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RGB-D Panorama Generation from Single View 3D Gaussian Scene Generation
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Figure 1. In this work, we introduce Multi-plane Synchronization to generalize 2D diffusion models to multi-plane omnidirectional
representations (i.e., cubemaps), and DreamCube for RGB-D cubemap generation. The proposed approaches can be applied to different
tasks including RGB-D panorama generation, panorama depth estimation, and 3D scene generation.

Abstract

3D panorama synthesis is a promising yet challenging
task that demands high-quality and diverse visual appear-
ance and geometry of the generated omnidirectional con-
tent. Existing methods leverage rich image priors from pre-
trained 2D foundation models to circumvent the scarcity
of 3D panoramic data, but the incompatibility between 3D
panoramas and 2D single views limits their effectiveness.
In this work, we demonstrate that by applying multi-plane
synchronization to the operators from 2D foundation mod-
els, their capabilities can be seamlessly extended to the om-
nidirectional domain. Based on this design, we further in-
troduce DreamCube, a multi-plane RGB-D diffusion model
for 3D panorama generation, which maximizes the reuse
of 2D foundation model priors to achieve diverse appear-
ances and accurate geometry while maintaining multi-view
consistency. Extensive experiments demonstrate the effec-
tiveness of our approach in panoramic image generation,
panoramic depth estimation, and 3D scene generation.

† Corresponding author.

1. Introduction

Humans live in a fully immersive 3D environment. Simu-
lating this immersive experience is crucial for applications
such as virtual reality, gaming, and robotics [47, 58, 65].
As a fundamental technology for building 3D world, omni-
directional content synthesis aims to generate visual content
that covers a full 360◦ × 180◦ field of view, encompassing
both appearance and geometry. Despite this necessity, mod-
ern generative models [8, 28, 41] require large amounts of
training data, yet the scale of currently available omnidirec-
tional assets remains relatively small compared to conven-
tional perspective images.

Leveraging the rich image priors from pre-trained 2D
diffusion models [41], previous works [1, 9, 21, 30, 51–
53, 60, 62] explore repurposing diffusion-based image gen-
erators to create 360◦ panoramas, which circumvents the
problem of insufficient panoramic data. While most of these
works [1, 9, 52, 53, 60, 62] adopt equirectangular projection
(ERP) for panoramas for simplicity, this approach intro-
duces significant challenges. The ERP causes severe spatial
distortions near the poles, resulting in a pixel distribution
fundamentally different from that of perspective images on
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Figure 2. Motivation. Previous works [50, 55] on RGB-D
panorama generation is based on equirectangular representations
and only supports Euclidean depth instead of the more popular
Z-depth. However, the distribution of Euclidean depth is quite
different from that of RGB images (e.g., circles on flat surfaces
as highlighted by orange dashed boxes), which hinders the use of
pre-trained 2D diffusion priors. Multi-plane methods [21, 51] sup-
port Z-depth, but their adopted FoV overlapping techniques lead
to depth ambiguity, as highlighted by red dashed boxes. Different
from existing works, our approach supports multi-plane Z-depth
generation without using FoV overlapping techniques.

which the pre-trained models were trained. These distor-
tions not only affect visual quality but also limit the trans-
ferability of pre-trained knowledge, resulting in suboptimal
generation quality particularly at the poles.

Another solution for panoramic synthesis is the multi-
plane approach, which utilizes 2D diffusion to generate
synchronized multi-perspective images. In general, multi-
plane images are closer to the in-domain distribution of the
pre-trained 2D diffusion models and can natively produce
higher resolution panoramas. However, the separate genera-
tion of multiple planes leads to severe seam inconsistencies.
To the best of our knowledge, all existing works [21, 51] on
multi-plane panorama generation adopt field-of-view (FoV)
overlapping to improve seam inconsistencies. Although
effective to some extent, the overlapping planes actually
cause computational redundancy and reduce the effective
image resolution. Moreover, we empirically found that
FoV-overlapping multi-planes are exhibit significant incom-
patibilities in non-image domains, such as the latent space
of LDM [41] and the Z-depth domain, as shown in Fig-
ure 2. These incompatibilities manifest as conflicting, non-
unique z-depth values at overlapping regions, leading to the
artifacts in the end. These limitations lead to a fundamen-
tal question: Can seam inconsistencies be resolved without
FoV overlapping?

To address this question, we present the first thorough

Table 1. Comparisons of different panorama generation methods.
Omni. refers to Omnidirectional (360°× 180°).

