DOI: 10.1111/cgf.70370

EUROGRAPHICS 2026 / B. Masia and J. Thies COMPUTER GRAPHICS forum
(Guest Editors) Volume 45 (2026), Number 2

Floorplan Generation by Alternating Geometry and Semantics
Optimization

Wenming Wu'!? Sizhe Hu! Ligang Liu® Liping Zheng4’1 t Xiao-Ming Fu®

"Hefei University of Technology, China
2 Anhui Province Key Laboratory of Industry Safety and Emergency Technology (Hefei University of Technology), China
3University of Science and Technology of China, China
4 Anhui University of Technology, China

O Living room O Bedroom @ Kitchen @ Bathroom O Balcony @ Storage
| : %
1
1
1
. .
1 : Box constraint Topological graph constraint
Y
| i ol
@ I
1
1
! X
1
Free generation ! Boundary constraint Bubble diagram constraint
— Iteration
Initialization 0 5 10 15 20
| ] ] [ | |

O W [l 0 O O

Figure 1: Our method generates vector floorplans either unconstrained, enabling free exploration of diverse designs, or constrained, ensuring
specific conditions are satisfied. A detailed optimization process for one generated floorplan under the boundary constraint, showing the
semantics maps and room layouts. The semantics optimization and geometry optimization are achieved by refining each other progressively.

Abstract

Creating floorplans lays the foundation for architectural design and scene modeling. We propose a novel framework for gener-
ating diverse high-quality floorplans under predefined constraints. Central to our method is an iterative refinement process for
optimizing the bounding boxes of rooms and the floorplan semantics image, which defines a vector floorplan together. Vector
floorplans can be generated through a learning-based refinement process. Our framework supports various constraints, such as
floorplan boundaries, topological graphs, and bubble diagrams. Extensive experiments demonstrate that our method is superior
to state-of-the-art techniques, particularly in generating a wider variety of solutions that cater to various architectural needs.

CCS Concepts
* Applied computing — Computer-aided design; » Computing methodologies — Shape modeling;

1. Introduction

Generating floorplans is crucial in architectural design and scene
modeling. It involves determining the layout of rooms, walls, and
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other architectural elements while adhering to design constraints.
Creating such vector floorplans with reasonable structure and func-
tion is inherently challenging. It requires careful consideration of
factors such as room size, shape, function, and logical arrangement,
balancing aesthetics, user needs, and practical constraints.

To address these challenges, recent advances in floorplan gener-
ation have been largely driven by deep learning techniques. Some
methods [WFT#19; NCC*20; NHC*21] focus on generating rough
floorplan images, which are then refined through post-processing.
These image-based methods, however, typically fail to directly gen-
erate realistic vector representations of floorplans, which are re-
quired for practical applications in architecture and design. More
recent works [HHT*20; SWL*22; SHF23] have sought to improve
floorplan generation by incorporating structured representations,
such as wall graphs [SWL*22] and room polygons [SHF23]. These
methods transform structured representations into floorplans, pro-
viding more control over the generated layouts and improving their
spatial coherence. However, despite these advancements, several
limitations remain in existing methods.

Existing methods typically can not directly generate aestheti-
cally pleasing floorplans, necessitating an additional optimization
phase. In practice, the optimization usually relies on heuristic met-
rics and parameters, demanding parameter tuning or complicated
optimization. Although parameter tuning or complicated optimiza-
tion is used, their output leaves room for improvement in global lay-
out rationality and local semantics accuracy. Moreover, the genera-
tion result lacks diversity, failing to offer users a variety of choices.
ATISS [PKS*#21] has shown promise in room layout generation us-
ing deep learning. It struggles to produce complete and precise vec-
tor floorplans. Incorporating CNN-based components to improve
structural accuracy is a promising strategy. However, only treating
refinement as a separate task or post-processing limits the synergy
between layout generation and semantic refinement. This discon-
nect fails to fully address the interdependent challenges of generat-
ing coherent and functional floorplans.

This paper proposes a novel method for generating vector floor-
plans that are both functional and capable of meeting specific de-
sign constraints. We adopt a simple structure—semantic represen-
tation of floorplans, where a floorplan is decomposed into two key
components: (1) aroom layout, representing the geometric arrange-
ment of rooms, and (2) a semantics map, detailing the types of
rooms. This formulation converts the floorplan generation prob-
lem into the creation of these two components, enabling various
constrained generations by controlling both the room layout and
the semantics map. Our approach begins with a deep generative
model to produce diverse initial room layouts. Then the room lay-
outs and semantics maps are refined alternately through an iterative
optimization. The reasons are twofold. First, end-to-end generating
the room layout and semantics map is challenging. Second, the two
components can promote each other. Room layouts provide global
geometric guidance to structure the semantics map, while seman-
tics maps offer localized labeling to refine the precision of room
layouts. This interplay enhances the accuracy and organization of
both components in the design process.

We have two observations: (1) determining the semantics map
from the room layout is pixel-wise labeling, which can be regarded

as an image segmentation problem; (2) computing the room layout
from a semantics map is to detect the objects (i.e., rooms) in the la-
beled images. It is an object detection problem. Thus, our method
can be implemented with existing elegant neural networks, increas-
ing the algorithm’s robustness and significantly reducing the imple-
mentation difficulty. Vector floorplans are obtained via a learning-
based refinement process, rather than heuristic, threshold-based
post-processing or explicit optimization, as shown in Figure 1. The
semantics optimization can be viewed as a local optimization tool,
converting the rough room layout into a more accurate semantics
map to obtain detailed room shapes and establish specific room
boundaries. The semantics map of the individual room gradually
becomes regular and neat, and the jaggedness of the semantic pixels
gradually decreases. Meanwhile, the semantics map also provides
more accurate room locations and more reasonable room sizes for
improving the room layout. The geometry optimization can there-
fore be considered a form of global optimization, gradually adjust-
ing the size and position of rooms, and even merging and decom-
posing rooms, to match the semantics map from a global perspec-
tive. Our process differs from traditional optimization-based ap-
proaches. Instead of explicit gradient-based or heuristic optimiza-
tion, we use neural networks to implicitly optimize geometry-to-
semantics and semantics-to-geometry through forward predictions
from the previous geometry and semantics, while maintaining the
original geometric and semantic information.

