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Abstract. We present RoorDIT, a generative framework for 2D roof
graph synthesis and reconstruction. Roofs are compactly described as
planar graphs of junctions and structural edges, but existing methods
often rely on fixed geometric rules or direct reconstruction objectives.
RoofDiT instead models roof structures directly as vertex-edge graphs
and learns a conditional generative prior over their geometry and connec-
tivity. Our framework follows a two-stage design: a diffusion transformer
generates roof vertices, and an edge prediction module infers the corre-
sponding graph topology. To improve geometric fidelity, ROOFDIT com-
bines relative geometry-aware attention with footprint and aerial-image
conditioning, while using an alignment regularizer to encourage com-
mon horizontal, vertical, and diagonal roof patterns. The same model
supports unconditional generation, footprint-conditioned synthesis, and
image-guided reconstruction by changing the conditioning signal. Exper-
iments show improved graph generation quality over a diffusion baseline,
favorable performance against a straight-skeleton prior in the footprint-
conditioned setting, and the highest edge F1 among compared methods
for image-guided reconstruction.

Keywords: roof graph generation - diffusion transformer - generative
modeling - aerial imagery

1 Introduction

Residential roof structures follow strong geometric and compositional regulari-
ties [17]. Their layouts are not arbitrary collections of edges and vertices, but
follow recurring patterns in alignment, connectivity, and part composition. At
the same time, roof structures remain diverse. Buildings with similar footprints
can have different valid roof structures. This makes roof structure a natural tar-
get for generative modeling. A useful model must capture both the regularities
that make roof graphs structurally valid and the diversity that allows multiple
plausible configurations for the same input.

Recent years have seen substantial progress in generative modeling of struc-
tured visual and geometric data. Beyond image synthesis, generative models
have been successfully applied to domains such as layouts and floorplans, where
the objective is not only to produce realistic outputs but also to capture the un-
derlying organization and constraints of the data. Roof structure reconstruction
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Fig. 1: Illustration of the three roof graph generation tasks in our framework:
(1) unconditional random generation from noise, (2) conditional generation from
building footprints, and (3) image-guided generation for reconstructing complete
roof structure. The figure highlights the ability of our model to sample plausible
roof layouts from a learned prior and to produce constrained predictions using
geometric and visual observations.

remains challenging because available observations often provide only partial
evidence about the realized geometry. Many recent methods rely primarily on
image-driven cues to infer structural elements and assemble them into a roof
layout [23,21, 5]. These approaches are designed for deterministic single-output
prediction and are structurally unable to represent the ambiguity inherent in the
footprint-to-roof mapping. Other methods address this difficulty by incorporat-
ing stronger geometric priors or topological constraints, improving robustness
when image evidence alone is insufficient, but similarly produce fixed outputs
for a given input.

In this work, we investigate roof structure modeling through a generative
framework that treats unconditional generation, footprint-conditioned genera-
tion, and image-guided reconstruction as three instantiations of the same con-
ditional model under different levels of available evidence. Figure 1 provides
an overview of these tasks. By studying all three settings within a single frame-
work, we evaluate how a learned roof prior supports roof graph generation across
a spectrum of conditioning from none to fully specified.

Our contributions are as follows:

— We formulate roof structure modeling as a generative problem over 2D roof
graphs, motivated by the observation that the footprint-to-roof mapping
is one-to-many, and demonstrate that a learned prior captures meaning-
ful structural regularities across unconditional, footprint-conditioned, and
image-guided settings.

— We design a diffusion transformer for roof graph generation that incorpo-
rates three roof-specific inductive biases: relative geometry-aware attention
to capture pairwise spatial relations between roof junctions, a roof align-
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ment regularizer that encourages the horizontal, vertical, and diagonal pat-
terns common in residential roof layouts, and multimodal conditioning on
building footprints and aerial imagery to support three inference settings.

— We introduce a best-of- K evaluation protocol for generative roof graph mod-
els and show it reveals a gap between representational capacity and sample
selection, identifying reliable candidate selection as the key remaining chal-
lenge.