Methods Condition Output Resolution† Omni.
Text2Light [4] text HDR 512× 1024 ✓

LDM3D-Pano [49] text RGB-D 512× 1024 ✓

OmniDreamer [1] image RGB 256× 512 ✓

Diffusion360 [9] text/image RGB 512× 1024 ✓

MVDiffusion [51] text/text-image RGB 256× 256× 8 ‡ ×
PanFusion [62] text/text-layout RGB 512× 1024 ✓

PanoDiffusion [55] image RGB-D 256× 512 ✓

CubeDiff [21] text-image RGB 491× 491× 6 ‡ ✓

DreamCube (Ours) text-image RGB-D 512× 512× 6 ✓

†Base resolution without super-resolution or post-processing.
‡Calculated effective resolution accounting for overlapping fields of view.

analysis of 2D diffusion models to identify the causes of
seam inconsistencies in multi-plane generation. Our anal-
ysis reveals that these inconsistencies are rooted in the
translational inequivalence of certain neural operators in
the omnidirectional image domain. Surprisingly, we find
that by adapting these operators to be omnidirectionally
translation-equivalent, existing 2D diffusion models can
generate seam-consistent panoramic multi-planes without
requiring fine-tuning or FoV overlapping. In this work, we
refer to this adaptation as “multi-plane synchronization”.

Building on multi-plane synchronization, we introduce
DreamCube, a novel framework for generating RGB-Depth
(RGB-D) cube maps from a single view through joint
panoramic appearance and geometry modeling. Inspired
by previous work on diffusion-based depth estimation [10,
15, 22, 26], we repurpose the pre-trained 2D diffusion
model for multi-plane image and depth generation. Un-
like previous approaches [49, 55] to equirectangular RGB-
D panorama generation, we adopt cube maps as panorama
representation. This choice is significant because pixels in
each plane of a cube map are uniformly distributed (due
to perspective projection rather than equirectangular pro-
jection) and therefore align with the in-domain distribution
of the pre-trained 2D diffusion models. Table 1 compares
our approach with existing panorama generation methods
across key dimensions. Together with multi-plane synchro-
nization, our method maximally exploits pre-trained 2D dif-
fusion models for joint modeling of panoramic appearance
and geometry. The resulting RGB-D cubemaps can be eas-
ily lifted to 3D scene, effectively enabling single-view to
omnidirectional 3D scene generation.

Our main contributions are as follows:
• We thoroughly analyze the operator incompatibilities of

existing 2D diffusion models for panoramic multi-plane
generation, and propose a multi-plane synchronization
strategy that enables seam-consistent cubemap generation
without fine-tuning or FoV overlapping.
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• Based on multi-plane synchronization, we further intro-
duce DreamCube, a masked RGB-D cubemap generator
from single view for panoramic appearance and geometry
generation.

• Extensive experiments demonstrate the effectiveness of
our approach in RGB-D panorama generation, panoramic
depth estimation, and 3D scene generation.

2. Related Work
2D panorama generation. Panorama image generation
aims to create 360-degree panoramas from text prompts or
partial images. Early works [4, 36] utilized GAN [11] for
panorama generation, while recent diffusion models have
enabled more sophisticated panoramic synthesis. Current
approaches either iteratively outpaint 360° panoramas from
narrow field-of-view images [2, 30, 33] or directly gener-
ate complete panoramas [51–53, 55, 60, 62]. Many meth-
ods employ equirectangular projection (ERP) to represent
360°×180° views, but face challenges with geometric dis-
tortions, particularly in polar regions. PanFusion [62] ad-
dresses this through a dual-branch diffusion model com-
bining panorama and perspective domains with specialized
attention mechanisms, while DiffPano [60] introduces a
spherical epipolar-aware attention module for consistency.
Various denoising and decoding strategies [52, 53, 55] have
been proposed to reduce stitching artifacts. To avoid polar
distortion and leverage pretrained perspective image diffu-
sion models, alternative approaches [21, 51] generate multi-
ple perspective views. CubeDiff [21] introduces a cubemap
representation that projects the 360° view onto six faces of a
cube, effectively eliminating severe distortions while main-
taining consistency. Yet these multi-plane approaches use
FoV overlapping to reduce seam artifacts, which introduces
computational redundancy and limits effective resolution.
Generative depth estimation. Various methods explore
diffusion models for depth estimation [6, 20, 44, 45, 63].
Marigold [22] converts pretrained Latent Diffusion Models
into image-conditioned depth estimators. However, directly
applying these depth estimation methods to panoramic im-
ages presents challenges: the domain gap between ERP and
perspective image representations degrades performance.
Alternatively, estimating depth for multiple perspective
views independently requires an additional alignment step
to ensure consistency. DAC [12] attempts to jointly learn
depth in both ERP and perspective spaces within a unified
framework, but its effectiveness remains limited.
Joint appearance and geometry modeling. Another line
of works jointly models appearance and geometry [7, 29,
57]. GeoWizard [10] extends Stable Diffusion with a ge-
ometry switcher and scene distribution decoupler to jointly
predict depth and normals. Orchid [26] trains a VAE
for a new joint latent space incorporating depth and nor-
mals. This joint modeling strategy has also demonstrated

effectiveness in specific domains, such as human-centric
scenarios [19, 24, 34]. Following this trend, we jointly
model appearance and depth information for panorama gen-
eration to enhance scene structure understanding and ob-
tain high-quality depth maps for subsequent 3D scene cre-
ation. Unlike previous RGB-D panorama generation meth-
ods [49, 55], our approach operates directly on perspective
images, better leveraging prior knowledge from pretrained
models while jointly modeling appearance and depth for
high-quality panoramic scene creation.

