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Fig. 1: InSpace generates complete 3D indoor scenes with structural layout and indi-
vidual assets from a single 360° image. Leveraging the full 360° context of panoramic
images, it produces spatially coherent scenes across diverse room layouts.

Abstract. Recent advances in single image-to-3D generation have en-
abled high-quality asset synthesis, yet extending these capabilities to
indoor scene generation remains challenging. Existing methods focus on
asset-level generation while neglecting the structural layout, which is
essential for downstream applications and serves as the spatial anchor
for grounding assets. However, a single image with a limited field of
view lacks the spatial coverage to recover a coherent global layout. To
this end, we use a 360° image represented in equirectangular projec-
tion (ERP) and propose InSpace, a structure-aware framework for 3D
indoor scene generation. InSpace comprises three stages: (1) estimat-
ing partial scene geometry as spatial priors, (2) generating coarse scene
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Fig. 2: (a) Existing single-image methods generate individual assets without structural
layout, causing floating, misplacement, and artifacts. (b) InSpace uses an ERP image
to generate complete indoor scenes with structural layout and well-grounded assets.

structure with view-selective cross-attention, and (3) producing detailed
layout and asset geometry with textures through a global-local hybrid
attention, using flow matching. We also propose ERP-FRONT, a paired
ERP-Image-to-3D indoor scene dataset based on 3D-FRONT. Exper-
iments show that InSpace generates complete 3D indoor scenes with
structural layout, along with separate textured assets from a single ERP
image, achieving strong performance across 3D and 2D metrics.
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1 Introduction

Recent advances in generative modeling have dramatically accelerated 3D con-
tent creation from visual inputs. In particular, single-image-to-3D generation
models [6,18,20,31,34–36,41,54–57,61,65–67] have achieved remarkable quality
and geometric fidelity, enabling rapid synthesis of an object from a single im-
age. This success has naturally motivated extending these capabilities beyond
isolated objects to entire 3D scene synthesis. Among these, indoor scene genera-
tion [15,39,46,58,60] has attracted growing attention due to its broad practical
impact, from synthetic training environments for robotics and simulation, to
digital twin creation for real estate and spatial planning, to enabling embodied
agents to perceive and navigate 3D environments from a single observation.

However, existing methods focus on asset-level generation, producing indi-
vidual assets and estimating their placement, while neglecting the structural
layout of the indoor scene, including floors, walls, and built-in structures. This
structural layout is a fundamental component of indoor scene generation. First, it
reveals the overall shape and extent of the space, which is essential for any down-
stream task that requires scene-level spatial understanding. Second, it serves as
a spatial anchor that constrains every object in the scene. Furniture rests on
the floor, shelves lean against walls, and the structural geometry determines
permissible placements. Without it, generated assets often exhibit spatial mis-
alignment [19,46], floating above the ground or interpenetrating walls (Fig. 2(a)),
necessitating post-hoc physics-aware optimization [39,58,60].
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To address this limitation, we reformulate the problem by expanding the in-
put modality from a single image to a 360° image represented in equirectangular
projection (ERP). A single image provides only a limited field of view, making
full structural layout estimation fundamentally ill-posed. In contrast, an ERP
image captures the complete 360° field of view of an indoor environment [1, 2],
offering comprehensive information about the scene geometry. Leveraging this
richer spatial context, we introduce InSpace, a structure-aware framework for
3D indoor scenes, including both structural layout and individual assets from a
single ERP image (Fig. 2 (b)).

InSpace comprises three cascaded stages. First, given a single ERP image, we
estimate a depth map [33] and lift it to 3D via equirectangular back-projection,
producing an initial point cloud. This is then normalized into [−0.5, 0.5]3, termed
the Partial Scene Geometry (PSG), along with a calibrated camera center. Both
serve as geometric priors for spatially grounding the subsequent generation
stages. Second, we convert the ERP image into six cubemap face images and
use them as conditioning inputs to a flow-matching model [55] that generates a
coarse 3D voxel representation of the scene, termed the Coarse Scene Geome-
try (CSG). Unlike conventional 3D generation models, where every voxel latent
is conditioned globally by a single image feature, our model introduces view-
selective cross-attention, where each voxel in the latent is conditioned only
on the cubemap faces visible from its 3D position based on the calibrated cam-
era center. This spatially grounded conditioning enables the model to coherently
compose the scene from all six cubemap views with fine-grained spatial control.
From the resulting CSG, a lightweight 3D bounding box detector built on a 3D
U-Net [43, 62] predicts 3D oriented bounding boxes (3D OBBs) for each asset.
Third, conditioned on the predicted 3D bounding boxes, we generate detailed
geometry and texture for both the structural layout and each individual asset.
This is achieved through a global-local hybrid attention mechanism. Global self-
attention enables all scene components to interact for spatial coherence, while
asset-selective cross-attention allows each component to attend only to its
corresponding image region for fine-grained detail recovery. The resulting latents
are finally decoded into a textured 3D mesh of the complete indoor scene.