2 Related Work

2.1 Generative Models for Layouts

Generative modeling of structured spatial data has been studied extensively
in floorplan, layout, and geometric design tasks. Early approaches often relied
on raster or image-based formulations, generating floorplans through interme-
diate representations such as room masks or occupancy maps before recovering
structured geometry. GAN-based methods showed that layout generation can
be treated as a multimodal problem, where similar inputs may admit multi-
ple plausible outputs [15]. More recent methods have moved toward vector and
graph-based formulations that are more naturally aligned with geometric rea-
soning. Graph2Plan generates floorplans from layout graphs [9], while House-
GAN-++ models relational structure for floorplan synthesis and refinement [15].
Diffusion-based models have further expanded this line of work. HouseDiffusion
models floorplans as structured polygonal outputs given a bubble diagram spec-
ifying room count and adjacency [19], while GSDiff studies geometry-enhanced
structural graph generation for vector floorplans [10]. Related work has also con-
sidered controllable layout generation [11] and vector floorplan generation under
diverse conditioning signals [8]. These works show that generative models can
capture both regularity and diversity in domains where outputs must satisfy
nontrivial spatial and structural constraints. Our work adopts the same gen-
eral perspective but applies it to roof structures, which differ from floorplans in
that their internal topology is not derivable from the footprint alone and the
footprint-to-roof mapping is inherently one-to-many.

2.2 Roof Structure Reconstruction from Aerial Imagery

Recovering roof structure from aerial and remote-sensing imagery has been
widely studied as a structured reconstruction problem. Early work explored vec-
torized extraction and graph-based representations from overhead imagery using
geometric reasoning and learning-based pipelines [13,24]. More recent methods
have focused directly on roof structure extraction. RSGNN reconstructs vector-
ized planar roof structures from very high resolution imagery by combining image
evidence with graph reasoning [23]. HEAT framed structured reconstruction as
transformer-based planar graph prediction from raster inputs [5]. Segmentation-
based approaches have also been explored alongside these structured prediction
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methods [22]. PolyRoof extended polygonal graph-based extraction to residential
roof structure prediction [2], and RoofMapNet formulates roof recovery as struc-
tured prediction over geometric primitives from high-resolution imagery [21].
These methods are closest to our work in application domain, but they are de-
signed for deterministic reconstruction from image evidence, producing a single
prediction per input and offering no mechanism for representing structural am-
biguity or sampling alternative plausible configurations. Our work studies roof
prediction through a generative framework that naturally supports multiple out-
puts under the same conditioning signal.

2.3 Roof Modeling and Generation

A smaller but important body of work considers roofs directly as objects of
modeling or generation rather than only reconstruction targets. Much of this
literature comes from computer graphics, where the focus is on 3D roof con-
struction from building outlines or procedural rules. Classical approaches based
on straight skeletons generate roof structures from footprints under geometric
assumptions [1, 3,6, 12|. Related procedural and grammar-based methods model
roofs through combinations of elementary primitives or rule-based construc-
tions [14,4]. More recent work introduced roof-specific graph representations
and optimization-based refinement for planar roof modeling [18]. Learning-based
roof generation has received comparatively less attention. Roof-GAN models res-
idential roofs as compositions of roof primitives and their relations [17], high-
lighting the value of learning roof-specific structural priors rather than treating
roof synthesis as unstructured generation. Related graph-constrained generative
approaches have also considered roof generation as part of broader house genera-
tion settings [20]. In contrast to these works, which are primarily concerned with
3D roof construction or primitive-based synthesis, our work focuses on planar
vertex-edge roof graphs as a 2D generative structural representation.

3 Dataset

We use the residential roof dataset introduced by [18] as the basis for our ex-
periments. The dataset contains annotated residential roofs together with cor-
responding aerial images, and is split into 1,926 training samples, 249 valida-
tion samples, and 223 test samples. We use this dataset because it provides a
moderate-scale collection of residential roof structures with both geometric anno-
tations and image observations, making it suitable for studying graph generation
and image-guided prediction.

From the roof annotations, we derive 2D roof graphs in top view, where ver-
tices correspond to roof junctions and edges correspond to roofline segments.
Before training, we canonicalize the annotations to reduce unnecessary variation
in orientation. Specifically, each roof is rotated so that the longest footprint edge
aligns with a fixed reference axis. We then regularize edge directions by snap-
ping nearly horizontal and vertical segments to the corresponding axis-aligned
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Fig.2: Overall pipeline used in our method. Following GSDiff, the framework
decomposes roof graph generation into two stages: node generation and edge
prediction. In the first stage, a conditional diffusion transformer starts from noisy
node states and iteratively denoises them to generate roof vertices, optionally
conditioned on footprint vertices, pretrained aerial image features, or both. In
the second stage, an edge prediction module takes the generated node set and
infers pairwise connectivity to produce the final roof graph.

directions, which reduces small annotation inconsistencies while preserving the
overall roof structure. For the footprint-conditioned setting, we additionally de-
rive footprint vertices from the roof graph by taking the exterior boundary of
the union of planar roof faces, and use these vertices as conditioning input.

