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Fig. 1. We introduce Loops2Roofs, a novel and versatile generative approach for creating structured 3D roof models. At its core, Loops2Roofs employs a
flexible loop-based representation that captures intricate roof geometries and forms the foundation for diffusion-based generative modeling.
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Effectively representing and generating 3D roof structures remains a chal-
lenging task in urban modeling. This article introduces a loop-based roof
representation (LFR) and Loops2Roofs algorithm, a novel diffusion-based gen-
erative approach that directly outputs 3D polygonal roof meshes using the
LFR. Our key novelty lies in representing the roofs as a set of polygonal faces
bounded by loops. This flexible representation improves generalization to
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complex roof structures across different architectural styles and can be effec-
tively learned and generated by machine learning models. Roof generation
proceeds in two stages. First, a Transformer-based diffusion model directly
denoises the 3D coordinates of roof face vertices. This model is conditioned
on structural priors, specifically the number of roof faces and vertices per
face, which are pre-generated using an auto-regressive model. Second, a neu-
ral stitching module enforces roof topology and recovers the geometric inci-
dent relationships between edges of different 3D loops. Optionally, our algo-
rithm can incorporate 2D building footprints as input for image-conditioned
roof generation. The final output is a compact, structured roof mesh encoded
in the LFR format. We demonstrate the effectiveness and efficiency of our ap-
proach by generating diverse, realistic roof models, ranging from synthetic
to real-world buildings. Experiments show that Loops2Roofs significantly ad-
vances structured roof generation, outperforming existing methods on three
benchmarks.
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1 Introduction

Building roofs exhibit intricate structural details and play a crucial
role in urban modeling. Their shapes vary depending on architec-
tural style, era of construction, climate, culture, and other contextual
factors. Automatic generation of building shapes is a fundamental
challenge in urban modeling, which benefits various applications,
such as urban planning, environmental simulation, architectural
engineering and construction, and metaverse [Biljecki et al. 2015].

Despite extensive research on urban reconstruction techniques
for creating polygonal building or roof meshes from point clouds
or aerial images [Wang et al. 2018], automatic roof generation or
synthesis is still under-explored. Manual roof modeling with com-
mercial software (e.g., 3ds Max, SketchUp) remains prevalent in
industrial workflows, yielding high visual quality. However, such
interactive tools are labor-intensive and time-consuming. Proce-
dural urban modeling systems [Miiller et al. 2006; Schwarz and
Miller 2015] are popular for roof synthesis, but they require in-
depth knowledge of the intricate rules and parameters to achieve
and fine-tune the user intent. Moreover, they often fail to capture
the full range of real-world roof configurations, and creating ad
hoc rules is tedious. To achieve fully automatic roof generation,
straight skeleton-based approaches [Aichholzer and Aurenhammer
1996; Aichholzer et al. 1996; Biedl et al. 2015; Kelly and Wonka
2011] model the roof structure by assuming that the roof outline
determines its topology. Although these approaches are suitable
for generating roofs, the results are limited to hip roofs and, with
some postprocessing, gable roofs. Furthermore, relying solely on
roof outlines introduced ambiguity, as roofs with the same outline
may have different topologies [Ren et al. 2021].

Deep generative models have emerged as a promising avenue
for generating diverse architectural structures, such as urban lay-
outs [He and Aliaga 2023], buildings [Chang et al. 2021; Kelly et al.
2018], and floorplans [Nauata et al. 2020, 2021; Shabani et al. 2023].
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Generating roofs directly using neural networks is challenging due
to their structural complexity, e.g., diverse roof types, and region-
specific shape variations. Ren et al. [2021] propose a generative
model to synthesize new roof meshes, which combines a trans-
former for roof outline generation with a graph neural network
for roof face adjacency prediction. This approach only generates
a roof graph structure, and a pre-defined roof optimization step
obtains the planar 3D roof. The mixed topological and geomet-
ric optimization complicates the generation process. Roof-GAN
[Qian et al. 2021] introduced a generative adversarial network that
produces a structured roof model as a graph by generating a set
of roof primitives and their relationships. However, graph struc-
ture, based on rectangular roof primitives, lacks representational
capacity. Specifically, it supports limited roof types (i.e., horizontal
and vertical gable/hip roofs) and is difficult to generalize to other
datasets.

We introduce Loops2Roofs, a novel polygon-based diffusion
framework for synthesizing realistic and reusable roof models. Our
approach is motivated by the performance of diffusion models
in many digital content generation tasks [Yang et al. 2023]. Our
method’s core is a flexible novel loop-based roof representation
(LFR) that stores a roof shape as a set of 3D polygonal loops, each
of which encodes a roof face primitive. This simple yet flexible
representation offers several key advantages compared to previous
graph-conditioned generative networks. First, it can capture arbi-
trarily complex roof shapes with high detail while efficiently con-
trolling complexity. Second, this sequential representation aligns
well with current advanced generative models (e.g., the diffusion
model with a Transformer network).

Loops2Roofs adopts a denoising diffusion process that iteratively
adds Gaussian noise to roof samples and learns to reverse this
process to recover clean roof loop distributions. We employ a
Transformer-based denoising neural network to sequentially de-
noise the corrupted roof features to solve the loop-constrained
generation problem. However, the direct generation/regression of
3D coordinates cannot guarantee precise geometric incident rela-
tionships (e.g., edge colinearity, or vertex sharing) between adjacent
loops. To address this issue, instead of using an optimization-based
interactive snapping algorithm [Arikan et al. 2013], we introduce
a neural loop stitching network based on the encoder-decoder ar-
chitecture to predict whether a pair of edges in any two loops is
geometrically correlated. This technique ensures topologically cor-
rect roof generation by avoiding gaps or overlaps between roof
faces.

Experiments demonstrate the strong performance of our ap-
proach in unconditional roof layout generation. Besides, we show
the application of Loops2Roofs on controllable roof generation by
encoding the latent building footprint image as a condition in the
denoiser. Our key contributions are: (1) A novel loop-based repre-
sentation (LFR that encodes 3D roof geometry and local topological
relationships, enabling the modeling of complex roof structures and
facilitating learning. (2) A novel polygon-based diffusion generative
model, Loops2Roofs, that directly generates diverse and complex
3D roof structures. (3) An encoder-decoder network architecture,
LoopStitchingNet, tailored to our LRF, which recovers correct roof
topology by predicting adjacency relations and stitching neighbor-
ing loops.
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2 Related Work

Our work relates to roof reconstruction, roof layout generation,
and recent methods in 3D generative modeling.

