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Figure 1. Stepper sets a new state-of-the-art quality level of generated explorable 3D scenes. Its core innovation is a novel cubemap-based
multi-view panorama diffusion model that ensures high-resolution scene synthesis while facilitating step-wise, coherent scene expansion
and high-quality scene reconstruction. Please check out our project page at: fwmb.github.io/stepper

Abstract

The synthesis of immersive 3D scenes from text is rapidly
maturing, driven by novel video generative models and
feed-forward 3D reconstruction, with vast potential in
AR/VR and world modeling. While panoramic images
have proven effective for scene initialization, existing ap-
proaches suffer from a trade-off between visual fidelity and
explorability: autoregressive expansion suffers from con-
text drift, while panoramic video generation is limited to
low resolution. We present Stepper, a unified framework
for text-driven immersive 3D scene synthesis that circum-
vents these limitations via stepwise panoramic scene ex-
pansion. Stepper leverages a novel multi-view 360° dif-
fusion model that enables consistent, high-resolution ex-
pansion, coupled with a geometry reconstruction pipeline
that enforces geometric coherence. Trained on a new large-
scale, multi-view panorama dataset, Stepper achieves state-
of-the-art fidelity and structural consistency, outperforming
prior approaches, thereby setting a new standard for im-
mersive scene generation.

1. Introduction
The synthesis of immersive 3D scenes from text or im-
ages has rapidly evolved from a novel challenge to a cen-
tral task in computer vision, mirroring the unprecedented
success of generative image and video models. [46, 64, 65]
This task serves as an essential stepping stone towards gen-
eral world models, but has immediate applications in spa-
tial computing, particularly for Mixed Reality and next-
generation mapping applications. Crucially, in these set-
tings, synthesized environments must satisfy strict percep-
tual criteria: high-fidelity rendering, visual consistency and
unrestricted navigation within the synthesized environment.

To address this challenge, recent work has largely fo-
cused on two distinct paradigms. The first adopts an it-
erative strategy that leverages generative image or video
models to autoregressively hallucinate and fuse novel views
into an expanding scene representation [4, 5, 10, 16, 47].
While theoretically enabling large-scale exploration, this
approach is susceptible to subtle inconsistencies and con-
text drift, often resulting in accumulating geometric errors

†Work done during Felix’ internship at Google.

1

https://fwmb.github.io/stepper


and degraded visual fidelity. Alternatively, a second line of
work [46, 48, 65, 76] targets lifting 360° panoramas directly
into 3D space. Although these methods deliver superior vi-
sual quality near the projection center, they fundamentally
struggle with occluded regions; rendering viewpoints far
from the origin inevitably introduces artifacts such as blur-
ring and stretched primitives.

To bridge this gap, we propose a method that en-
ables the generation of high-quality 3D scenes, as seen in
Fig. 1 with support for large-baseline navigation, achieved
through three primary contributions. First, we introduce a
multi-view panorama diffusion model. Leveraging an initial
canonical view from [20], this model enables us to essen-
tially ”step” into the scene. Crucially, by processing full
panoramic contexts rather than limited field-of-view per-
spective images, our approach minimizes the accumulation
of geometric and semantic inconsistencies, i.e. context drift.
Simultaneously, it circumvents the resolution bottlenecks of
panoramic video generation, delivering the high-definition
imagery that ensures superior immersion.

Second, we introduce a reconstruction framework that
enforces geometric consistency across multiple panoramic
views. To avoid distortions and undesired artifacts inher-
ent to conventional monocular depth estimators on spherical
data, we decompose our generated multi-view panoramas
into perspective views and process them with a robust feed-
forward SfM model [22] to recover a dense point cloud.
Subsequently, we optimize a 3D Gaussian Splatting [23]
representation for real-time exploration.