3. Multi-plane Synchronization

3.1. Preliminary: Panorama Representations
Panorama representations refer to methods of storing 360-
degree images or videos, allowing viewers to look in all di-
rections from a single viewpoint. Equirectangular and cube
map formats are the two primary formats due to their com-
patibility with existing image processing frameworks.

Equirectangular representations project the panoramic
content onto a rectangular grid, where the horizontal axis
represents the longitude and the vertical axis represents the
latitude. This format is one of the most commonly used for
storing and transmitting 360-degree images and videos due
to its simplicity and compatibility with standard image and
video formats. Despite its ease of use, the equirectangular
representation suffers from significant distortion, especially
near the poles, where the pixels are stretched.

Cube map representations divide the panoramic scene
into six square faces of a cube, each representing a 90-
degree field of view. The primary advantage of the cube
map is its uniform distribution of pixels across the entire
field of view, which minimizes distortion compared to the
spherical representation. However, it can introduce discon-
tinuities at the edges where the cube faces meet, which may
require additional processing to ensure seamless transitions.
In our work, we adopt the cube map representation for its
minimal distortion and compatibility with pre-trained 2D
diffusion models.

3.2. Multi-plane Synchronization
Directly applying 2D diffusion models pre-trained on
single-view images to multi-plane panoramic representa-
tions like cube maps faces a fundamental limitation: They
generate each face independently with no inherent correla-
tion, which leads to discontinuities at the seams of adjacent
cube faces. To address this issue, we propose Multi-plane
Synchronization, which achieves seamless panoramic gen-
eration without the need for fine-tuning or explicitly con-
structing overlapping regions [21, 51].

To present our multi-plane synchronization, we use U-
Net-based iffusion models [41] and six-plane cube maps
throughout this work. The principles established, however,
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(b) Converted equirectangular images.

Figure 3. Results of Multi-plane Synchronization on pre-trained 2D diffusion models: SD2 [41], SDXL [39], and Marigold [22]. Our
method enables 2D diffusion to generate multi-plane synchronized omnidirectional image representations without fine-tuning.

are architecture-agnostic and can be adapted to other diffu-
sion frameworks, such as DiT [37] and alternative panorama
representation with minimal modifications.

Analysis of spatial operators. Neural operators should
ideally maintain translation-equivalence in omnidirectional
representations, but standard operators (e.g., self-attentions)
in 2D diffusion models break this property. For instance,
in standard 2D convolutions, boundary pixels of each cube
face are padded with zeros instead of information from ad-
jacent faces, resulting in discontinuities at cube map seams.
Therefore, all operators of 2D diffusion involving the spa-
tial domain must be adapted to ensure translation invariance
in the omnidirectional domain.

Synchronizing spatial operators to cube maps. For
U-Net-based diffusion models, we adapt three key oper-
ators from single-view (H × W ) to multi-plane domains
(M × H × W , where M = 6 for cube maps): (1) synced
attentions - reshaping tokens from (BM)× (HW )× C to
B × (MHW )×C, enabling attention to operate across all
faces simultaneously; (2) synced 2D convolutions - replac-
ing zero-padding with geometrically projected pixels from
adjacent faces; and (3) synced group normalizations - cal-
culating statistics globally across all planes rather than per-
view independently.

Remarks. While individual adaptations of these opera-
tors exist in previous works-flattened attentions in [21, 46],
projective resampling in [36], and tiled group normal-
izations in [16, 21], none provides a comprehensive so-

lution. Our proposed multi-plane synchronization offers
a more complete and systematic adaptation of 2D diffu-
sion models to support the omnidirectional image domain.
As shown in Figure 3, our method can be applied to var-
ious pre-trained 2D diffusion models, such as Stable Dif-
fusion [41] and Marigold [22], to achieve omnidirectional
generation. These results demonstrate the effectiveness and
potential of our method in omnidirectional vision tasks such
as panorama generation and panoramic depth estimation.

4. Method

In this section, we introduce DreamCube, a masked RGB-
D cube map diffusion model for joint panoramic appearance
and geometry generation.

4.1. Generative Formulation
We conceptualize the generation of RGB-D cube map as the
production of six colored images xc ∈ RM×H×W×3 and
their corresponding depth maps xd ∈ RM×H×W , where
M = 6 denotes the number of cubic views. Each of these
views is associated with a specific face of the cube map,
namely front, right, back, left, up, and down. Given single-
view RGB-D images and multi-view texts as conditions, our
model aims to generate RGB-D images of other cubic views
through a synchronous diffusion denoising process.