4 Approach

4.1 Problem Formulation

We represent a roof as a planar graph G = (V, E) in top view, where V is a
set of roof junction vertices with 2D coordinates and E is a set of roofline edges
connecting them. A roof graph is considered valid if it is non-empty, planar, free
of dangling degree-one nodes, and contains at least one cycle. We model roof
graph generation as learning a conditional distribution

p9(G ‘ C), (1)

where ¢ is a conditioning signal that may be empty (unconditional), a set of
building footprint vertices (footprint-conditioned), aerial image features (image-
guided), or both. By varying ¢, the same model supports three inference settings
without architectural changes.
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4.2 Overview

We build on the two-stage graph generation framework of GSDiff [10], which
generates nodes first and then predicts edges. We keep this pipeline across all
three settings and modify the node generation stage with relative geometry-
aware attention, a roof alignment regularizer and multimodal conditioning.

4.3 Node Generation

Let X € RV*? denote the node state of a roof graph, where N is the maximum
number of nodes and d includes 2D coordinates and a validity flag. Node genera-
tion follows the DDPM framework [7] as implemented in GSDiff [10]: the model
is trained to predict noise € from noisy states X;, and at inference time denoises
from Gaussian noise to roof vertex positions.

Relative geometry-aware attention Self-attention over node tokens does
not explicitly encode the geometric relations that are central to roof structure.
To incorporate this information, we augment attention with pairwise relative
geometry features. For two nodes ¢ and j, we compute

¢z‘j = [Axija Ayij7 Tijy Uz, ij, Uy,ij]v (2)

where Az;; and Ay;; are coordinate offsets, r;; is the Euclidean distance, and
(Uz,ij, Uy,ij) = (Axij, Ay,j)/ri; is the unit direction from node 7 to node j. These
features are mapped by a small MLP to produce per-head attention biases:

Ajj — Aij + MLP(¢35), (3)

where the MLP outputs one scalar per attention head per node pair, so token
interactions depend on both learned content and explicit geometric relations
between roof vertices.

Roof alignment Roof layouts often contain horizontal, vertical, and diagonal
structural alignments. We define a lightweight alignment regularizer over four
canonical undirected line families:

(4)

x = const, Yy = const,
x +y = const, x — y = const.
The per-pair distances to each line family are:

l@itys)—(@4y)l - g _ [@imys)—(zi—y;)l
V2 v V2 ’
(5)

For each valid node i, we measure its smallest support-line distance to any other
valid node:

& = leimegl = lu—yl, A =

m; = minmin (df;, d?,, d. d;>) . (6)

iy ij> i iy Qi
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These distances are converted into penalties with time-dependent weighting over
diffusion steps. The final node generation objective combines the diffusion loss
with the roof alignment term:

‘Cnode = ACdiiﬁf + )\align‘croof—align (7>

Conditioning design We use two complementary conditioning modalities. For
footprint-conditioned generation, footprint vertices are encoded as 2D geometric
tokens in the same representation space as the generated roof nodes and con-
catenated to the node sequence, so the transformer processes roof nodes and
footprint vertices jointly through self-attention. This enables reasoning over in-
teractions between the known outer building geometry and the internal roof
structure. For image-guided reconstruction, features extracted by a pretrained
DINOv2 [16] encoder are linearly projected into a sequence of image feature to-
kens M € RP*? and injected through cross-attention at each transformer block.
The two conditioning sources can also be combined.

4.4 Edge Prediction

After node generation, the second stage predicts graph connectivity from the
generated node set. Given the generated roof vertices, the edge prediction mod-
ule evaluates candidate node pairs and predicts whether an edge should connect
them, yielding the final roof graph G. We keep the edge prediction stage un-
changed from the underlying two-stage graph pipeline.