Third, we release a large-scale synthetic dataset to over-
come the severe scarcity of multi-view panoramic data. Ex-
isting public collections suffer from limited scale, low res-
olution, and a lack of multi-view observations required to
learn scene exploration. We extend the procedural gener-
ation framework Infinigen [41, 42] to render high-quality,
multi-view panoramic trajectories across a diverse set of in-
door and outdoor environments. Comprising approximately
230 000 samples at 4096 × 2048 resolution across 5,000
scenes, this dataset provides the geometric priors neces-
sary for strong generalization. Additionally, we also curate
a small test set of 3D scenes from Infinigen and the web,
allowing us to benchmark our model against existing base-
lines. To summarize, our contributions are:

1. A multi-view, high-resolution panorama diffusion model
for iterative scene expansion,

2. A robust reconstruction framework that synthesizes gen-
erated multi-view panoramas into a consistent, ex-
plorable representation.

3. A large-scale, multi-view panorama dataset with an ac-
companying benchmark set for improved training and
rigorous evaluation of existing world models.

2. Related Work
In this section we introduce all relevant related work. To
this end, we first start by discussing 2D generative models,
before diving into the literature for 3D reconstruction and
synthesis from images.

2.1. 2D Generative Models

Image Generation. With the introduction of diffusion
models [15, 50, 51], the field of image generation has
recently taken a huge leap forward. Facilitated by ad-
vances in latent space modelling [45] and classifier-free
guidance [14], modern models [8, 27, 40] are capable
of synthesizing photo-realistic images at high resolution
from merely text prompts with reasonable hardware re-
quirements. Methods like LoRA finetuning [18], Con-
trolNets [73] and Adapters [33] allow users to introduce
explicit constraints, enabling tasks ranging from inpaint-
ing [6, 30] to layout-guided synthesis [75].

Controllable Video Generation. Building upon image
foundations, diffusion models have recently demonstrated
remarkable success in video synthesis [17, 25, 35, 36, 52,
53, 59, 66]. To leverage these models for scene exploration,
research has focused on disentangling camera movement
from content generation. By injecting explicit trajectory
and intrinsic control into the denoising process, recent ap-
proaches [13, 58, 71, 72, 74] can be used for controllable
exploration of unobserved parts of a virtual scene.

Panorama Generation. Parallel to video generation, a
distinct line of work focuses on 360◦ panorama synthe-
sis [9, 11, 31, 54, 60], which offers a compact yet com-
prehensive representation of scene context and can serve
as a strong 3D scene initialization. However, most ex-
isting methods rely on generating equirectangular panora-
mas, which introduces significant polar distortions and re-
stricts resolution. To circumvent these limitations, CubeD-
iff [20] proposes repurposing multi-view diffusion models
to jointly synthesize the six faces of a cubemap. We iden-
tify this cubemap-based paradigm as a robust foundation for
3D scene exploration and adopt it as the backbone for our
proposed multi-view panorama generation model.

2.2. 3D Representations from 2D images
Obtaining a 3D scene representation from a set of images
and videos is a long-standing problem in computer vision.

Monocular Depth Estimation. Historically, 3D recon-
struction relied on estimating explicit geometry from sin-
gle views [7, 28]. This field has recently matured into the
era of foundation models; pioneered by MiDaS [43], cur-
rent approaches demonstrate that training on massive, di-
verse datasets unlocks strong zero-shot generalization [62].
Modern depth predictors [3, 21, 63] are able to infer highly-
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detailed geometry from unconstrained images, including
metrically accurate depth maps [19, 37–39, 56, 68].

Joint Pose and Pointmap Estimation. While depth maps
provide local geometry, reconstructing a coherent scene re-
quires aligning multiple views in 3D space. Recent ad-
vances have precipitated a paradigm shift from traditional
Structure-from-Motion pipelines to end-to-end foundation
models. Methods like DUSt3R [57] and its successors pro-
pose to simultaneously regress camera poses and dense 3D
pointmaps directly from image sets. Current state-of-the-art
methods [22, 55] achieve robust reconstruction across large
numbers of input images, leveraging the rich priors distilled
from extensive, densely annotated training datasets.

