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Abstract: We study the task of automated house design, which aims to automatically generate 3D houses from user requirements.
However, in the automatic system, it is non-trivial due to the intrinsic complexity of house designing: 1) the understanding of user re-
quirements, where the users can hardly provide high-quality requirements without any professional knowledge; 2) the design of house
plan, which mainly focuses on how to capture the effective information from user requirements. To address the above issues, we propose
an automatic house design framework, called auto-3D-house design (A3HD). Unlike the previous works that consider the user require-
ments in an unstructured way (e.g., natural language), we carefully design a structured list that divides the requirements into three
parts (i.e., layout, outline, and style), which focus on the attributes of rooms, the outline of the building, and the style of decoration, re-
spectively. Following the processing of architects, we construct a bubble diagram (i.e., graph) that covers the rooms’ attributes and rela-
tions under the constraint of outline. In addition, we take each outline as a combination of points and orders, ensuring that it can repres-
ent the outlines with arbitrary shapes. Then, we propose a graph feature generation module (GFGM) to capture layout features from the
bubble diagrams and an outline feature generation module (OFGM) for outline features. Finally, we render 3D houses according to the
given style requirements in a rule-based method. Experiments on two benchmark datasets (i.e., RPLAN and T3HM) demonstrate the ef-

fectiveness of our A3HD in terms of both quantitative and qualitative evaluation metrics.
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1 Introduction

Living in a safe, warm, and loving house is everyone's
requirement for their dream house. Generally, designing a
house requires architects to complete the house with their
professional knowledge, which is very time-consuming.
Even certificated architects often take a couple of days or
even several weeks to design a floor plan. Thus, it would
be fantastic if people could design their own houses by
themselves. To this end, as shown in Fig.1, we propose a
new automatic house design method, called auto-3D-
house design (A3HD), aiming to allow users to design
their own houses in a time-saving way. However, it poses
two main challenges during the designing of such an auto-
matic system.

First, understanding user requirements is non-trivial
as users can hardly provide high-quality and accurate re-
quirements. It is important to provide accurate require-
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ments since automated house design is a user-oriented
task. But many people may provide their requirements
about the feeling of a dream house, which is difficult to
understand, e.g., “I wish I had a warm and loving house”.
Besides, the outline constraint (i.e., a designed floor plan
can not exceed the outline) needs to be considered since
house layout design is often fixed-outline design. Al-
though the automatic layout generation methods' 4 pro-
duce good-looking layouts, they may not be able to ana-
lyze the user requirements well. For example, House-
GANU and HouseGAN++2] require the topology of rooms
as input while the generated layouts have casual outlines.
HPGMBI! produces layouts based on the linguistic require-
ments only, which, however, would introduce some irrel-
evant information. Para et al.4l propose a generative mo-
del which requires no user input. As the generative mod-
el takes the user requirements as soft constraints, it can
not guarantee that the requirements will be satisfied. Hu
et al.l’l propose a learning framework to simplify the user
requirements for house plan generation. However, they
still require the users to provide the outline image of the
layout dataset. It is significant if the problem can be sim-
plified and would not increase the workload of humans.
Second, it is hard to make use of the outline due to its
irregular shapes. The outline is important for the genera-
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tion of a floor plan since it directly limits the position and
size of the rooms in the floor plan. However, many auto-
mated house design methods[! 3] ignore the outline and
can not satisfy the outline constraint. Moreover, how to
represent outlines and exploit the information of outlines
with irregular shapes is a difficult problem. To this end,
many existing methodsl® ¢ process the outline as an im-
age, which, however, may introduce much irrelevant in-
formation derived from zero-padding (i.e., an image filled
with zeros except for the outline). Based on these outline
images, they directly use convolutional neural network
(CNN) models to extract the corresponding features,
which results in a high computational cost (see the res-
ults in Table 1). Thus, how to process and exploit the
outline requirements remains an open question.

In this paper, we propose an auto-3D-house design
(A3HD) that generates 3D houses based on a series of
structured user requirements automatically. To address
the first challenge, we reconstruct and simplify the user
requirements as structured requirements, which are di-
vided into three parts: layout (i.e., the number of differ-
ent rooms with their corresponding types), outline, and
style, to reduce the difficulty of understanding require-
ment. Considering the users’ feelings about their dream
houses, we model them as style requirements and show
the 3D houses for better understanding. In this way, our
structured user requirements concentrate on useful in-
formation and ensure that the user requirements are clear
and simple, which does not increase the workload on
users. To address the second challenge, we explore a new
outline representation method and propose an outline fea-
ture generation module (OFGM) to extract the outline
features. Instead of processing it as an imagel® ¢, we take
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Structured user requirements

the outline into sequential data/points, aiming to lever-
age the outline information more effectively. In addition,
we convert the layout requirements as a bubble diagram
and then design a graph feature generation module
(GFGM) for the layout features. After that, we produce a
floor plan (i.e., layout) based on the layout features and
outline features. Last, we obtain a 3D house plan from
the floor plan according to the style requirements. Ex-
tensive experiments on RPLAN and T3HM datasets
demonstrate the effectiveness of our A3HD in terms of
both quantitative and qualitative evaluation metrics.

We highlight our principal contributions as follows:

1) As it is hard for users to describe their require-
ments professionally, we simplify and reconstruct the user
requirements as a structured list, w.r.t., layout, outline,
and style, which alleviates the difficulties of requirement
understanding for both the users and the automatic
designing system.

2) To yield 3D houses from the structured user re-
quirements automatically, we propose an automatic house
designing framework, named auto-3D-house design
(A3HD), which first generates a 2D-floor plan based on
the layout and outline requirements and subsequently
renders the generated floor plan according to the style re-
quirements.

3) When generating a floor plan, unlike many exist-
ing works that consider the outline as an image, we take
the outline into sequential data/points, which can repres-
ent any shape of outline and exclude the irrelevant in-
formation (e.g., useless pixels in the image format). Based
on that, we propose an outline feature generation module
(OFGM) to extract the outline feature along with the or-
der of these points.