5 Experiments

5.1 Experimental Setup

We use the train/validation/test split described in Sec. 3. We evaluate three
settings: unconditional generation, footprint-conditioned generation, and image-
guided reconstruction. In all cases, RoofDiT uses two-stage prediction with node
generation followed by edge prediction. For footprint-conditioned generation, the
model is conditioned on the building footprint. For image-guided reconstruction,
the model is conditioned on aerial image features alone or in combination with
the building footprint. In the generative settings, inference is stochastic, and
for footprint-conditioned generation we sample five outputs per test footprint
and report averaged and best-of-5 metrics where appropriate. For image-guided
reconstruction, inference is deterministic and uses a single prediction per in-
put. All models are trained with AdamW for 100,000 steps with batch size 128,
learning rate 10, and a cosine diffusion schedule of 1000 steps. The alignment
loss weight is set to Aaiign = 1. For image-guided reconstruction, aerial images
are encoded using a frozen pretrained DINOv2 ViT-S/14 backbone. The node
generation transformer has 24 layers, hidden dimension d=512, and 4 attention
heads; the geometry bias MLP has hidden dimension 64. The maximum node
count is N=53 and coordinates are normalized to [0, 1].
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5.2 Compared Methods

We compare RoofDiT with GSDiff for unconditional generation and straight
skeleton for footprint-conditioned generation. For image-guided reconstruction,
we use HEAT and RoofMapNet as the main comparison methods. HEAT is
retrained on the same split as RoofDiT, while RoofMapNet is evaluated using
its released pretrained model. HEAT and RoofMapNet use pixel-aligned roof
annotations whereas RoofDiT uses canonicalized graph representations.

5.3 Evaluation Metrics

We use different protocols for the three settings. For unconditional generation,
we generate 1000 roof graphs and compare them against all 223 unique test
samples using FID and KID computed from InceptionV3 (2048-dim) features.
We also report Roof Valid Rate and Planar Rate.

For footprint-conditioned generation, five samples are generated per test foot-
print. Since a footprint may correspond to multiple plausible roofs, we report
best-of-5 node, edge, and face metrics. Geometry metrics such as Valid Rate and
Planar Rate are averaged over all samples. For image-guided reconstruction, all
metrics are computed on a single prediction.

A roof graph G = (V, E) is considered valid if it is non-empty, planar, free
of dangling degree-one nodes, and contains at least one cycle. Roof Valid Rate
and Planar Rate are defined as

N
1
RoofValidRate = N Z 1{G; is valid},
i=1
N
PlanarRate = 1 Z 1{G; has no edge crossings}
N i g gs;y.

i=1

Node evaluation uses Hungarian matching under a spatial threshold, from
which we compute precision, recall, F1, and node count MAE. Edge evaluation
counts an edge as correct when both endpoints are matched and connectivity is
preserved. Face evaluation follows the HEAT region-based protocol [5], reporting
precision, recall, F1, matched IoU, and face count error. We additionally report
the number of components, crossings, and dangling nodes as geometry metrics,
where lower values indicate better graph quality. Unless otherwise stated, node
and edge metrics are reported at a 5-pixel threshold.

6 Results

6.1 TUnconditional Generation

Table 1 compares RoofDiT against the GSDiff baseline on unconditional roof
graph generation. RoofDiT improves all metrics, with clearly lower FID and KID
indicating better distributional realism and diversity, and slightly higher valid
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Table 1: Unconditional roof graph generation.
Model ~ FID | KID | Valid 1 Planar 1

GSDiff 494 574 0.975 0.977
RoofDiT 34.6 31.7 0.985 0.988

Table 2: Performance on footprint-conditioned roof graph generation. SS denotes
the straight skeleton baseline.

Metric SS  RoofDiT
Nod Count MAE | 2.008  1.002
ode F1Q@5 1 0.849  0.705
Edge F11 0.960 0.981
Count Err. | 1.430  0.444
Face F11 0.840 0.798
Flbest—offK T 0.840 0.886
Matched IoU 1 0.850 0.697
Planar Rate 1 1.000 0.873
Geometry Valid Rate 1 1.000 0.841

Valid Ratepest-ot.x T 1.000 0.930

and planar rates. Both methods reliably generate structurally sound graphs; the
larger gains in FID and KID reflect improvements in the range and quality of
generated layouts. These trends are visible in Fig. 3: GSDiff tends to produce
simpler, more repetitive layouts dominated by symmetric ridge patterns, whereas
RoofDiT generates a broader range of configurations, including more complex
asymmetric roofs.