To train and evaluate InSpace, we require paired ERP images and corre-
sponding 3D indoor scene meshes. However, such data is unavailable in exist-
ing benchmarks. While several real-world panoramic datasets [5, 12, 53, 68] pro-
vide ERP images of indoor scenes, their reconstructed meshes are often incom-
plete or lack the structural fidelity necessary. To address this gap, we construct
ERP-FRONT, a synthetic ERP-Image-to-3D indoor scene dataset based on
3D-FRONT [13]. Each indoor scene is defined at the room level, covering a wide
range of room sizes, and paired with ERP observations rendered from within the
scene. The resulting dataset contains 26.5K training and 2.5K test ERP-image-
mesh pairs. In our experiments, InSpace shows strong performance on both 3D
geometric and 2D rendering-based metrics. Moreover, as shown in the supple-
mentary material, InSpace generalizes well to realistic panoramic datasets such
as ReplicaPano [12], producing spatially coherent 3D indoor environments.
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2 Related Work

3D Asset Generation Following the success of latent diffusion in 2D [29,50],
recent 3D asset generation methods adopt VAEs [23,48] to encode 3D geometry
into latent spaces, where diffusion [47] or flow-based models [40] learn to gener-
ate. Depending on the VAE design, existing approaches fall into two categories:
vector-set (VecSet) and sparse voxel representations. VecSet representations,
introduced in 3DShape2VecSet [64], encode 3D shapes as unordered latent token
sets derived from surface point sampling. A set of learnable queries [4,21] inter-
acts with point embeddings via cross-attention to form an orthogonal basis of the
shape latent space, capturing relative geometric relationships rather than abso-
lute spatial coordinates. This design is efficient and transformer-friendly, leading
to wide adoption in large-scale generation models [20,31,34–36,65–67]. However,
since tokens are not anchored to fixed spatial locations, VecSet lacks explicit
spatial locality, making position-aware control and structured test-time scaling
challenging. By contrast, sparse voxel representations encode 3D shapes
as structured grids with explicit spatial coordinates. Introduced in XCube [49],
sparse voxel VAEs [17,37] compress 3D occupancy or feature grids via 3D convo-
lutional encoders, maintaining spatially organized latent tensors aligned with 3D
coordinates rather than learning an abstract token basis. This structured design
enables locality for position-aware conditioning and local editing, and has been
adopted in high-fidelity models [6,32,54–56,61]. However, sparse voxel methods
are more computationally expensive and tightly coupled to grid resolution, lim-
iting scalability compared to VecSet-based approaches. Recent work [7, 22, 30]
explores hybrid representations combining structured voxel anchors with VecSet-
based latents to balance efficiency and spatial locality.

3D Scene Generation Early methods [14, 16, 27, 28] relied on retrieving and
aligning existing 3D models to the input image, but were limited by dataset
diversity and sparse geometric cues. The advent of image-to-3D models en-
abled a new paradigm of generating objects individually and assembling them
via language/vision-guided spatial reasoning [15, 39, 58], and physics-based op-
timization [39, 58, 60] proposed to improve placement. However, these multi-
stage pipelines are susceptible to error accumulation and require costly opti-
mization for object placement. Recent simultaneous multi-instance generation
methods [19,38,46] improve inter-object coherence through cross-instance inter-
action, yet remain focused on asset-level synthesis without modeling structural
layouts (e.g., floors, walls, ceilings), causing spatial misalignment such as float-
ing or interpenetrating objects. HiScene [11] addresses this by converting inputs
into isometric views and generating compositional structures to ground objects
on architectural surfaces, but the resulting layouts remain approximate and do
not capture precise indoor geometry. Most related to our work, PanoContext-
Former [12] is the first attempt at ERP-Image-to-indoor-scene generation, but
produces inaccurate geometry, lacks texture support, and its code is unavailable.
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3 Preliminary

Our method requires explicit spatial control over 3D voxel latents using ERP im-
age features, necessitating a spatially structured latent space rather than an un-
ordered VecSet representation. We therefore build upon TRELLIS.2 [55], which
adopts the O-Voxel formulation to encode geometry and appearance within a
compact, sparse voxel latent space.