At training time, we first encode the colored cube map
xc and the corresponding depth cube map xd into latents
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Figure 4. Training and inference framework of DreamCube for RGB-D cube map generation. At training time, RGB-D cube faces are
encoded by synced VAE and injected masked Gaussian noises, obtaining image and depth latents. These latents are concatenated with
positional encoding and mask as diffusion U-Net’s input. The entire U-Net is fine-tuned with v-objective [42] to learn to jointly denoise
RGB and depth latents. At inference time, DreamCube receives single-view RGB-D images and multi-view texts as input and generates
completed RGB-D cube map representations via iterative diffusion denoising and synced VAE decoding.

zc ∈ RM×H′×W ′×4 and zd ∈ RM×H′×W ′×4 using a pre-
trained VAE [41]. In particular, the depth inputs xd are
broadcasted to 3-channels to match the configuration of the
VAE. Then, the masked Gaussian noises ϵ

(t)
c and ϵ

(t)
d are

sampled and injected into zc and zd, obtaining z
(t)
c and z

(t)
d ,

respectively. Note that the conditional image latent (w.l.o.g.,
we choose the front view as condition) are kept noise-free
throughout the diffusion process. Finally, the image latents
z
(t)
c and depth latents z

(t)
d are concatenated with the posi-

tional encoding and mask on the channel axis and fed into
the diffusion U-Net. We use v-prediction [42] as the learn-
ing objective, and the training loss is given as follows:

L = Exc,ϵc∼N (0,I),t∼U(T )∥v(t)
c − v̂(t)

c ∥22
+ Exd,ϵd∼N (0,I),t∼U(T )∥v

(t)
d − v̂

(t)
d ∥22,

where v
(t)
c and v

(t)
d are predicted by the diffusion U-Net.

At inference time, the conditional image latents cc ∈
R1×H′×W ′×4 and depth latents cd ∈ R1×H′×W ′×4 are
concatenated with Gaussian noises to get the initial noisy
latents z

(T )
c and z

(T )
d . These noisy latents will be itera-

tively denoised as the time step decreases from T to 1 to get
noise-free cube map latents z(0)

c and z
(0)
d . The final results

can be obtained by decoding these latents with VAE.

4.2. DreamCube: RGB-Depth Cube Diffusion

As illustrated in Figure 4, DreamCube adopts several de-
signs to enable RGB-D cube map generation from a sin-
gle view, which involves depth data processing, omnidirec-
tional position encoding, and multi-plane synchronization.

Depth data processing. Panoramic depth data usually
uses the Euclidean distance metric, the depth distribution of
which is significantly different from the RGB image distri-
bution (e.g., the circle on the flat wall as shown in Figure 2),
which hinders the joint modeling of RGB images and depth
maps. Therefore, unlike previous works [49, 55], Dream-
Cube models the Z-distance, which is more consistent with
the diffusion image priors, rather than the Euclidean dis-
tance.

Additionally, DreamCube estimates the depth maps of
other cubic views based on the conditional view. Even
though the conditional depth values lie in the diffusion’s in-
domain range [−1.0,+1.0], the generated depths of other
views may exceed this range, leading to performance degra-
dation. Inspired by recent work on depth inpainting [35],
we adopt a depth rescaling strategy. Specifically, we rescale
the conditional depth to the range of [−s,+s] before input,
where the real number s is less than 1. This strategy cre-
ates an additional margin for the depth generation of other
views, thus avoiding out-of-domain depth values.

Omnidirectional positional encoding. To ensure geo-
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Figure 5. Comparison between UV encoding and XYZ encoding
for omnidirectional image representations.

metric consistency and coherent object relationships across
generated cube faces, we improve the spatial awareness of
LDM [41] by integrating positional encodings derived from
the 3D geometry of the cube. Specifically, for each point on
a cube face, we project its coordinates onto the unit sphere
with (x, y, z) values normalized to [−1, 1]. These normal-
ized coordinates are then appended as three additional chan-
nels to LDM’s latent representations. This encoding strat-
egy encodes spatial information for each latent patch rela-
tive to its cube face while ensuring smooth omnidirectional
transitions - addressing limitations of the UV-based encod-
ing proposed by CubeDiff [21] (see comparisons in Fig. 5).

Multi-plane synchronized diffusion. As described in
Sec. 3.2, the proposed multi-plane synchronization can im-
prove 2D diffusion models to handle omnidirectional image
representations. Specifically, all self-attentions, 2D convo-
lutions, and group norms in the diffusion U-Net and VAE
are changed to multi-plane synchronized operators. This
strategy enables DreamCube to model multi-plane omnidi-
rectional representations, significantly alleviating the tricky
issues of discontinuous seams and inconsistent color tones
in cube map generation.