6.2 Footprint-Conditioned Generation

Table 2 compares footprint-conditioned generation between the straight skeleton
baseline and RoofDiT. RoofDiT achieves substantially lower node count MAE
and face count error, and improves edge F1 from 0.960 to 0.981. Under best-of-K
evaluation, it further improves face F1 from 0.798 to 0.886 and valid rate from
0.841 to 0.930. These results indicate that RoofDiT better recovers the overall
amount of roof structure and benefits from sampling multiple plausible candi-
dates for the same footprint. At the same time, the straight skeleton baseline
remains stronger on node F1@5, face F1, matched IoU, planar rate, and valid
rate, reflecting its handcrafted geometric prior and deterministic structural reg-
ularity.

The qualitative examples in Fig. 4 illustrate this tradeoff clearly. Straight
skeleton can only return a fixed procedural interpretation of the footprint,
often overpredicting nodes and faces through unnecessary internal partitions.
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Fig. 3: Qualitative comparison of unconditional roof graph generation. Samples
produced by GSDiff and RoofDiT are shown side by side.
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Fig. 4: Qualitative comparison for footprint-conditioned roof graph generation
across three building examples. For each row, the straight skeleton (SS) produces
a single deterministic output from the footprint. RoofDiT is able to generate
multiple plausible outputs per footprint, illustrating the diversity of plausible
roof configurations consistent with the same outer boundary.

RoofDiT, in contrast, often produces samples that are closer to the ground truth
in ridge layout and face decomposition, while also generating meaningfully dif-
ferent roof organizations for the same footprint rather than minor perturbations
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of a single solution. This diversity is meaningful precisely because a building
footprint does not uniquely determine a single roof topology: the best-of-K
gains show that good solutions exist within the model’s sample distribution,
and the primary remaining challenge is selecting them reliably from a single
draw.

6.3 Image-Guided Reconstruction

Table 3 compares image-guided roof graph reconstruction across node, edge, face,
and geometry metrics. It is important to note that HEAT and RoofMapNet are
discriminative reconstruction models trained end-to-end to minimize annotation
error on a single prediction, while RoofDiT is a generative model evaluated on
reconstruction as one of three supported inference modes. This difference in
design objective is reflected in the results.

RoofMapNet performs substantially worse than the other methods across all
metric groups. HEAT achieves the strongest overall performance, with the best
node precision, recall, and F1, the strongest face metrics, and the best geometry
scores. For RoofDiT, adding footprint conditioning improves performance sub-
stantially over using aerial imagery alone: node F1 increases from 42.6 to 70.3,
edge F1 from 78.4 to 98.4, face F1 from 63.5 to 82.4, and node count MAE de-
creases from 2.23 to 0.90. When both aerial imagery and building footprints are
provided, RoofDiT achieves the strongest edge precision, recall, and F1 among
all compared methods, which is notable because edge structure carries much of
the topological information in a roof graph.

The qualitative examples in Fig. 5 complement the quantitative results. In
the first row, RoofDiT reconstructs a plausible roof graph with a clean overall
structure, though HEAT is slightly closer to the ground truth in some local de-
tails. In the second row, RoofDiT performs best among the compared methods,
capturing the main topology more faithfully while the other methods fail to re-
cover the simple target structure. In the third row, RoofDiT recovers a plausible
roof family and the main global layout on a more articulated example. In the
fourth row, RoofDiT simultaneously over-generates nodes in the central region,
causing slanted and irregular ridge lines, and under-segments the right section,
producing fewer faces than the ground truth. The predicted graph also contains
overlapping edges. Overall, RoofDiT can produce strong and geometrically reg-
ular predictions, but does not always match the ground truth as closely as the
reconstruction baseline.

6.4 Ablation Study

We ablate the two main components added over GSDiff in the unconditional
setting, where FID and KID provide a direct distributional signal of generation
quality. Table 4 shows that relative geometry-aware attention is the primary
driver of improvement, reducing FID from 49.4 to 37.1 and KID from 57.4 to
36.5. The roof alignment regularizer provides a further consistent gain across all
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Table 3: Comparison of image-conditioned roof graph reconstruction methods
grouped by node, edge, face, and geometry metrics. Node metrics are reported
at a 5-pixel matching threshold. RoofDiT . uses aerial imagery only, while
RoofDiT aerial  footprint @dditionally uses the building footprint as input.

