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Abstract. We introduce a novel end-to-end deep-learning method that
combines structural geometric lifting with prior-guided diffusion to re-
cover a 2D floorplan and a 3D room layout from a 360° image. Structural
lifting predicts gravity-aligned, structure-aware depth and projects the
resulting colored 3D point cloud onto the floor plane through a differen-
tiable operation, directly linking panoramic image features to geometric
reasoning and improving robustness to clutter while encoding cues such
as room height and coarse footprint geometry. Footprint reconstruction
is then formulated as polygon denoising and completion within a dif-
fusion framework. The layout is represented as a fixed-vertex polygon
jointly encoded with floor-projected RGB and density features, enabling
refinement of noisy predictions and completion of occluded boundaries
using structural priors. A variational guidance network further regularizes
initialization by encoding indoor layout priors. Panoramic benchmarks
show that our diffusion approach provides a strong foundation for general
room reconstruction, even in cluttered, non-Manhattan environments.

Keywords: 3D Reconstruction - Scene Analysis and Understanding -
Panoramic and 360 images - Layout from Single Image.

1 Introduction

Single-image indoor layout estimation infers the room’s structural boundaries
(walls, ceiling, and floor) from a photograph of a furnished space [34]. Recently,
360° panoramic imagery has gained attention for its ease of use, broad field of
view, and affordability [27,23,12]. However, reconstruction remains challenging
because furniture occlusions, non-convex geometries, and untextured surfaces
obscure or distort structural cues. Overcoming these challenges requires deep
contextual understanding and strong geometric priors [34,14]. Furthermore, the
equirectangular representation provided by the vast majority of capture setups [12]
does not preserve areas or angles and introduces severe horizontal stretching near
the poles, complicating shape analysis.

Because single-image layout estimation is under-constrained, it fundamentally
relies on priors. The current trend is shifting away from pure image analysis
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paired with rigid geometric constraints [34] toward a hybrid mix of geometry
and learning from large-scale examples, with Transformers emerging as a well-
adapted solution for capturing long-range panoramic dependencies (see section 2).
Most frameworks assume gravity-aligned panoramas to project 3D space onto a
2D floor plan, since this optimizes implementations and is easy to obtain even
from casual captures [25,4]. Typically, these methods predict structural cues
like boundaries or horizon depth [3]. However, handling furniture occlusions
and non-convex geometries often forces reliance on heuristic, Manhattan-world
post-processing [34]. Furthermore, height is often treated as an isolated auxiliary
task, meaning that robustly completing occluded regions and ensuring metric
consistency remain open challenges [22].

In this work, we investigate the use of deep generative guided diffusion models
to reconstruct and complete indoor layouts from a single panorama, introducing,
to the best of our knowledge, the first diffusion-based formulation for room layout
estimation from a single panoramic image.

Existing approaches typically rely on direct regression of structural boundaries,
horizon-aligned signals, or transformer-based reasoning in equirectangular image
space. Rather than reasoning directly in distorted equirectangular space [12],
we predict a structure-oriented depth using gravity-aligned features, lift it into
a colored 3D point cloud, and differentially project it onto the floor plane.
While this projection captures only visible architectural surfaces, leaving out
occluded regions, it transfers visual evidence into a floor-aligned domain where
structural regularities become explicit. In this space, walls and layout elements
form coherent geometric patterns, while clutter and non-structural content appear
more fragmented or radially distributed. This makes wall boundaries and room
height explicit while reducing panoramic distortions and clutter.

Building on this representation, we cast layout estimation as a guided denoising
problem. A diffusion network refines a coarse polygonal footprint into a fixed-
vertex 2D floorplan, correcting noisy visible structures and completing occluded
or weakly observed boundaries. This is well-suited to single-panorama layout
inference, which is inherently under-constrained due to furniture, occlusions, and
concave geometries. The denoising process enforces global polygon consistency
while integrating floor-projected appearance cues. This formulation uses diffusion
to infer layout geometry from visual evidence rather than synthesizing images or
scenes from a given layout, as in common diffusion-based generative models. The
process is guided by floor-aligned appearance features and a learned variational
prior over indoor structures, enabling coherent layout recovery even under strong
occlusions.