Generated 3D house layout

Fig.1 An example of the 3D house generated using our A3BHD. We divide the user requirements into a structured format, which
consists of three parts: layout, outline, and style. We seek to design a 3D house automatically according to the user requirements

Table 1 Effectiveness of the sequential outline. “Images& CNN” means that we consider the
outline as images and use the CNN to extract the outline features.

Datasets Methods IoU® BloU?t MAdds Params
Images& CNN 0.667 0.863 57.12 M 5.34 M
RPLANI(®
A3HD (ours) 0.731 0.902 5.45 M 5.47M
Images& CNN 0.627 0.816 57.12 M 5.34 M
T3HMLBI
A3HD (ours) 0.653 0.852 545 M 5.47M
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2 Related work

2.1 Layout generation

Layout generation has been an active area of research
in many domains, including house layout generation(3 5 7,
scene image generation®12, visual-textual presentation
layout generation!3 14 layout reconstruction from
imagel!5-181 3D indoor scene design[!924 3D layout recon-
struction from a single RGB imagel2> 3. To generate a
scene image, Ashual and Wolf8] use a graph convolution-
al network to capture the relationship among different
objects in a scene graph. For layout reconstruction from
an image, Lv et al.[!8] vectorize the floor plan by recogniz-
ing the structure, type, and size of the room in a floor
plan image, and provide vectorized 3D reconstruction res-
ults of the residential floor plan. Focusing on synthesiz-
ing the indoor scene, Yang et al.24 use Bayesian scene
optimization to generate 3D scenes combined with prior
distributions. To reconstruct a 3D layout from a single
image, Yan et al.3l propose a topology anchor point op-
timization to estimate the 3D layout of an indoor scene.
In this paper, we focus on house layout generation from
user requirements such as graphs and outlines.

2.2 Graph-based house layout generation

Many automatic house design methods/!3: 321 focus on
generating a house layout from the graph (the topology of
the layout). Based on a set of high-level requirements
such as the size range of each room in the layout, Mer-
rell et al.B2 use a Bayesian network trained on real-world
data to synthesize an architectural program and generate
a 3D house model. More recently, Chen et al.3] propose a
house plan generative model to automatically generate a
3D house from a linguistic expression, which introduces
some irrelevant information. In addition, Nauata et al.[l: 2]
propose a graph-constrained generative adversarial net-
work to generate a house layout from the input bubble
diagram. However, these methods require inaccurate or
complex user requirements as input and ignore the im-
portant outline constraint in real-world applications. In
this paper, we simplify the user requirements by categor-
izing them into three components: layout, outline, and
style. This approach allows us to offer more accurate in-
puts to our model, resulting in more deterministic out-
comes. This improvement enhances the performance of
automated house design methods without adding to the
workload for users.

2.3 OQutline-based house layout generation
There are many automatic house design metho-
dsl4-6, 33-35] that seek to generate a house layout under the

outline constraint. Based on the given outline only,

@ Springer

Machine Intelligence Research 22(2), April 2025

RPLANI generates residential buildings without any
high-level constraints. Besides, with sparse user require-
ments, Graph2PlanPl combines generative modeling and
user-in-loop designs for layout generation. However, these
methods represent the outlines as outline images and use
a convolutional neural network to extract the outline fea-
ture, which introduces much irrelevant information and
increases the computational cost. Considering diverse user
input, Para et al.4l propose a transformer-based frame-
work[36-38] to produce good-looking layouts. They use user
requirements as a soft constraint, however, the condition
is not guaranteed to be satisfied by their methods. In this
paper, we seek to address the above challenges by intro-
ducing a novel outline representation method that inter-
prets the outline requirement as a sequential outline,
eliminating the need for extracting outline features
through neural networks. This approach allows us to sim-
plify our entire pipeline without introducing irrelevant in-
formation, as observed in previous works like [5, 6].

3 User requirements structuring & un-
derstanding

In this section, we design a structured list of user re-
quirements to reduce the difficulty of requirement under-
standing. Moreover, to effectively exploit the outline in-
formation, we propose a novel outline representing meth-
od that treats the outline as a sequential outline. As for
house layout generation, we parse the structured require-
ments into bubble diagrams (see an example in Fig.2)
based on house datasets.

Notation. Let G = (V,€) be a bubble diagram (i.e.,
graph), where V denotes the set of nodes (i.e., rooms)
and ECV xR XV is a set of directed edges. Here, R
refers to the relative positions between different rooms.

Problem definition. Given a set of user require-
ments, the automated house design task aims to automat-
ically generate 3D houses that meet all the input require-
ments. To simplify the procedure of requirements under-
standing, our A3HD divides user requirements into three
parts: layout requirements, outline requirements, and
style requirements, which focus on the attributes of
rooms, the outline of the building, and the style of decor-
ation, respectively.

3.1 User requirements structuring

To process the complicated and tedious user require-
ments, we reconstruct the user requirements as struc-
tured requirements which are divided into layout, outline,
and style. We seek to design simplified user requirements
that focus on useful information for layout generation
without increasing users’ workload.

Layout requirements. Inspired by the house layout
design process, after consultation with professional archi-
tects, the users only need to focus on the functionality
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and design rationality of the house layout. Therefore, to
allow users to design a house layout without any architec-
tural knowledge, we define the layout requirements as the
number of different rooms and their corresponding types,
which will not increase the workload of users while ensur-
ing simplicity and clarity.

Outline constraint. It would not increase the work-
load on users to provide outline requirements since the
automated house design task is often a fixed-outline task.
To make sure that the generated layout satisfies the out-
line constraint and exploits the outline information, we
require the users to provide the outline and process the
outline as a sequential outline. Our structured require-
ments understanding and 2D layout generation are both
based on the sequential outline, which will be introduced
in detail below.