Our method supports constrained floorplan generation under var-
ious constraints, such as bounding boxes, topological graphs, floor-
plan boundaries, and bubble diagrams (Figure 1). Extensive ex-
periments, including qualitative and quantitative analyses, ablation
studies, and perceptual evaluations, have been conducted to com-
pare our method against state-of-the-art techniques. Our contribu-
tion lies in integrating standard deep learning components within
a unified framework that reformulates floorplan generation as an
alternating geometry—semantics optimization problem to address
a complex generative task. Unlike prior approaches that rely on
heuristic or threshold-based post-processing, our method formu-
lates refinement as a learning-based, iterative process in which ge-
ometry and semantics mutually reinforce each other.

2. Related work
2.1. Layout generation in computer graphics

In the community of computer graphics, layout generation gener-
ally means arranging elements in a space or on a canvas in a vi-
sually pleasing and functional manner. Different design elements
correspond to distinct tasks of layout generation, including urban
planning [PYW14; PYB*16], indoor scene synthesis [PKS*21;
TNM#*23], and graphic design [GLA*21; IKS*23]. Our work fo-
cuses on generating vector floorplans. Floorplan generation is a sig-
nificant research problem in layout generation, designing the layout
of rooms, spaces, and other elements within a building or structure.

2.2. Optimization-based Floorplan generation

Given high-level requirements, [MSKI10] integrates machine
learning with architectural principles and stochastic optimiza-
tion techniques to translate bubble diagrams into detailed floor-

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



Wu et al. / Floorplan Generation by Alternating Geometry and Semantics Optimization 3of 14

plans. [LYAM13] presents an interactive floorplan design tool to
conform to functional constraints, design considerations, and fab-
rication constraints. [WFLW 18] introduces a coarse-to-fine frame-
work for generating building interiors with mixed integer quadratic
programming. G2PLAN [BSU*22] is an automated floorplan gen-
eration method based on graph theory and linear optimization tech-
niques. These methods rely on strict constraint modeling and com-
plex, parameter-sensitive optimization, whereas our approach re-
places such heuristics with a learning-based refinement framework.

2.3. Deep predictive model for floorplan generation

Unlike early work using procedural or optimization methods,
current research trends explore deep learning techniques, es-
pecially using deep predictive models for floorplan generation.
RPLAN [WFT*19] presents a two-stage framework to obtain visu-
ally coherent floorplans. However, RPLAN relies on heuristic post-
processing to convert predicted semantic maps into vector floor-
plans. Graph2Plan [HHT*20] is a framework to convert bubble di-
agrams to floorplans. However, the output of Graph2Plan is a set of
discrete room boxes, which require post-processing, such as align-
ment, to obtain more plausible floorplans. [CWT*20] proposes to
create floorplans and 3D houses from linguistic descriptions. Room
boxes are generated using neural networks to generate floorplan,
similar to Graph2Plan. However, post-processing is inevitable.
WallPlan [SWL*22] introduces a wall-oriented method where the
wall graph generation process involves post-processing operations.
However, the graph generation process within WallPlan still re-
quires heuristic post-processing operations. Another key limitation
of existing methods is their single deterministic output with lim-
ited diversity. Our framework integrates predictive precision with
generative diversity, producing high-quality, flexible, and adapt-
able vector floorplans through a learning-based refinement pro-
cess rather than heuristic, threshold-based post-processing. Mask-
PLAN [ZSD24] enables user-guided floorplan synthesis from par-
tial inputs via graph-structured masked autoencoding, but focuses
on attribute completion rather than explicit geometric refinement.
Some methods [LWKF17; CLWF19] attempt to reconstruct vector
floorplans from rasterized images through semantic segmentation.
These methods heavily depend on additional post-processing and
optimizations to obtain the structure and improve recognition ac-
curacy. It is worth noting that such approaches are not generative
methods but rather focus on recognition tasks.

2.4. Deep generative model for floorplan generation

The generative adversarial network (GAN) was first introduced in
exploring multi-floorplan generation [Cha20]. However, the gen-
erated results suffer from semantic inconsistencies, jagged edges,
and disorganized structural information, undermining the practical-
ity of the generated floorplans. Subsequently, the House-GAN se-
ries [NCC*20; NHC*21] has emerged as the representative work in
this field. These methods take a topological graph as input to gener-
ate floorplans, but have similar limitations inherent to GAN-based
models [Cha20]. Further post-processing is still required since the
generated floorplan is represented as a raster image. Floorplan-
GAN [LH22] uses GANs with differentiable rendering to gener-
ate vector-based floorplans, but requires an area table, increasing
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user burden. Its outputs, a set of room boxes, often face alignment
issues, overlaps, and lack a defined room order. Moreover, it re-
lies on heuristic post-processing, whereas our method formulates
refinement as a learning-based post-processing stage. [TSSV24]
learns graph-structured architectural layouts using a Transformer-
based GAN with masked modeling, but it remains graph-centric
and does not directly generate or refine vectorized floorplans. Re-
cently, HouseDiffusion [SHF23] introduces a diffusion model for
floorplan generation, representing rooms and doors as polygons.
However, it requires predefined room shape topologies (the num-
ber of polygon edges) that remain fixed, which often results in
misaligned polygons, as the model does not dynamically adapt
the topology to better fit the desired layout. [PGK*21] proposes
to generate floorplan layouts using a Transformer-based generative
model. However, additional layout optimization is still needed to
implement the restrictions. In contrast, our method generates room
layouts and semantic maps under design constraints and refines
them through a unified, learning-based post-processing framework,
rather than heuristic, threshold-based optimization. This yields
structured outputs with strong spatial coherence and semantic ac-
curacy under diverse design constraints.

3. Method
3.1. Overview

Given the design constraints as inputs, such as the architectural
boundary and bubble diagram, we aim to generate a set of plau-
sible vector floorplans (Figure 2). For simplicity in description, we
will only introduce the architectural boundaries with a front door
as input, with other constraints introduced in Section 4. A floor-
plan F can be decomposed into two components (Figure 3): (1)
a semantics map Z € RE*W (H and W denote the resolution of
the floorplan image), which uses image pixels to describe the se-
mantic categories of elements within the floorplan, and (2) a room
layout £ = {r; ¥, = {(Li,xi,yi,wi,hi)}!L,, which represents the
geometric arrangement of floorplan elements using a set of bound-
ing boxes. Here, ; is the label of the room category, (x;,y;) denotes
the center of the room box, and w; and h; represent its width and
height. The task of floorplan generation can be converted to cre-
ating Z and £ under constraints. Once obtaining Z and £, we can
easily generate the vector floorplan F as follows: (1) use Z to de-
termine room labels for overlapping regions of boxes; (2) extract
the regions with the same label to form the final room.