Our main contributions are summarized as follows:

— Structural Lifting from Panoramas to Floorplan Space. We introduce
a geometry-aware representation that maps panoramic evidence into planar
layout space. A structure-oriented depth predicted with gravity-aligned fea-
tures [10] is lifted into a colored 3D point cloud and differentiably projected
onto the floor plane. Unlike full-scene depth, this representation focuses on
stable architectural surfaces, suppresses clutter and equirectangular distor-
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Fig.1: Overview. From a single equirectangular panorama, we predict a structure-
oriented depth and lift it into a colored point cloud, which is projected onto the floor
plane using a differentiable operator. This floor-aligned representation organizes visible
structural evidence into coherent geometric patterns, yielding a height map and a coarse
footprint proposal. The final layout is obtained via diffusion-based polygonal denoising,
which refines the footprint and completes occluded regions under the guidance of learned
indoor layout priors.

tions, preserves room height, and provides a structured basis for polygonal
reasoning, beyond prior panorama- or ceiling-based formulations [26,11].

— Diffusion-Based Polygonal Layout Reconstruction. We formulate lay-
out estimation as denoising over polygon vertices, where a diffusion network
refines a noisy proposal into a fixed-vertex floorplan conditioned on geometric
and appearance evidence. Unlike generative methods that synthesize scenes
from layouts, we use diffusion to infer layout geometry from visual observa-
tions, completing occluded regions and improving structural coherence over
direct regression approaches [18,3].

— Variational Guidance with Learned Indoor Layout Priors. We intro-
duce a variational guidance module that learns a latent prior over plausible
indoor room geometries. Injected during denoising, this prior constrains re-
finement toward metrically consistent layouts, reduces geometric drift, and
supports both free-form and Manhattan-regularized initializations.

To validate the effectiveness of the proposed approach, we conduct an extensive
experimental evaluation on widely used panoramic layout benchmarks, including
MatterportLayout [33] and the Zillow Indoor Dataset (ZInD) [2]|. Beyond standard
quantitative comparisons, we provide a comprehensive analysis of the proposed
pipeline, including detailed computational statistics and component-level ablation
studies. These experiments highlight both the robustness of the diffusion-based
formulation and its good behavior across diverse indoor scenes, showing that
our diffusion approach provides a strong foundation for solving the general room
reconstruction problem, even in cluttered, non-Manhattan environments.

2 Related work

As a fundamental task in indoor reconstruction, single-image panoramic layout
estimation has shifted from traditional geometric reasoning to deep learning
frameworks. We refer the reader to established surveys [34,7,12] for a compre-
hensive review of this evolution, limiting our discussion here to the approaches
most closely related to ours.
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To cope with the under-constrained layout reconstruction problem, the current
trend is to employ a hybrid mix of geometry priors derived from architectural
construction considerations (e.g., wall alignment) and learning from large-scale
examples [12]. Zou et al. [34] observed that many data-driven methods retain
a three-stage pipeline: pre-alignment, 2D prediction, and post-processing. Lay-
outNet [32] predicted corners and boundaries, while HorizonNet [18] used 1D
floor—wall, ceiling-wall, and wall-wall junction signals, later regularized with
MWM. DuLaNet [26] fused ERP and ceiling projections, Led?Net [24] added
horizon-depth supervision, and Zeng et al. [29] combined semantic and depth
cues. However, these methods often still require Manhattan post-processing [34].

Other works relaxed restrictive geometric assumptions. Vanishing-line and
structural post-processing constraints [34,30,7,32,18,26] were addressed by At-
lantaNet [11], which used the Atlanta World Model (AWM) and dual horizontal
projections. Deep3DLayout [14] predicted watertight 3D meshes beyond prede-
fined priors, while SSLayout360 [21] showed that semi-supervised learning can
approach fully supervised accuracy with fewer labels. These methods broaden
representational capacity, but often decouple 2D layout recovery from full 3D
reasoning.