Style requirement. As we all know, people perceive
the world in 3D. Thus, to provide a better understanding,
we also generate the 3D house for users. To satisfy the
users’ feelings about their dream houses, we process them
as style requirements. Specifically, we design the decora-
tion schemes for 3D house visualization. In the designing
of the decoration schemes, we collect the floor texture
and wall texture designed by the architects for different
rooms such as the study and washroom (see an example

Living room

Bedroom

Bubble diagram

in Fig.3). In this way, we obtain twelve texture schemes
which include “American”, “Chinese”, “European”, “Jane
European”, “Japanese style”, “Mediterranean”, “Mod-
ern”, “Neoclassical”, “New Chinese”, “Northern Euro-
pean”, “Pastoral” and “Southeast Asia”. With a list of
decoration schemes, we provide 3D house visualization for

users to choose their favorite house.

3.2 Sequential outline

To effectively exploit the outline information, we pro-
pose a new outline representing method that treats the
outline requirement as a sequential outline. Traditionally,
it is difficult to exploit outline information since the out-
lines have irregular shapes. To this end, existing
methods(® 6 represent the outline requirement as images
with a uniform format. As shown in Fig.4(a), an outline
image is filled with zero values except for the outline.
However, the zero-padding image representation of an
outline often introduces some irrelevant information that
makes it difficult to effectively extract the outline feature.
Moreover, existing methods use a convolutional neural
network to process the outline image directly which can
incur unnecessary computational costs (see results in
Table 1).

Hence, we seek to explore a new outline representa-

Washroom

Living room

\J
Bedroom

Fig. 2 An example of bubble diagram, i.e., graph (left) and corresponding house layout (right) on the house datasets

Balcony

The north European decoration scheme

Study Washroom

Floor

Wall

Washroom Balcony

==
S

ﬂg*

Floor 3

Wall

The Chinese decoration scheme

Fig.3 Different decoration schemes used in our A3HD. We provide floor textures and wall textures designed by architects from
different countries for different rooms. (Colored figures are available in the online version at https://link.springer.com/journal/11633)
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tion method. We observe that different orders between
vertices of the outline refer to different polygonal shapes
(see an example in Fig.4(b)). The outline information
may correlate with the order of the vertices in the out-
line. Motivated by this, we represent an outline as a se-
quential outline (i.e., a set of vertices in clockwise order).
Mathematically, we denote the outline as P = {p1,
P2, ,PN}, where N is the number of points in the out-
line and each point p; = (x;,¥:) € P denotes the position
coordinates. Compared with an outline image, a sequen-
tial outline is a simple but effective way to represent the
outline without introducing irrelevant information.

3.3 Structured requirements understand-
ing

An overview of the structured requirement under-
standing is shown in Fig.5. Given user requirements, we
first select graph-outline pairs according to the require-
ments from the existing house datasets, e.g., TSHMB! and

RPLANI,  which are designed by human architects.
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Then, we obtain a score by measuring the similarity
between the outlines in the selected pairs and the input
outline. According to the score, we choose the graphs
with top-k scores and adjust the chosen graphs based on
the input outline. We present more details as follows.
Graph selection from house datasets. To gener-
ate diverse floor plans, we select many different graphs
from existing house datasets, such as RPLANIS and
T3HMLEI. In house datasets, although different graphs are
designed for different layouts, the adjacency of different
graphs still satisfies the realism of house layouts (see res-
ults in Fig.6). Thus, according to the layout require-
ments, we first select different graphs (with correspond-
ing outlines) that satisfy the required number and types
of rooms. Note that we only focus on whether the graphs
cover the required rooms (i.e., type and the number).
Graph sorting by similarity ranking. To select
the graphs that are suitable for the given outline, we
design a ranking score and sort the above graph-outline
pairs based on the score. To this end, we seek to meas-

A"

Five-pointed star

Pentagon

(b)

Fig. 4 Overview of sequential outline. (a) Comparison of outline image with sequential outline. The outline image is filled with zeros
except for the outline while a sequential outline would not introduce irrelevant information. (b) An example of different polygonal
shapes. The purple point represents the start point and the arrow denotes the build direction of different polygons. Following different
build directions, five vertices of an outline can represent a five-pointed star or a pentagon.
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Overview of structured requirements understanding. Based on the layout requirements, we first select the graph-outline pairs

from the existing house datasets designed by architects. Then, we sort the graph based on a score, which compares the similarity
between the given outline and the outline in selected graph-outline pairs. Last, we choose the graphs with the top-k scores and use graph
alignment to align the graph with the outline. (Colored figures are available in the online version at https://link.springer.com/

journal/11633)
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ure the similarity between the outlines in graph-outline
pairs and the input outline. We use a turning func-
tionl 39 to extract polygonal features of each outline P.
In Fig.7(a), we start the sequence on one side of the front
door and record the angles in clockwise order. The poly-
gonal feature records the accumulation of the angles cor-
responding to each point and the distances between
points. For convenience, we denote the polygonal fea-
tures of an outline as A = {w1,ws, -+ ,wn}, where N is
the number of points in the outline. Each point w; € A is
represented as w; = (o, ¢;), where «; € [0,1] denotes an

O Living room O Bedroom O Washroom

accumulated distance from the start (1st) point to the i-
th point. ¢; € [0,27] is an accumulation of angles from
the 1st point to the i-th point. Mathematically, the value
of a; can be calculated as

Qi1 +dz/d, ife>1
0, ifi=1

where d; is the distance between the points w; and w;_1
while d represents the perimeter of the outline.