2.1 3D Generative Modeling

Deep generative models have shown success in creating high-
fidelity 3D content. Many 3D generative models have been pro-
posed to synthesize 3D shapes, such as Variational Autoencoders
(VAEs) [Gao et al. 2019; Zhang et al. 2022], Generative Adver-
sarial Networks (GANSs) [Chan et al. 2022; Gao et al. 2022a], and
Diffusion Models (DMs) [Ho et al. 2020; Nichol et al. 2022; Zhou
et al. 2021]. In particular, GANs have been applied to generate
building models [Chang et al. 2021; Kelly et al. 2018] and house
floorplans [Hu et al. 2020; Nauata et al. 2021] based on specific
training data. Our proposed method shares similarities with recent
mesh generation approaches that employ auto-regressive mod-
els to predict sequences of vertices or triangles directly. PolyGen
[Nash et al. 2020] represents a mesh as a set of 3D vertices and
polygon faces, and predicts vertices and faces sequentially using
Transformer-based architectures. Recent methods tokenize meshes
into 1D sequences and leverage auto-regressive transformers for
generating triangular meshes, including MeshGPT [Siddiqui et al.
2024], MeshAnything [Chen et al. 2024a], and EdgeRunner [Tang
et al. 2025]. MeshXL [hen et al. 2024] represents each coordinate
using a learnable embedding and employs an autoregressive model
with a predefined ordering strategy for direct mesh generation.
This discrete autoregressive generation is a viable alternative to
our problem. However, our choice of continuous representation via
diffusion is motivated by the unordered nature of roof vertices. Au-
toregressive methods impose artificial orderings for tokenization,
which can propagate errors across long sequences. In contrast, our
continuous diffusion approach naturally handles unordered geomet-
ric data, reducing this cascading error risk inherent to sequential
generation methods.

Recently, diffusion models have emerged as the state-of-the-art
of generative models with remarkable results in many applications,
such as image synthesis [Dhariwal and Nichol 2021; Ho et al.
2020; Rombach et al. 2022] and video generation [Ho et al. 2022;
Xing et al. 2024]. However, unlike 2D images, which can be
efficiently represented and processed using discrete pixels, the
lack of a unified 3D representation poses a significant challenge
for diffusion models. A robust 3D representation is crucial in 3D
content generation because there is no consensus on a network
architecture that can serve as a reliable and scalable backbone in
handling spatial relationships in 3D structure [Po et al. 2024]. Our
work focuses on roof modeling and proposes a novel loop-based
representation capable of accurately synthesizing complex 3D roof
shapes.

Our work also draws inspiration from diffusion models for CAD,
which demonstrate a promising capability to generate CAD ge-
ometries with [Liu et al. 2024b; Shabani et al. 2023] or without
[Alliegro et al. 2023; Xu et al. 2024] topology as input condition-
ing. Borrowing architecture from VQ-Diffusion [Gu et al. 2022],
which combines VQ-VAE [Van Den Oord et al. 2017] and conditional
denoising diffusion probabilistic models (DDPM), VQ-CAD
[Wang et al. 2024] integrates discrete diffusion models for CAD
model generation. Our work aims at tackling the challenge of un-

conditionally using the diffusion model to generate well-structured
roof geometries.

2.2 Building and Roof Reconstruction

Urban reconstruction from real-world sensor data, such as images or
3D point clouds, is an active research area. Existing algorithms to re-
construct city models can be broadly categorized into simplification-
based [Gao et al. 2022b; Garland and Heckbert 1997; Salinas et al.
2015; Verdie et al. 2015], model-driven [Guo et al. 2024; Lin et al.
2013; Nan et al. 2010; Zhou and Neumann 2010], primitive-based
[Arikan et al. 2013; Bauchet and Lafarge 2020; Chauve et al. 2010;
Guo et al. 2024; Monszpart et al. 2015; Nan and Wonka 2017] and
Gaussian-based [Liu et al. 2024a; Peng et al. 2025; Yuan et al. 2025]
approaches. Earlier state-of-the-art reports on these topics have
been presented in [Musialski et al. 2013; Wang et al. 2018].

Roof reconstruction is a key aspect of urban modeling, and it
often relies on traditional optimization algorithms to recover roof
structures by detecting geometric primitives (planes, lines, etc). For
example, [Vanegas et al. 2010] represents the 3D building with axis-
aligned non-uniform polycubes but cannot represent sloped roofs.
Verma et al. [2006] applied the roof topology graph to represent the
relationships between the planar primitives, and then the paramet-
ric roof shapes are recognized by subgraph matching. Zhang et al.
[2021] create complex models by using a large set of parameterized
primitives, including sloped and flat roofs, while Edelsbrunner et al.
[2016] introduce a solid roof primitive that can create complex
roofs. Kelly et al. [2017] formulate a binary integer program to pro-
duce structured models by leveraging data from multiple sources.
Markov Chain Monte Carlo (MCMC) and Support Vector Ma-
chine (SVM) have also been used for roof reconstruction [Henn
et al. 2013; Huang et al. 2013]. The release of building and roof
datasets (e.g., City3D [Huang et al. 2022], Building3D [Wang et al.
2023], BuildingNet [Selvaraju et al. 2021]) enabled deep learning
methods that directly output 3D roof structures from point clouds
[Chen et al. 2022a, 2024b; Li et al. 2022; Zeng et al. 2018] or im-
ages [Alidoost et al. 2020; Zhang and Aliaga 2022]. However, the
above-mentioned methods cannot be used for the generation of
novel objects, e.g., for movies or video games. Contrary to these
approaches, which aim at accurating roof reconstruction, our ap-
proach focuses on generating plausible roof structures from scratch
with broad variability.

2.3 Roof Synthesis

One of the key issues in creating city models of Level of Detail
2 (LoD-2) (i.e., models that distinguish roofs from buildings and
include roof details) is the challenge of generating roof structures
precisely. A straightforward approach to modeling roofs involves
combining simple roof primitives (e.g., gabled, hipped, or flat roofs)
with often convex footprint shapes to generate 3D roofs [Finken-
zeller 2008; Miiller et al. 2006; Sugihara and Hayashi 2008]. While
effective for regular building shapes, these methods struggle to
model complex and irregular roof structures accurately. The auto-
matic generation of roofs of buildings based on straight skeletons
[Aichholzer and Aurenhammer 1996] of their footprints has re-
ceived widespread attention in large-scale urban modeling. Early
works use the unweighted straight skeleton to model roofs [Lay-
cock and Day 2003], where the resulting skeleton corresponds to
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(a) Raw Roof

(b) Loop-based Representation

Fig. 2. An illustration of our proposed loop-based representation for roof
structures. Given a roof (a), we represent each roof face (color-coded) as a
loop F; containing a sequence of 3D vertices {Vl/}, as shown in (b).

the edges of a roof on the building. The weighted skeleton [Biedl
et al. 2015; Eppstein and Erickson 1998] brings greater flexibility
to facilitate the roof faces modeling at different angles specified by
users. Kelly and Wonka [Kelly and Wonka 2011] propose an exten-
sion to the weighted straight skeleton for the interactive modeling
of complete buildings. However, roofs created by straight skeletons
are limited to hip roofs and, with some postprocessing, gable roofs.
Their ridges tend to be parallel to the long edges of the footprint of
the building. These models do not capture ridges perpendicular to
the long edges of the footprint [Held and Palfrader 2017].