Transformers have recently become prominent. LGT-Net [3] introduced
horizon-sequence attention; DMH-Net [31] used a learnable Manhattan Hough
space; DOP-Net [16] disentangled orthogonal plane features; and PanelNet [28]
modeled panoramas as continuous horizontal panels. Bi-Layout [22] handled
annotation ambiguities with dual layouts, while Seg2Reg [20] combined 2D seg-
mentation and 1D regression via differentiable rendering. More recently, HUSH [8]
used spherical harmonics as structured queries for multi-task geometry prediction,
achieving state-of-the-art results on depth, normals, and layout. Transformers
have also been applied to self-supervised indoor point-cloud completion from a
single panorama [15,9].

Despite these advances, existing methods still rely on assumptions or
modular pipelines that limit geometric completeness. Reprojection-based ap-
proaches [26,11] mainly detect visible ceiling or floor boundaries in equirectangular
or perspective space, leaving height estimation and occluded regions to heuris-
tics. Horizon-line formulations [18,3,19] reduce layout inference to 1D signals,
discarding the full 2D footprint structure. Recent transformer models [31,16,20]
are more expressive, but often treat completion and height reasoning as auxiliary
tasks requiring constraints or post-hoc refinement.

In contrast, we decouple structural evidence extraction from layout completion.
We lift panoramic cues into a floor-aligned representation through structure-
oriented depth, then formulate layout estimation as guided denoising in floorplan
space. A diffusion model completes the polygonal footprint beyond visible evi-
dence, while a variational indoor prior regularizes the process toward plausible
room geometries, enabling recovery of wall height and occluded boundaries
without heuristic post-processing.
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Fig. 2: Structural lifting from panorama to floor-aligned representations. The
input panorama is converted into structure-oriented depth, lifted to a colored 3D point
cloud, and differentially projected onto the floor plane. This yields a projected point
cloud, a height map H, and an occupancy map O. The upper 4% of the depth image
is removed to discard ceiling regions. These outputs provide the geometric basis for
diffusion-based polygon refinement.

3 Overview

Figure 1 summarizes our end-to-end pipeline. Given an input equirectangular
panorama, we first lift visual evidence into a floor-aligned geometric domain.
A structure-oriented depth map, predicted from gravity-aligned features, is
converted into a colored 3D point cloud and differentially projected onto the
floor plane. This projection provides a height map for recovering the final 3D
layout and ceiling geometry, and a coarse footprint proposal given by the contour
of the projected point cloud. Although partial under occlusions, this proposal
initializes the subsequent inference. We then perform diffusion-based layout
estimation (section 5). The footprint is represented as a closed fixed-vertex
polygon encoded with floor-projected RGB features. Starting from the proposal,
a denoising network refines noisy boundaries and completes unobserved structures,
guided by a variational prior over plausible indoor layouts. The guidance supports
both free-form and Manhattan-regularized coarse proposals. Training is staged
for stability. We first train structural lifting and variational guidance while
freezing the denoiser (section 4); then we freeze these modules and train the
diffusion network (section 5). At inference, all components jointly produce the
final 2D footprint and corresponding 3D room layout (section 6). Additional
implementation details and qualitative results are provided in the Supplementary
Materials.

4 Structural Lifting

The structural lifting stage maps an input equirectangular panorama into a
metric, floor-aligned representation for layout reasoning. As shown in Figure 2, it
does not directly predict the final room layout, but reorganizes image evidence
so that room extent, wall structures, and architectural regularities become easier
to infer.

Structure-Oriented Depth and Indoor Priors. Given an input panorama Ze, €
REXWX3 the lifting module predicts a structure-oriented depth map

D, = fG(IeTP)7 (1)
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encoding only visible architectural surfaces, i.e., walls, floor, and ceiling. Occluded
regions and complete room geometry are not inferred at this stage.

Indoor priors are embedded through gravity-aligned features, assuming vertical
walls and horizontal floors/ceilings. Intermediate features are compressed along
the vertical image dimension,

Dgar = Compress,, (Penc (Ierp)) ) (2)

to emphasize vertical continuity and wall-boundary discontinuities while sup-
pressing clutter.