Novel View Synthesis. To translate these geometric repre-
sentations into immersive exploration, the field has largely
adopted neural rendering techniques. Neural Radiance
Fields (NeRFs) [1, 2, 32] established the standard for pho-
torealistic view synthesis, while 3D Gaussian Splatting
(3DGS) [23, 34, 67] has recently emerged as a dominant
alternative, offering real-time rendering speeds with high
visual fidelity. In this work, we bridge these paradigms by
employing MapAnything [22] to lift our generated multi-
view panoramas into a consistent geometric scaffold, which
is subsequently optimized into a 3DGS representation for
real-time exploration.

2.3. 3D Scene Synthesis

Perspective-based Synthesis. Synthesizing coherent 3D
environments from sparse inputs is a fundamentally ill-
posed problem. Nevertheless, recent methods have made
progress by leveraging advances in generative models and
3D reconstruction. Approaches like DiffDreamer [4],
Text2Room [16], and others [5, 10, 47] adopt an itera-
tive paradigm, using depth estimation to lift images in 3D
and image diffusion to autoregressively fill missing regions,
with extensions to interactive scene generation [61, 69, 70].
These methods inherently rely on partial observations, lead-
ing to severe semantic drift and geometric inconsistencies
when moving far from the origin. Alternative video-based
methods [29] attempt to generate exploration paths directly
but often struggle to maintain multi-view consistency with-
out explicit geometric constraints.

Panoramic Scene Synthesis. To overcome these limita-
tions, recent research has shifted toward panoramic genera-
tion. Methods like HoloDreamer [76] and RfG3D [48] lift
a single generated panorama into 3D but degrade rapidly
during translation due to the lack of disoccluded geome-
try. WorldExplorer [46] and Matrix-3D [65] address this by
driving exploration with panoramic video models, with the
latter achieving improved stability via a feed-forward 3DGS
reconstruction model. However, the computational cost of
video synthesis imposes severe resolution bottlenecks, lim-

iting output fidelity. Inspired by the multi-view success of
CAT3D [12] and CubeDiff [20], we propose to overcome
these trade-offs by treating scene expansion as a multi-
view cubemap generation problem. By iteratively synthe-
sizing high-definition cubemaps rather than low-resolution
panorama videos, our method minimizes drift while main-
taining the photorealistic quality required for immersive ex-
ploration.

3. Method
In the following, we first introduce the required preliminar-
ies before describing our multi-view panorama generation
model for step-by-step 3D scene exploration. Finally, we
present a specialized pipeline, visualized in Fig. 2, to obtain
an immersive 3D scene from multiple exploration steps.

3.1. Preliminaries
Let P ∈ [0, 1]H×W×3 be a panoramic image in the
equirectangular format, which covers the full sphere with
360◦ × 180◦. A 3D point x ∈ R3 can be mapped to the
image plane using the panoramic projection function

πpano(x) =

(
W
360 · arctan (xz, xx)

H
180 · arctan

(
xy,
√

x2
x + x2

z

)) . (1)

A perspective image I ∈ [0, 1]h×w×3 with camera rota-
tion R ∈ SO(3) and focal length f can be obtained from
P through resampling (and vice versa)

Ip(P,R,K) = P

πpano

RK−1

px
py
1

 , (2)

with K denoting the camera intrinsics given the focal length
f , and Ip being the resulting perspective image at pixel p.

3.2. Multi-view Panorama Generation
Most 3D scene synthesis methods start from an input im-
age or panorama and then rely on off-the-shelf 2D image or
video priors to fill in unobserved areas of the scene. How-
ever, as these models are usually conditioned on regular per-
spective images with a small field of view, they often strug-
gle to grasp the entirety of the scene. This results in con-
text drift and 3D inconsistencies. We argue that operating
directly on panoramic images presents a promising alterna-
tive. First, panoramas, when projected to the right represen-
tation, are still 2D and fairly similar to perspective images,
and can thus strongly benefit from pretrained 2D image and
video models. Second, panoramic images always capture a
significant portion of the scene context, ensuring more co-
herence and reducing drift.

