
modifications automatically update all associated 
drawings and data (Santos et al., 2025). However, 
these methods present challenges for non-
professionals, as the manipulation of higher-
order parameters and specialized software can be 
prohibitively difficult, hindering independent 
design work by non-professionals (Volk et al., 
2014). 

Consequently, data-driven approaches—
particularly those employing deep learning 
models for the automatic generation of floor 
plans—have garnered significant interest. These 
techniques learn from real-world examples, 
capturing architectural characteristics through a 
generative process based on actual design cases 
(Weber et al., 2022). Recent research has focused 
on GNNs, which take graph-structured data as 
input. GNNs aggregate information from 
neighboring nodes through a mechanism known 
as message passing, thereby updating feature 
representations between nodes (Wu et al., 2020). 
This ability facilitates the generation of floor plans 
that accurately reflect spatial relationships, such 
as room adjacency. 

Nonetheless, studies on floor plan generation 
using GNNs have reported issues including 
inconsistencies in room arrangements and 
inappropriate room sizes and shapes (Nauata et 
al., 2020). Furthermore, even when boundary 
layouts are employed as constraints, the 
generated rooms can deviate significantly from 
the specified boundary layouts (Hu et al., 2020). 
Additionally, research on predicting the positions 
of interior walls under fixed boundary layout 
conditions has yet to address the prediction of 
attribute information for individual rooms 

delineated by these walls (Liang et al., 2024). 
Consequently, there is an imperative to develop 
an integrated automatic floor plan generation 
system that maintains the consistency of the 
exterior walls while predicting interior walls and 
estimating room classes. 

In this study, we propose a system that first 
predicts the positions of internal boundaries 
using a GNN model, with building exterior wall 
and entrance door information serving as 
constraints. The model then predicts the attribute 
information for each room based on these results. 
In our approach, corridors and other connecting 
spaces are excluded from the floor plan domain. 
In this study, the term "exterior wall" is used to 
denote the walls that delineate the boundaries of 
the floor plan, including the entrance door. 
Conversely, "interior wall" refers to all other walls, 
including interior doors. 

The proposed system enables the automatic 
generation of floor plan layouts when exterior 
wall information is provided. This work establishes 
the foundation for enabling non-professionals, 
without specialized knowledge, to participate in 
floor plan design for the renovation of 
condominiums and detached houses. 

RELATED WORK 
This section summarizes previous related studies. 

Floor Plan Generation Using Graph 
Neural Networks 
GNNs are a class of deep learning techniques 
designed to handle data with graph structures, 
and they have advanced rapidly in recent years. 
GNNs have been applied in various fields, 
including image recognition and compound 
classification (Han et al., 2022; Xu et al., 2018). 

In the context of architectural design, both 
bubble diagrams, which illustrate room 
relationships, and floor plans can be represented 
as graph data, with nodes corresponding to 
rooms and edges representing connectivity 
(Simonsen et al., 2021). Due to their efficacy in 
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processing data in non-Euclidean spaces, GNNs 
are anticipated to provide promising solutions in 
numerous applications within the construction 
domain, such as Building Information Modeling 
(BIM), scanned point cloud data, and space 
planning (Simonsen et al., 2021). 

Nauata et al. (2020) proposed a floor plan 
generation model called "House-GAN," which is 
based on adversarial generative networks. In 
House-GAN, a bubble diagram is used as input, 
and a GNN is employed to generate the floor plan. 
The system utilizes Conv-MPN (Zhang et al., 2020), 
recognized for its high-level reasoning 
capabilities, as the foundation for convolutional 
message passing. The model concatenates 
features obtained through sample pooling of 
both connected and unconnected rooms, thereby 
enabling the generation of room layouts from 
random initial noise. However, challenges were 
noted in that the output room configurations 
were inconsistent, and the sizes and shapes of the 
generated rooms deviated significantly from the 
ground truth. Moreover, only node (room) 
information was considered, while edge (inter-
room connection) information was not sufficiently 
exploited, which was highlighted as a limitation. 

Liang et al. (2024) proposed a methodology 
that involves the discretization of the 2D floor 
plans from the House-GAN dataset (Nauata et al., 
2020) and the subsequent structuring of these 
plans as graphs. These graphs were then fed into 
a Variational Graph Auto-Encoder (VGAE) (Kipf et 
al., 2016b) to predict the internal boundaries from 
the building’s external outline. In their study, the 
external boundary of the building was fixed to 
ensure layout consistency while predicting the 
positions of interior walls. However, the attribute 
information of the rooms delineated by these 
predicted interior walls was not addressed. 

