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1 Application
Our model excels at generating floorplans under various input con-
straints, supporting both boundary-only inputs and combinations
of layout graphs and boundaries. Users can simply provide a house
boundary and optionally include a layout graph specifying room
types and sizes, to effortlessly generate structured floorplans. For
users without a clear layout in mind, our model offers an intuitive
and flexible solution: by adding a few simple segmentation lines,
users can indicate how the space should be partitioned. Meanwhile,
layout graphs can be used to define room categories, approximate
locations, and connectivity, allowing users to customize the de-
sign based on their preferences. This flexibility empowers even
non-experts to explore and experiment with diverse layout config-
urations.

To further improve usability, we developed an interactive ap-
plication, as shown in Figure 1. The interface allows users to eas-
ily add horizontal or vertical segmentation lines by clicking on
the design canvas. In addition, it features an automatic segmen-
tation mode powered by our model, enabling one-click floorplan
generation based on the provided boundary. This dual functional-
ity—supporting both manual customization and automated genera-
tion—offers a versatile tool for users of all levels, from beginners to
professionals, to explore, refine, and perfect their floorplan designs.

2 Evaluation metric
Unlike other floorplan design methods that focus on building gen-
erative models based on diversity and compatibility and evaluating
their performance, our approach emphasizes accurately predicting
floorplan segmentation. To ensure the predicted floorplans align
closely with the ground truth, we primarily use class-wise mean
Accuracy (mAcc) to compute the average classification accuracy
for each category. Additionally, we calculate the mean Intersection
over Union (mIoU) on rendered images for pixel-level evaluation.
Fréchet Inception Distance (FID) and Kernel Inception Distance
(KID) are employed to measure the differences between the gener-
ated floorplan images and real floorplan images.
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Figure 1: Our interface for user design of vector floorplans.

To further quantify the distributional differences between the pre-
dicted results and ground truth, we introduce Maximum Mean Dis-
crepancy (MMD) [4] as an additional evaluation metric. Specifically,
we use a pretrained ResNet-18 model to extract high-dimensional
feature representations from both the predicted and ground truth
images, excluding the final fully connected layer. For the feature
vectors 𝑋 and 𝑌 , the MMD value is computed using the following
formula :
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where 𝑘 is a Gaussian kernel function defined as:

𝑘 (𝑥,𝑦) = exp
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)
. (2)

These metrics evaluate the quality of the generated floorplans
both at the pixel level and overall. However, they are less sensitive
to issues that significantly affect the completeness and usability of
floorplans in downstream tasks. In intermediate results generated
by Graph2Plan [1] and RPLAN [2], the bounding boxes of rooms
often fail to align perfectly. To address this, we use the Room In-
tersection (RI) [3] metric to compare our results and demonstrate
our superior performance. The RI metric matches predicted rooms
(𝑝) with ground truth rooms (𝑔) based on their Intersection over
Union (IoU). A pair of rooms is considered matched if and only if
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their 𝐼𝑜𝑈 (𝑝,𝑔) is greater than or equal to 0.5 and the two rooms
have the same type. Matched pairs are considered True Positives
(TP), while predicted rooms without a matching ground truth are
counted as False Positives (FP), and ground truth rooms without a
matching predicted room are counted as False Negatives (FN). The
RI value is computed using the following formula:

RI =
∑

(𝑝,𝑔) ∈𝑇𝑃 IoU(𝑝,𝑔)
|𝑇𝑃 | + 1

2 |𝐹𝑃 | +
1
2 |𝐹𝑁 |
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