4.3. Building 3D Scene from RGB-D Cubemap
The generated RGB-D panoramas contain the direction and
distance of each pixel, so a colored 3D point cloud can
be obtained by projecting all pixels into 3D space. We
can further convert the point cloud into different 3D rep-
resentations, such as 3D meshes and 3D Gaussians [23].
Note that these conversions can be achieved either by dif-
ferentiable optimization or by handcrafted algorithms. We
choose handcrafted algorithms for fast 3D scene reconstruc-
tion in seconds from RGB-D panoramas. Specifically, for
3D mesh reconstruction, we use the obtained point cloud as
vertices, and the vertex colors are assigned by the RGB val-
ues of the corresponding pixels. The connections between
vertices can be extracted based on the adjacency relation-
ship of image pixels. For 3D Gaussians, the position and
color of each Gaussian point can be directly assigned from
the colored point cloud, while other properties are inferred

using a method similar to WonderWorld [61].
It is worth mentioning that different panoramic projec-

tions affect the quality of the reconstructed 3D scene. For
equirectangular-based RGB-D panoramas, due to the sig-
nificant geometric distortion at the poles, the reconstructed
3D point cloud will be unevenly distributed and particularly
dense at the top and bottom poles. In contrast, the distribu-
tion of 3D points from RGB-D cubemap is more uniform
and regular, as shown in Figure 9.

5. Experiment
5.1. Implementation Details
We implement both Multi-plane Synchronization and
DreamCube using PyTorch. For DreamCube, we utilize
Stable Diffusion v2 [41] as pre-trained backbone. At train-
ing time, we adopt the DDPM noise scheduler [18] with
1000 timesteps. We use a batch size of 4 for training, where
the resolution of RGB images and depth maps is 512×512.
Random rotation and flipping are used to expand the amount
and diversity of panorama training data. The depth rescal-
ing parameter s is randomly sampled from a uniform distri-
bution in [0.2, 1.0] during training. We froze the VAE and
fine-tuned the diffusion U-Net for 10 epochs. We use the
AdamW optimizer with a learning rate of 2 · 10−5. The en-
tire training process took approximately two days on four
Nvidia L40S GPUs. At inference time, we adopt the DDIM
noise scheduler [48] with 50 sampling steps. The depth
rescaling parameter s is fixed to 0.6 for inference.

5.2. Datasets
We conduct experiments in two distinct data settings to
comprehensively evaluate the performance of our method
across various scenarios:

Indoor setting. To ensure fair comparison with prior
work, we first evaluate our approach on the Structured3D
dataset [64], which provides equirectangular indoor RGB-D
panorama with a 512×1024 resolution. Following the same
experimental protocol as PanoDiffusion [55], we utilize
their exact data split consisting of 16,930 training, 2,116
validation, and 2,117 test instances. Besides, the SUN360
dataset [56] is also used for out-of-domain evaluation.

General setting. To further evaluate our model’s
generalization capabilities across diverse environments,
we construct a more comprehensive dataset by combin-
ing multiple publicly available sources, including Struc-
tured3D [64], Pano360 [25], Polyhaven [40], Humus [38],
HDRI-Skies [13] and iHDRI [14]. This combined dataset
encompasses a broad spectrum of both indoor and outdoor
environments, resulting in more than 30,000 panoramic in-
stances. This general setting allows us to evaluate the ro-
bustness of our approach across a wider range of scenarios.

Data processing pipeline. All panorama data needs to
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be processed into a unified format, including RGB cube
maps, depth cube maps, and image captions for each cube
face. For datasets not originally in cubemap format, we ap-
ply standard perspective projection to produce cube maps.
Next, we adopt BLIP-2 [31] to obtain image captions of
all cube faces. While the Structured3D dataset includes
depth data, the other datasets only contain RGB data. To
annotate the depth of these panoramas, we build a high-
resolution panorama depth estimation pipeline by connect-
ing the existing panorama depth estimation work Depth
Anywhere [54] and the image-guided depth up-sampling
work PromptDA [32], which supports panoramic depth es-
timation at 4K resolution. We use this pipeline to perform
depth estimation on equirectangular-based panoramas and
then project the obtained depth panoramas into cube maps.

5.3. RGB-D Panorama Generation

Evaluating RGB-D panorama generation from a single view
presents unique challenges due to the absence of stan-
dardized benchmarks. We train and test our method on
the standard split of the Structured3D [64] dataset follow-
ing another RGB-D panorama generation work, PanoDif-
fusion [55]. To comprehensively evaluate the capabilities
of our method, we evaluate the RGB panorama quality and
depth panorama accuracy separately tailored to each modal-
ity’s characteristics.

Evaluation protocol for RGB panorama genera-
tion. We evaluate our method on both in-domain Struc-
tured3D [64] and out-of-domain SUN360 [56] datasets.
SUN360 consists of around 1000 panorama images includ-
ing both indoor and outdoor scenes. We use Fréchet Incep-
tion Distance (FID) [17] and Inception Score (IS) [43] to
evaluate the visual quality of generated panorama images.