PROPOSED METHOD 
In this study, we propose a methodology for 
generating floor plans through the discretization 
of said plans into grids, with the representation of 

the grid as graph data. In this representation, grid 
intersection points function as nodes, while grid 
lines serve as edges. Furthermore, the dataset is 
augmented with exterior wall and entrance door 
information prior to being input into two GNN 
models for floor plan generation. The proposed 
method comprises the following steps: 

First, the dataset editing is performed. In this 
stage, room attribute information is extracted 
from the original data, and the floor plan layout is 
aligned to a grid based on an arbitrary grid unit. 
Subsequently, the room attribute information is 
assigned to the aligned floor plan. 

Next, the 2D gridded dataset is transformed 
into a graph structure. Based on the coordinate 
information of the edited floor plan and the room 
attributes, an adjacency matrix, node and edge 
feature matrices, and node and edge class 
matrices are generated. Thereafter, training and 
testing are conducted using the two GNN models. 
Initially, training data with known exterior wall 
classes (exterior wall, front door) are input, and a 
Variational Graph Auto-Encoder (VGAE) model is 
employed for edge prediction to infer interior wall 
classes (interior wall, interior door). Concurrently, 
test data that include both exterior wall and 
interior wall information as constraints are input 
into the GNN model for node class (room class) 
prediction, which accounts for interior wall 
positions. 

During the testing phase, test data with 
known exterior wall classes are provided to the 
pre-trained VGAE model to predict edge classes 
(interior wall classes). Furthermore, by 
considering the constraints from both the exterior 
walls and the predicted interior walls, node class 
(room class) prediction is performed to generate 
the final floor plan. Figure 1 illustrates the system 
flow; Figure 2 illustrates the preprocessing of the 
dataset; Figure 3 presents an overview of training 
and testing using GNNs; and Figure 4 provides 
details of the graph data. 
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Figure 1 
Proposed system 

Figure 2 
Dataset 
preprocessing 

Figure 3 
Overview of 
training and 
testing with GNN 

Figure 4 
Detailed of the 
graph data 
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OS Windows 11 64bit 
CPU 13th Gen Intel(R) Core(TM) i9-13900K 

3.00 GHz 
RAM 64.0 GB 
GPU NVIDIA GeForce RTX 4090 

 
Libraries Purpose of Use 

Housegan-
data-reader 

Extracting room attribute 
information from images 

NetworkX Generating graph data 
PyTorch 
Geometric 

Training and testing of GNN 
models 

Matplotlib Visualizing graph 
 

1 Adding vertices and edges 
2 Deleting vertices and edges 
3 Modifying vertex labels 

 

VERIFICATION 
In this section, we implement the prototype 
system and present the methodology and results 
for evaluating both the prediction accuracy of 
room attribute information by the GNN model—
while considering interior walls—and the overall 
accuracy of the generated floor plans. 

Prototype System 
In order to evaluate the effectiveness of the 
proposed system, a prototype was developed. 
The experimental environment is detailed in Table 
1, and Python was employed as the development 
language. The study employed the RPLAN dataset 
(Wu et al., 2019), an extensive collection from Asia 
comprising approximately 80,000 indoor floor 
plans. Each floor plan is annotated at the pixel 
level with 10 room types and 2 door types. The 
primary libraries employed in this project are also 
listed in Table 2. 

 
 
 
 

 
 
 
 
 
 
 
 

Metrics 
In this section, we describe the evaluation metrics 
employed to assess the plausibility of floor plans 
generated either partially or entirely by the 
proposed system are delineated. In the evaluation, 
the graph data of the generated floor plans are 
compared with the ground truth graph data to 
assess their similarity. The structural similarity is 
measured by the cross-entropy error function and 

the Exact Match Ratio, which is the proportion of 
cases in which the model correctly predicts all 
labels without omissions. Additionally, to evaluate 
the topological similarity between two graphs, we 
use the graph edit distance (ged). The graph edit 
distance is defined as the minimum number of 
edit operations required to transform a graph 𝑔𝑔 
into another graph 𝑔𝑔′ , where the node set of 
graph 𝑔𝑔 is denoted by 𝑉𝑉(𝑔𝑔) and the edge set by 
𝐸𝐸(𝑔𝑔). The definitions of the graph edit operations 
are presented in Table 3. The ged, denoted by dist, 
is defined as the minimum number of edit 
operations required to transform a graph g into 
another graph g', where g' is represented by (V', 
E', Σ, l'), and g by (V, E, Σ, l). The definition of dist 
is provided in equation (1), and that of ed is given 
in equation (2). 

 
 
 
 
 
 
 
 
 
 
 
 

 
 

 

Room Class Prediction Accuracy of 
Different GNN Models 
In this section, we provide an overview, describe 
the evaluation methods, and present the results 
concerning the prediction accuracy of room 
classes for each GNN model after determining the 
positions of the interior walls. 