Key idea. We observe that deriving the semantics map Z from
the room layout £ resembles image segmentation, while extract-
ing the room layout £ from the semantics map Z parallels ob-
ject detection. These complementary processes enhance each other
through iterative refinement. Room layouts can globally guide the
generation of semantics maps by offering rough floorplan geom-
etry. This guidance helps create more structured and coherent se-
mantics maps where each space’s general function and category
are delineated. Conversely, semantics maps contribute to the re-
finement of room layouts by providing detailed area labeling that
serves as local guidance. According to the semantic indications, the
specific dimensions and arrangement of room boxes are optimally
placed. Therefore, our key idea is first to generate a wide variety of
initial room layouts, and then use neural networks to optimize the
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Figure 2: Overview. Our method automatically generates multiple vector floorplans based on design constraints like architectural bound-
aries. We show the generation process of alternating Geometry-Semantics optimization, with real results of generated floorplans. The seman-
tics network optimizes the semantics map, while the geometry network refines the floorplan’s geometry. This process continuously improves
the semantics map and room layout, resulting in vector floorplans derived from these maps and layouts.
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Figure 4: Initilization. Several initial room layouts are generated,
given the architectural boundary as the input constraint.

room layouts £ and semantics maps Z alternately to improve them
continuously. We view our refinement module as a learning-based
post-processing stage that replaces hand-crafted geometric heuris-
tics and threshold selection with data-driven refinement.

Pipeline. As shown in Figure 2, given the constraint, we first
generate a wide variety of initial room layouts using a room layout
generative model (Section 3.2). For each initial room layout £, an
image segmentation network is developed to predict the semantics
map Z from the room layout £ (Section 3.3). Next, an object de-
tection network is used to refine the room layout £ based on the se-
mantics map Z (Section 3.4). We iteratively conduct these two steps
until convergence. This alternating process balances the floorplan’s
local semantics and global geometry, continuously improving the
semantics map and room layout. The floorplan extraction from the
optimized semantics map and room layout is simple.

3.2. Initializing room layouts

Our framework first generates initial room layouts based on de-
sign constraints. We adopt an autoregressive approach. The gen-
eration process unfolds sequentially, and each room box is gener-

ated conditioned on the previously generated. We propose a gen-
erative model, BoxGenerator, which enables the acquisition of de-
tailed attributes for room boxes with diverse possibilities. BoxGen-
erator learns the distribution of attributes for the i-th room box,
represented as P(r; | B,r<;) = P (L, xi,yi,wi hi | B,r<i), where B
is the given architectural boundary and r<; = {rg,ry,...,ri—1 } de-
notes the room boxes already present in the scene. We follow the
framework introduced by ATISS [PKS#21] to generate initial room
layouts (Figure 4). See more details in the supplementary material.

Generation ordering. We adopt an autoregressive approach to
generate room boxes. This raises the issue of generation ordering.
For floorplan generation, the generation ordering of room boxes
directly impacts the final results. For example, the placement of
the living room can affect the planning of bedrooms and kitchens.
We have two observations: (i) When two room boxes overlap, the
smaller room box is usually placed partially or completely inside
the larger room box, such as a larger living room containing a
smaller kitchen. Generating larger room boxes first can provide bet-
ter guidance for the placement and adjustment of smaller overlap-
ping rooms, which ensures a coherent and realistic arrangement of
rooms in the generated floorplan. (ii) The occurrence frequency of
different categories of rooms varies. Room categories that appear
more frequently are more likely to be generated in floorplans. For
example, living rooms are almost essential in all floorplans. Hence,
prioritizing the generation of high-frequency rooms helps ensure
the functionality and plausibility of floorplans. In the end, we pro-
pose the following training strategy: For each training sample, we
first sort the room boxes by area and then by the frequency of room
occurrence in the dataset. This establishes the generation order of
room boxes for each training sample.

3.3. Optimizing semantics maps

Given a room layout and the input constraints, generating a seman-
tics map of the floorplan involves assigning each point in the floor-
plan generation domain the room label to which it belongs. It can
be regarded as an image segmentation task.
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Figure 5: Semantics optimization. (a) Coarse semantics optimiza-
tion is used to obtain an initial semantics map. (b) Fine semantics
optimization continuously improves the result.

3.3.1. Network

We propose a coarse-to-fine optimization strategy for optimizing
semantics maps: (1) Coarse semantics optimization (Figure 5 (a)):
with input constraints and perturbed room layouts, we train a coarse
semantics network. (2) Fine semantics optimization (Figure 5 (b)):
given input constraints, perturbed room layouts, and the predicted
semantics maps from the coarse semantics optimization step, we
train a fine semantics network. A modified ASPP [CPK*17] is used
for our semantic networks. We represent the input boundary as a
(128 x 128) image. Therefore, the input to the coarse semantics
network is a (128 x 128) multi-channel image (defaults to 0), in-
cluding the mask image of the boundary, the front door, room boxes
from the room layout, and the room center:

o [nside-Boundary mask: taking a value of 1 for the interior, 0.5
for the exterior walls, and 0.75 for the front door.

o Front-door mask: same to used in BoxGenerator.

® Room-box mask: taking a value of the room category for the
room box mask.

e Room-center mask: taking a value of 1 for the room-center
mask. Using a (10 x 10) square centered on the room box.

These are used as the input for the first time in semantic optimiza-
tion, i.e., coarse semantics optimization. For the fine semantics op-
timization, in addition to these channels, the input also includes the
semantics map in the last iteration:

e Previous-map mask: the semantics map from the last iteration.

The output is a semantic segmentation image with room labels.
More details can be found in the supplementary material.

3.3.2. Training and inferring

To train the semantics network, the room layout and semantics map
must be well-matched in supervised learning. However, we lack the
paired room layout and semantics map to train each step of the iter-
ation process. To address this issue, we introduce perturbations to
the ground-truth room layouts (Figure 6). The ground truth seman-
tics map and the perturbed room layouts form the pairs of train-
ing samples, reducing the difference in data distribution between
training and inference. We construct the perturbation data in two
steps. First, for each ground-truth room box, we expand its length
and width by a factor of two while maintaining the central loca-
tion. With the four corners of the ground-truth room box as centers,
the enlarged room box is divided into four sub-areas. Second, the
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Figure 6: Training data construction for the semantics network.
We simulate iterative optimizations with varying perturbations to
generate training samples of room layouts. The corresponding se-
mantics map samples remain the ground truth.
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Figure 7: Geometry optimization. During training, we apply the
semantics network to obtain a semantics map as the input to the
geometry network. The semantics map from the previous iteration
is used as the input during inference.

perturbation is achieved by adjusting the top-left and bottom-right
vertices within their sub-areas. Alterations are achieved in central
locations and room sizes for each ground-truth room box. This en-
sures that the perturbed room layouts vary in both position and size
while remaining reasonably close to the ground truth.