Evaluation protocol for depth panorama generation.
Since no ground-truth depths exist for generated panora-
mas, we propose a reference-based evaluation protocol. We
first project our generated RGB-D panoramas into mul-
tiple perspective views at randomly sampled viewpoints.
For each projected RGB image, we obtain a reference
depth map using Depth Anything v2 [59], a state-of-the-art
monocular depth estimator. This provides pseudo ground-
truth depth for each perspective view. We then compare
projected depth maps against these reference depths using
standard metrics: δ-1.25, AbsREL, RMSE and MAE, fol-
lowing the implementation in [5].

Quantitative results for RGB panorama generation.
We compare our approach with state-of-the-art panorama
generation methods including OmniDreamer [1], LDM3D-
Pano [50], Diffusion360 [9], MVDiffusion [51], PanoDif-
fusion [55], and PanFusion [62]. The comparison results
are reported in Table 2. Our method performs competi-
tively on both in-domain and out-of-domain datasets with
the best overall ranking. Note that for SUN360, we only

Table 2. Quantitative results on RGB panorama generation
compared with state-of-the-art methods, evaluated on both in-
domain Sturctured3D and out-of-domain SUN360 datasets.

Methods Structured3D SUN360 Avg. RankFID ↓ IS ↑ FID ↓ IS ↑

OmniDreamer† [1] 97.46 3.35 128.17 2.29 7.0
LDM3D-Pano [50] 32.57 6.13 72.67 4.86 3.3
Diffusion360† [9] 26.23 4.85 63.03 4.21 3.5
MVDiffusion [51] 35.99 5.00 67.22 4.33 4.0
PanoDiffusion [55] 16.20 4.04 80.02 3.91 4.8

PanFusion [62] 44.86 6.18 84.25 4.98 3.8

DreamCube (Ours) 12.58 5.50 66.56 5.35 1.8
†Including SUN360 as training data.

Table 3. Quantitative results on depth panorama generation
compared with RGB-D panorama generation methods: LDM3D-
Pano [50], PanoDiffusion [55], and panoramic depth estimation
method: Depth Any Camera (DAC) [12].

Methods δ-1.25 ↑ AbsRel ↓ RMSE ↓ MAE ↓
LDM3D-Pano [50] 0.655 0.199 0.323 0.267
PanoDiffusion [55] 0.695 0.160 0.301 0.255

DAC [12] 0.751 0.139 0.266 0.220

DreamCube (Ours) 0.787 0.133 0.256 0.211

use it for out-of-domain evaluation while Diffusion360 and
OmniDreamer use it for training. Nonetheless, our method
significantly outperforms both methods on inception score.

Quantitative results for depth panorama generation.
We compare our approach with RGB-D panorama genera-
tion methods: LDM3D-Pano [50], PanoDiffusion [55], and
panoramic depth estimation method: Depth Any Camera
(DAC) [12], and the results are reported in Table 3. Our
method outperforms the competing methods consistently on
all metrics, demonstrating the superiority of the proposed
joint RGB-D cube map generation in obtaining accurate ge-
ometry compared to equirectangular-based RGB-D genera-
tion and depth estimation methods.

Qualitative results. We provide visualization results
of the generated RGB-D panorama, as shown in Fig-
ure 6. Compared with the equirectangular based RGB-
D panorama generation methods: LDM3D-Pano [49] and
PanoDiffusion [55], our method is able to obtain more de-
tailed and accurate geometry. Moreover, our generated
RGB panoramas have fewer artifacts than PanoDiffusion
which uses the same training set as ours. We attribute these
advantages to the fact that the cube map representations can
better exploit the 2D diffusion’s image priors compared to
the geometrically distorted equirectangular representations.
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DreamCube (Ours)

PanoDiffusion

LDM3D-Pano (text cond.)

Ground Truth

Figure 6. Qualitative results of the proposed DreamCube on RGB-D panorama generation compared with RGB-D panorama generation
methods: LDM3D-Pano [50] and PanoDiffusion [55]. The green dashed boxes highlight the input image condition.

Marigold + Multi-plane Sync. (Ours)

w/ multi-plane inputs

Marigold

w/ equirectangular input

Input Panorama

Marigold

w/ multi-plane inputs

Depth Any Camera (DAC) Depth Anywhere

Figure 7. Qualitative results of the proposed Multi-plane Synchronization on panoramic depth estimation compared with recent
panoramic depth estimation methods: Depth Any Camera (DAC) [12] and Depth Anywhere [54].

5.4. Panoramic Depth Estimation

Our proposed Multi-plane Synchronization extends nat-
urally to monocular depth estimation, demonstrating its
versatility beyond RGB panorama generation. As shown
in Figure 7, applying our synchronization approach to
Marigold effectively eliminates the discontinuous seams
that occur when processing multi-plane inputs with the orig-
inal model. Qualitative comparisons with recent panoramic
depth estimation methods: Depth Any Camera (DAC) [12]
and Depth Anywhere [54] reveal that our approach cap-
tures more detailed geometric structures while maintaining
the continuity of depth values at left-right seams (which
Depth Anywhere fails). These results show that the pro-
posed Multi-plane Synchronization can effectively general-
ize diffusion-based monocular depth estimation models to

multi-plane omnidirectional representations with painless
modification and minimal performance loss.