O-Voxel Representation. O-Voxel encodes both geometry and appearance as
a set of feature tuples associated with active voxels on a regular N3 grid:

f = {(f shape
i , fmat

i ,pi)}Li=1, (1)

where f shape
i encodes local geometry via a Flexible Dual Grid formulation, fmat

i

encodes PBR material properties with structural layout and textured assets (i.e.,
base color, metallic, roughness, and opacity), pi ∈ {0, . . . , N−1}3 is the voxel
coordinate, and L ≪ N3 is the number of active (surface-intersecting) voxels.

Sparse Compression VAE. To obtain a compact latent space, the framework
trains two decoupled Sparse Compression VAEs (SC-VAEs) {Eshape,Dshape}
and {Emat,Dmat} for shape and material, respectively. Both are fully sparse-
convolutional networks with a spatial downsampling factor s, compressing each
active voxel’s features into a latent vector of csc = 32 channels while preserving
the sparse coordinate structure at the downsampled resolution N

s .

Three-Stage Generation Pipeline. In TRELLIS.2, given a conditioning im-
age I, 3D assets are generated through three sequential stages, each using a
DiT-based flow matching model [40, 47] that denoises Gaussian noise ϵ over
timestep t:

Sparse Structure: Fss : (ϵ, t, I) → zss; p = Dss(zss), (2)

Geometry: Fshape : (ϵshape, t, I) → zshape; f shape = Dshape(zshape), (3)

Material: Fmat : (ϵmat, t, I, zshape) → zmat; fmat = Dmat(zmat). (4)

In the sparse structure generation stage (Eq. 2), DiT Fss generates a structure

latent zss ∈ Rc0×N0
s0

3

from noise ϵ, where c0 is the latent channel dimension, N0

is the grid resolution, and s0 is the downsampling factor (e.g ., c0 =8, N0 =64,
s0=4). The decoder Dss maps zss into a coarse occupancy grid of resolution N3

0

to determine the set of active voxel coordinates p. In the geometry generation
stage (Eq. 3), structured noise ϵshape = {(ϵi,pi)}Li=1 is formed as a SparseTensor
by assigning random Gaussian vectors ϵi ∈ Rcsc to each active coordinate, and a
sparse DiT Fshape denoises it into the geometry latent zshape, where voxel coor-
dinates {pi}Li=1 are injected via positional embeddings. The material generation
stage (Eq. 4) follows the same sparse formulation but additionally conditions on
zshape via channel-wise concatenation. The decoded O-Voxel is then instantly
converted into a textured mesh.
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Fig. 3: Indoor Scene Geometry Initialization. From a single ERP image and its
estimated depth, we lift the scene to 3D via equirectangular back-projection, producing
an initial point cloud with the camera center at the origin (0, 0, 0). The point cloud
is then normalized into the canonical space [−0.5, 0.5]3, yielding the Partial Scene
Geometry (PSG) and shifting the camera center to a calibrated position c.

4 Method

Given a single ERP image, InSpace generates a complete 3D indoor scene com-
prising both the scene layout (floors and walls) and individual assets with de-
tailed geometry and texture. To enable spatial control over voxel latents con-
ditioned on ERP features, we adopt a sparse voxel-based framework [55] and
further decompose the scene into layout and asset-level components inspired by
part-aware generation [10,59]. Our framework consists of three stages. First, we
estimate the scene layout by lifting the ERP depth map to a 3D point cloud
and calibrating the camera center within a normalized voxel space (Sec. 4.1).
Second, we generate a coarse scene structure via flow-based denoising in a dense
voxel latent space, conditioned on cubemap features through view-selective cross-
attention, and detect 3D oriented bounding boxes (OBBs) of assets from the
generated structure (Sec. 4.2). Third, we produce detailed geometry and tex-
ture through a hybrid attention mechanism combining global self-attention with
OBB-projected asset-selective cross-attention. Each asset attends to its relevant
image region while preserving scene-level coherence (Sec. 4.3).

