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1. Implementation Details
1.1. Multi-channel image input

Our model takes as input a multi-channel image of resolution 128 x
128. The specific channels are as follows (Figure 1):

The Inside mask is a binary representation that highlights the
interior regions of the architectural boundary. Pixels corresponding
to the interior of the layout are assigned a value of 1, while all
exterior pixels are set to 0.

The Boundary mask encodes the structural boundaries of the lay-
out. Pixels representing the exterior walls are assigned a value of
0.5, while the front door region is highlighted with a value of 0.75.

The Front-door mask explicitly marks the position of the front
door in the layout. A 5 X 5 square centered on the front door is
assigned a value of 1, with all other pixels set to 0.

The Inside-boundary mask combines both interior and boundary
information into a unified representation. Pixels within the interior
are assigned a value of 1, exterior walls are represented with a value
of 0.5, and the front door region is highlighted with a value of 0.75.

The Room-box mask encodes the categorical information of in-
dividual rooms. Each room is represented by a unique label corre-
sponding to its functional category (e.g., bedroom, kitchen), which
is assigned to all pixels within the room’s bounding box.

The Room-center mask is designed to localize the geometric cen-
ter of each room box. A 10 x 10 square centered at the geometric
center of each room is assigned a value of 1, while all other pixels
remain 0.

The Previous-map mask contains the semantics map from the
last iteration of the optimization process. This mask encodes the
categorical and spatial information of the layout from the previ-
ous step, serving as iterative context for further refinement. For the
first iteration, this mask is omitted, as there is no prior information
available.
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1.2. Initializing room layouts

We use BoxGenerator to initialize room layouts, as shown in Fig-
ure 2 and Figure 3. The input to BoxGenerator is the given archi-
tectural boundary B and r;, the room boxes already present in the
scene. Q is a learnable attribute vector, which is used to capture the
global information of the current scene and serves as an attribute
querying vector Q in the generation phase to create the attributes
of the new room box. We adopt an autoregressive approach to gen-
erate room boxes.

1.2.1. Feature extraction

We employ a (128 x 128) multi-channel image to depict the input
of B, from which conditional features are extracted. The input in-
cludes the following information at each pixel, which defaults to
0:

Inside mask: taking a value of 1 for the interior.

Boundary mask: taking a value of 0.5 for the exterior walls and
0.75 for the front door.

e Front-door mask: taking a value of 1 for the front door mask.
Using a (5 x 5) square centered on the front door.

We utilize ResNet-18 [HZRS16] to extract a 64-dimensional
boundary feature from the Inside mask and Boundary mask, and
a 64-dimensional front door feature from the Front-door mask via
another ResNet-18 [HZRS16]. These features are concatenated to
form the conditional feature. For r-;, we obtain the specific at-
tributes for each room box. The room category is encoded into
a 64-dimensional feature with an MLP. For central location and
room size, we use the positional encoding [VSP*17] to obtain a
64-dimensional feature for each item. These features are then con-
catenated for the corresponding room box. Before passing to the
Transformer encoder, we map the concatenated feature to a 64-
dimensional feature as the room feature using an MLP.

1.2.2. Box generation

The conditional feature and all room features of existing room
boxes are then concatenated with the learnable attribute vector O,
feeding to the Transformer encoder. We use these features to predict
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Figure 1: Our models accept a 128 x 128 multi-channel image as input, where each channel encodes specific spatial, categorical, or
architectural information. These channels include inside mask, boundary mask, Front-door mask, Inside-Boundary mask, Room-box mask,
Room-center mask, and Previous-map mask. For visualization, the pixel values in these channels are scaled.
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Figure 2: Network architecture of BoxGenerator. We extract the conditional feature from the architectural boundary B and the room features
Jfrom the predicted room boxes. These features are concatenated with a learnable attribute vector Q and passed to a Transformer encoder.
The encoder predicts an attribute vector Q that contains contextual information of the room layout, used to autoregressively sample new
room box attributes. The attribute vector O progressively produces these attributes.

a new room box, implementing a multi-head attention Transformer.
The Transformer encoder outputs an attribute vector Q, which is
used to sample attributes of the new room box. We employ a room
box generator to produce attributes of the new room box with the at-
tribute vector Q. To enable autoregressive prediction of attributes,
we condition the prediction of a particular attribute on the previ-
ously predicted attributes: room category first, followed by central
location and room size. P(r; | B,r<;) = P (L, xi,yi,wi hi | Byr<i) =
Pl | Byr<i)P((xi,yi) | B, reiy i) P((wis bi) | B,r<i i xi,yi). We
model attributes of room boxes with a mixture of ten logistics distri-
butions, which are used to sample specific attributes of room boxes.