The semantics networks are trained to predict the ground-truth
semantics map. Since the semantics networks perform a semantic
segmentation task, we train the semantics networks using pixel-
wise cross-entropy loss and Adam optimizer [KB14]. The coarse
and fine semantics networks are not trained together. Given the con-
straints and an initial room layout, we first train the coarse seman-
tics network to generate a semantics map. Then we train the fine
semantics network, using the input constraints, the previous room
layout, and the previous semantics map to produce a more accu-
rate semantics map. The additional semantic input allows the fine
semantics network to refine the coarse predictions effectively.

3.4. Optimizing room layouts

We adopt a dedicated geometry network because initial semantic
maps are often noisy, and directly extracting bounding boxes can
lead to unstable layouts with split or overlapping rooms, which
destabilize iterative refinement. By learning geometric priors such
as relative positions, typical shapes, and proportions, the geometry
network produces clean and stable room boxes, enabling reliable
convergence. The room layout optimization is a kind of global ge-
ometry optimization. The newly generated room layout from the
geometry optimization matches the input semantics map, making
it more accurate in terms of both the location and size compared
to the previous room layout. Therefore, optimizing room layouts
can be viewed as generating a new room layout from an updated
semantics map. Given a semantics map, generating a room layout
involves finding the rooms’ bounding boxes and labels. This is a
classic object detection task. Note that the optimization of room
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Figure 8: Training data construction for the geometry network. We
use the coarse semantics network to generate semantics maps from
perturbed room layouts, thus obtaining training samples of seman-
tics maps. The corresponding training samples of room layouts re-
main the ground truth.

layouts adjusts the room boxes based on the input semantics map.
This adjustment may involve adding, removing, or modifying room
boxes to better align with the detected semantics regions.

3.4.1. Network

We develop a specialized geometry network, which extracts a
global room layout from the semantics map of a floorplan based
on Deformable DETR [ZSL*20]. The geometry network also
processes the input of a 128 x 128 multi-channel image, the
same as the fine semantics networks, including Inside-Boundary
mask, Front-door mask, Room-box mask, Room-center mask,
and Previous-map mask. The output is a new room layout pre-
dicted from the previous semantics map. As shown in Figure 7,
given a semantics map of the floorplan, we first employ ResNet-
50 [HZRS16] as the backbone to extract multi-scale image features.
These features are then fed into the Transformer encoder, which uti-
lizes multiple layers of self-attention mechanisms and feedforward
neural networks to capture contextual information within the input
features, enabling a deep understanding of the input. The Trans-
former decoder takes a fixed number of learnable positional embed-
dings as input, and the output feature embedding is passed to the
Transformer encoder. The Transformer decoder outputs the same
number of embeddings, aggregating information from both the box
queries and the image features to capture long-range dependencies
among room boxes. The output embeddings can be used for room
attribute prediction by passing them to the prediction heads of mul-
tiple shared feedforward networks.

3.4.2. Training and inferring

Similar to semantics networks, we need the paired semantics map
and room layouts for training (Figure 8). We use the coarse seman-
tics network (Section 3.3), which uses a perturbed room layout as
input to generate a semantics map as input to the geometry network,
and the paired room layout is the ground-truth room layout.

The geometry network is trained to predict the ground-truth
room layout based on the input semantics map and the input con-
straints. Since the geometry network performs an object detection
task, we train the network using the loss introduced in Deformable
DETR [ZSL*20] and use Adam optimizer [KB14] for training.
Given the constraint and the semantics map of the last iteration,
we update the room layout using the geometry network.

3.5. Alternating optimization

We have introduced two optimization models focusing on semantic
and geometric aspects, respectively. In the following, we link these
two models to alternately optimize the room layout and semantics
map, continuously improving them. The process starts with an ini-
tial room layout, refined by the semantics optimization model to ad-
just room labels and details. Next, the geometry optimization model
refines the layout by adjusting room locations and sizes based on
the updated semantics map. Figure 9 illustrates this process.

The refinement framework alternates between optimizing se-
mantics and layout, ensuring progressive improvement through a
bilevel optimization process. The combined loss function is: Loss =
Zsem(Z, L) + Leeo(Z, L), where Ziem enforces semantic consis-
tency and Zgeo improves geometric accuracy. The alternating op-
timization iteratively minimizes Loss with respect to Z (semantics
map) and £ (room layout) as follows:

1. Fix £ and minimize Zem(Z, £) to update Z.
2. Fix 7 and minimize Zgeo(Z, £) to update L.

Semantics refinement adjusts pixel-level details to meet user con-
straints, while layout refinement optimizes room positions, sizes,
and overlaps for structural coherence. This interplay reduces mis-
alignments and inconsistencies by leveraging local semantic guid-
ance and global layout adjustments. The method is robust to poor
initialization. If the layout is misaligned, the semantics map guides
adjustments, and if the semantics map is noisy, layout refinement
enforces constraints like non-overlapping rooms and size distribu-
tions, ensuring high-quality floorplans even from suboptimal starts.

Our iterative process terminates when any of the following con-
ditions are met: (1) The amount of (pixel) change in the semantics
map before and after iteration is less than a specified Nmax; (2) the
maximum iteration number nmax is reached. In our experiments, we
set Nmax = HW /10000 and nmax = 20.

3.6. Floorplan extraction

Our alternating optimization can be viewed as a learning-based
post-processing stage, which replaces heuristic and parameter-
sensitive refinement with data-driven predictions. During inference,
the framework produces two intermediate representations: a pixel-
level semantics map predicted by the semantics network, and a
room layout predicted by the geometry network in the form of la-
beled bounding boxes. To obtain vector floorplans suitable for ren-
dering and evaluation, we apply only deterministic and lightweight
regularization steps, rather than hand-crafted energy functions or
threshold-sensitive heuristic rules.