To overcome the limitations of straight skeleton methods, Ren
et al. [2021] propose a new primal-dual roof graph representation
and introduce an optimization-based method to reconstruct a 3D
planar roof from a primal or dual roof graph. Further, they train
neural networks to generate a discrete roof graph for new roof
synthesis and then run the roof optimization to enforce the contin-
uous geometric constraints. Drawing inspiration from the floorplan
generation backbone House-GAN [Nauata et al. 2020], Qian et al.
[2021] propose Roof-GAN, a novel generative adversarial network
for generating structured geometry of residential roof structures.
The generator produces a structured roof model as a graph by gen-
erating primitive geometries at the nodes and incident geometric
relationships at the edges. However, relying on rectangular roof
primitives limited the representation ability of their graph structure,
and consequently, Roof-GAN only supports four roof types (i.e.,
horizontal and vertical gable/hip roofs) and does not generalize to
other datasets. Our loop-based representation is more flexible for
modeling complex and irregular roofs than the graph-constrained
representation.

3 Overview

Loop-based roof representation. Generating arbitrarily shaped
roofs is challenging due to the complexity and irregularity of roof
structures. Graph-based representations, commonly used in layout
and roof generation, represent primitives as nodes and encode their
adjacency relationships in an adjacency matrix. Although these
representations allow flexibility by avoiding a fixed set of geometric
primitives, precisely capturing topological relationships in a general
graph remains challenging.

To solve this, we represent a roof structure as a set of non-
intersecting 3D polygonal loops. As shown in Figure 2, we define
a roof structure as a set of polygonal loops F = {F|, F,..., Fn},
where each loop F; represents a roof face and is described by a
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sequence of 3D vertices arranged in a clockwise order:
F = {Vi1,Vig, . Vin, Vi € R} (1)

Each loop F; encodes roof geometries (via 3D vertex position)
and local topological relationships (via polygonal embedding). A
post-processing step or a neural network easily enforces the global
relationships between adjacent loops. This flexible representation
facilitates the modeling of complex roof structures and serves as
the foundation for our diffusion-based learning framework.

While our loop-based representation shares conceptual similari-
ties with floorplan models like HouseDiffusion [Shabani et al. 2023],
it is specifically designed to address several challenges unique to
roof modeling: (1) Structural complexity. Unlike floorplans, where
rooms are naturally independent units, roofs form an intercon-
nected topological graph with intricate geometric dependencies.
By representing roofs as a 1D chain of 3D vertices, we enable more
effective learning of these complex structures by neural networks.
(2) Geometric constraints. Floorplans often conform to Manhattan-
world assumptions with axis-aligned, orthogonal geometry. In con-
trast, roofs feature arbitrary angles and slopes, requiring continuous
rather than discrete diffusion to handle their geometric variabil-
ity. (3) Vertex sharing. Roofs frequently contain shared vertices at
which multiple loops intersect in the 3D space. Unlike floorplans
with distinct room boundaries, roof modeling must explicitly handle
vertex coincidences. We address this through a neural mechanism
that restores geometric consistency and ensures valid topological
connections. These domain-specific adaptations make our LFR well-
suited for roof modeling, despite its conceptual resemblance to
floorplan representations.

Loops2Roofs. We aim at generating a compact and structured
3D roof model in the LFR format through diffusion. Accurately
predicting roof geometry requires addressing three key challenges:
(1) synthesizing plausible polygonal loops, (2) enforcing geometric
consistency, and (3) recovering topological relationships. To tackle
these, we propose a two-stage learning approach. First, a generation
module is proposed to synthesize polygonal loops that approximate
the roof geometry. Then, we introduce a loop assembly network to
ensure precise geometric incident relationships among loops.

First, we train a Transformer-based diffusion model, Loops2Roofs.
In the forward diffusion process, Gaussian noise is added to ground-
truth roof models to produce noisy samples (see Figure 3(a)). The
denoising process then reconstructs these samples by sequentially
predicting the vertex coordinates of the roof loops, guided by the
learned distribution (see Figure 3(b)). The denoiser is trained on our
constructed loop-based roof dataset based on the publicly available
3D building models (e.g., [Huang et al. 2022; Luo et al. 2022; Qian
et al. 2021]). Note that the diffusion model requires the number of
polygonal loops N and the number of vertices N; in each face F,
as input, making the generation process partially conditional. To
enable fully automated generation, we introduce an auto-regressive
Transformer decoder to probabilistically predict N and N; (see Sec-
tion 4.1) as an initial step.

Second, taking the generated polygonal loops as input, we intro-
duce an encoder-decoder network called LoopStitchingNet, which
recovers the roof topology information by examining the geometric
relationship between any pair of edges in the LRF to stitch adjacent
loops, as shown in Figure 3(c). Finally, the predicted loop-based
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Fig. 3. Overview: Loops2Roofs smoothly perturbs data by adding noise in the diffusion process (a), then reverses this process in the denoising stage to
generate new data from input noise (b). We then introduce LoopStitchingNet to generate a compact roof by stitching adjacent loops (c). The top row visualizes
the denoising and stitching processes, and the bottom row illustrates the corresponding data-level pipeline. Each rounded rectangle represents the coordinates
of a loop, where gray indicates pure noise, and the opacity of colors indicates the proximity to ground truth loop coordinates - lower opacity suggests closer

alignment to the true values. Dashed outlines indicate unstitched states where loop boundaries remain independent, while solid outlines represent loops
after stitching. Colored circles represent edges within their corresponding colored loops, with black lines connecting edges that share stitching relationships

and gray lines indicating unconnected edges.

roof structure is extruded along the direction of gravity to create
volumetric primitives. These primitives are merged using a Boolean
union operation to assemble a CAD-level building model.

4  Methods

A diffusion model [Ho et al. 2020] consists of two key stages: a
forward process (or diffusion process) that perturbs the original
data distribution by gradually adding noise and a reverse process
(or denoising process) that recovers the target distribution through
iterative denoising. Loops2Roofs extends diffusion principles to the
domain of roof structure generation. We begin by unconditionally
generating the number of loops and the number of vertices per
loop. Following this, we detail the diffusion-based roof generation
and the subsequent loop stitching process.

4.1 Loop and Vertex Index Generation

To enable accurate roof generation within our diffusion framework,
we represent a 3D roof structure using loop and vertex index se-
quences. For pure unconditional generation, we introduce an auto-
regressive Transformer model that learns the dependencies within
these index sequences. It predicts subsequent loop indices based
on the previously generated sequence, enabling the incremental
construction of full loop index sequences for an entire roof.

Our auto-regressive model is based on a Transformer decoder
architecture [Vaswani et al. 2017]. The model input is a sequence
of loop indices, beginning with the <BOS> token and terminating
with the <EOS> token:

Z ={<BOS>,z;, 2, ..., 2, <EOS>}, (2)

where K denotes the number of vertices in a single roof. Each
token z;, encoded as a 12-dimensional one-hot vector, indicates the
loop index of the ith vertex. The probability distribution over the
loop index sequence is defined as follows:

1Z]
Py(2) = [ | po(alzs) (3)
k=1

with @ denoting the network parameters and z_; denoting the sub-
sequence of all elements preceding the k-th element. The model
processes each token through input and positional embeddings,
followed by Transformer decoder layers. The model outputs a cate-
gorical distribution over possible loop index values, with the net-
work trained via maximum log-likelihood estimation using teacher
forcing [Williams and Zipser 1989].