Lifting RGB FEvidence into 3D. The predicted depth lifts both geometry and
RGB evidence into 3D. For each pixel (u,v), equirectangular coordinates are

Muw)=2mt —m, ) = (;’I - ;) , 3)

with unit ray
r(u,v) = [cos @sin A sin ¢ cos ¢ cos )\]T )

The 3D point and colored point cloud are

p(uv U) =D, (’LL, U) I'(’LL, U)? P = {(pi’ Cl)}z]il (5)

This lifting highlights structural organization rather than fine geometry. Wall
points accumulate along room boundaries after floor projection, while clutter
spreads across the interior, producing contextual patterns useful for layout
reasoning.

Differentiable Floor-Plane Projection. Assuming vertical walls, each point p; =
(4, Yi, 2;) is projected onto the floor as

A differentiable splatting operator accumulates projected points on a 2D grid,
producing a floor-projected point cloud, an occupancy map

0w = e (- P10, )

and a height map
5y exp (1)
Hu) = " 2
B 2
S exp(— I\szU;JH )

Before projection, the upper 4% of the depth image is discarded to avoid ceiling
artifacts inside the footprint, while the height map H preserves vertical extent
for 3D layout recovery.

(®)
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The occupancy map O is used only for training supervision. Since it is sparse
in single-room cases, it is not provided to the diffusion stage, which instead uses
floor-projected RGB and geometric cues.

Structural lifting outputs floor-projected RGB features, a height map, and
auxiliary density information. A coarse footprint is extracted by thresholding
and contour detection from visible structures and used only to initialize the
subsequent fixed-vertex diffusion refinement.

Training losses and optimization. The lifting network is trained to predict
structure-oriented depth for layout reconstruction using depth, regularization,
floor-projection, height-map, and 3D consistency losses. Given predicted depth
D and ground-truth layout depth D, we use an inverse Huber depth loss

Lepth = Huberfl(ﬁ, D), (9)
and horizon-based gradient/normal regularization 3],
Ercg = Lyorm + ﬁgrad~ (10)

Floorplan-space consistency is encouraged through an occupancy loss after pro-
jection [13], R
Eocc = EOCC(D7D)' (11)

For 3D consistency, predicted and ground-truth depths are lifted into point
clouds P and P. Local PCA provides planarity m and sharpness s scores, yielding

Lpe = [|7 =71 + 15— s]l1- (12)
The height map is supervised with a shape-aware Dice loss,
Lymap = Lpice(H, H). (13)
The total objective is
Liotal = Ldepth + Lreg + AoccLoce + AhmapLhmap + ApeLpes (14)

With Aoce = 0.01, Apmap = 0.01, and Ape = 0.1.

5 Diffusion-based polygon reconstruction

Given the floor-aligned representation from structural lifting (section 4), we
reconstruct the complete 2D room footprint as a closed fixed-vertex polygon.
The input consists of floor-projected RGB features from the lifted point cloud
and a coarse polygonal proposal extracted from the projected point cloud. The
target is the full room contour, including occluded boundaries, represented as
P e [-1,1]M*2 with M = 40 in all experiments. The fixed-vertex representation
simplifies learning and enables structured attention while preserving the dominant
layout shape. The final 3D layout is obtained by extruding the predicted footprint
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using the room height estimated during structural lifting. We formulate footprint
reconstruction as guided denoising, combining: (i) a variational guidance network
that predicts a Gaussian prior over polygon vertices from the proposal polygon;
and (ii) a diffusion denoiser that refines a noisy polygon into a complete footprint
conditioned on this prior and floor-aligned visual features.

Variational guidance network. The polygon P is vectorized as y € R*™ and
modeled with a variational autoencoder with Gaussian encoder g, (z | y) and
decoder py(y | z). It is trained with the S-VAE objective [6]:

Lvae = —Eq,[logpy(y | 2)] + BKL(qy(z | y) | V(0,1)). (15)

At inference, the decoder predicts per-vertex Gaussian parameters

(ll’guidm o-guide) = DeCw (Z)ﬂ (16)

defining a distribution over plausible room footprints and a structured initializa-
tion for diffusion.