Due to the probabilistic nature of neural networks, minor geo-
metric deviations may occur in the predicted room layouts. In prac-
tice, we extract room regions from the optimized semantics map
and compute their bounding boxes to obtain well-aligned room ge-
ometry. Since the semantics map is produced by a supervised seg-
mentation network, spatial continuity and region consistency are
already strongly enforced, and the prediction strictly respects archi-
tectural boundaries, eliminating the need for additional clipping or
geometric correction. The semantic network uses the input bound-
ary as an explicit spatial mask, ensuring all predictions occur within
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Figure 9: The optimization process of generating one floorplan under the boundary constraint. The plot shows the average amount of pixel
change in the semantics map before and after each iteration (APixel). We show the results for the initial, 1st, 5th, 10th, 15th, and 20th

iterations, as well as the final floorplan.
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Figure 10: Vector floorplan extraction. We determine the room box
order from the semantics map and the room layout. Then the vector
floorplan can be directly extracted under the boundary constraint.

the given boundary. This structurally enforces boundary adherence,
which we observe consistently in generated results. The semantics
map is further used to determine the ordering of room boxes in
overlapping regions to ensure structural consistency. We empha-
size that our method does not explicitly perform box merging as
a post-processing step. When adjacent small rooms with identical
semantics are merged, this behavior arises naturally from the geom-
etry network’s object detection predictions rather than from man-
ually designed rules. The geometry optimization follows standard
object detection practice and applies several fixed thresholds (such
as the confidence threshold) to filter valid room boxes, which is a
conventional component rather than a tunable heuristic parameter.

4. Experiments
4.1. Implementation

We have implemented the proposed framework using PyTorch and
trained our networks on an NVIDIA GeForce GTX 4090 GPU. Our
framework involves multiple networks. More implementation de-
tails can be found in the supplementary material. These networks
are trained separately. At test time, the alternation applies pre-
trained networks iteratively. Given the boundary constraints, our
method takes around 0.34 seconds to generate a floorplan with 10
iterations of Geometry-Semantics optimization and 0.57 seconds
with 20 iterations. We have used the RPLAN dataset [WFT*19]
processed by Graph2Plan [HHT*20] for training, which contains
more than 80K residential floorplans with dense annotation. We
convert floorplans into a 128 x 128 semantics map with fixed wall
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thickness (1 pixel) for training. The data distribution for training,
validation, and testing is set to 70%, 15%, and 15%, respectively.

Constrained floorplan generation. Our method is highly scal-
able for different design constraints. By adjusting the input ac-
cording to specific restrictions during training and testing, we can
achieve various constraint-based generations (Figure 11). See more
details on implementation in the supplementary material. The free
generation without any inputs can create floorplans with boundaries
that may not have appeared in the dataset, yet maintain logical and
functional room layouts. The box-constrained generation requires
the generated floorplans to lie within a given box, which allows the
creation of floorplans with unique boundaries but reasonable di-
mensions. The graph-constrained generation offers a more flexible
and versatile approach to control floorplan generation. Note that
nodes of the topological graph have only one attribute, the room
category label. The topological graph only constrains the connec-
tivity between rooms and does not impose any constraints on non-
connectivity. In contrast, nodes in a bubble diagram include the
room category label and encompass attributes like the room’s cen-
tral location and size. Edges denote the adjacency between rooms,
which includes not only room pairs connected by doors but also
spatially adjacent room pairs. It can be seen that the bubble diagram
constraint provides significantly more generative control than the
topological graph constraint. Although no boundary constraints are
imposed, the generated room layouts and architectural boundaries
are similar in almost all results. The boundary-constrained genera-
tion with a front door provides stronger control over the generation
without a front door, especially for the generation of living rooms.
The hybrid-constrained generation shows a stronger capability for
control over the generation process, especially when bubble dia-
gram constraints are combined with other types of constraints. This
similarity suggests that the design space is significantly smaller.
For floorplan box, architectural boundary, or bubble diagram, we
use ResNet [HZRS16] to extract constraint features. For the topo-
logical graph, we use GCNConv [KW16] for graph encoding.

4.2. Qualitative evaluation

Figure 12 illustrates the improvements achieved through the itera-
tive optimization process. The initial room layout consists of rough
rectangular bounding boxes that often lack alignment, exhibit over-
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Figure 11: Floorplan generation. Upper: free generation, box-
constrained generation, topological-graph-constrained genera-
tion, and bubble-diagram-constrained generation. Bottom: six
kinds of hybrid-constrained generations.

laps, and fail to form coherent boundaries. The initial semantics
map provides a preliminary labeling of room types but frequently
shows irregular boundaries, semantic inconsistencies, and jagged
edges. After iterative optimization, the final floorplans exhibit sig-
nificant improvements: room layouts are more aligned and spatially
coherent, with overlaps removed and boundaries refined. The se-
mantics maps also show cleaner, more accurate room shapes and
consistent labeling. While the BoxGenerator provides a good start-
ing point, our contributions lie in the learning-based refinement be-
yond initialization. Our method generates high-quality floorplans
even from poor initializations. While a strong initialization helps,
our framework ensures consistent refinement for a superior final
result. The alternating optimization makes minor adjustments at
each iteration, but the iterative process allows substantial refine-
ment over time. Even with poor initializations, the continuous inter-
action between geometry and semantics improves both, producing
high-quality floorplans that overcome initialization limitations.
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Initial room layout
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Initial semantics map
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Final generated floorplan
Figure 12: The difference between the initial room box/semantics
map and the final generated floorplan.
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Figure 13: Comparison to the state-of-the-art techniques on the
boundary-constrained generation. Each row shows the generated
floorplans by different methods applied to the same architec-
tural boundaries. We demonstrate the results of the ground truth,
RPLAN [WFT*19], Graph2Plan [HHT*20], WallPlan [SWL*22],
and our method, respectively.

4.2.1. Boundary-constrained generation

We compare with RPLAN [WFT*19], Graph2Plan [HHT*20],
and WallPlan [SWL*22] on the boundary-constrained genera-
tion (Figure 13). RPLAN generates floorplans by predicting and
post-processing a semantic map. Its results show significant se-
mantic inaccuracies, such as incorrect bathroom placements and
omissions, highlighting weaknesses in its semantic map genera-
tion. Graph2Plan shows improvement over RPLAN, with better
room functionality. However, it relies on room box predictions
and heuristic post-processing, leading to issues like misplaced or
missing elements, such as bathrooms and kitchens. WallPlan com-
bines graph-based geometric structuring with semantic mapping.

© 2026 Eurographics - The European Association
for Computer Graphics and John Wiley & Sons Ltd.



Wu et al. / Floorplan Generation by Alternating Geometry and Semantics Optimization 9 of 14

O Livingroom © Bedroom @ Kitchen @ Bathroom © Balcony @ Storage

L Sl - R R
5 &3 5N &E 8
2 0 8 g5

LTLLL

\

Input GT
Figure 14: Comparison to the state-of-the-art techniques on the
bubble-diagram-constrained generation. Each row shows the gen-
erated floorplans by different methods applied to the same bub-
ble diagrams and architectural boundaries. We illustrate the results
of the ground truth, Graph2Plan [HHT*20], WallPlan [SWL*22],
and our method, respectively.