A causal attention mask is applied during training to prevent
information leakage from future tokens. The model is trained to
predict the next token through shift operations and a cross-entropy
loss.

In inference, the model generates sequences auto-regressively.
Beginning with the start token, <BOS>, the model iteratively pre-
dicts the probability distribution of the next loop index. A greedy
decoding strategy is employed to select the most probable next
token at each step:

z; = argmaxy Po(zilz<y) - (4)

The generation terminates when the end token, <EOS>, is generated
or a predefined maximum sequence length is reached.

4.2 Diffusion-based Roof Generation

At the training stage, Loops2Roofs corrupts a set of training roof
examples by gradually adding different levels of Gaussian noise
and then learns a denoising process that maps samples of random
noise to clean roofs. At the inference stage, Loops2Roofs directly
generates novel roofs by iteratively transforming a noisy roof into
a clean LFR.

Diffusion process. The forward step of the diffusion process is a
predefined discrete-time Markov chain in the data space spanning
all possible roof structures. Every roof structure consists of Nloops
that contain the 3D coordinates of the vertices. During training,
given a clean roof configuration x; from underlying distribution
q(xy), we follow Equation (5), obtaining a series of intermediate roof
varirables {x;, ..., x;} with the same dimensionality as x;, according
to a predefined standard cosine noise variance schedule f, € (0,1)
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[Nichol and Dhariwal 2021]:

x; (%0, €) = \/gtxo + mﬁ (5

whereo, =1 - f, & = HZ:I as, € ~ N(0, ). The data sample grad-
ually loses its distinguishable features as the step t becomes larger
and eventually is equivalent to an isotropic Gaussian distribution
after T — oo time steps. For example, the coordinate vectors of each
vertex will be scrambled, and duplicated vertices between incident
roof faces will have different features and no longer exhibit the
correct topological relations.

Feature embedding. To facilitate the generation process, we en-
code conditional information, such as time steps, loop indices, and
vertex indices, into feature vectors. These embeddings are injected
into the denoising network to guide the understanding of the loop-
based roof representation.

Given a roof structure sample J; at time t, every 3D vertex
position Vf i becomes a node in the Transformer architecture with

a D(= 512) dimensional embedding vector Vf - We initialize the
embedding as:

Vi, — Linear ([, 10),10G).1]). (6)

where 1(-) denotes a 12D one-hot vector for a loop index i or a
vertex index j, and ¢ is a scalar indicating time step. A linear layer
is applied to convert the embedding into a D(= 512) dimensional
vector.

Generative process. The generative process is parameterized as a
Markov chain of learnable reverse Gaussian transitions to refine
noisy inputs into coherent roof structures. Given a noisy roof from
a standard multivariate Gaussian distribution xp ~ N(0, I) as the
initial state, it corrects x; at each time step by using a learned Gauss-
ian transition pg(x_; | x;) which is parameterized by a learnable
network 6. By repeating this reverse process until the maximum
number of steps T, we can reach the final state x;), the clean roof con-
figuration we aim at obtaining. Specifically, the joint distribution
of the generative process py(xy.7) is

T
Po(xo.) = pOXD) [ [ o 1 ) (7)

t=1
where the diffusion step at time ¢ is defined in Equation (8):

po(x1 ) =N (xt—l; Ho (X 2) 2 (X, t)), 8)
where 1, (x;,1) and % (x;, t) represent the prediction of the mean
and variance of the distribution q(x;_;|x;, x,), respectively. Follow-
ing the DDPM [Ho et al. 2020] that rather than directly predicting
Hy (%, 1), we synthesize more high-frequent details by estimating
the noise € (x;, t) through a denoising neural network 6.

Denoising network. Our implementation adopts a Transformer-
based neural network [Vaswani et al. 2017] for the generative pro-
cess, which refines noisy roof representations from time ¢ to cleaner
representations at time ¢ — 1. Specifically, given the embedding
vectors {Vltj}, we construct a Transformer denoiser with attention

blocks to model the noise € (Vl j» t) with time embedding ¢ added as
conditions within every Transformer layer. As is shown in Figure 4,
the denoising network is based on L encoder layers, which contain a
self-attention layer and a feed-forward network (FFN) with skip
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Fig. 4. lllustration of the denoising network architecture, which takes
noisy loops x, at timestep t with the conditions of loop index and vertex
index as input and embeds them into high-dimensional features. Then we
denoise the embedded features using a Transformer-based denosier with
skip connections and attention blocks.

Transformer-based Denoiser

connections, where each encoder layer is interleaved with attention
blocks to aggregate the features of different loops, exploiting the
inter-corner relationships and capturing the global roof structure
context.

Loss function. The reverse diffusion process is trained to optimize
the denoising network parameters 6, which ensures the generation
of geometrically consistent and structurally accurate roof structures.
Our training objective follows an L2-norm regression loss [Ho et al.
2020], where the estimated noise € (V; j’ t) is compared with the
ground-truth noise € from the forward process. The loss function is

Tioop (0) = B et = &0 (Vaxo + 1= e )| |

= Ey et ["et —€p (% t)"Z] ;
where ¢; is the ground-truth Gaussian noise at time step t in the
forward pass and is compared against €y (x;, t). During sampling,
the estimated noise at each time step incrementally refines the data,
transforming it from random Gaussian noise into a structured roof
representation.

©

4.3 Loop Stitching Network

Ensuring geometric consistency and topological relationships be-
tween loops poses significant challenges during denoising. For
example, adjacent roof faces typically share identical vertices and
may also share joint edges. To ensure consistency, these vertices
and edges must align perfectly without gaps and overlaps. Unfortu-
nately, direct regression or generation of 3D coordinates can rarely
achieve these relationships. A heuristic-based post-processing ap-
proach could merge close vertices/edges using predefined Euclidean
distance thresholds. However, this becomes impractical for complex
roofs due to its lack of robustness.