4.1 Stage 1. Indoor Scene Geometry Initialization

We begin by constructing the geometric foundation of the scene from a single
ERP image. Using a pretrained depth estimator [33], we obtain a dense depth
map and lift it to 3D via equirectangular projection, producing an initial point
cloud. Since the ERP image is captured from a single viewpoint, the camera
center (the position from which the panorama was rendered) lies at the origin
(0, 0, 0). To prepare for voxel-based generation, we normalize the point cloud into
the canonical space [−0.5, 0.5]3 via translation and uniform scaling. This nor-
malization shifts the camera center from the origin to a new position c within
the canonical space (see Fig. 3). We refer to the result as the Partial Scene Ge-
ometry (PSG), as it captures only the surfaces visible from the single viewpoint.
The calibrated camera center c and PSG are passed to subsequent stages as
geometric priors for spatially grounding the generation process.
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Stage 2. Coarse Scene Geometry Genera2on 
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Fig. 4: Coarse Scene Geometry Generation. Six cubemap faces (FoV 120) are
extracted from the ERP image and encoded with view position embeddings. The model
denoises voxel latents via DiT blocks with view-selective cross-attention, where each
voxel attends only to its visible faces based on camera center c. At inference, Layout-
Guided Structure Inversion optionally initializes the latent from the PSG. The decoded
coarse geometry (CSG) is fed to a 3D bounding box detector to predict OBBs for assets.

4.2 Stage 2. Coarse Scene Geometry Generation

In this stage, we generate the coarse structure of the indoor scene as a dense
voxel latent zss ∈ Rc0×(N0/s0)

3

(Eq. 2) using a flow matching model [55]. The
model consists of stacked DiT blocks, each applying self-attention among voxel
latents, followed by view-selective cross-attention with the six cubemap features,
and a feed-forward network (Fig. 4). It is trained with rectified flow matching
(Sec. 4.4) to predict the velocity field along the path connecting Gaussian noise
and the target voxel latent.

Cubemap Encoding. To condition the model on the input ERP image, we
extract six cubemap faces along the six orthogonal viewing directions, with a
field of view (FoV) set to 120 to introduce overlap between adjacent faces and
prevent objects near boundaries from being clipped. Each face is independently
encoded by a DINOv3 [52] image encoder, producing Tf tokens of dimension Dc

per face, where f indexes the six cubemap faces. To distinguish face directions,
we add a learnable view position embedding ev ∈ R6×Dc to each face’s features.
The six encoded faces are concatenated along the token dimension, yielding a
unified condition tensor F ∈ RB×T×Dc , where B is the batch size and T = 6Tf .

View-Selective Cross-Attention. In existing 3D asset generation [20, 55], a
single condition image influences all voxels in the latent uniformly during denois-
ing. In our panoramic setting, however, the six cubemap faces each correspond
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Fig. 5: View-Selective Cross-Attention. (a) For each voxel at position pi, we com-
pute the cosine similarity between the direction di from camera center c and each
cubemap face normal n̂f to determine visibility. (b) Voxels are partitioned by their
visible faces, shown in corresponding colors. (c) The resulting mask Mvs assigns each
voxel high attention weights (dark) only to its visible cubemap tokens.

to a distinct spatial region, and voxels in different regions of zss (Eq. 2) should
be conditioned primarily on their corresponding faces rather than all condition
tokens. To this end, we construct a view-selective (VS) cross-attention mask Mvs
(Eq. 6) that establishes this spatially grounded correspondence.

For the i-th voxel at coordinate pi ∈ {0, . . . , N0/s0−1}3 (Eq. 1), we compute
the unit direction di = (pi − c)/∥pi − c∥ from the calibrated camera center c
toward the voxel, and measure how well this direction aligns with each cubemap
face f , whose outward normal is n̂f (e.g., n̂front = (0, 1, 0)). The cosine similarity
di · n̂f is compared against cos(FoV/2), the angular boundary of each face’s
visible cone. To produce a smooth, differentiable mask rather than a hard cutoff
at face boundaries, we pass this comparison through a scaled sigmoid:

m(pi, f ; c) = σ
(
α
(
di · n̂f − cos

(FoV
2

)))
∈ (0, 1], (5)

where α is a fixed scaling factor that yields a near-binary transition. The output
m represents visibility (see Fig. 5(a)), where values near 1 indicate the voxel falls
well within the face’s FoV and values near 0 indicate it lies outside. This soft as-
signment effectively partitions zss into spatially coherent groups, each primarily
conditioned on its corresponding cubemap face, while allowing smooth transi-
tions at face boundaries due to the overlapping FoV. The face-level visibility is
broadcast to all Tf tokens within each face to form the full mask (Fig. 5(b,c)):