To avoid leakage, the guidance network is trained only on training-split layout
polygons. Validation and test polygons are never used to train the VAE prior, tune
the denoiser, or define the initialization distribution. At inference, the guidance
network receives only the coarse proposal extracted from the projected point
cloud.

Diffusion-style polygon denoising. Following EDM [5], we define a noisy polygon
state x, € R?M at noise level o, initialized as

XUmax = /‘l’guidc + Omax €, €~ N(O, I) (17)
Using a power-law schedule with N steps, the denoiser predicts the clean state

§O = FQ(Xa'a g, /J'guidm d)(fﬂoor))a (18)

where ¢(Fhoor) are features from the floor-projected colored point cloud. The
polygon is updated with the EDM solver, optionally with Heun correction, and
the final state x is reshaped into P.

Denoiser architecture. The denoiser Fy combines VAE guidance with floor-aligned
visual evidence. Each vertex v is mapped to normalized sampling coordinates

ry = %(Vk + 1) € [O, 1]2, (19)

used as query points over the floor-projected feature maps. A convolutional
backbone extracts multi-scale features, encoded by a deformable transformer.
Decoder layers update polygon tokens through multi-scale deformable cross-
attention, self-attention, and feed-forward layers, with diffusion time injected by
FiLM modulation.
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Diffusion polygon module Structural lifting
Architecture Complexity Backbone / Metric[Encoder[Slicing] MHSA [Decoder
Component Config |Params| GFLOPs ResNet18
ResNet50 Backbone 25.60M 536 Params IT.I8M| 2.16M 2.10M 6.29M
. N . o Latency 6.34 ms|1.68 ms| 0.95 ms| 4.06 ms
Input Projections 4 levels 1.51M 0.23 ResNeoi34
Embeddings dim=256 0.56M — ~ :
g Params 21.28M| 2.16M 2.10M 6.29M
Encoder 6 layers 4.54M 6.42 Latency 10.20 ms|1.41 ms| 0.92 ms| 4.19 ms
Decoder 6 layers 10.46M 0.89 ResNet50
Output Heads 6% 0.79M 0.03 Params 23.5IM [ 34.47M| 33.58M] 100.67TM
Other — 0.27TM — Latency 14.31 ms|6.10 ms|10.31 ms| 42.61 ms
PolyModel total 43.73M 12.93
Guidance Network |2 layers 2.3TM —
System Total 46.10M 12.93
RTX 4090 10 steps 2 ms / 1 ms cached
RTX 3090 10 steps |4 ms / 2.3 ms cached

Table 1: Computational statistics. Left: diffusion-based polygon reconstruction,
evaluated at 256 x 256 with M = 40 vertices. Right: structural lifting statistics for
512 x 1024 RGB input. Structural lifting dominates the cost, while diffusion refinement
adds only millisecond-level overhead with 10 denoising steps.

Training objective. Let y € R?M be the ground-truth polygon. Following EDM |[5],
we sample o from a log-normal distribution and define

Xo =Y + 0 (Oguide @ €), e ~N(0,1). (20)
The denoiser predicts Xy and is trained with
L= ﬁdm + Aedge Eedge + )\angle Eangle; (21)

where Leqqc enforces consistent edge lengths and L1 preserves corner angles.

6 Results

We implemented our approach with PyTorch and evaluated it on widely used
benchmarks for panoramic indoor layout estimation, covering a wide range of
scene layouts, clutter levels, and architectural variability. All experiments are
conducted using a single panoramic image as input, following standard evaluation
protocols.