Despite integrating these aspects, they often conflict, causing prob-
lems like poorly placed bathrooms and disproportionate room sizes.
Our method produces results that are more aligned with ground-
truth floorplans, indicating a more robust approach to boundary-
constrained floorplan generation.

4.2.2. Bubble-diagram-constrained generation

We compare with Graph2Plan [HHT*20] and WallPlan [SWL*22]
in generating floorplans from bubble diagrams and architectural
boundaries (Figure 14). The bubble diagram of the ground truth
served as the input constraint. Graph2Plan exhibited significant
issues across all samples, failing to accurately include essential
spaces like balconies and storage, and misplacing rooms, which
disrupted the logical flow, such as a bedroom blocking access be-
tween the kitchen and living room. These problems stem from
heuristic, parameter-sensitive optimization, which can lead to over-
fitting or unstable refinements. WallPlan showed improvement
over Graph2Plan but still encountered issues like semantic misla-
beling and missing components, highlighting method-specific lim-
itations in semantic prediction and continuity. Our method, in con-
trast, closely mirrored the ground-truth floorplans, demonstrating
superior integration of global information and maintaining high
accuracy. This comparison underscores the robustness of our ap-
proach in bubble-diagram-constrained floorplan generation.

4.2.3. Topological-graph-constrained generation

We compare with House-GAN++ [NHC*21] and HouseDiffu-
sion [SHF23], which generate floorplans from topological graphs

© 2026 Eurographics - The European Association
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Table 1: Quantitative evaluation of the constrained generation. We
calculate the FID and KID scores. For Functionality and Connec-
tivity, we calculate the average over the entire dataset. The best
results are bolded for emphasis.

Constraint Method FID(}) KID(}) Functionality (1) Connectivity ()
RPLAN [WFT*19] 2.80 2.51 0.95 091
Bounda Graph2Plan [HHT*20] 2.07 0.89 0.97 0.97
ouncary WallPlan [SWL*22] 167 084 0.99 0.97
Ours 147 0.81 0.99 0.98
Graph2Plan [HHT*20] 1.45 0.59 0.99 0.97
Bubble diagram WallPlan [SWL*22] 0.54 0.10 0.99 0.99
Ours 0.36 0.09 0.99 0.99
House-GAN++ [NHC*21] 4324 50.44 0.98 0.96
Topological graph  HouseDiffusion [SHF23] 21.49 23.10 0.99 0.98
Ours 13.26 15.55 0.99 0.99

(Figure 15). For a fair comparison, we used the comparison ap-
proach in WallPlan, retrieving dataset samples based on the input
topological graph and using the building box of that sample as an
additional constraint. House-GAN++ had the poorest performance,
with uneven and jagged room boundaries and chaotic topologi-
cal connections that impacted room connectivity. HouseDiffusion
shows improvement with smoother room boundaries, but it strug-
gles with alignment issues of the generated rooms and lacks gener-
ation diversity due to its reliance on predefined room shape topolo-
gies (fixed number of polygon edges), such as uniformly shaped
hexagonal living rooms in Figure 15. In contrast, our method out-
performed both, producing more natural and realistic floorplans
with streamlined room boundaries and better-aligned rooms.

4.3. Quantitative evaluation
4.3.1. FID comparison

FID (Fréchet Inception Distance) [HRU*17] and KID (Kernel In-
ception Distance) [BSAG18] are metrics that compare the statis-
tical distribution of features extracted from a real image dataset
with those from a generated image dataset. For the constrained
generation, we generate 6000 floorplans for each state-of-the-art
technique and calculate their FID and KID scores regarding the
ground truth dataset of the corresponding 6000 floorplans. Ta-
ble 1 shows that our method achieves the best scores compared to
other methods, Given only the boundary as input. When adding the
ground-truth bubble diagram as the constraint, the scores for our
method are particularly impressive, as we obtain a minimal FID
= 0.36 and a minimal KID = 0.09 compared to other methods.
We also compute the FID and KID scores to quantitatively evalu-
ate our method with state-of-the-art techniques on the topological-
graph-constrained generation. We randomly selected ten topologi-
cal graphs from the dataset as the input constraints and generated
5000 samples for each method (i.e., 500 samples for each topolog-
ical graph). We directly calculate their scores regarding the ground
truth dataset. Our method (FID = 13.26, KID = 15.55) shows a
considerable advantage over House-GAN++and HouseDiffusion.

[PGK*21] proposes to generate room boxes directly using a
Transformer-based generative model, followed by optimization-
based post-processing. We also compare this method. We utilize the
testing data generated by [PGK*21] as introduced in WallPlan to
compute the FID score between the testing dataset and the ground
truth dataset. The results are shown in Table 2. Additionally, Fig-
ure 16 presents a side-by-side comparison of the floorplans gener-
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Figure 15: Comparison to the state-of-the-art techniques on the topological-graph-constrained generation. (a) Given the topological graph,
we show the results of (b) House-GAN++ [NHC*21], (c) HouseDiffusion [SHF23], and (d) our method, respectively. For a fair comparison,

we remove the generated doors from the results of House-GAN++ and HouseDiffusion and keep the drawing style.
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Figure 16: Comparison to [PGK*21] with the same boundary. We
adopt a drawing style similar to [PGK*21].

Table 2: Given the architectural boundary as the generation con-
straint, we calculate the FID scores of the floorplans generated by
[PGK*21] and our method, respectively.

Method Ours

10.74

[PGK*21]
14.94

FID

ated by both [PGK*21] and our method. The comparative results
demonstrate that our method surpasses [PGK*21] in terms of gen-
eration quality. For [PGK*21], relying solely on linear program-
ming to obtain the final results can lead to local geometric and se-
mantic issues in the generated floorplans.

4.3.2. Evaluation for free generation

Existing methods [WFT#*19; HHT*20; NHC*21; SWL*22;
SHF23] typically rely on constraints such as boundaries, bubble di-
agrams, or topology graphs for floorplan generation. To our knowl-
edge, no current method achieves truly unconditional generation.
We have generated 6,000 floorplans for unconditional generation
and conducted quantitative evaluations on these floorplans against
the corresponding ground truth dataset. The results show an FID of
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Figure 17: Difference of Frequencies. We visualize the absolute
difference between the distributions of generated and real floor-
plans for the living room area (top) and room connectivity (bottom,).
Lower is better; our method shows consistently smaller distribution
gaps than RPLAN and ATISS-based initialization.