Mvs[i, j] = m(pi, f(j); c), Mvs ∈ R(N0/s0)
3×T , (6)

where i indexes voxel latents, j indexes condition tokens, and f(j) maps the j-th
token to its cubemap face. Each row encodes a single voxel’s visibility across all
T tokens, and each column reflects the visibility of its corresponding cubemap
face. This mask is applied as an additive bias to the cross-attention logits:

VS-CrossAttn(Q,K,V;Mvs) = softmax
(
QK⊤
√
dh

+ logMvs

)
V. (7)

where dh is the attention head dimension, Q ∈ R(N0/s0)
3×dh are voxel queries

projected from zss (Eq. 2), and K,V ∈ RT×dh are keys and values projected
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Fig. 6: Layout and Asset-Aware Scene Generation. The CSG is decomposed into
layout and assets via detected OBBs, encoded with part embeddings, and concatenated
into a unified token sequence. DiT blocks apply global self-attention, followed by asset-
selective cross-attention where layout tokens use the view-selective mask and each asset
attends to its projected ROI features. The output is decoded into a textured 3D scene.

from F. Since m ∈ (0, 1], the logMvs term acts as a soft penalty, where near-
zero visibility yields large negative values that suppress attention weights, while
full visibility contributes zero and leaves them unchanged.

Layout-Guided Structure Inversion. At inference, we leverage the PSG
from Sec. 4.1 as a spatial prior. This is inspired by SDEdit [45] and other
diffusion-based image editing methods [8, 25, 26, 44, 51, 63], which add noise to
a guidance input and denoise from that intermediate noise level rather than
from pure noise to keep the output faithful to the input. We voxelize the PSG
and encode it via Ess into zpsg, then construct the noised initial latent xt0 =
(1 − t0) zpsg + t0 ϵ, ϵ ∼ N (0, I), and denoise from t0 to 0. A lower t0 preserves
more of the PSG layout, while a higher t0 allows greater model freedom. This
requires no change to training, as the model is optimized with the standard
flow-matching objective over t ∼ U(0, 1) and thus learns to denoise the target
latent from any noise level, allowing inference to begin from the noised PSG
at t0 < 1 instead of pure noise (t0 = 1). Since the PSG already encodes the
geometry recovered from the input ERP, initializing from this information-rich
state provides a strong spatial anchor and yields more accurate scene structure.

3D Bounding Box Detection. After denoising by the stacked DiT blocks, we
obtain the generated structure latent zss and decode it via Dss (Eq. 2) into the
Coarse Scene Geometry (CSG), a binary occupancy grid at resolution N3

0 . A 3D
U-Net–based detector [43, 62] then predicts K OBBs {ok}Kk=1 in a single pass,
each parameterized by its center oc

k ∈ [−0.5, 0.5]3, extents os
k ∈ [0, 0.5]3, and

yaw angle θk ∈ [−π, π]. Architectural details are in Sec. 2 of the supplementary.
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4.3 Stage 3. Layout and Asset-Aware Scene Generation

The final stage generates detailed geometry and texture for the complete indoor
scene (Eqs. 3–4). Inspired by part-aware 3D generation [59], we decompose the
scene into layout and asset-level components and process them jointly through a
hybrid attention mechanism. Shape and texture share an identical model archi-
tecture, where the texture model additionally conditions on the generated shape
latent zshape via concatenation (Eq. 4).

OBB-Guided Scene Decomposition. Using the detected OBBs from Sec. 4.2,
we decompose the CSG into individual components (Fig. 6, left): the overall scene
(all active voxels), the scene layout (voxels outside any OBB, representing floors
and walls), and K individual assets (voxels enclosed within each ok). Each com-
ponent is encoded by the SC-VAE encoder E (Sec. 3), flattened into a token se-
quence, and summed with a learnable part positional embedding ep ∈ RD (DiT
hidden dim) encoding its component identity. All sequences are concatenated
into a unified token sequence and processed by stacked DiT blocks, where each
block applies global self-attention followed by asset-selective cross-attention.

Global Scene Self-Attention. Within each DiT block, self-attention is first
applied across all components in the unified token sequence, enabling the model
to learn inter-object spatial relationships and physical placement constraints [59].