Table 1 
Development 
environment 

Table 2 
Libraries used in 
this study 

Table 3 
Definition of 
graph editing 
operations 
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Number of datasets 
Train: 28000, 

Validation: 3500, 
Test: 3500  

Learning rate 0.0001 

Known classes 

exterior_wall, 
front_door, 
interior_wall, 
interior_door 

Batch size 128 
Grid unit 15 

Node prediction 
model 

GCN, GAT, 
GraphSAGE 

 

 2-layer 3-layer 4-layer 
 GCN GAT SAGE GCN GAT SAGE GCN GAT SAGE 

Loss  0.8679 1.0218 0.8575 0.8302 0.8070 0.8032 0.8022 0.7045 0.6641 
Accuracy 0.8722 0.8255 0.8755 0.8787 0.8897 0.8840 0.8805 0.9085 0.9106 

Ged 68.6751 67.5943 68.2506 67.3494 66.2229 65.5951 66.0794 67.1694 65.9694 
 

Overview. The objective of the evaluation was to 
ascertain the plausibility of the predicted floor 
plans when interior walls were taken into account. 
To ensure consistency across conditions, the 
positions of the interior walls were set to be 
identical to those in the ground truth. To predict 
room classes while accounting for interior wall 
positions, three graph neural network (GNN) 
models were utilized: the Graph Convolutional 
Network (GCN) (Kipf et al., 2016a), the Graph 
Attention Network (GAT) (Veličković et al., 2017), 
and Graph Sample and Aggregated Embeddings 
(GraphSAGE) (Hamilton et al., 2017).  
 
Method. The evaluation procedure is outlined 
below. In addition, details on the parameters used 
during evaluation and the known classes are 
provided in Table 4. 

1. Creating graph data, including an adjacency 
matrix and a node feature matrix, using the 
classes specified in Table 4 as known.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

2. Inputting the graph data into each of the 
three GNN models. 

3. Comparing the generated graph data with the 
ground truth graph data to assess the 
accuracy. 

 

 
 
 
 
 
 
 
 
 

Results. The results of the evaluation, along with 
a visualization of the generated graph data, are 
presented in Figure 5. Additionally, the evaluation 
outcomes are summarized in Table 5. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Table 4 
Validation 
conditions 

Figure 5 
Example outputs 
during validation 
(4-layer case):  
(a) Input;  
(b) Ground Truth; 
(c) GCN;  
(d) GAT;  
(e) GraphSAGE. 
The top row shows 
the graph data, 
while the bottom 
row presents a 
visually enhanced 
version for better 
interpretability. 

Table5 
Evaluation results 
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Number of datasets 
Train: 28,000, 

Validation: 3,500, 
Test: 3,500  

Learning rate 0.0001 

Known classes exterior_wall, 
front_door, 

Batch size 128 
Grid unit 15 

Node prediction 
model 

GraphSAGE 
4-layer 

 

Evaluation of the Overall Validity of 
the System 
In this section, we describe an overview of the 
evaluation of the overall floor plan generation 
accuracy achieved by the prototype system, along 
with the evaluation methodology and the 
corresponding results. 
 
Overview. We evaluated whether the floor plans 
generated by the complete system satisfy the 
specified input constraints. A VGAE was employed 
for predicting interior wall positions, while the 
GraphSAGE model—which achieved the highest 
score in the previous section for room class 
prediction—was used for predicting room classes.  
 
Method. The evaluation procedure is outlined 
below. In addition, details on the parameters used 
during evaluation and the known classes are 
provided in Table 6. 

1. Creating graph data, including an adjacency 
matrix and a node feature matrix, using the 
classes specified in Table 6 as known.  

2. Inputting the graph data into the trained 
VGAE to predict the edge classes 
corresponding to the interior walls. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 

3. Incorporating the prediction results from step 
2 into the node feature matrix of the graph 
data from step 1. 

4. Inputting the adjacency matrix from step 1 
and the updated node feature matrix from 
step 3 into the trained GNN model to predict 
room classes. 

5. Comparing the generated graph data with the 
ground truth graph data to assess accuracy. 

 
 
 
 
 
 
 
 
 

 
Results. The evaluation results, along with a 
visualization of the generated graph data in a 
more interpretable format, are presented in 
Figure 6. In addition, the evaluation outcomes are 
summarized in Table 7. 
 
 
 
 
 
 
 
 
 
 

 
 

 
 

Figure 6 
Example outputs 
during validation: 
(a) Input; (b) 
Ground Truth; (c) 
Ours. 
The top row shows 
the raw graph 
data, while the 
bottom row 
presents a visually 
enhanced version 
for better 
interpretability. 