Selected graphs

PR
% 2

@ Kitchen

Fig. 6 Visualization of graphs selected from house datasets and corresponding ground-truth graphs. Different nodes represent different
rooms. (Colored figures are available in the online version at https://link.springer.com/journal /11633)
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Graph-outline-2 Layout-2
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Fig. 7 Overview of graphs alignment. (a) An example of outline and its corresponding polygonal feature extracted by the turning
function. The purple point represents the start point in the front door. “R” means turning in clockwise order while “L” refers to turning
in anti-clockwise order. (b) Examples of aligning the selected graph-outline pairs with the given outline. Given the selected graph-outline
pairs, we follow step (a) and step (b) to align the graphs with the outline. (Colored figures are available in the online version at https://

link.springer.com/journal/11633)
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™
wic1+ L(wi,wi—1) X =, ifi>1

¢i= 2 (2)
0, ifi=1

where 1(w;,w;—1) is an indicator function, which is equal
to 1 if the rotation from w;_1 to w; turns right, and —1 if
turning left. Note that its value would be 0 without
rotation.

In this way, given an input outline and multiple
graph-outline pairs, we first capture their polygonal fea-
tures via the turning function. By calculating their dis-
tance using the L1-norm, we assess the similarity between
the input outline and the outline in each graph-outline
pair. We assess the similarity between the input outline
and the outline in each graph-outline pair by calculating
the distance of their polygonal features using the L1-norm
as follows:

S = ||Azn - Aout”l (3)

where A;, denotes the polygonal features of the input
outline and A,,: denotes the polygonal features of the
outline in each graph-outline pair. Then, we obtain a set
of ranking scores S (i.e., similarities), which can be used
to sort the graph-outline pairs. Based on the ranking
scores, we select the graphs with top-k scores to generate
the layouts. Lastly, following Graph2Planl’l, we align the
graphs with the outline.

Graph alignment with outline. Given the selec-
ted top-k graph-outline pairs based on the ranking scores,
we seek to align the selected graphs with the given input
outline. To this end, following Graph2Planl’], we align the
graphs in several steps (in Fig.7(b)). In step (a), we ro-

| Structured requirements

User requirements |
| understanding (I

| 2D layout generation

Machine Intelligence Research 22(2), April 2025

tate the selected graphs according to the relative position
between the gate of the outline in selected graph-outline
pairs and the front door of the given outline. Note that
we only consider 90, 180, 270, and 360 degrees to rotate
the graphs, which, keeps the graphs still satisfying the
realism of house layouts. In step (b), we move the posi-
tion of graph nodes (i.e., moving nodes) that are outside
of the outline into the given outline after rotation. Then,
according to the original adjacent information of the
nodes in the graph, we adjust each adjacent graph node
of the moving node to keep the relative position between
the two nodes.

4 Overall scheme of auto-3D-house

design

The overall scheme of the proposed A3HD is shown in
Fig.8. Our A3HD can be divided into three parts: user re-
quirements structuring and understanding, 2D layout
generation, and 3D house rendering. Specifically, we take
a list of user requirements as inputs, which are divided
into three parts: layout, outline, and style. To generate
various floor plans, we first select some bubble diagrams
(i.e., graphs) from off-the-shelf house datasets based on
the layout and outline requirements. Then, we construct
a graph feature generation module (GFGM) to process
the selected graphs. To effectively exploit the outline in-
formation, we represent the outline as a sequential out-
line. Moreover, we propose an outline feature generation
module (OFGM) to extract the outline features.

Based on the graph features and outline features, we
generate a set of bounding boxes (i.e., rooms) and pro-
duce 2D layouts after a box-outline alignment method.

g

|
) zléi\gng s | (i — | :
o  Bedroom: 3 , . éj;% Graph foaturo = Layout-1  Layout2 !
o # Was}lllro?m. 1 ) £ Iy generation module | 7717:7.? fa .5 A/
@ # Kitchen: 1 I g Graph-2 (8.89) | g Graph-1 _, £ 2 Box-outline Alignment |
< > | & CCm £ & v |
; N

Layout requirements | g % | | g (| g 2 |
Input outline: | Outline feature Ui 77777 .;.} % ﬁ |
| Graph-1 (10.65) [} generation module Graph-2 |
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L [ $-=---
— ,—— e = = - = - - -‘ —————————————————————————— -
Outline requirement I 3D house rendering < o |
' % 2 5 2 ‘@\ '
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nE 5 g
| @ B = g |
. | - House-1 House-2 House-1 House-2 |
Style requirement v

______________ J

Fig. 8 Overview of ASHD. We divide the requirements into three parts: layout, outline, and style. Based on the requirements of layout
and outline, we use a graph parsing method, which outputs a series of graphs that satisfy the requirements. Then, we design a 2D layout
generation method, mainly consisting of a graph feature generation module (GFGM) and an outline feature generation module
(OFGM), which captures the graph features and outline features, respectively. With these features, we generate the 2D layouts via a
bounding box regression, followed by a box-outline alignment process. Last, we obtain 3D houses using a 3D house rendering method.
(Colored figures are available in the online version at https://link.springer.com/journal/11633)
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To convert 2D layouts into 3D houses, we obtain a decor-
ation scheme (i.e., texture images) based on the style re-
quirements and then generate 3D houses via a rule-based
decorating method for the users to choose from.

4.1 Graph feature generation module

For a given graph G = (V,€), V is a set of nodes rep-
resenting rooms of the layout, and £ is a set of edges de-
noting the relative position! between two rooms. Specific-
ally, each edge e;; € £ can be defined as a triplet
ei; = (v, 735,v;5), where 7;; € R denotes a relative posi-
tion from wv; to wv;. Here, v; €V and wv; € V represent
the i-th and the j-th rooms, respectively. Each node in V
is assigned a set of attributes to store room information2.