Asset-Selective Cross-Attention. While self-attention operates globally, cross-
attention is scoped per component, directing each to its relevant image region.
Since the view-selective mask (Eq. 5) depends only on the calibrated camera
center c and voxel coordinates, it generalizes to any voxel latent beyond zss. We
leverage this to construct a unified cross-attention mask Mas ∈ RNtotal×T , where
Ntotal is the total number of voxels across all components and T is the number
of cubemap condition tokens (Sec. 4.2), combining two masking strategies:

Mas[i, j] =

{
Mvs[i, j] ∈ R(Nov+Nla)×T if voxel i ∈ overall or layout,
M

(k)
as [i, j] ∈ {0, 1}Nk×T if voxel i ∈ asset k,

(8)

where Nov, Nla, and Nk denote the number of voxels in the overall scene, layout,
and asset k respectively. The full mask Mas is formed by stacking Mvs for
the overall and layout components with M

(k)
as for each asset along the voxel

dimension, yielding Ntotal = Nov + Nla +
∑K

k=1 Nk. For the overall scene and
layout components, Mvs[i, j] reuses the view-selective visibility m(pi, f(j); c)
(Eq. 5) applied to the voxel coordinates of zshape and zmat (Eqs. 3–4), so that
each voxel attends to the cubemap faces visible from its 3D position. For each
asset k, M(k)

as is defined via mproj(ok, j; c) ∈ {0, 1}, obtained by projecting the
eight corners of ok onto the six cubemap planes using c and the FoV geometry
(Fig. 6, bottom). The resulting 2D bounding rectangles crop the corresponding



InSpace 11

(a) Indoor Scene

(g) Room Type Distribution

15.4%

13.8%

21.7%

26.6%

3.7%
2.2%
3.6%

4.9%

8.2%

LivingDiningRoom

MasterBedroom

Other DiningRoom
Library

KidsRoom

LivingRoom

SecondBedRoom

BedRoom

(b) Assets

(c) Layout (d) 3D OBBs (e) ERP Images & Depth Maps (f) Floorplan

(best viewed zoomed in)

Fig. 7: ERP-FRONT Dataset. Each room from 3D-FRONT is decomposed into
(a) the complete indoor scene, (b) individual assets, (c) structural layout, and (d) 3D
oriented bounding boxes. (e) ERP images with depth maps are rendered from valid
camera positions in (f) the floorplan. (g) Room type distribution across the dataset.

regions from F, setting mproj = 1 for tokens within the region and 0 otherwise.
An asset identity embedding is added to the cropped tokens, so that when Mk

as

is stacked into the unified Mas, the model can identify the asset associated with
each token. Since 3D OBB projection depends only on ok, this mask is shared
across all voxels within asset k. The mask Mas is added to the attention logits:

AS-CrossAttn(Q,K,V;Mas) = softmax
(
QK⊤
√
dh

+ logMas

)
V. (9)

where Q ∈ RNtotal×dh are voxel queries from the unified token sequence, and
K,V ∈ RT×dh are keys and values projected from F. This enables layout com-
ponents to attend to their geometrically visible cubemap faces via Mvs, while
each asset k attends exclusively to its OBB-projected image region via M

(k)
as ,

recovering fine-grained appearance details. The outputs are unflattened and de-
coded by D to produce the final textured 3D mesh.

4.4 Training Objective

All three models Fss, Fshape, and Fmat (Eqs. 2–4) are trained with rectified
flow matching [42]. Given a ground-truth latent x0 and noise ϵ ∼ N (0, I), we
construct the interpolant xt = (1− t)x0 + t ϵ at t ∼ U(0, 1) and train the model
to predict the velocity field: L = Et,x0, ϵ

[
∥vθ(xt, t, F, M)− (ϵ− x0)∥2

]
where

F denotes the cubemap condition features and M is the stage-specific attention
mask: Mvs (Eq. 6) for Fss, and Mas (Eq. 8) for Fshape and Fmat. For material
generation, vθ additionally conditions on the generated shape latent zshape via
concatenation (Eq. 4).