Datasets. Our evaluation is conducted on standard benchmarks for panoramic
layout estimation, enabling direct comparison with recent state-of-the-art methods.
While datasets such as PanoContext [30] and Stanford2D3D [17] mainly contain
small-scale near-cuboid layouts, our focus is on more complex geometries and
layout completion under occlusions. For this reason, we report results on the
more challenging MatterportLayout [33] and Zillow Indoor Dataset (ZInD) |2].
MatterportLayout provides annotated panoramic images for training, validation,
and testing in cluttered indoor scenes under Manhattan constraints, while ZInD
is the largest real-world benchmark and includes both simple and raw annotations
covering diverse non-Manhattan layouts.

Computational stats. Table 1 summarizes the cost of the two main pipeline
components. The budget is dominated by structural lifting, whose encoder and
decoder scale with backbone capacity and panoramic input resolution. In con-
trast, diffusion-based polygon reconstruction operates on a compact fixed-vertex
representation and adds only a small inference overhead.
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MatterportLayout

Fig. 3: Qualitative comparison. Input panoramas and comparison views on Matter-
portLayout and ZInD, with InLayDiffusion in blue, LGT-Net [3], DOPNet [16], and
ground truth in green.

Training details. Structural lifting, variational guidance, and diffusion denois-
ing—are trained in separate stages using Adam with learning rate 2 x 1074,
Further implementation details, hyperparameters, and training schedules are
provided in the supplementary materials.

6.1 Quantitative results

We evaluate layout estimation using the standard Intersection over Union (IoU)
metric, reporting both 2D IoU for footprint accuracy and 3D IoU, which also
accounts for wall height estimation. Table 2 compares our method with repre-
sentative panoramic layout approaches on MatterportLayout and ZInD. The
considered baselines differ in their internal layout representations, including ERP
corner or boundary maps [34], ceiling or floor projections [26,11], 1D horizon-
depth signals [24], and horizon-aligned vectors or density representations [18,3,20].
As these approaches represent mature solutions, their quantitative results often
converge to similar ranges, with differences partly influenced by annotation pro-
tocols and by the form of the predicted output (e.g., corner sequences, polygonal
approximations, or heuristically post-processed layouts). Moreover, as discussed
later, ground-truth annotations themselves may contain approximations and
inconsistencies, which can further affect numerical comparisons. For these rea-
sons, we focus our analysis on methods for which inference code and data format
details are publicly available. Rather than emphasizing small differences in abso-
lute performance, we highlight the architectural characteristics of the compared
pipelines and the formulation proposed in this work. In particular, InLayDiffu-
ston approaches panoramic layout estimation by first mapping visual evidence
into a floorplan-aligned geometric space and subsequently refining the footprint
through guided polygonal denoising. Operating in a geometric domain allows
the method to integrate floor-aligned visual cues with learned structural priors
during refinement, providing a flexible mechanism to handle partially observed
boundaries and irregular layouts while maintaining competitive performance
across different datasets (see subsection 6.2).

6.2 Qualitative results

Figure 3 illustrates representative qualitative comparisons across multiple bench-
marks. For each example, the input panorama in ERP format is shown together
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Method [ Model [2D ToU [ 3D ToU
(a) MatterportLayout results (%
LayoutNetV2 [34] [ ERP corners 78.73 75.82
DuLaNetV2 [34] 2D map 78.82 75.05
HorizonNet [18] ERP vectors 81.71 79.11
AtlantaNet [11] 2D maps 82.09 80.02
LED2-Net [24] ERP 1D depth | 82.61 80.14
LGT-Net [3] ERP vectors 83.52 81.11
DOPNet [16] ERP density 84.11 81.70
InLayDiffusion Polygon 84.24 81.82
(b) ZInD results (%)

HorizonNet [18] ERP vectors 90.44 88.59
LED2-Net [24] ERP 1D depth | 90.36 88.49
LGT-Net [3] ERP vectors 91.77 89.95
DOPNet [16] ERP density 91.94 90.13
InLayDiffusion Polygon 92.10 90.15

Table 2: Benchmark results of representative panoramic layout estimation
methods on common datasets. MatterportLayout and ZInD. The table reports 2D
and 3D IoU scores whenever available, including only methods for which directly com-
parable results were provided in the original papers. Rows marked as Qurs correspond
to the proposed InLayDiffusion, with results to be reported.