Inspired by [8], we process and update the nodes and
their edges in the graph G with three functions fs, fr
and f., where fs; and f. are used to update the node fea-
tures while f, is used to update the edge features. These
functions take the triple of vectors (v;,r;;,v;) as input,
and output new vectors v; and 7;; for the nodes and
edges, respectively. For the vector r;;, we can simply ob-
tain the output vector 7;; = fr(eij) = fr(vi,7ij,v;).
However, updating the node vector is more complex since
a node (room) may have multiple edges (i.e., adjacent
rooms). Hence, for each edge starting at v;, we use fs to
calculate a candidate vector and collect all these candid-
ates in a set V;. Formally,

Vi ={fs(eis) | eij = (vi, 745, v5) € E}. (4)

Similarly, we use f. to compute a set of candidate
vectors V; for all the edges ending at v;. Mathematically,

Vi = {fe(eji) | €ji = (vj,7Tji,vi) € E}. (5)

We finally obtain an updated node vector v; = g(V;U
Vi), where g(-) denotes an elementwise average pooling
function. For simplicity, we denote V as a set of the up-
dated vectors of rooms, where v; € ]7 For the functions
fs, fr, and fe, we use a network that concatenates three

input vectors and feeds them to a multilayer perceptron
(MLP).

4.2 Outline feature generation module

Based on the sequential outline P, exploiting the out-
line information could be treated as extracting the order
and location information of P. Thus, to capture both loc-
ation and order information from P, we propose an out-
line feature generation module (OFGM). Specifically, we

1 Relative position includes south, west, east, north, north-west,
south-west, south-east, and north-east.
2 Room information includes room type, room location, and

relative size.

use a bidirectional LSTM (BiLSTM)M40 to extract the
point features. Then, in order to extract the location in-
formation of the outline, we use an average pooling func-
tion f,(-) followed by a multi-layer perceptron to fuse dif-
ferent point features. Formally, we capture the feature
from the outline by using

@ = MLP(f, (BiLSTM(P))) (6)

where € RP denotes the outline feature. Here, D is the
dimension of the outline feature. Note that our sequential
outline includes only a set of vertices which can reduce
the computational cost mostly compared with outline
images.

4.3 Process for 2D layout generation

For 2D house layout generation, based on the graph
features and outline features, we obtain a set of bound-
ing boxes which represent the rooms in the house layout.
To satisfy the outline constraint, we leverage a box-out-
line alignment method to align the bounding boxes with
the given outline to generate the final 2D house layout.

Bounding box regression. To generate a layout, we
have to transform the 2D layout features from latent
space to the image domain. To this end, we define each
room as a coarse 2D bounding box, which can be defined
as 0; = (zo,Y0,%1,y1). In this way, we cast it as a prob-
lem of bounding box generation from given features. Spe-
cifically, based on the node (room) features V (in Section
4.1) and outline feature x (in Section 4.2), we seek to
generate the bounding box for each room. Thus, we use a
two-layer perceptron network h(-) as a layout generator
and predict the corresponding bounding box of each room
6 = (&0, 90, &1, 91) = h([@;¥;]), where ©; €V and [;]
denotes the concatenation operation. Then, we integrate
all the predicted boxes and obtain the target layout. For
training our regression model, we minimize the objective
function

1 M
N 2
LOIM;||0i—Oi||2 (7>

where o; denotes the ground-truth box of the i-th room
and M is the number of the rooms in a layout.
Box-outline alignment. After obtaining the pre-
dicted bounding boxes layout, we align them to avoid
overlap between boxes and make outline alignment to
satisfy the outline constraint. Specifically, based on the
post-processing method in HPGMUE!, we align the bound-
ing boxes of rooms with each other to obtain a refined
layout. As depicted in Fig.9, this process involves five
steps. Step (a) involves extracting the boundary lines
from all generated bounding boxes. In step (b), we merge
adjacent line segments. Step (c) involves aligning these
segments to form closed polygons. During step (d), we de-
termine the affiliation of each polygon using a specific
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weight function:

1 Tj—cC 2 T; —C 2
o (T L T ] @ 0.
Wi // wihiexp< ( p~ ) ( o ) >dxjdyj
(8)

where i = 1,2,--- ,n denotes the i-th predicted bounding
box while j=1,2,---,m is the j-th aligned polygon.
Wi, is the weight of the j-th polygon in relation to the
i-th box. ¢, and c¢,, represent the central point. w; and
h; are the half width and height of the ¢-th bounding
box. Coordinates within the aligned polygon are denoted

by z; and y;. We assign the room type to the j-th
polygon based on the corresponding bounding predicted
box that has the maximum weight W.

Then, to make sure that all the refined rooms do not
exceed the given outline (i.e., outline constraint), we cal-
culate an intersection between rooms and the outline. We
crop the parts that are outside of the outline. After re-
moving the outline, we finally obtain a layout, where all
the rooms satisfy the outline constraint.

4.4 3D house rendering from 2D layout

For better visualization of the generated floor plan,
based on the style requirements, we convert the gener-
ated 2D layout into a 3D house. In addition, we place the
3D furniture into the 3D house based on some specific
rules and a global rule.

3D house visualization based on style require-
ment. To process the style requirement, we use a series
of decoration schemes which are designed by professional
architects to visualize the 3D houses (as shown in
Fig.10). Based on the generated 2D layout and texture
style (i.e., decoration scheme), we use a 3D visualization

Machine Intelligence Research 22(2), April 2025

tool, called PyVistal4l], to produce a 3D house model. In
this way, we are able to provide different texture schemes
for users and allow them to choose the most satisfactory
scheme. Note that to draw the floor texture, we crop the
floor into a series of small polygonal pieces, which makes
the rendered textures clearer.

Furniture arrangement via rule-based decorat-
ing. To simulate real-world effects, we place doors, win-
dows, and furniture in the 3D house model using a rule-
based decorating method. We first add the windows and
doors to our 3D house and then put the furniture in each
room of the 3D house.

We first introduce the 3D mapping method we used to
map 3D doors, windows, and furniture into our 3D house.
For convenience, we take an example of mapping a win-
dow to a 3D house. Specifically, we denote the bounding
box of the window in the 3D house as B = {(z:,y,
zi,1)}3_;. Based on the box B, we estimate a transforma-
tion matrix T € R*** by the RANSAC algorithm[42],
This matrix is able to project a 3D window Q = {(%1, s,
%, 1)}<, into the corresponding coordinates in our 3D
house, where K is the number of points in the given 3D
window. For the i-th point ¢; € Q, the process can be
formulated as

q =T xq; (9)

where g; is the i-th point of the window in our 3D house.