1.3. Network architecture
1.3.1. BoxGenerator

The core network architecture of BoxGenerator is the Transformer,
and the network configuration of the BoxGenerator’s Transformer
is shown in Figure 4. We adopt an autoregressive approach to gen-
erate room boxes. A generation process of the fixed generation or-
dering is shown in Figure 3. Some BoxGenerator’s training hyper-
parameters are also shown.

1.3.2. Semantics network

We adopt a modified version of ASPP [CPK*17] for the semantics
network, as shown in Figure 5. Some hyperparameter settings for
training semantics networks are shown in Figure 6.

1.3.3. Geometry network

We follow Deformable DETR [ZSL*20] to design the geometry
network. Some hyperparameter settings for training geometry net-
works are shown in Figure 7.

1.4. Constrained generation
1.4.1. Free generation

Our method can generate floorplans without user input, relying
solely on the priors it has learned. This free generation is partic-
ularly suited for conceptual design, providing innovative design
solutions. In the implementation, we need no input. From the re-
sults, it is evident that the free generation allows for a high degree
of freedom. This approach can generate floorplans with boundaries
that may not have appeared in the dataset, yet maintain logical and
functional room layouts.

1.4.2. Box-constrained generation

Users can define the floorplan domain as a box, essentially serv-
ing as the generated floorplan’s bounding box. The box-constrained
generation requires that the generated floorplans lie within a given
box (i.e., the bounding box of generated floorplans). This approach
is beneficial when considering rough building sites or spatial lim-
itations without specific requirements of architectural boundaries,
ensuring that the generated floorplans adapt to particular geograph-
ical or spatial conditions. In the implementation, we employ a
(128 x 128) single-channel image to depict the input of the build-
ing box, which is Box mask: taking a value of 1 for the building
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Figure 3: Given the architectural boundary as input, BoxGenerator progressively generates room boxes in a specific order.

Transformer Value Training Value
n_layers 8 Batch size 64
n_heads 16 Epoch 500

query_dimensions 64 Optimizer Adam
value_dimensions 64 Learning rate le-4
feed_forward_dimensions 1024 Weight decay le-2

(a) Network architecture of Transformer (b) Hyperparameters

Figure 4: Hyperparameter settings for BoxGenerator. (a) The net-
work architecture of BoxGenerator is based on a Transformer
framework. (b) Some key hyperparameters for training this model.
The learning rate is reduced by a factor of 0.1 at specific epochs:
the 299th, 349th, 399th, and 449th.

Network Output shape
[ Conv2d(128, 128, dilation) ]
Input [n, 128, 128]

Resnet.convl (64, 64, 64] | BatchNorm2d(128) |
Resnet.bnl 64, 64, 64] [ LeakyReLU ]
Resnet. relu

Resnet. maxpool [64,32,32] [ Conv2d(128, 64) ]
Resnet. layerl (64, 32,32] | BatchNormZd(ed] |
Resnet. layer2 [128, 16, 16]
DeepLab-ASPP (64, 16, 16] | LeakyRelU |
dilation= [6, 12, 18, 24] d | e |
Conv2d(64, 64)
convT [#class, 128, 128]

Figure 5: Architecture of the semantics network. The modified
ASPP block of DeepLab-ASPP is shown on the right. This design
enables the network to capture precise contextual information at
multiple scales, improving its ability to distinguish between differ-
ent semantic objects in an image.

box and 0 for others. Box-constrained generation requires that the
generated floorplan not exceed the specified building box. From
the results, it is apparent that box-constrained generation imposes
certain limitations on the generation process. It provides a middle
ground in floorplan design, allowing for creating floorplans with
unique boundaries not previously seen in the dataset while ensur-
ing that the resulting floorplans have practical and reasonable sizes.
For the input of a floorplan box, we use ResNet-18 [HZRS16] to ex-
tract the 64-dimensional constraint feature from the box image and
feed it to BoxGenerator, as shown in Figure 8. We represent the
floorplan box as a (128 x 128) image for encoding the semantics
and geometry networks.