To address this problem, we propose a neural approach that
learns geometric correlations between coordinates (e.g., covariance,
orthogonality, or corner sharing) tailored for our loop-based roof
representation. Specifically, we train an encoder-decoder architec-
ture network, called LoopStitchingNet, to predict whether two edges
are geometrically correlated. The architecture of LoopStitchingNet
is illustrated in Figure 5, and it consists of two main parts: an En-
coder and a Decoder. The Encoder learns the implicit loop features
and extracts the high-dimensional hidden state of each loop. The
Encoder consists of positional encoding, N encoder blocks, and



Loops2Roofs: Diffusion-based 3D Roof Generation using a Loop Representation « 38:7

2N
‘ Tanh Activation Stitched Loops
L
T N
[ Linear Layer 0
J 2\
A (,J\ O N
( < () \ O Predictions ¢
— Add & Norm A\
L J O @
Encoder ~ A ~ A
{ SE T J [ Linear Layer
(47 . N
— Add & Norm xN ( s )
L J SO_“"%‘“ » Decoder
T | Activation
. D A xM
( Multi-head g ~
Attention [ Linear Layer
() N
D
A
Input Loops

Fig.5. Illustration of the LoopStitchingNet architecture. The generated loops
are taken as input and encoded by the Encoder, which is subsequently
combined with the edge set information and fed into the Decoder for
decoding, and finally outputs the classification prediction (i.e., geometric
correlations).

a bottleneck. Each encoder block integrates a multi-head atten-
tion mechanism and a fully linked feed-forward network, with
both components followed by normalization and residual connec-
tions via Add&Norm. The bottleneck contains a linear layer and a
Tanh activation function. The Decoder utilizes the implicit features
learned by the Encoder and the corresponding edge set information
to complete the binary prediction task, i.e., to predict whether two
edges are co-edged or not. It contains M linear layers and a SoftPlus
[Nair and Hinton 2010] activation function with an output layer.

Training dataset. Since the diffusion model alone cannot fully
restore topological relationships between loops during denoising,
it is necessary to predict whether collinearity exists between any
two edges in a noisy loop-based roof structure. Therefore, to train
our LoopStitchingNet, we construct a training dataset that meets
the above conditions.

From a large set of clean 3D roof examples, we first traverse each
loop and construct the ground truth edge relationship C € RM*M
for all edge pairs across loops, where M denotes the total number
of edges. G ; = 1 if ¢; and e; from two loops share a common edge,
otherwise Cj; = 0, where an edge ¢; is represented by its start
and end vertices ¢; = {[x7, 3, Z'], [x{, ), z/]}. Then, for each roof
example J containing a set of 3D polygonal loops, we noise each
loop by randomly move the vertices (i.e., perturb their location) to
simulate the discrete roofs obtained by the above diffusion model,
where the noise is randomly sampled from a uniform distribution
with noise size of [~3,3] to get F = {F}, F,, ..., Fy}. We then tra-
verse the noisy loops in all roof examples and collect all edges into
aset E = {&,,é,,..., &} Finally, we construct the edge pair data
Epair € RM*MX12 from the set of edges E, where Epair(i,j) = (&€

The objective of LoopStitchingNet is to predict the edge relationship
C that is as close to the true value C as possible.

Network training and inference. With the required inputs 7, Epair,
and C prepared for the training of LoopStitchingNet, the Encoder
learns the coding features of the noisy loop from F . We then con-
catenate Epair with the features of Encoder(F ) in the last dimension
and feed it into the Decoder to output the prediction result from
C. We use the Mean Squared Error (MSE) loss to supervise the
training:

Lgireh = MSE(C, C). (10)

During inference, the output of the diffusion model is used to
predict geometric relationships between edge pairs, which enables
the correction of topological inconsistencies between loops. Specif-
ically, we first consider each pair of loops: if an edge e in loop; and
an edge ¢; in loop; are the shared edges according to the network
prediction result, then we put the edge pair (¢, ¢;) into a set Ey g,
to be merged. We then traverse every edge pair in Ey,,,, 4, and verify
whether the two edges are in the same direction. If not, one of the
edges is flipped if it is reversed concerning its vertices. Finally, we
average the vertex coordinates of the current two edges across their
associated duplicates and generate a geometrically closed-loop roof
structure. The robustness and effectiveness of LoopStitchingNet are
validated through our ablation study (Section 5.4).

5 Experimental Results

This section evaluates the performance of Loops2Roofs on synthetic
and real roof datasets with diverse architectural styles and geo-
metric variations. Extensive quantitative and qualitative analysis,
supported by comparisons to state-of-the-art methods and compre-
hensive ablation studies, validate the effectiveness of our approach.

5.1 Setup

Implementation details. We implemented our neural networks
in PyTorch and conducted experiments using an NVIDIA A6000
GPU. To ensure robust and dataset-specific training, models were
trained independently for each dataset. The AdamW optimizer
was utilized with a learning rate of 5 x 1074, a weight decay of
0.05, and a batch size of 64. The training process for each dataset
converged within approximately 24 hours after ~1,000 epochs. For
the LoopStitchingNet component, we employed the Adam optimizer
with default parameters, with a learning rate of 0.001 and a batch
size of 256. The model was trained for 300 epochs. The VAE for
conditional image input tasks shared identical training parameters
with the LoopStitchingNet, except for an increased batch size of
512. Our implementation supports up to 12 loops per roof and 12
vertices per loop, sufficient for all datasets used in our experiments.
The architecture is scalable and can accommodate larger structures
by increasing the positional encoding dimensionality.

Dataset preparation. We evaluated the performance of our ap-
proach on three diverse and widely used building roof datasets:
(1) Roof GAN [Qian et al. 2021], a dataset featuring 502 CAD-style
roof geometries annotated with incident relationships; (2) City3D
[Huang et al. 2022], a large-scale building reconstruction dataset
consisting of 20k real-world buildings models; and (3) LC2WF [Luo
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et al. 2022], a collection of 2,539 complex synthetic roofs with
ground-truth 3D wireframe models [Ren et al. 2021].

We designated the z-axis as the vertical direction. For both Roof-
GAN and City3D datasets, which initially contain wall geometries,
we first filtered out all wall planes (i.e., faces orthogonal to the
xy-plane). City3D includes non-Manhattan-world roof geometries.
To address this, we performed principal direction analysis by com-
puting the cumulative edge length along different orientations in
the xy-plane and then aligning the dominant direction with the
x-axis. For each loop, we select the vertex closest to the origin as
the starting (first) vertex, and the remaining vertices are ordered in
a clockwise manner. When multiple loops are present, they are or-
dered according to the distances of their respective starting vertices
to the origin.

We implemented eight canonical transformations using the di-
hedral group D4 symmetries for all datasets, including identity
transformation, rotations of 90°, 180°, and 270°, along with four
reflections (horizontal, vertical, and two diagonal transformations).
During training, we normalized all roof coordinates to the range
[-1, 1]. An exception is made for City3D, where we preserved the
original aspect ratio in the xy-plane to accommodate its characteris-
tic elongated roof structures. All datasets were randomly split into
90%, 5%, and 5% for training, validation, and testing, respectively,
and the same split was used for unconditional and conditional
generation.

Evaluation metrics. To quantitatively evaluate the quality of the
generated roofs, we utilized three widely used metrics, each de-
signed to capture distinct aspects of geometric and topological
fidelity.

— Recursive Minimum Matching Distance (RMMD), introduced
in Roof GAN [Qian et al. 2021], evaluates the realism and
fidelity of generated roof models. RMMD quantifies geomet-
ric and topological differences by recursively calculating the
minimum matching distances among vertices and faces be-
tween pairs of roof models. To ensure consistency (RMMD
is sensitive to scale and translation), each model is normal-
ized by aligning its axis-aligned bounding box to a canonical
square frame through uniform scaling and translation. The
range of RMDD is from zero to infinity. Lower RMMD values
indicate greater geometric fidelity.