Node Edge Face Geometry
Method Prec Recall F1 Count MAE]| Prec Recall F1 Prec Recall F1 Matched IoU Count Err.] Valid Planar #Comp] Crossings| Dangling|
RoofMapNet 279 408 327 7.40 43.6 459 44.5 25.5 27.8 26.1 25.9 0.30 20.2 381 5.12 3.22 1.51
HEAT 93.3 93.0 93.0 0.30 93.9 94.2 94.0 91.6 89.9 90.2 86.2 0.11 90.6 92.8 1.00 0.11 0.09
RoofDiTaerial 42.7 439 426 2.23 78.1 80.5 78.4 63.7 66.2 63.5 60.4 1.12 87.4  90.1 1.00 0.13 0.04
Ro0fDiTaerial +footprine 70.5 70.9  70.3 0.90 98.5 98.5 98.4 81.9 83.8 824 71.8 0.48 88.3 90.6  1.00 0.19 0.04

Input HEAT  RoofMapNet RoofDiT

Fig.5: Qualitative comparison of image-guided roof graph reconstruction.
RoofDiT is conditioned on the input aerial image only, without building foot-
print. HEAT and RoofMapNet are shown for comparison against the ground-
truth roof graph.

Table 4: Ablation study on unconditional generation.

Model FID | KID | Valid 1 Planar 1

GSDiff (baseline) 494 574 0975 0.977
+Rel. geometry-aware attention 37.1 36.5 0.977 0.983
+Roof alignment 34.6 31.7 0.985 0.988

metrics, with the full RoofDiT model reaching FID 34.6 and KID 31.7. Both
components contribute independently.
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7 Discussion

The results suggest that roof structure can be modeled effectively as a learned
prior over planar roof graphs. Across all three settings, RoofDiT captures struc-
tural regularities that remain useful under conditioning. This is especially visible
in the unconditional setting, where the model produces valid and diverse roof
graphs that better match the target distribution than the baseline, indicating
that it learns meaningful regularities of roof topology rather than relying only
on conditioning signals at inference time.

The footprint-conditioned setting reveals a particularly informative trade-
off. Geometric constructions such as straight skeleton offer strong guarantees of
validity and regularity but are constrained to a single deterministic output per
footprint. A learned generative model, by contrast, can represent a broader range
of plausible roof organizations consistent with the same footprint. The best-of-
K gains are the clearest evidence of this: face F1 improves from 0.798 to 0.886
and valid rate from 0.841 to 0.930 when selecting the best of five samples. This
shows that good solutions exist within the model’s sample distribution, and the
primary remaining challenge is sample selection, not representational capacity.

The image-guided results follow a similar pattern. HEAT, as a discriminative
model, achieves higher precision on node and face metrics. RoofDiT is particu-
larly strong on edge recovery, which carries much of the roof’s topological struc-
ture, and benefits substantially from footprint conditioning when available. This
suggests that the generative formulation is most valuable when visual evidence
alone is insufficient and structural ambiguity is high.

Several limitations remain. Validity is encouraged through learning rather
than guaranteed by construction, which leaves geometric baselines stronger in
strict validity and deterministic consistency. Incorporating explicit planarity con-
straints during decoding is a promising direction. On the other hand, our ex-
periments are conducted on a geographically localized dataset. Evaluating the
framework across broader architectural styles, roof typologies, and regional con-
struction patterns is an important direction for future work.

8 Conclusion

This work shows that generative roof graph modeling is a promising approach
for both roof graph generation and evidence-guided roof reconstruction. Across
unconditional and footprint-conditioned generation, RoofDiT demonstrates that
a diffusion-based model can learn a meaningful prior over plausible planar roof
graphs. In image-guided reconstruction, the method remains competitive with
strong baselines and effectively exploits footprint information when available.
The best-of-K results across settings consistently show that the model places
good solutions within its sample distribution, pointing to sample selection as
the key direction for future improvement.

Overall, the results suggest that learned generative modeling provides a useful
complement to deterministic geometric methods. While geometric baselines offer
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stronger guarantees in validity and consistency, the generative approach is better
suited to representing multiple plausible roof graphs when the available evidence
does not uniquely determine the solution. This makes it a promising foundation
for future work on more reliable, structurally constrained, and geometrically
richer roof reconstruction models.
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