1.4.3. Graph-constrained generation

We represent the relationships between rooms of a floorplan using
a graph: the graph nodes represent rooms, while the edges denote
the adjacency or connectivity between rooms. Graph-constrained
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Training Value
Batch size 8
Epoch 100
Optimizer Adam
Learning rate le-4
Weight decay le-4

Figure 6: Hyperparameter settings of the semantics network. A key
parameter in this configuration is the learning rate, which is strate-
gically adjusted to optimize the network’s performance over time.
Specifically, the learning rate is reduced by a factor of 0.1 every 30
epochs.

Training Value
Batch size 32
Epoch 300

Other settings are the same as Deformable DETR

Figure 7: Hyperparameter settings of the geometry network. Other
settings are the same as Deformable DETR [ZSL*20].

generation offers a more flexible and versatile approach to guide
floorplan generation. This approach allows enhanced generation
control over the floorplan by manipulating the nodes and edges of
a graph. By specifying, adding, or removing nodes, the generated
floorplans can be directly influenced by the types and quantities of
nodes. Altering the edges between rooms affects how rooms are
arranged or connected, allowing the overall layout topology to be
changed. There are two types of graph constraints: the topologi-
cal graph and the bubble diagram. The difference lies in the at-
tributes of the nodes and edges. In the topological graph, nodes
have only one attribute, the room category label. Edges denote
the connectivity between rooms, as used in the House-GAN se-
ries [NCC*20; NHC*21] and HouseDiffusion [SHF23]. In contrast,
nodes in a bubble diagram not only include the room category la-
bel but also encompass attributes like the room’s central location
and size. Edges denote the adjacency between rooms, which in-
cludes not only room pairs that are connected by doors, but also
spatially adjacent room pairs, as used in Graph2Plan [HHT*20]
and WallPlan [SWL*22]. The topological-graph-constrained gen-
eration is similar to the box-constrained generation, which can pro-
vide a certain degree of generative control. The bubble-diagram-
constrained generation provides significantly more generative con-
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Figure 8: Extracting constraint features for BoxGenerator. For the
input of the floorplan box, architectural boundary, or bubble dia-
gram, we use ResNet-18 [HZRS16] to extract the constraint feature
from the representation of the constraint image. For the topological
graph, we use GCNConv [KW16] for graph encoding.

trol, which is attributed to the image-based encoding of the bub-
ble diagram. Although no boundary constraints are imposed, the
generated room layouts and architectural boundaries are similar
in almost all results. As shown in Figure 8, for the topological
graph implementation, we use GCNConv [KW16] for graph en-
coding, obtaining a 64-dimensional graph feature and feeding it
to BoxGenerator. For the bubble diagram, we refer to the approach
of WallPlan [SWL*22], converting the bubble diagram into an im-
age for our image-based encoding. We use ResNet-18 [HZRS16]
to extract the 64-dimensional constraint feature from the bubble
diagram image and feed it to BoxGenerator. For the semantics net-
work and geometry network, we directly encode the topological
graph and represent the bubble diagram as a (128 x 128) image for
encoding.

1.4.4. Boundary-constrained generation

Users input the boundary of a floorplan as the design constraint, and
the final generated floorplan must completely match these specified
boundaries. Boundary constraints can be further divided into two
types: with and without a front door. The front door constraint re-
quires the living room in the generated floorplan to be connected
to the front door. In the methodology sections, we have discussed
the boundary-constraint generation with a front door in detail. Re-
moving related information from the multi-channel image of in-
puts is sufficient for the boundary-constraint generation without a
front door. The boundary-constrained generation with a front door
provides stronger control over the generation without a front door,
especially for the generation of living rooms. For the input of an ar-
chitectural boundary, we use ResNet-18 [HZRS16] to extract the
64-dimensional constraint feature from the boundary image and
feed it to BoxGenerator, as shown in Figure 8. If the input bound-
ary has a front door, we utilize ResNet-18 [HZRS16] to extract

a 64-dimensional boundary feature from the boundary image and
a 64-dimensional front door feature from the front door image.
These features are then concatenated to form the conditional fea-
ture for BoxGenerator. For the semantics and geometry networks,
we represent the architectural boundary as a (128 x 128) image for
encoding.