 

Table 6 
Validation 
conditions 
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Loss  3.6294 
Accuracy  0.7435 

Ged  79.3154 

DISCUSSION 
In this section, we discuss the experimental results 
presented in the previous chapter by examining 
the prediction accuracy of room classes across 
various GNN models, the overall validity of floor 
plan generation by the system, and potential 
application scenarios for the proposed system. 

Room Class Prediction Accuracy of 
Different GNN Models 
Table 5 shows that among the three GNN models 
employed in the evaluation, the GraphSAGE 
model achieved the highest performance. One 
key factor contributing to the high accuracy of the 
GraphSAGE model is its flexibility in selecting 
among multiple aggregation methods (e.g., mean, 
LSTM, pooling). By applying the most appropriate 
aggregation method tailored to the 
characteristics of the constructed graph data, the 
model effectively captured the local structures 
and features of the nodes. In contrast, the GAT 
model, which employs an attention mechanism to 
dynamically adjust feature importance, did not 
achieve sufficiently effective feature extraction, 
leading to lower accuracy. Furthermore, the GCN 
model, which utilizes fixed aggregation methods 
(such as mean or sum), was less capable of 
capturing the diverse structural variations in the 
data, thereby resulting in lower performance 
compared to the GraphSAGE model. 

Evaluation of the Overall Validity of 
the System 
The results presented in the previous chapter 
confirmed that floor plans can be generated using 
only the information from exterior wall and front 
door classes. A comparison between the 
accuracies reported in Table 6 and Table 7 
indicates that the prediction accuracy of interior 
wall positions plays a significant role in enhancing 

the overall accuracy of floor plan generation. 
Moreover, as evidenced by the results shown in 
Figure 7, a decrease in the accuracy of interior wall 
position predictions is accompanied by a 
corresponding decline in the accuracy of room 
class predictions.  

 
 
 
 
 

Application Scenarios 
This section outlines the potential application 
scenarios for the proposed system. The system 
generates floor plans based on information 
regarding exterior walls and front doors. 
Furthermore, given that the dataset used in this 
study consists of single-floor residential floor 
plans, the system is particularly applicable to 
scenarios such as the renovation of apartments 
with known exterior wall configurations and the 
design of floor plans for detached houses, all 
without the need for specialized software. 
Additionally, the proposed system is capable of 
generating multiple floor plan layout candidates 
from a single set of exterior wall information. 
However, as the evaluation results have indicated, 
the generated floor plans still exhibit certain 
issues, such as unnatural gaps and biased class 
predictions. Therefore, a practical application 
workflow could be envisioned as follows: 

1. Converting the exterior wall information into 
graph data.  

2. Inputting the graph data into the proposed 
system to generate multiple floor plan layout 
candidates for a given boundary. 

3. Selecting a layout from the generated floor 
plans that best meets customer preferences 
and other constraint conditions. 

4. Having an expert perform final refinements on 
the selected layout. 

Table 7 
Evaluation results 

Figure 7 
An example where 
the prediction 
accuracy of room 
classes decreases 
when the number 
of predicted 
interior walls is 
low 
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However, the conversion of exterior wall 
information into graph data remains a 
challenging task for non-professionals, 
necessitating the automation of this process as a 
subsequent undertaking. 

CONCLUSION 
In this study, we propose an automatic floor plan 
generation system based on grid partitioning and 
graph-structured floor plan data. We utilize GNNs 
as an alternative approach to conventional design 
methods, such as parametric design. Prior 
research has identified challenges, including the 
generation of room layouts that significantly 
deviate from the input building boundaries and 
the inability to ascertain room functions despite 
the prediction of interior boundaries. To address 
these limitations, our approach predicts both the 
interior boundaries and the room classes from the 
building boundary information, thereby 
enhancing the practicality of the automatic floor 
plan generation system and improving the 
consistency of the building boundaries. 

The conclusions drawn from this study are 
summarized as follows: 

• We developed a 2D gridded dataset from an 
existing floor plan dataset and proposed a 
system that automatically generates floor 
plans by inputting the graph-structured data 
into a GNN. 

• The efficacy of the proposed system was 
substantiated through empirical evaluations, 
which demonstrated an average accuracy of 
74.35%, a loss value of 3.62, and a graph edit 
distance of 79.32. 

Future challenges include improving the accuracy 
of interior boundary predictions based on 
building outlines and addressing class imbalances 
within the dataset to generate more diverse floor 
plans. Additionally, practical limitations must be 
considered for real-world deployment. These 
include converting exterior wall information into 

graph-structured data for non-professionals and 
addressing unpredicted space within generated 
room layouts. 
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