5.5. Panorama-to-3D Reconstruction

An important application of DreamCube is fast 3D scene
generation. Benefiting from the joint RGB-D panorama
generation model and the rapid panorama-to-3D projection
algorithm, our approach can achieve 3D scene generation
from a single view in about ten seconds. We present the
visualized results of the generated 3D scenes in both 3D
meshes and 3D Gaussian representations, as shown in Fig-
ure 8. The visual quality of the reconstructed 3D scene
is comparable to that of the original panorama. Addition-
ally, we analyze the impact of different formats of RGB-D
panoramas on 3D reconstruction, as illustrated in Figure 9.
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Generated RGB-D Cubemaps Reconstructed 3D Meshes Reconstructed 3D Gaussians

Figure 8. Panorama-to-3D scene reconstruction. Based on the RGB-D cubemap generated by DreamCube, we can reconstruct the
corresponding 3D scenes in seconds and obtain both 3D mesh and 3D Gaussian [23] representations.

Generated

RGB-D Images

3D Point Cloud

From Equirectangular

3D Point Cloud

From Cubemap

Figure 9. Qualitative comparison of 3D point clouds recon-
structed from equirectangular-based and cubemap-based RGB-D
panoramas. Equirectangular panoramas produce an uneven, ring-
shaped 3D point distribution dense near the poles, while cubemap
panoramas yield a more uniform and regular distribution.

The 3D point distribution derived from equirectangular-
based panoramas is uneven, exhibiting a ring-shaped pattern

with particularly dense points near the poles. In contrast,
the 3D point distribution from cubemap-based panoramas
tends to be more uniform and regular.

5.6. Ablation Study and Analysis

We perform a series of analyses on the proposed Multi-
plane Synchronization and DreamCube to evaluate their ef-
fectiveness and robustness under various conditions.

Ablation analysis of Multi-plane Synchronization. To
analyze the impact of different synced operators, we per-
form different synchronization configurations and provide
the visualization results in Figure 10. Synced self-attention
ensures content consistency across faces, synced group nor-
malization harmonizes color tones, and synced convolu-
tions reduce seam discontinuities. Combining all three op-
erators produces panoramas with seamless transitions, con-
sistent content, and uniform style.

Ablation analysis of DreamCube. We analyze different
components of DreamCube, with results shown in Table 4.
We evaluate both RGB and depth panorama generation on
the Structured3D test split [64], following evaluation pro-
tocol in Sec. 5.3. Both XYZ Positional Encoding (“XYZ
Pos.”) and Multi-plane Synchronization (“Sync.”) improve
performance, with “Sync.” yielding the most substantial
gains, which reduces FID by 8.77 and improves δ-1.25
by 0.103. Specifically, Synced Self-Attention (“SyncSA”)
contributes the most performance gain compared to other
synced operators. Besides, we further provide a qualitative
ablation analysis of XYZ Positional Encoding in Figure 11.
Our design effectively alleviates line artifacts and content
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+ Synced Self-Attn. & GroupNorm

(CubeDiff)

+ Synced Self-Attn. (MVDream) + Synced Conv2d (CubeGAN)

All Sync.

(Ours)

No Sync. (Baseline)

+Synced GroupNorm.

(ScaleCrafter)

Figure 10. Ablation analysis of Multi-plane Synchronization. We adopt Stable-Diffusion v2 as baseline model for multi-plane genera-
tion, and the text prompt used is “The vast cosmos in the style of Van Gogh, with swirling patterns and vibrant colors.”

Table 4. Ablation analysis of DreamCube, where the perfor-
mance evaluation is performed on the Structured3D test split [64].
Both proposed Multi-plane Synchronization and XYZ Positional
encoding bring performance improvements.

Methods RGB Depth
FID ↓ IS ↑ δ-1.25 ↑ AbsRel ↓

w/o XYZ Pos. 13.66 5.57 0.784 0.136
w/o Sync. 21.35 5.62 0.684 0.168

w/o SyncSA 24.38 5.78 0.715 0.158
w/o SyncConv 19.62 5.60 0.779 0.139
w/o SyncGN 18.35 5.51 0.784 0.135

DreamCube (Ours) 12.58 5.50 0.787 0.133

incoherence compared to UV Positional Encoding.
Generalization analysis of DreamCube. To evaluate

DreamCube’s generalization capabilities, we present out-
domain generation results in Figure 12, where the input
RGB images are generated from Flux.1-dev [27]. We ob-
tain the corresponding input depth map using Depth Any-
thing v2 [59]. Despite the significant domain gap between
these inputs and our training distribution, DreamCube suc-
cessfully generates coherent and visually plausible RGB-D