1.4.5. Hybrid-constrained generation

The aforementioned constraints can be combined to form the
hybrid-constrained generation, such as floorplan generation based
on the architectural boundary, plus the bubble diagram. Hybrid-
constrained generation combines different constraints, allowing for
more personalized and customized designs. From the results, it
is clear that Hybrid-constrained generation exhibits a stronger ca-
pability for control over the generation process, especially when
bubble diagram constraints are combined with other types of con-
straints. This similarity suggests that the design space is signifi-
cantly smaller. For the input of hybrid constraints, we just need to
extract the constraint features for each type of constraint separately
and then concatenate them together for feeding to BoxGenerator.

2. Experiments
2.1. Statistics comparison

We further analyze room area statistics by comparing the area dis-
tributions of generated and real floorplans for bedroom, kitchen,
bathroom, balcony, and storage. Following prior work, we visu-
alize the absolute difference between the corresponding frequency
distributions (Difference of Frequencies), where lower values in-
dicate better alignment with the ground truth. As shown in Fig-
ure 9, our method consistently exhibits smaller distribution gaps
than both RPLAN and ATISS-based initialization, demonstrating
improved consistency with real floorplan statistics.

2.2. Perceptual study

To evaluate the realism of the generated floorplans, we also con-
duct perceptual studies to compare the floorplans generated by our
method with the ground-truth floorplans in the dataset and the gen-
erated floorplans by state-of-the-art methods. Each set of perceptual
studies consists of 15 comparison tasks, where each pair of floor-
plans 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”, based on con-
sideration of the aesthetics, functionality, and connectivity of the
floorplans. We recruited 20 undergraduate students who had un-
dergone interior design training to complete all of the perception
studies. Therefore, for each group of the perceptual study, there are
300 tasks, with 15 tasks for each of 20 participants. We show ex-
ample tasks in Figure 10. Each task contains the same question:
“Which one do you think is better for you?” In each task, we show
two floorplans generated by different methods and order them ran-
domly. We provide participants with three options: “Choosing left”,
“Choosing right”, and “Not sure”.

© 2026 Eurographics - The European Association
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Figure 9: Difference of frequencies. We visualize the absolute dif-
ference between the area distributions of generated and real floor-
plans for bedroom, kitchen, bathroom, balcony, and storage. Lower
is better; our method consistently exhibits smaller distribution gaps
than RPLAN and ATISS-based initialization.

3. Abaltion study

We have performed several ablation studies to verify the effective-
ness of our framework design.

3.1. Unordered

For the Unordered, the order of room boxes in the training dataset is
randomized during the training of the BoxGenerator. This involves
shuffling the sequence of room boxes for each floorplan in the train-
ing dataset, disrupting any inherent ordering by size or frequency.

© 2026 Eurographics - The European Association
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O Livingroom  © Bedroom @ Kitchen @ Bathroom

© Balcony @ Storage

Choosing left (Ours) Choosing right (GT) Not sure

Figure 10: Several example tasks in the perceptual study when
comparing the floorplans generated by our method to the ground-
truth floorplans.

Consequently, the BoxGenerator learns to predict room box at-
tributes (e.g., category, position, size) without leveraging structured
contextual information. During inference, room boxes are gener-
ated in a random order, leading to initial layouts that often lack
coherence, exhibit overlapping rooms, and fail to prioritize larger
or more frequent room types effectively. For inference, we use the
same termination conditions.

3.2. OrderedArea

For the OrderedArea, the generation of room boxes in the initial-
ization phase is ordered exclusively based on the room area. Room
boxes are sorted in descending order of their area sizes, prioritiz-
ing the generation of larger rooms before smaller ones. This ap-
proach simplifies the ordering strategy by focusing only on room
size, without considering other factors such as room occurrence fre-
quency. As a result, the generation process may lack the nuanced
guidance provided by a more comprehensive ordering strategy, po-
tentially leading to less functional or coherent initial layouts. For
inference, we use the same termination conditions.