5.03 and a KID of 4.88, underscoring the high quality and diversity
of the generated floorplans. Furthermore, inspired by point cloud
evaluation metrics [YHH*19], we calculated an MMD of 0.0002
and a COV of 50.27%. These metrics demonstrate the capability of
our method to generate diverse and high-quality floorplans without
relying on predefined constraints, validating its effectiveness and
versatility in addressing unconditional floorplan generation.

4.3.3. Statistics comparison

FID score alone might capture only some aspects of what makes a
floorplan practical or aesthetically pleasing. To improve our evalu-
ation, some statistics of the generated floorplans by different meth-
ods are conducted. We first consider the functionality, primarily re-
flected by the categories of rooms present. A standard floorplan

© 2026 Eurographics - The European Association
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Figure 18: The optimization process of 500 samples generated by
our method. We show (1) the average amount of pixel change in the
semantics map before and after each iteration (APixel) and (2) the
FID score calculated by the generated floorplan set of 500 samples
with the GT dataset for each iteration.

should encompass four basic categories of rooms: living room, bed-
room, kitchen, and bathroom. Thus, we define a Functionality met-
ric as the completeness of these four room types within the floor-
plan, calculated as the number of these basic room types divided
by four. We also assess the connectivity between rooms, which in-
dicates the accessibility of different rooms within the floorplan and
serves as a crucial metric for identifying potential design flaws.
Therefore, we define a measure of connectivity as the ratio of the
number of possible doors to the total number of rooms. We calcu-
late the number of possible doors as follows: (1) the living room
is directly associated with the main entrance; (2) any room shar-
ing a common wall with the living room should have exactly one
door; (3) balconies and bathrooms, not sharing a wall with the liv-
ing room but with a bedroom, should also have exactly one door.
‘We use the data from the FID comparison to calculate the above sta-
tistical metrics (Table 1). The results generated by our method show
better functionality and connectivity compared to other methods
on both the boundary-constrained generation and bubble-diagram-
constrained generation. These results show that our method follows
the design constraints while maintaining the rationality of the gen-
erated results, demonstrating its validity.

We further show the histograms (Figure 17) of living room area
(see more histograms of other room types in the supplementary ma-
terial) and room connectivity, defined as the number of doors con-
necting a room to other spaces. Following ATISS, we visualize the
absolute difference between the frequency distributions of gener-
ated and the ground-truth (i.e., Difference of Frequencies), where
lower values indicate better alignment with the ground truth. Com-
pared with RPLAN and ATISS-based initialization, our method con-
sistently exhibits smaller distributional gaps for both room size and
connectivity. These results demonstrate that iterative geometry—
semantics optimization effectively corrects systematic geometric
and topological biases present in the initial generation.

4.3.4. Convergence analysis

To evaluate the convergence of our floorplan generation process,
we have generated 500 samples using our method with different
architectural boundaries, with the front door as the generation con-
straint. The result from Figure 18 shows that the optimization pro-
cess tends to converge after several iterations. In our experiments,
20 iterations of optimization balance effectiveness and efficiency.
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Figure 19: Perceptual studies. For the boundary-constrained gen-
eration and bubble-diagram-constrained generation, we compare
our method with WallPlan and GT. For the topological-graph-
constrained generation, we compare with House-GAN++ and
HouseDiffusion. For each task, we record the voting results of a
competitor, our method, and “Not sure”, respectively.

Table 3: Given the architectural boundary, we show the FID com-
parison of the ablation study for ordering generation.

Method | Unordered  OrderedArea  Ordered (Ours)

FID 2.31 1.53 1.47

Although the optimization is not guaranteed to be strictly mono-
tonic at every iteration, empirical results show stable convergence
within a small number of iterations.

4.4. Perceptual study

To evaluate the realism of the generated floorplans, we conduct per-
ceptual studies. We compare with WallPlan and the ground truth for
the boundary-constrained and bubble-diagram-constrained genera-
tion. To evaluate the topological-graph-constrained generation, we
compare with House-GAN++ and HouseDiffusion. In total, there
are six sets of perception studies. Each set consists of 15 compari-
son tasks, where each pair of floorplans is generated by our method
and the competitor. In each task, participants are asked to compare
a pair of floorplans and select the one that is better than the other
or “Not sure”, considering the aesthetics, functionality, and con-
nectivity of floorplans. We have recruited 20 participants (Under-
graduate students) to complete all of the perception studies. There-
fore, for each group of the perceptual study, there are 300 tasks,
with 15 tasks for each of 20 participants. The results are shown
in Figure 19. In the boundary-constrained generation, the quality
of our generated floorplans is higher but slightly weaker than that
of the real floorplans. In the bubble-diagram-constrained genera-
tion, the quality of our generated floorplans is comparable to that of
real floorplans. On the topological-graph-constrained generation,
our method is somewhat ahead of both House-GAN++ and House-
Diffusion, and in particular, shows an advantage when compared
to House-GAN++. The results of perceptual studies indicate that
our method produces floorplans that are overall superior to state-of-
the-art methods in terms of aesthetics, functionality, and connectiv-
ity, achieving results comparable to the ground truth floorplans.
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Figure 20: Ablation study for ordering generation. Given the floor-
plan boundary, we show several generated initial room layouts as
well as the final floorplans based on these initial room layouts. (a)
Unordered generation, (b) Ordered generation by the room area,
and (c) Ordered generation of ours. Our ordered generation pro-
duces better floorplans than the other generation strategies.

Table 4: Ablation study comparing our full framework with ATISS-
based initialization across different settings.

Constraint Method FID () KID({)

ATISS-based inilization 19.77 23.94
Ours 5.03 4.88

Free generation

ATISS-based inilization 15.69 18.71
Ours 1.47 0.81

Boundary

4.5. Ablation study

We have performed ablation studies to verify the effectiveness of
our framework design. More implementation details of ablation
studies can be found in the supplementary material.

4.5.1. Ablation study for box generation

Ordered generation guides the generation process. To confirm this,
we conduct an ablation study for ordering generation. To achieve
unordered generation (Unordered), we randomly disrupt ordering
room boxes in floorplans when training BoxGenerator. On the other
hand, we also perform an ablation study on the ordered generation
with only sorting by the room area (OrderedArea). The results are
shown in Figure 20. We generate 6000 floorplans for each ablation
method for the ablation study and calculate their FID score regard-
ing the ground truth dataset of the corresponding 6000 floorplans.
In Table 3, the large gap between the ordered generation of our
method (1.47) as well as ordered by the room area (1.53), and the
ablated method Unordered (2.31) illustrates the effectiveness of the
ordered generation. Our method still outperforms the ordered gen-
eration by the room area, indicating that our strategy in training and
generation is relatively appropriate.