Variant 2D IoU (%) [3D IoU (%)
Baseline 77.68 75.12
+ Layout depth 78.56 76.67
{ Denoising 82.22 79.99
+ Guided diffusion (our full) 84.24 81.82

Table 3: Ablation study on MatterportLayout. Effect of the main components of
the proposed pipeline. The baseline derives footprint and height directly from structure-
oriented depth.

with a square visualization that juxtaposes the predicted layout produced by
InLayDiffusion (blue), the result of LGT-Net [3] (orange) and DOPNet [16] (red),
and the ground-truth annotation (filled green). We report qualitative compar-
isons against LGT-Net and DOPNet as they provide publicly available code and
pretrained models, enabling direct and fair visual evaluation.

Across MatterportLayout and ZInD, our method consistently produces sharper
and more metrically accurate contours, particularly in regions affected by clutter
or partial occlusions. In such scenarios, LGT-Net often produces incomplete
or locally distorted boundaries, reflecting the limitations of horizon-aligned
representations when large portions of the room structure are not directly visible.
In contrast, the diffusion-based refinement in InLayDiffusion leverages floor-
aligned structural cues to complete missing boundaries in a coherent and globally
consistent manner.

6.3 Ablation study

We perform an ablation study on MatterportLayout to assess the contribution of
the main pipeline components. Table 3 reports increasingly complete variants
evaluated with 2D and 3D IoU. We analyze three design choices. First, layout-
oriented depth is compared with full-scene depth from a foundation model [1].
By suppressing non-architectural elements such as doors, windows, and clutter,
layout-oriented depth produces cleaner floor projections and fewer spurious
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Footprint Pred. GT

(lifted)

Fig. 4: Limitation example. Top: input equirectangular panorama. Bottom: lifted
floor-aligned footprint (left), predicted polygon (middle), and ground truth (right).
Weak structural cues and coarse annotations, including simplified boundaries and
slanted-ceiling approximations, can penalize visually plausible predictions.

boundaries. Second, we compare direct footprint extraction with diffusion-based
reconstruction. Diffusion denoising enables iterative refinement and completion
of missing layout regions beyond visible evidence. Third, we evaluate guided
diffusion by contrasting random initialization with a regularized footprint proposal.
Structured initialization stabilizes denoising and improves geometric coherence.
Overall, the results support the combination of layout-specific geometry and
guided diffusion in floorplan space.

6.4 Limitations

Our method depends on the quality of structural lifting. Although diffusion
can denoise and complete missing structures, it still requires consistent wall
evidence in the floor-aligned representation. When clutter dominates or boundary
accumulation is weak, the model may produce an incorrect but plausible foot-
print, as shown in Figure 4. A further limitation is annotation quality. Dataset
layouts are sometimes coarse or misaligned with the panorama, affecting training
and evaluation. This can penalize predictions that better match the observed
scene, especially for complex geometries such as slanted ceilings, which are often
simplified in the ground truth.

7 Conclusions

We presented InLayDiffusion, a geometry-aware approach for indoor layout
estimation from a single panorama that combines structural lifting with diffusion-
based polygon reconstruction. By operating in a floor-aligned geometric space,
the method separates structural evidence extraction from layout completion.
Structural lifting organizes visual cues into geometric patterns, while diffusion
refinement denoises and completes the footprint under learned indoor layout
priors. Experiments on multiple benchmarks show robustness to clutter and
occlusions and performance on par with the current state-of-the-art on both
regular and irregular layouts. As for all diffusion models, fully exploiting our
approach’s potential requires a large number of training examples. The results
obtained using restricted training sets already show that our method provides a
strong foundation for general room reconstruction in challenging, non-Manhattan
environments. We plan to explore this path by improving the training scheme, in
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particular to achieve generalization with limited supervision, including pseudo-
labeling, teacher—student or distillation strategies to reduce reliance on manual
annotations. We also plan to improve the depth estimation phase by exploring
the usage of pre-trained foundation models.
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