— Coverage (COV) measures the percentage of reference roof
geometries covered by the generated ones. Through RMMD’s
recursive approach, we calculate the distance between each
model in the generated and the reference sets. We then cal-
culate the proportion of ground-truth models successfully
matched by the generated roof models. The range of COV
is between zero and one, and a higher COV value indicates
more diverse and well-represented roof geometries.

— Fréchet Inception Distance (FID) [Heusel et al. 2017] assesses
the diversity of generated roof models with rasterized
images. Each roof model is converted into a surface normal
image, where the RGB channels encode the 3D surface
normal vectors, effectively capturing the orientation and
structure of the model. The background is set to white
to isolate the model surface, enabling FID to objectively
measure the difference in distribution between generated
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Fig. 6. Unconditionally generated shapes (rows 1, 3, 5) by our proposed
method and their corresponding retrieved matches from the training
dataset (rows 2, 4, 6).

and real roof models regarding structural integrity and
surface orientation. To compute FID scores, we used Blender
[Community 2018] to generate top-down normal maps of the
roofs. FID = 0 indicates the two sets of images are identical
and higher values indicate a poorer generative model.

User study. In addition to the quantitative metrics, we conducted
a user study to assess the perceptual realism of Loops2Roofs com-
pared to other methods. We generated 100 roof samples using each
method and used a two-alternative forced-choice (2AFC) study
to sort the samples. Specifically, we showed each participant pairs
of randomly selected images from different methods and asked
them to choose the one perceived as more realistic. Each selected
image had its perceptual score incremented (with a score of +1),
and the deselected image decreased (with a score of —1). If no im-
ages were selected, no score was assigned. The average scores were
calculated to summarize user preferences. The study involved 31
participants in total, with an average age of 28. Among them, three
have a background in architecture, four have experience in urban
reconstruction or modeling, and the others are novices with no
prior experience.

5.2 Evaluation

Unconditional roof generation. We first evaluated Loops2Roofs on
the unconditional roof generation task, which aims at synthesiz-
ing roof models from pure noise. The novelty of Loops2Roofs is
highlighted through a comparison of generated shapes and their
closest counterparts from the training set, identified using the Re-
cursive Minimum Matching Distance (RMMD) metric. Figure 6
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Fig. 7. Examples of 3D roof structures generated by our model conditioned
on 2D building footprints. The light blue planar polygons represent roof
silhouettes. Corresponding 3D roof reconstructions are shown adjacent to
each footprint on the right.

7

Fig. 8. lllustration of 3D roof generation (bottom row), conditioned on 2D
building footprints (middle row) extracted from real-world aerial images
(top row).

presents our generated results (rows 1, 3, 5) alongside their nearest
neighbors from the training dataset (rows 2, 4, 6). These results
show that Loops2Roofs generates realistic and visually accurate roof
models while ensuring distinct topology and geometrical variations
compared to the training samples.

Image-conditioned roof generation. To demonstrate the versatility
of our approach, we further presented a practical application: con-
trollable roof generation conditioned on input images. By leverag-
ing a rooftop image I, we incorporated loop constraints for image-
guided roof reconstruction. We trained a VAE to extract image
embeddings, which are subsequently encoded as conditions in the
Transformer. The image feature embedding is obtained by

Vi, < Linear ([V};,1(), 10),1,1]). (11)

To determine the number of polygons and vertices, we extract

image features Jusing ResNet14 [He et al. 2016] and inject it into the

Table 1. Quantitative and Qualitative (Last Column) Comparison on The
RoofGAN Dataset

Method FID] RMMD| COVt MMD| COV* 1 User Scoret
PQ-Net 27.105 0.203 0.928 0.0091 0.593 0.45
House-GAN 31.773 0.195 0.912 0.0096 0.575 0.47
PolyGen 79.532 0.685 0.953 0.0111 0.484 0.41
Roof-GAN  22.235 0.196 0.926 0.0084 0.639 0.62
MeshGPT  98.948 \ \0.0085 0.641 0.42
MeshXL 64.054 \ \ 0.0078 0.552 0.51
Ours 28.215 0.173  0.958 0.0083 0.645 0.78

The best result of each metric is shown in bold, and the second-best is underlined.

auto-regressive loop index generation model (Section 4.1) through
cross-attention in the Transformer decoder, enabling the generation
of a loop index sequence conditioned on the input image.

As illustrated in Figure 7, the generated results effectively pre-
serve the geometric features of input silhouettes. This capability
enables architects and designers to create custom roof boundaries
and derive corresponding 3D roof structures that ensure architec-
tural validity while aligning with the design intent. Figure 8 further
demonstrates our real-world applicability, where we manually ex-
tract 2D building footprints and specify the loop condition (the
number of loops and the number of vertices per loop) from aerial
images to generate corresponding 3D roofs.

5.3 Comparison

Comparison on RoofGAN dataset. We compared against the rep-
resentative graph-constrained 3D roof generation method, Roof-
GAN [Qian et al. 2021]. Roof GAN is restricted to four predefined
rectangular roof primitives (i.e., horizontal-gable, vertical-gable,
horizontal-hip, and vertical-hip), which limits its applicability to
more diverse datasets. Therefore, we compared with RoofGAN on
their proposed roof geometry dataset for a fair comparison. We also
compared with a Seq2Seq-based CAD structure generator (PQ-Net
[Wu et al. 2020]) and a floorplan generative model (HouseGAN
[Nauata et al. 2020]). We further evaluated sequence-based mesh
generation methods by training PolyGen [Nash et al. 2020] and
MeshGPT [Siddiqui et al. 2024] on this dataset. Since MeshGPT
operates exclusively on triangulated meshes, we first applied a
triangulation step to the roof geometry before feeding it into the
network. Since RMMD and COV are designed to evaluate both geo-
metric and topological fidelity, they are defined on loop representa-
tions and cannot be directly applied to the triangle mesh outputs
of MeshGPT. To enable fair cross-representation comparisons, we
adopt the minimum matching distance (MMD), computed from
point clouds sampled from generated meshes, as a standard mea-
sure of geometric fidelity. Based on this, we also compute COV*
using the MMD.