To put the doors, windows, and furniture into our 3D
house, we should determine the 3D position B in each of
our 3D houses. To this end, we design some specific rules
and a global rule. Taking a bed as an example, we should
position the bed against a wall but without blocking the
door. Moreover, to avoid overlaps among the furniture,
we design a global rule that computes the IoU between

] =

(a)

ol H ol B

Fig.9 The procedures of our post-processing method. We follow the post-processing method in HPGMB! to align the predicted
bounding boxes layout. (Colored figures are available in the online version at https://link.springer.com/journal/11633)

P
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S
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« A
North european European

Fig. 10 Examples of different decoration schemes of 3D houses (Colored figures are available in the online version at https://link.

springer.com/journal/11633)
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different pieces of furniture. We depict the specific pla-
cing rule of windows, doors, and furniture as follows.

1) Window: For each room, we select the walls
which are between the room and the given outline. Then,
we set the window on the longest wall of the selected
walls.

2) Door: We assume that the entrance to the house
is through the living room. For the entrance of the house,
we set it to the same position on one exterior wall of the
given outline. For other doors, we set them on the walls
between the living room and other rooms.

3) Bed: We position the bed against the middle of
the longest wall in each room without blocking the door.

4) Nightstand: We choose the wall which the bed is
against. If the length of the wall is enough, we add the
nightstands on one/both sides of the bed.

5) Sofa: We process the sofa as a bounding box to
judge the available space in the living room which avoids
overlaps between the sofa and the wall. Then, we place
the sofa in the middle of the available space.

6) TV: In the living room, we set the TV facing the
middle of the sofa. As for the bedroom, we put the TV
facing the middle of the bed.

7) Wardrobe: For the wardrobe, we put it on the
corner between two walls in the bedroom without block-
ing the door, window, and other furniture.

After obtaining position B of the furniture, we use (9)
to map the furniture into a 3D house. We find that these
rules work well in most cases and are good enough to set
reasonable positions, but a learning-based method may
improve this process, and we leave it for future work.

5 Experiments

5.1 Datasets and evaluation metrics

Text-to-3D house model (T3HM) datasetl.
This dataset contains 2000 houses, 13478 rooms, and
873 texture images. In addition, it provides the corres-
ponding natural language descriptions of each floor plan
(i.e., layout). For the T3HM dataset, following the set-
tings in [3], we use 1600 pairs (houses) for training and
400 for testing in the experiments.

RPLAN dataset[6l. This is a large-scale dataset with
more than 80000 floor plans (i.e., layouts), derived from
real-world residential buildings in the Asian estate mar-
ket. In the experiments based on the RPLAN dataset, we
follow the settings in [5], which takes 56000 floor plan
data for training, 12000 for validation, and 12000 for
testing.

Evaluation metrics. To evaluate the effectiveness of
the layout generation method, following [3, 5], we use in-
tersection over union (IoU) to assess the overlap between
the predicted box and ground-truth box, where the value
ranges from 0 to 1. For evaluation of the alignment
between the generated layout and the input outline, we

design a new metric, called bounding intersection over
union (BIoU). The BIoU measures the overlap between
the entire contour of the generated layout and the given
outline. The value of BloU also ranges from 0 to 1. The
higher evaluation value of IoU and BloU refers to better
performance. Besides, following [1, 2], we use fréchet in-
ception distance (FID)43 to investigate the diversity of
our A3HD based on the rasterized layout images. To
evaluate the alignment between the generated layouts
and user requirements, we use a graph editing distan-
cell» 2 4] to measure the difference between the graphs re-
trieved from the generated layouts and input graphs.

Implementation details. When measuring the sim-
ilarity of two outlines, we sample 1000 points from each
outline at equal intervals. Then, we use the turning func-
tion to transform each point into a feature and concaten-
ate them together to obtain the polygonal features. In the
experiment of 2D layout generation, our implementation
uses PyTorchi4’l. We do not use any data augmentation
techniques to train models. A BiLSTMM0 with 256 hid-
den units is used in our outline feature generation mod-
ule. We apply batch normalization and a ReLU activa-
tion after each linear layer. During the training of our 2D
layout feature generation module, we set batch size as 20.
In addition, we use Adaml%l with an initial learning rate
of 1 x 107" and a weight decay of 5 x 10™* as the optim-
izer. We train the 2D layout generation model for 100
epochs in total.

5.2 Quantitative evaluation

Structured requirements understanding. We use
the graph editing distance to measure the similarity
between graphs reconstructed from the house datasets
and corresponding ground-truth graphs. The more simil-
ar the two graphs are, the selected graphs are more suit-
able for layout generation. Specifically, we randomly
sample 5000 structured requirements and use our graph
parsing method to reconstruct different graphs without
graph alignment. Then, to determine the best measure-
ment method, we use [1, l2, lo normalization methods to
compare different outline features. As shown in Table 2,
the measure way of [i-norm obtains the best perform-
ance. Moreover, we compare the top-5 graphs and the top
5-10 graphs reconstructed from the house datasets. The
top-5 experimental results outperform the top 5—10 res-
ults which demonstrates the effectiveness of our graph
sorting method (in Section 3.3).

Layout generation. We compare our 2D layout gen-
eration method with two baselines, i.e., HPGMB and
Graph2planbPl, on the T3HM and RPLAN datasets. For a
fair comparison, we compare the generated bounding box
layout without using the box-outline alignment method
(in Section 4.3). Although HPGM takes the linguistic re-
quirements as input, they parse the input into graphs3

3 We change the room information of the node in the graph from

the absolute location to the relative position.
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Table 2 Similarity between selected different ranking graphs
and ground-truth graphs. We compare the results of using
different distance measurement methods to match the outlines.