To verify that the performance gains of our method are not solely
due to a stronger initialization, we compare our full framework
with an ATISS-based initialization that directly outputs floorplans
without iterative refinement. As shown in Table 4, the ATISS-based
initialization alone yields substantially higher FID and KID scores

Wu et al. / Floorplan Generation by Alternating Geometry and Semantics Optimization

Table 5: Given the architectural boundary, we show the FID com-
parison of the ablation study for our semantics optimization.

Method | NoCoarseOpt NOFineOpt  NoSemanticsOpt  Ours
FID 1.70 2.48 2.53 1.47
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Figure 21: Ablation study for our semantics optimization. Given
the initial room layout, floorplans are generated using No-
CoarseOpt, NoFineOpt, NoSemanticsOpt, and our method, respec-
tively. Our method produces significantly better floorplans than the
other ablation methods.

across all settings: free genratio and boundary-constrained genera-
tion. In contrast, our method consistently achieves large improve-
ments after applying iterative geometry—semantics optimization.
These results demonstrate that the proposed learning-based refine-
ment is essential for correcting geometric and semantic inconsis-
tencies, and that the performance gains primarily come from iter-
ative optimization rather than the ATISS-based initialization. More
details on the ATISS-based initialization and additional qualitative
results are provided in the supplementary material.

4.5.2. Ablation study for semantics optimization

Our full method can be represented as: BoxGenerator + Coarse
Semantics Optimization + Fine Semantics Optimization + Geome-
try Optimization. To show the effectiveness of our semantics opti-
mization, we have conducted several ablation studies (Figure 21):
(1) NoCoarseOpt: BoxGenerator + Fine Semantics Optimization +
Geometry Optimization. (2) NoFineOpt: BoxGenerator + Coarse
Semantics Optimization + Geometry Optimization. (3) NoSeman-
ticsOpt: BoxGenerator + Geometry Optimization. We generate
6000 floorplans for each ablated method and calculate their FID
score regarding the ground truth dataset of the corresponding 6000
floorplans. Table 5 shows the improvement in our FID score (1.47)
compared to NoSemanticsOpt (2.53), suggesting the importance of
our semantics optimization. The FID score of NoCoarseOpt (1.70)
is lower than the FID score of OneFineOpt (2.48), showing the im-
portance of iterative fine semantics optimization.

4.5.3. Ablation study for geometry optimization

To show the effectiveness of our alternating optimization, we have
conducted several ablation studies (Figure 22): (1) BoxCoarseOpt:
BoxGenerator + Coarse Semantics Optimization. (2) BoxFineOpt:

© 2026 Eurographics - The European Association
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Table 6: Given the architectural boundary, we show the FID com-
parison of the ablation study for geometry optimization.

Method | BoxCoarseOpt  BoxFineOpt  NoGeometryOpt  SAOpt  Ours

FID 4.31 345 1.95 2.82 147
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Figure 22: Ablation study for geometry optimization. Given the ini-
tial room layout, floorplans are generated using BoxCoarseOpt,
BoxFineOpt, NoGeometryOpt, SAOpt, and our method, respec-
tively. Our method produces significantly better floorplans than the
other ablation methods.

BoxGenerator + Fine Semantics Optimization. (3) NoGeometry-
Opt: BoxGenerator + Coarse Semantics Optimization + Fine Se-
mantics Optimization. (4) SAOpt: BoxGenerator + Coarse Seman-
tics Optimization + Fine Semantics Optimization + Simulated An-
nealing, which replaces the geometry network with a Simulated
Annealing algorithm for geometry optimization. We generate 6000
floorplans for each ablated method and calculate their FID score
regarding the ground truth dataset of the corresponding 6000 floor-
plans. Table 6 shows a noticeable improvement in our FID score
compared to others, suggesting the importance of our alternat-
ing geometry and semantics optimization. Our FID score (1.47) is
lower than the FID score of SAOpt (2.82), showing the effective-
ness of our geometric network for geometry optimization.

4.5.4. Extreme test for geometry-semantics optimization

Our geometric-semantic optimization does not heavily rely on the
quality of the room layout initialization. Even if the initial gen-
eration creates rooms with incorrect adjacencies and wrong sizes,
our geometric-semantic optimization can produce somewhat rea-
sonable results. We have conducted extreme tests on our geometric-
semantic optimization, as shown in Figure 23. Our optimization
still yields high-quality floorplans.

5. Conclusion

We propose an alternating semantics—geometry optimization
framework for generating diverse, high-quality floorplans under
a wide range of design constraints. By iteratively coupling a se-
mantics segmentation network with a geometry prediction network,
the framework progressively refines both functional semantics and
global layout structure. From a broader perspective, our approach
can be viewed as a learning-based post-processing framework. Un-
like prior methods that rely on hand-crafted geometric heuristics

© 2026 Eurographics - The European Association
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Figure 23: Extreme tests for geometry-semantics optimization. We

apply significant perturbations to the ground-truth room layouts to
obtain poor-quality initial room layouts.
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Figure 24: (a) Our method fails to produce a long corridor con-
necting the living room to the bedroom. (b) It may merge two small
adjacent bathrooms into one large restroom. The generated room
layout for each case is shown. (c) We add windows and internal
doors to the floorplan using heuristics.
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or threshold-based refinement, we employ data-driven neural net-
works to regularize and correct layouts produced by an initial
generative model, improving robustness and structural consistency
while retaining post-processing flexibility.

Our method has several limitations. Owing to the room-box-
based representation, complex room geometries can only be ap-
proximated by stacked boxes, which restricts the generation of long
corridors (Figure 24(a)). In addition, the geometry network may oc-
casionally merge adjacent small rooms of the same category into a
larger room (Figure 24(b)). The current framework also generates
only axis-aligned layouts. Doors and windows are not synthesized
during generation, as they are typically added after the room layout
is finalized. As in prior work [WFT*19; HHT*20; SWL*22], they
can be incorporated via lightweight heuristic rules (Figure 24(c)).
Integrating door and window generation into the learning-based re-
finement process, as well as extending the representation to richer
primitives such as room polygons, are promising directions for fu-
ture work. Beyond floorplans, the proposed refinement framework
is general and may be applied to other layout generation tasks, in-
cluding graphic design and typography. Integrating Al generation
with human editing is important, and a promising direction for fu-
ture work is to further enhance the controllability and extensibility
of our iterative framework to better support interactive design.
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