XYZ Positional Encoding (Ours) 

UV Positional Encoding (CubeDiff) 

Visualization Case 1 Case 2

Case 1 Case 2Visualization

Figure 11. Ablation analysis of XYZ Positional Encoding. We
present the qualitative results of the back view of cubemap, where
the UV positional encoding introduces discontinuous numerical
steps. This leads to line artifacts (Case 1) and incoherent visual
contents (Case 2), as indicated by the red dashed box. In contrast,
our proposed XYZ positional encoding alleviates these issues in
both cases, as shown within the green dashed box.
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Input View Converted EquirectangularGenerated Cubemap

Figure 12. Out-domain RGB-D panorama generation. The RGB-D inputs are obtained by Flux.1-dev [27] and Depth Anything v2 [59].
DreamCube demonstrates generalization ability on diverse inputs, maintaining high-quality RGB appearance and geometric consistency.

panoramas, demonstrating its strong generalization ability.

Robustness analysis of DreamCube. DreamCube takes
single-view RGB-D images as input for cubemap genera-
tion. To evaluate the robustness of DreamCube, we test
various types of RGB-D inputs and provide the generated
results in Figure 13. Specifically, we test real-world in-
puts captured by sensors [3]. Unlike synthetic training data,
real-world inputs have low-resolution depth maps and non-
standard camera views. Even so, our method is still able to
generate reasonable panoramas with high-resolution depth

maps, as shown in Figure 13a. In addition, we also test in-
puts with extreme camera views (e.g., elevation and FoV).
DreamCube struggles to generate correct panoramas under
inputs with extreme elevation angles, but shows robustness
to perturbations of the FoV, as shown in Figure 13b.

Efficiency analysis. We provide an efficiency analysis
of our approach in Table 5 compared to the baseline model,
Stable Diffusion v2 (SD2) [41]. Among all synchronized
operators, synchronized Self-Attention (“+SyncSA”) incurs
the most computational cost, increasing TFLOPs by 76.1%
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Real-world Inputs Generated RGB-D Panorama

(a) Generated results from real-world inputs captured by sensors [3]. Even
though the input depth is low-resolution (as indicated by the black dashed
circles), our method is still able to generate high-definition depth maps (as
indicated by the green dashed circles).

Elevation = -45.0

Elevation = 0.0 (In-domain)

Elevation = 45.0

FoV = 45.0

FoV = 90.0 (In-domain)

FoV = 135.0

(b) Generated results from inputs with extreme viewing angles, where the
green dashed boxes highlight the input views.

Figure 13. Robustness analysis of DreamCube to out-domain
RGB-D inputs from real world and extreme viewing angles.

and latency (ms) by 113.1% than no synchronization (“No
Sync.”). This accounts for 86.0% of the latency cost and
almost 100% of the TFLOPs cost incurred by our approach.

6. Limitation
The limitations of our method include high computational
cost and the restricted input conditions. First, DreamCube
samples six image latents at a time, which incurs additional
computational cost and hinders the scalability of training
batches. Nevertheless, compared with existing panorama
generation methods, our method has the superior computa-
tional utilization (effective pixel ratio obtained at the same

Table 5. Efficiency analysis. We evaluate the computational effi-
ciency of SD2’s and DreamCube’s U-Nets in a single forward pass
and report the metrics: TFLOPs and Latency (ms).

Methods FLOPs (T) Latency (ms)

SD2’s U-Net batch-size=1 0.804 35.4
batch-size=6 4.826 138.8

DreamCube’s
U-Net

No Sync. 4.827 139.4
+SyncSA 8.502 297.1

+SyncConv 4.827 144.3
+SyncGN 4.827 152.0
All Sync. 8.502 322.7

computational cost), because it uses a less distorted cube-
map instead of equirectangular, and does not require redun-
dant FoV overlapping for seam continuity. Second, Dream-
Cube is trained with cubemap’s front face as input condi-
tions. When the input distribution deviates from the training
domain, for example, non-frontal view or extreme FoV, the
generated results may fail, as shown in Figure 13.

7. Conclusion
In this work, we thoroughly analyze the limitations of
existing 2D diffusion models when applied to multi-plane
panoramic representations, and propose a multi-plane
synchronization strategy to painlessly generalize pre-
trained 2D diffusion models to the omnidirectional image
domain. This strategy ensures translation equivariance in
the omnidirectional image domain by adapting the spatial
operators in the model without the need for additional
fine-tuning or constructing overlapping views. Benefiting
from multi-plane synchronization, we further introduce
DreamCube, which jointly models RGB and depth cube
maps by leveraging image priors from pre-trained 2D
diffusion. Extensive experiments show that the proposed
approach outperforms previous equirectangular-based
RGB-D panoramic generation methods and holds poten-
tial in panoramic depth estimation and 3D scene generation.
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