Ranking graphs l1-norm l2-norm loo-norm
Top-5 | 2.26 2.28 2.31
Top 5-10 | 3.01 3.05 3.03

that are similar to ours. Since HPGM does not make use
of the outline, we use OFGM to extract the outline fea-
ture and combine it with the feature generated by HP-
GM to predict the bounding box layouts (i.e., HPGM +
OFGM). As shown in Table 3, our method achieves the
best performance on both the T3HM and RPLAN data-
sets. Specifically, the highest IoU and BloU value demon-
strate that our method is able to locate each room more
precisely than other methods and is more satisfied with
“HPGM+OFGM”
brings a huge boost to the experimental result on BloU

the outline constraint. Moreover,

compared with HPGM, which demonstrates the import-
ance of the outline and the effectiveness of our OFGM.

Table 3 IoU and BloU results of the generated layouts from our
method and baselines. “HPGM+OFGM” means combining
HPGM with our OFGM to generate house layout.

RPLANI! T3HMI6]
Methods IoU 1 BloU 1 IoU 7t BloU 1
HPGME! 0.514 0.756 0.589 0.484
HPGM + OFGM 0.609 0.832 0.591 0.815
Graph2plan/’] 0.660 0.790 0.627 0.810
A3HD (ours) 0.731 0.902 0.653 0.852

Human study. Since automated house design is a
user-oriented task, the automatic metrics can not fully
evaluate the performance of our method. Thus, inspired
by [1, 47-49], we conduct a human study to compare our
method with baseline methods. Since the baseline meth-
ods do not generate 3D houses, for a fair comparison, we
apply our box-outline alignment method and 3D house
rendering method on 2D bounding box layouts generated
by baselines to generate 3D houses. Then, we invited 30
human evaluators (university students) to score the 3D
houses. Specifically, we randomly sample 50 graphs and
input outlines from datasets to generate bounding box

O# Living room: 1 @# Kitchen: 1
O# Washroom: 1  O# Bedroom: 2

Input outline: B Q
iy ¢

@ Style: North european

User requirements HPGM

GRAPH2PLAN A3HD GT
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layouts based on A3HD and baseline methods. Given the
same user requirements, we show generated 3D houses
besides ground-truth 3D houses corresponding to the user
requirement for evaluation (see Fig.11 for an example).
We set the evaluation score range from 0 to 10 (a higher
score means a better 3D house). As shown in Table 4,
apart from the ground-truth 3D houses, our method
achieves the best user scores compared with baseline
methods. The results demonstrate that the 3D houses
generated by A3HD are more reasonable than those gen-
erated by the baseline methods.

5.3 Qualitative evaluation

Structured requirements understanding. For the
qualitative evaluation of the selected graphs, we visualize
the selected graphs and corresponding ground-truth
graphs in Fig.6. The experimental results show that our
selected graphs satisfy the layout requirements as ground-
truth graphs. Moreover, the selected graphs are all effect-
ive for layout generation since they are all designed by ar-
chitects. For example, the living room node has the max-
imum number of connections among all room nodes.

Layout generation. As shown in Fig.12, we com-
pare the layouts generated by our method and those gen-
erated by baselines with the same user requirements. We
use the red circle remark to highlight the abnormal place
in the generated house layout. The house layout gener-
ated by HPGM could not satisfy the outline constraint.
As for the floor plan generated by Graph2plan, it may
produce unreasonable rooms or miss some rooms. Our
generated layouts are more natural than those of baseline
methods (i.e., HPGM and Graph2plan). Moreover, our
method is able to produce competitive visual results, even
when compared with human-made layouts (i.e., GT in
Fig.12).

3D house rendering. To evaluate the effectiveness
of our 3D house rendering method, we apply the 3D
house rendering method on 2D layouts generated by our
A3HD and the baseline methods, as well as the ground-
truth counterparts (in Fig.12). With the 2D layouts gen-
erated in the experiment of layout generation, we provide
the 3D visualization of them. As shown in Fig.13, com-
pared with 2D layout visualization, it will be easier to ap-
preciate different house layouts generated by different
methods in 3D visualization. Moreover, the unreasonably
designed room in the generated floor plan could be more

Fig. 11 Example of the houses generated by our A3BHD and baseline methods besides the ground-truth (GT) 3D houses (Colored
figures are available in the online version at https://link.springer.com/journal/11633)
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Table 4 Results of human study based on RPLAN dataset

Methods Humans A3HD (ours) Graph2plan HPGM

Scores 1 7.14 6.14 5.78 5.38

easily discovered. From the experimental result, the 3D
houses generated by our ABHD achieve competitive visu-
al quality even compared with the ground-truth houses.

5.4 Ablation study

Effectiveness of GFGM. To evaluate the effective-
ness of our GFGM, we replace the GFGM with an LSTM
model which takes the graph nodes as sequential data
and uses the data order as the input order to extract the
graph features. For a fair comparison, we remove the
OFGM module to eliminate the influence of the outline.
Table 5 shows that our GFGM is able to achieve higher
values of both IoU and BloU, which demonstrates the su-
periority of the GFGM.

Effectiveness of OFGM. To evaluate the impact of
the proposed OFGM, we conduct two variants of our

O#Living room: 1 @ #Kitchen: 1
O#Washroom: 1 O #Bedroom: 2

Input outline:

method. The first variant removes the OFGM directly
(i.e., GFGM only) while the other replaces the OFGM
with an MLP network (i.e., GFGM + MLP) which dir-
ectly takes the outline points as input and generates out-
line features. As shown in Table 6, our A3HD (i.e.,
GFGM + OFGM) achieves the best performance, which
demonstrates the effectiveness of our OFGM.