5 ERP-FRONT Dataset

We construct ERP-FRONT, a paired ERP-Image-to-3D indoor scene dataset
built on 3D-FRONT [13], rendered using BlenderProc [9]. Each house is decom-
posed at the room level (one or more rooms per house), and for each room we
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extract the structural layout (floors and walls), individual assets with their 3D
OBBs, and a floorplan encoding asset positions (Fig.7(a)-(f)). To render ERP
images, we search for valid camera positions on a uniform grid within each room,
requiring a minimum clearance of 30 cm from all assets to reduce occlusion. The
resulting dataset comprises 5,962 houses and 13,292 rooms, totaling approxi-
mately 29K ERP-Image-mesh pairs. The average room area is 19.8 m2 with 8.4
assets per room. We split the data into 12,121 training rooms (26.5K ERP-
image-mesh pairs) and 1,144 test rooms (2.5K pairs). Room type distribution is
shown in Fig. 7(g). More details are provided in Sec. 1 of the supplementary.

6 Experiments

6.1 Implementation Details

Our framework is built upon TRELLIS.2 [55], using all VAE encoders and de-
coders with pretrained weights without finetuning. For sparse structure gener-
ation (Eq. 2), we set c0 = 8, N0 = 64, s0 = 4, yielding a latent resolution of
163. For shape and texture generation (Eqs. 3–4), the SC-VAE uses csc = 32
channels with downsampling factor s = 16 on an N = 512 grid, producing
sparse latents at 323 resolution. All stages use a frozen DINOv3 ViT-L/16 [52]
encoder (512 × 512 input, Tf = 1029 tokens, Dc = 1024). The scaling factor in
Eq. 5 is set to α=50. Each generation model has 30 DiT blocks (D = 1536, 12
heads, dh = 128) finetuned from pretrained weights with AdamW (lr 5× 10−5).
Fss, Fshape, and Fmat are trained for 120, 60, and 24 epochs respectively on 6×
NVIDIA A100 GPUs with batch size 4 per GPU. The 3D bounding box detector
is a lightweight 3D U-Net [62] (12.5M parameters) trained on the decoded CSG.

6.2 Evaluation Setup

Model Configuration. Our default model is trained with view-selective cross-
attention (Stage 2) and asset-selective cross-attention (Stage 3), with Layout-
Guided Structure Inversion at t0 = 0.7 during inference.
Compared Methods. While a few prior works have explored panoramic 3D
scene understanding [12], their code is unavailable, making direct comparison
infeasible. We therefore compare against recent single-image scene generation
methods: SceneGen [46], MIDI [19], and SAM3D [6]. For each test scene, we
extract the perspective view that maximizes asset visibility from the ERP image
by projecting 3D bounding boxes onto candidate views. This image, along with
its segmentation mask [24], is provided as input. As these methods operate in
their own coordinate systems, we manually align the generated scenes to the
ground truth before refining with ICP [3]. Comparisons with existing methods
use 20 samples due to manual alignment. Quantitative and qualitative compar-
isons with these methods are provided in Sec. 4 of the supplementary.
Metrics. For 3D evaluation, we measure Voxel IoU, Chamfer Distance (CD),
and F1-Score on the coarse structure (Stage 2, Fig. 9(a)) at the scene level, as
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Fig. 8: Qualitative results on ERP-FRONT. Given an ERP image and its cube-
map decomposition (top), InSpace generates the overall scene, structural layout, and
individual assets. Four examples are shown with ground truth for comparison.

this stage captures overall room geometry before asset decomposition. On the
generated meshes (Stage 3), we evaluate CD and F1-Score at both scene and
asset level, where assets are matched to ground truth via estimated and GT
bounding box alignment. For 2D evaluation, we render Stage 3 outputs from
a top-down orthographic view and six interior views along cubemap directions
(Fig. 9(b)), using PSNR and LPIPS.

6.3 Results

For qualitative results, Fig. 1 and 8 show generated scenes on ERP-FRONT,
where InSpace produces complete scenes whose layout and assets match the
ground truth. To assess generalization beyond the synthetic ERP-FRONT, we
test on ReplicaPano [12], which provides ERP images extracted from the realistic
Replica dataset [53]. Additional results on ERP-FRONT and ReplicaPano, along
with comparisons against single-image scene generation methods, are provided
in Sec. 3–4 of the supplementary. For quantitative results, Table 1 shows perfor-
mance under different configurations. t0=0.5 achieves the best IoU in Stage 2,
while in Stage 3, t0=0.7 performs marginally better across most metrics.
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Table 1: Quantitative results on ERP-FRONT test set. (Left) Coarse structure
generation (Stage 2) under different configurations. VS: view-selective cross-attention.
Inv: Layout-Guided Structure Inversion. (Right) Full scene generation (Stage 3) at
scene/asset level. All CD values multiplied by 103. Best and second-best highlighted.