3.3. NoCoarseOpt

For the NoCoarseOpt, the coarse semantics optimization is entirely
omitted, while keeping the fine semantics optimization. Instead,
to optimize the initial room layout, we train a network specifi-
cally for layout-to-layout optimization. This network processes a
128 x 128 multi-channel image input, similar to the geometry net-
works, but excludes the Previous-map mask. Based on Deformable
DETR [ZSL*20], this network extracts a global room layout from
the initial room layout. To construct the semantics map fed to the
fine semantics optimization, we directly generate the Room-box
mask from the room layout. The fine semantics optimization is then
employed to refine this semantics map. For inference, we use the
same termination conditions.

3.4. NoFineOpt

For the NoFineOpt, the fine semantics optimization is omitted en-
tirely, while keeping the coarse semantics optimization. Instead, we
leverage the layout-to-layout optimization network described ear-
lier and directly refine the layout generated by the coarse semantics
optimization. For inference, we use the same termination condi-
tions.
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3.5. NoSemanticsOpt

For the NoSemanticsOpt, the entire refinement process is carried
out through the box-to-box optimization network, bypassing any
semantics optimization. This approach eliminates both the coarse
and fine semantics optimization, relying solely on the layout-to-
layout optimization to refine the initial room layout. The layout-
to-layout optimization, as described previously, directly adjusts the
room layout iteratively, focusing exclusively on geometric aspects
such as room sizes, positions, and overlaps. For inference, we use
the same termination conditions.

3.6. NoGeometryOpt

For the NoGeometryOpt, the geometry optimization is entirely re-
moved from our framework. This uses the BoxGenerator to initial-
ize the room layout, followed by the Coarse Semantics Optimiza-
tion and Fine Semantics Optimization to refine the semantics map.
The initial room layout generated by the BoxGenerator is directly
fed into the semantics optimization process without further refine-
ment through geometry optimization. The coarse semantics opti-
mization generates an initial semantics map from the input con-
straints and room layout. The fine semantics optimization further
refines the semantics map to enhance pixel-level semantic accu-
racy and room category labeling. For inference, we use the same
termination conditions.

3.7. BoxCoarseOpt

In the BoxCoarseOpt, the method uses only the BoxGenerator fol-
lowed by the Coarse Semantics Optimization, omitting the fine se-
mantics and geometry optimization steps. The initial room layout
is generated by the BoxGenerator, and the coarse semantics opti-
mization is applied to refine the semantics map at a high level with-
out further iterative improvements. Specifically, the BoxGenerator
predicts the room layout, including room categories, positions, and
sizes. The Coarse Semantics Optimization then processes this room
layout along with the input constraints to generate an initial seman-
tics map. This step ensures that the semantics map roughly aligns
with the input constraints and room layout, providing category la-
beling for each room region.

3.8. BoxFineOpt

In the BoxFineOpt, the method uses only the BoxGenerator fol-
lowed by the Fine Semantics Optimization, omitting the coarse se-
mantics optimization and geometry optimization steps. The initial
room layout is generated by the BoxGenerator, and the fine seman-
tics optimization directly refines the semantics map based on this
initial layout without any coarse initialization. To construct the se-
mantics map used in the fine semantics optimization, we directly
generate the Room-box mask from the initial room layout. This
mask assigns the room category value for each room box and com-
bines them to form the initial semantics map. For the first iteration
of the fine semantics optimization, the initial semantics map is con-
structed solely from this Room-box mask. Subsequent iterations of
the fine semantics optimization refine the semantics map using both

the input constraints and the updated semantics map from the previ-
ous iteration. For inference, we use the same termination conditions
as in the complete method.

3.9. SAOpt

For the SAOpt, the geometry optimization network is replaced by a
simple simulated annealing (SA) algorithm. Based on the semantics
map refined by the coarse and fine semantics optimization, the sim-
ulated annealing algorithm directly optimizes the geometry of each
room. Specifically, for each room mask extracted from the seman-
tics map, the initial bounding rectangle is set to the mask’s bound-
ing box. The simulated annealing algorithm then iteratively refines
room boxes by maximizing the Intersection over Union (IoU) be-
tween the room mask and the room box. The optimization process
involves randomly moving each rectangle edge by +1 pixel at each
step, with an initial temperature of “10", a cooling rate of “0.99",
and termination conditions of either reaching “1000" iterations or a
temperature below “le-3". This setup simplifies the refinement pro-
cess by focusing purely on fitting room geometries to their semantic
regions, but it lacks the global optimization capabilities provided by
the geometry network. For inference, we use the same termination
conditions as in the complete method.