Effectiveness of sequential outline. To evaluate
the effectiveness of our novel outline representation meth-
od, we compare the layouts generated from the sequen-
tial outline and outline images. We represent the outline
as images and use CNNs to extract the outline features
(i.e., Image&CNN). Additionally, we use GFGM to ex-
tract the graph features. To measure the computational
cost of these two methods, we employ the metric mul-
tiply-add operations (MAdds). Each MAdds operation is
a common step that computes the product of two num-
bers and adds that product to an accumulator. The res-
ults in Table 1 demonstrate the effectiveness of our se-
quential outline. With similar parameters, processing the
outline as sequential outlines is less computationally cost
than treating it as outline images.

~

7
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Fig. 12 Visual results of 2D layouts generated by our A3HD and baselines on RPLAN dataset based on the same input requirement
(Colored figures are available in the online version at https://link.springer.com/journal/11633)
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GRAPH2PLAN A3HD GT

Fig. 13  Visual results of 3D houses generated by our A3HD and baselines on RPLAN dataset based on the same requirement (Colored
figures are available in the online version at https://link.springer.com/journal /11633)

Table 5 Effectiveness of GFGM. We remove OFGM and use
the graph data based only on the RPLAN dataset

and T3HM dataset.
RPLANI¢I T3HMLEI
Methods ToU? BloU? ToUt BloU?
LSTM 0.584 0.811 0.564 0.795
GFGM 0.706 0.887 0.586 0.807

Table 6 Effectiveness of OFGM. We compare our method with
two variants, which remove OFGM (i.e., GFGM only) and
replace OFGM with MLP (i.e., GFGM + MLP).

RPLANI6] T3HMLB]
Methods IoUt BloU? ToU?t BIoUt
GFGM only 0.706 0.887 0.586 0.807
GFGM + MLP 0.710 0.889 0.613 0.818
GFGM + OFGM 0.731 0.902 0.653 0.852

5.5 More discussions

Analysis of convergence. To verify the conver-
gence of our method, we optimize A3HD, HPGM, and
Graph2plan in 100 epochs on the RPLAN dataset. We re-
cord the loss and IoU in the validation set and draw the
corresponding convergence curves. As shown in Fig. 14,
our method can achieve better performance during train-

@ Springer

ing (i.e., lower loss and higher IoU).

Diverse results of our A3HD. As shown in Fig. 15,
based on the same structured requirements, our A3HD is
able to generate various 3D houses. For quantitative eval-
uation of diversity, following the setting of [1, 2], we ran-
domly sample 5000 user requirements and generate 10
house layout variations for each requirement set based on
the ASHD and baseline methods. As for HPGMB!, we ap-
ply our user requirements understanding module to gener-
ate various house layouts. We transform the generated
house layouts into layout images. Then, we use FID
scores3] to compute the distance between the distribu-
tion of generated layouts and ground-truth layouts cor-
responding to the user requirements. A lower FID score
means a better diversity of generative methods. In
Table 7, our A3BHD achieves the best diversity results
compared with the baseline methods.

Alignment evaluation of our A3HD. To measure
the alignment between the generated layout and user re-
quirements, we conduct an alignment evaluation. Follow-
ing [1, 2], we randomly sample 5000 user requirements
and generate bounding box layouts based on our A3HD
and baselines. Then, we retrieve graphs from the gener-
ated bounding box layouts. In this way, to measure the
requirement alignment of A3HD is to measure the differ-
ence between the retrieved graphs and input graphs. As
shown in Table 7, the performance of our A3HD is bet-
ter than that of the baseline methods.
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Fig. 14 Validating loss and IoU for A3HD and baselines (Colored figures are available in the online version at https://link.springer.
com/journal/11633)
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Fig. 15 Diverse 3D houses generated by the proposed A3HD based on the same user requirements (Colored figures are available in the
online version at https://link.springer.com/journal/11633)
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Fig. 16 Failure cases of our A3HD. Some unreasonable designed rooms (marked by red circles) of generated floor plans are not
connected with the outline. (Colored figures are available in the online version at https://link.springer.com/journal/11633)

Table 7 Diversity and alignment evaluation of our A3HD
compared with baselines based on the RPLAN dataset

Methods Diversityl Alignment |
HPGM 22.22 1.28
GRAPH2PLAN 17.78 0.61
A3HD (ours) 13.19 0.35

5.6 Limitations and future works

In this section, we discuss the limitations of our ASHD
method and outline directions for future research. One
primary limitation is our approach’s difficulty in accur-
ately handling tiny, internal rooms. For instance, as
shown in Fig. 16, some small rooms are positioned unreas-
onably, such as a room inside the house not aligning with
other rooms or exterior walls, resulting in impractical
white spaces. This design is generally unfavorable in real-
world scenarios. Our analysis suggests that this issue
stems from our box-outline alignment method, which
lacks constraints to ensure that each room aligns with at
least one other room or an exterior wall. To overcome
this, we plan to develop a more sophisticated box-outline
alignment method (e.g., incorporating a layout discrimin-
ator) in our future work.

Another limitation is that our A3HD is incapable of
dealing with linguistic descriptions while people some-
times prefer generating layouts of their dream house from
one sentence. Although we have conducted experiments
using a stanford scene graph parserl to parse the lin-
guistic descriptions into a structural graph layout, we
find that the model may be confused about the ambigu-
ous descriptions. In the future, we seek to address this
challenge by harnessing the power of the emerging large
language models (LLM).

6 Conclusions

In this paper, we propose an auto-3D-house design
(A3HD) method, which seeks to generate various 3D
houses automatically from structured user requirements.
To focus on the useful information of user requirements,
we simplify them as structured requirements which are
divided into three parts: layout, outline, and style. We
provide the 3D house rendering from the floor plan for

@ Springer

users to better understand the 2D layout. Moreover, to
improve the performance of the automated house design
method, we explore a new outline representation method
to make use of the outline more effectively and propose
an outline feature generation module to extract the out-
line feature. The experimental results on RPLAN and
T3HM datasets indicate that our method outperforms
others in terms of structure requirements understanding
and layout generation.
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