Stage 2: Coarse Structure Stage 3: Full Scene Generation

PSNR↑ LPIPS↓

Configuration IoU↑ F1↑ Prec.↑ Rec.↑ CD↓
(×103)

Level CD↓
(×103)

F1@.01↑ F1@.02↑ Top
-down

Int
-erior

Top
-down

Int
-erior

Trained w/o VS-CrossAttn
w/o VS 44.36 55.61 55.69 55.76 15.92 - - - - - - -

Trained w/ VS-CrossAttn Trained w/ AS-CrossAttn
w/ VS (t0=1.0) 57.54 69.07 69.19 69.12 7.68 Scene 1.52 35.26 79.89 19.02 11.22 0.228 0.653

Asset 1.92 53.42 76.28 - - - -
+ Inv (t0=0.3) 58.06 69.66 70.07 69.49 7.41 Scene 1.48 36.63 81.48 19.17 11.22 0.219 0.651

Asset 1.80 55.42 78.65 - - - -
+ Inv (t0=0.5) 58.48 69.97 70.33 69.82 7.66 Scene 0.79 36.01 81.69 19.16 11.22 0.224 0.654

Asset 1.02 53.77 77.59 - - - -
+ Inv (t0=0.7) 57.09 68.78 68.97 68.79 7.76 Scene 0.63 36.69 82.10 19.17 11.22 0.220 0.650

Asset 1.72 56.71 79.52 - - - -

6.4 Ablation Study

View-Selective Cross-Attention. To evaluate the effectiveness of view-selective
(VS) cross-attention, we train a model with standard cross-attention (w/o VS)
alongside our default model (w/ VS). Table 1 (left) compares the two models on
Stage 2. Without VS, all voxels attend uniformly to the full cubemap, yielding
IoU of 44.36. VS cross-attention raises IoU to 57.54 and halves CD, confirming
the importance of spatially grounded conditioning (Fig. 10(a-2 vs. a-3)).
Layout-Guided Structure Inversion. Using the w/ VS model, we vary t0
at inference (Table 1, left). t0 = 0.5 achieves the best IoU, and all inversion
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Fig. 9: Rendered evaluation views on ERP-FRONT. (a) Coarse structure (Stage
2) and (b) full scene generation (Stage 3), rendered from a top-down view and six inte-
rior views from the camera center along cubemap directions for quantitative evaluation.
Cyan dots indicate the calibrated camera center.
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(a-2) w/o VS-
CrossAttn

(a-3) w/ VS-
CrossAttn

(a-4) w/ VS-
CrossAttn + 
Inv (t₀=0.5)

(a-1) GT

(a) Top-down view of Generated Coarse Structure
(same room, varying camera positions)

Invisible 
Region

Camera Center

(c) 3D metric vs. Room Floor Area(b) 3D metric vs. Camera-to-Room-
Center Distance 

Fig. 10: Ablation on Stage 2 across camera positions. (a) Generated coarse
structure from different camera positions in the same room. (b, c) Quantitative metrics
across multiple rooms: w/o VS degrades sharply with camera-to-room-center distance
(b) and room floor area (c), while VS with Inversion remains robust.

settings yield consistently strong results with marginal differences, confirming
the robustness of Layout-Guided Structure Inversion.
Camera Position Robustness. Fig. 10(a) shows coarse structures from differ-
ent camera positions in the same room. The w/o VS model predicts inconsistent
and incorrect layouts across positions (a-2), while the w/ VS model consistently
recovers accurate room layouts (a-3,4). Notably, when the camera position in-
troduces occluded regions, the model often generates assets in invisible areas.
Fig. 10(b) measures Voxel IoU and CD as a function of camera-to-room-center
distance. The w/ VS model maintains performance, while the w/o VS model
degrades rapidly. Fig. 10(c) shows that the w/ VS model maintains robust per-
formance across room sizes, while the w/o VS model degrades rapidly.

7 Conclusion

We presented InSpace, a framework for generating complete 3D indoor scenes
from a single ERP image. Leveraging full 360° coverage, InSpace introduces
view-selective and asset-selective cross-attention for spatially grounded genera-
tion, with Layout-Guided Structure Inversion to incorporate geometric priors at
inference. Trained on ERP-FRONT, a paired ERP Image-to-3D dataset based
on 3D-FRONT, experiments show strong performance across 3D and 2D metrics.
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