Table 1 reports the quantitative results. Although Roof GAN
achieves the best FID score, Loops2Roofs outperforms all RMMD-
and COV-based methods. This indicates its ability to generate au-
thentic, diverse roof models with geometric variations. The higher
FID score of Roof GAN can be attributed to its use of templates com-
posed of multiple loops, which ensures greater local completeness
and more consistent normal maps during evaluation. In contrast,
Loops2Roofs operates at a finer granularity, treating individual loops
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Table 2. Quantitative Comparison on City3D and LC2WF Datasets

Dataset[Method FID] RMMDJ| COV{? MMDJ] COV* 1 User Scoret

PQ-Net 51178  0.802 0.613 0.025 0.631 0.32
CitysD DeepCAD 40.597 1.088  0.561 0.030  0.652 0.35
BrepGen 65492 0972 0477 0.033 0516 0.18
PolyGen 46.541 0.853 0431 0.027  0.608 0.38
MeshGPT 87.623 \ \ 0024 0.663 0.29
MeshXL 21.804  \ \ 0023 0591 0.48
Ours 39440 0.699 0.679 0.022  0.655 0.69
PQ-Net 11441 0705 0528 0.025 0.623 0.13
Lcawp | PeePCAD 127.66  0.836  0.539 0.019  0.659 0.16
BrepGen 76448 0437 0591 0.018  0.662 0.33
PolyGen 86.905 0477 0424 0.179  0.159 0.50
RoofSynthesis 80.554 0.403  0.556 0.125  0.182 0.63
MeshGPT 59.706  \ \ 0131 0.198 0.47
MeshXL 104.74 \ \ 0130  0.158 052
Ours 23941 0.262 0.797 0.013 0.698 0.67

as the minimal unit, which may yield less locally complete struc-
tures but allows greater flexibility in generated roof geometries.
The user study results in the last column of Table 1 show that the
models generated by our method were selected as the most realistic.
Qualitative comparisons in Figure 9 reveal that both House-GAN
and PQ-Net suffer from pronounced misalignments and geometric
inconsistencies, compromising the visual plausibility of their re-
sults. PolyGen, which represents 3D roofs as n-gon meshes, exhibits
limited robustness during inference due to its separate vertex and
face sequence predicting approach. Small mistakes in early vertex
predictions can propagate through the sequence, leading to geomet-
ric inconsistencies between adjacent polygons. MeshGPT generates
triangular meshes but performs poorly on the Roof GAN dataset due
to its limited number of roof samples, revealing weak generalization
capabilities. In contrast, our generated results, leveraging the flex-
ible loop-based representation and topology-repairing capabilities
of LoopStitchingNet, achieve topology and geometric details that
are competitive against those of Roof-GAN. While Roof-GAN is
specifically designed to handle the four rectangular roof primitives
presented in the dataset, our approach can be broadly applied to
datasets containing a wider variety of roof primitive types.

Comparison on City3D and LC2WF dataset. In addition to the
mesh generation methods PolyGen and MeshGPT, we also com-
pared our approach with state-of-the-art deep generation methods
for producing CAD geometries, including PQ-Net [Wu et al. 2020],
DeepCAD [Wu et al. 2021], BrepGen [Xu et al. 2024]. We trained
them from scratch on the roof datasets used in our approach. We
also conducted a comparison with RoofSynthesis [Ren et al. 2021],
which relies on geometric and topological optimization. We com-
pare their generation results on the LC2WF dataset provided by
the authors.

We sought to preserve each method’s original neural architecture
as closely as possible and to modify the input/output to fit our
problem. We adapted the part geometry autoencoder in PQ-Net
by converting it into a loop VAE to suit the roof generation task.
This modification shifts the focus from encoding voxelized parts to
encoding loops, enabling the extraction of latent loop features. A
Transformer network served as the backbone of the loop VAE. We

then trained PQ-Net’s Seq2Seq autoencoder to learn each roof’s
features, which consist of a sequence of loop features, yielding a
256-dimensional latent vector. Similar to PQ-Net, we employed
latent GANS for 3D shape generation.

We also made minimal adjustments to DeepCAD’s autoencoder.
The original autoencoder in DeepCAD processed CAD sequences,
including the sequences of CAD command types and their corre-
sponding parameters. We replaced the CAD sequences with roof
sequences, modifying the original prediction of a command type
to estimate the number of vertices in a loop within the roof while
adjusting the prediction of parameters to forecast the 3D coordi-
nates of these vertices. The revised autoencoder encoded each roof
into a 64-dimensional latent vector. As in DeepCAD, we applied the
latent-GAN technique to perform roof generation on the learned
latent space.

For BrepGen, we retained its VAE + latent diffusion module
pipeline but replaced its shape geometry VAEs with a loop VAE
identical to the one used in the modified PQ-Net. Each loop is en-
coded into a 16-dimensional latent vector. Subsequently, we trained
BrepGen’s Transformer-based denoising network to refine the loop
sequences. The modified BrepGen can be regarded as the latent dif-
fusion variant of our approach, where diffusion is directly applied
to the coordinates of the loops (rather than latent loop features).

As reported in Table 2, Loops2Roofs achieves significantly better
performance across the majority of metrics on both datasets. Ben-
efiting from the flexibility of the loop-based roof representation,
Loops2Roofs seamlessly accommodates various datasets.

Figure 10 shows the qualitative comparison of the City3D and
LC2WF datasets. Unlike Roof-GAN, which targets a limited scope,
these datasets present a broader range of roof primitive types and
significantly increased geometric complexity. Although the previ-
ous CAD generation works also use loop sequences as input and
manage to achieve geometric diversity, they often fail to maintain
coherent topological relationships between rosof faces, resulting
in less plausible outputs. In contrast, Loops2Roofs demonstrates ro-
bust performance and adaptability. This performance difference is
attributed to two main factors stemming from the nature of loop se-
quences as discrete data representing highly condensed geometric
information: (1) The discrete characteristic results in a less smooth
latent space. (2) The already compact nature of loop sequences
leaves little room for meaningful dimensionality reduction through
VAE encoding, which is employed in all other competing methods.

5.4 Ablation Study

The ablation study validates the distinct features of our proposed
pipeline.

Continuous vs. discrete loop representation. Discrete represen-
tations are widely used in CAD processing for their regularity
and compatibility with existing systems [Wu et al. 2021]. In our
diffusion-based framework, we investigated continuous and dis-
crete representations to determine which better preserves geomet-
ric precision and enhances generation quality. The discrete ap-
proach quantizes vertex coordinates to fixed intervals, potentially
reducing noise and computational complexity, whereas continuous
representation preserves the full geometric precision. We compare
the denoising performance on continuous coordinates (ranging in
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Table 3. Quantitative Results of Ablation Studies on The LC2WF Dataset

Representation Threshold (7) FID| RMMD|] covt
Discrete - 42.162 0.366 0.743
CtD - 31.246 0.281 0.781
7=0.0 27.147 0.276 0.776

Continuous r=0.1 26.508 0.265 0.786
=02 25.163 0.267 0.789

T=03 25.933 0.273 0.782

Sti’[chingNet 23.941 0.262 0.797

We compare the generation performance of discrete, continuous, and
continuous-then-discrete (CtD) [Shabani et al. 2023] loop representations. The
effectiveness of our neural stitching network is verified by comparing it against a
snapping-based heuristic with varying thresholds.

[-1,1]) with their discretized counterparts obtained through analog
bits [Chen et al. 2022b] quantization. Table 3 shows that the con-
tinuous representation consistently outperforms its discrete coun-
terpart in our model, yielding superior generation quality across
multiple metrics. This suggests that for roof geometry generation,
the benefits of maintaining continuous coordinate values outweigh
the potential advantages of discretization.