3.10. ATISS-based initialization

We implement an ATISS-based initialization by directly adopting
the layouts generated by ATISS-style box generation, without ap-
plying any subsequent geometry or semantics refinement. Specif-
ically, the room layouts are produced in a single forward pass
and directly rendered as the final result, following the standard
ATISS generation protocol. As illustrated in Figure 11, this initial-
ization often suffers from evident semantic and structural inconsis-
tencies, such as unreasonable room proportions, fragmented func-
tional regions, and poor alignment between geometry and room
semantics. These issues are difficult to resolve without further re-
finement. In contrast, our method significantly improves both se-
mantic coherence and global structural rationality through iterative
geometry—semantics optimization, demonstrating that the perfor-
mance gains stem from the proposed refinement framework rather
than the ATISS-based initialization itself.

4. More results

Our floorplan generation framework can enable a wide range of
applications, offering extensive flexibility and practicality. In this
part, we will discuss a few practical applications of our method,
moving beyond the initial focus on architectural boundaries to in-
clude more complex and valuable design constraints. Our method
is very scalable for different design constraints. Table 1 gives the
navigation for more results. From the results, it can be seen that the
hybrid-constrained generation has more control over the generation
process, especially when bubble diagram constraints are combined
with other types of constraints. As the number of constraints in-
creases, the design space is significantly reduced. As shown in Fig-
ure 24, the generation floorplans tends to be the same with the input
of a boundary, a front door, and a bubble diagram.

© 2026 Eurographics - The European Association
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Figure 11: Ablation study on ATISS-based initialization versus our full framework under free generation (top) and boundary-constrained
generation (bottom). Without iterative refinement, ATISS-based initialization exhibits semantic and structural artifacts, while our method
consistently yields more regular, coherent, and constraint-satisfying floorplans.

Table 1: Navigation for more results.

Constraints Figure
A gallery of constrained generation Figure 12
Free generation Figure 13
Topological graph Figure 14
Bubble diagram Figure 15
Box Figure 16
Box & Topological graph Figure 17
Box & Bubble diagram Figure 18
Boundary Figure 19
Boundary & Topological graph Figure 20
Boundary & Bubble diagram Figure 21
Boundary & Front door Figure 22
Boundary & Front door & Topological graph Figure 23
Boundary & Front door & Bubble diagram Figure 24
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Figure 12: A gallery of floorplans generated by our method. Left: Given a floorplan sampled from the dataset (Highlighted in blue), we
extract the floorplan’s building box, the topological graph, the architectural boundary with a front door, and the bubble diagram as the design
constraints, respectively. Right: Our method generates high-quality vectorized floorplans based on these constraints, relying on a learning-
based refinement process rather than heuristic, threshold-based post-processing or complex optimization. From top to bottom, we show
generated floorplans of the free generation, box-constrained generation, topological-graph-constrained generation, boundary-constrained
generation, and bubble-diagram-constrained generation, respectively.
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Figure 13: A gallery of floorplans by the free generation. Our method can generate a large range of floorplans without any inputs.
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Figure 14: A gallery of floorplans by the topological-graph-constrained generation. Our method can generate floorplans with the input of a
topological graph.
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Figure 15: A gallery of floorplans by the bubble-diagram-constrained generation. Our method can generate floorplans with the input of a
bubble diagram.
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Figure 16: A gallery of floorplans by the box-constrained generation. Our method can generate a large range of floorplans with the input of
a box.
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Figure 17: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a box and a topological graph.
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Figure 18: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a box and a bubble diagram.
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Figure 19: A gallery of floorplans by the boundary-constrained generation. Our method can generate a large range of floorplans with the
input of a boundary.
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Figure 20: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a boundary and a topological graph.
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Figure 21: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a boundary and a bubble diagram.
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Figure 22: A gallery of floorplans by the boundary-constrained generation. Our method can generate a large range of floorplans with the
input of a boundary and a front door.

by = G B =

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

W wf Wf OF LT IF R W OF W
| ER T o T B o B Lo g
| T L ™ o G B Lo T |
[ S B ™ T O B O |
EF LWL LELLYLN S

Figure 23: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a boundary, a front door, and a topological graph.
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Figure 24: A gallery of floorplans by the hybrid-constrained generation. Our method can generate a large range of floorplans with the input
of a boundary, a front door, and a bubble diagram.
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