HouseDiffusion [Shabani et al. 2023] introduced a continuous-
then-discrete (CtD) denoising strategy that first applies continu-
ous denoising and transitions to discrete denoising in later itera-
tions to generate high-quality floorplans. However, determining the
optimal transition point is non-trivial and typically requires empiri-
cal tuning. In contrast, our approach explicitly infers both geometric
and topological relationships without relying on hand-tuned pa-
rameters, resulting in more robust performance. This advantage is
supported by the superior performance shown in Table 3.

Loop stitching network. We introduced a neural approach of Loop-
StitchingNet to recover the exact adjacency relationship between
different loops. Firstly, we conducted an ablation study to demon-
strate its effectiveness by replacing LoopStitchingNet with a post-
processing based on a snapping heuristic. A Euclidean distance
threshold was used to determine whether two vertices should be
considered as sharing the same position. We varied the threshold
and recorded performance using thresholds of 0.0 (indicating no
post-processing), 0.1, 0.2, and 0.3, respectively. As shown in Ta-
ble 3, the results validate the effectiveness of LoopStitchingNet, as it
significantly enhances geometric accuracy and resolves adjacency
relationships more robustly than heuristic snapping. We also com-
pared the runtime of LoopStitchingNet and the heuristic method
on LC2WF. While LoopStitchingNet takes 0.036 seconds per sample
compared to 0.021 seconds for the heuristic-based method, it elim-
inates the need for manual threshold tuning, an error-prone and
time-consuming process that varies by dataset and often produces
inconsistent results. Notably, the optimal threshold varies across
datasets, making it difficult to determine a universal value. Larger
thresholds risk merging distinct elements, while smaller ones may
fail to identify duplicate geometry.

Next, we evaluated the stability of LoopStitchingNet. Since de-
termining the exact success rate is challenging due to the lack of
ground truth data for loop stitching, we used the simulated dataset
from Section 4.3, where ground truth edge relationships are avail-
able. As shown in Table 4, LoopStitchingNet performs reliably on

Table 4. Performance Evaluation of LoopStitchingNet on the LC2WF
Test Dataset

Method Accuracy Precision Recall F1 Score
StitchingNet (MSE) 0.987 0.948 0.994 0.971
StitchingNet (BCE) 0.977 0.000 0.000 0.000
StitchingNet (W-BCE) 0.985 0.941 0.988 0.964
Heuristic (7 = 0.2) 0.946 0.921 0.966 0.952

Table 5. Ablation Study Comparing Point-Level and Loop-Level
Generation on The LC2WF Dataset

Method |KL Div. | Avg. Loops (Gen/GT) MaxMD | Valid. Uniqueness 1
Point (Ours)| 0.0165 7.06 / 6.79 0.1279  1.000 0.7483
Loop 0.3963 6.16 / 6.79 0.1373 1.000 0.5425

2 TN

Fig. 11. lllustration of typical failure cases for our method. We face limita-
tions in determining sufficient vertices for proper loop connections (shown
in the left two models) or generating satisfactory results for elongated roof
structures (shown in the right three models).

the LC2WF test dataset, successfully handling most cases and out-
performing the heuristic-based method.

We further evaluated the choice of the MSE loss in Equation (10)
through an ablation study comparing MSE, standard binary cross-
entropy (BCE), and weighted BCE (W-BCE), as reported in Ta-
ble 4. Due to the extreme class imbalance in the stitching task,
standard BCE leads to degenerate solutions with near-zero recall.
While W-BCE achieves performance comparable to MSE with care-
fully tuned class weights, MSE consistently provides more stable
optimization and smoother gradients, resulting in the best overall
performance without requiring heuristic class balancing.

Loop and Vertex Index Generation Network. Finally, we conduct an
ablation study to compare two variants of our autoregressive model:
point-level generation (ours) and loop-level generation. In the loop-
level variant, the model directly predicts a sequence {N;, N, ..., N;},
where each N; denotes the number of vertices within the i-th loop.
Both models are trained on the LC2WF training set and evaluated
on the corresponding test set.

For evaluation, we perform inference on 1,000 samples per model
and assess performance using three key criteria: distribution fidelity,
structural validity, and diversity.

— Distribution Fidelity is measured using the Kullback-Leibler
(KL) divergence, the average number of loops, and the Max-
imum Mean Discrepancy (MaxMD).

— Structural Validity quantifies the proportion of generated
sequences that form valid closed polygons.

— Diversity is defined as the ratio of unique sequences to the
total number of generated samples.

Table 5 shows that the point-level model consistently matches or
outperforms the loop-level variant across all metrics. In particular,
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the point-level formulation achieves notably higher diversity and
better distribution fidelity (KL), indicating that point-level modeling
more effectively captures the fine-grained topological variability
inherent in diverse roof structures.

6 Conclusions and Future Work

We have introduced a novel generative diffusion framework for
roof model generation. At the core of our approach is a loop-based
roof representation, in which roofs are represented by a sequence
of 3D polygonal loops. This representation offers the flexibility to
model complex roof structures in diverse styles. By leveraging this
adaptable representation, complex roof modeling becomes a task of
generating discrete polygonal primitives. This transformation sig-
nificantly simplifies the modeling process while preserving design
fidelity. Our approach employs a two-stage learning framework
that generates polygonal loops sequentially and then merges them
to form a topologically consistent compact roof model. Extensive
quantitative and qualitative evaluations show that Loops2Roofs sur-
passes existing approaches, consistently generating 3D roof models
with greater diversity and structural complexity.

Limitations and future work. Currently, our approach does not
explicitly enforce co-planarity, though non-planar faces are rare in
practice. During data preprocessing, a non-planar face is detected
by sampling a set of points, defining a reference plane from the
first three non-collinear points, and verifying that not all remaining
vertices lie within a tolerance of this plane. Upon detection, we ap-
ply least-squares fitting to project vertices onto an estimated plane.
This pre-processing step has a negligible impact on the final results,
as non-planar faces are rare and the induced vertex adjustments
are minimal. Second, our loop-based polygonal representation is
unsuitable for modeling non-planar surfaces, such as curved domes
or barrel roofs. Accurately representing such geometry requires a
large number of loops to approximate the curved surfaces with pla-
nar sub-faces, each represented as a loop. Additionally, the method
also occasionally faces loop connection issues, as seen in the two
leftmost examples of Figure 11. This challenge arises from the pre-
defined vertex count for each loop, which may result in insufficient
vertices for seamless alignment. Furthermore, the method is unsuit-
able for generating elongated roof structures, as illustrated in the
three rightmost examples in Figure 11.

In future work, we plan to investigate Boundary Represen-
tation (B-rep), a more advanced geometric modeling approach
capable of precisely capturing planar and curved surfaces. This
exploration aims at enhancing both the geometric fidelity and ap-
plicability of our approach. We also intend to investigate dynamic
vertex count adjustment during generation to address connectivity
challenges associated with fixed loop configurations. Finally, we
would like to incorporate 3D representations (e.g., 3D voxels or
point clouds) as input conditions by using powerful neural feature
extractors.
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