To this end, we propose a multi-view panorama gener-
ation model Φd : Pin 7→ Pnv, which synthesizes a novel
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Initial panorama 

Pair of (noisy) panorama cubefaces 
Multi-view panorama 
generation model 
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Figure 2. Method overview. a) Our model generates a new panoramic image from a previously unobserved viewpoint based on a given
input panorama. To ensure high quality, we utilize a pre-trained diffusion model with expanded multi-view attention that is instrumental
for jointly denoising the high-resolution cubefaces of the newly generated novel-view panorama. b) Our ability to generate novel-view
panoramas enables auto-regressive scene generation in all directions of the scene yielding a set of high quality, consistent panoramas that
effectively complete the representation of the 3D scene. c) The generated panoramas are processed with the feed-forward reconstruction
model, i.e. MapAnything. The output pointcloud serves as the initialization of a custom 3D Gaussian Splatting reconstruction enabling
high quality novel view synthesis of the generated 3D scene.

panoramic view by virtually moving a distance d forward
into the scene from the input panorama Pin. Such a model
can thus be naturally utilized for full 3D scene exploration.
By rotating the input panorama Pin by an angle α, which
can be achieved by horizontally rolling the equirectangular
image by α · W

360 pixels, we can adjust the movement direc-
tion. Through auto-regressive invocation, we can then take
multiple steps and hence walk along longer paths.

Multi-cubemap representation. As the availability
of multi-view panoramic image pairs is limited, it is
not feasible to train such a model from scratch and
still achieve good generalization capabilities. There-
fore, we adopt a pretrained image diffusion model for
conditional panorama generation. Drawing inspiration
from [20], we represent panoramic images as cube-
maps by sampling the six faces of a cube IP =
{I(P,Rk,K) | k ∈ {Front,Left, . . . ,Bottom}}. Note that
we set f in K such that each face has a FOV of 90 degrees.
Hence, a given equirectangular panorama P can be fully de-
scribed by these perspective images and vice-versa. A pair
of panoramas is then the set S ∈ [0, 1]12×H×W×3 of all
twelve cubefaces with S = IPin ∪ IPnv . Thanks to this repre-
sentation, we can now feed our panoramas to regular image
diffusion models by simply setting the batch size t = 12,
without suffering from a domain gap due to distortions.

Model architecture. Similarly to [12], we base our model
on an LDM with a latent space of 128 × 128 × 8, which
is pretrained on a large-scale image dataset. In particular,
the LDM follows an architecture similar to Stable Diffu-
sion [45] with multiple convolutional and self-attention lay-
ers. Inspired by [20], we modify the architecture to simul-
taneously generate multiple images, i.e. the different cube-

faces IP. To ensure cross-view and cross-panorama con-
sistency, we inflate [49] the deeper self-attention layers of
the LDM in order to enable the tokens of every cubeface
to attend to the tokens of all other faces of its own as well
as the other cubemap. In practice, the self-attention token
sequence length is simply extended for those layers from
(bt) × (hw) × l to b × (thw) × l, where b is the number
of panoramas in the batch, hw denotes the spatial dimen-
sions, and t = 12, as noted above, denotes all cube faces
in S. Note that we also concatenate a positional encoding
p and mask m to each pixel in order to encode the pixel lo-
cation and whether it needs to be generated. We compute
UV coordinates on the unit cube and mark each pixel by its
panorama of origin with

p = πpano(x) and mp =

{
−1 if p ∈ Pin

1 otherwise
, (3)

where x denotes the 3D coordinates of the point on the cube
face. Note that we do not need to condition the LDM on d
as we empirically found that a fixed stepping length works
best for scene expansion. Finally, we finetune the model
using a standard diffusion loss on ground truth panorama
pairs converted to cubefaces.

3.3. 3D Gaussian Splats from Panoramas.

While the described model already enables us to freely
generate 3D-coherent panoramas at different viewpoints, it
does not yet allow real-time exploration of the scene. To
this end, we additionally distill our multi-view panoramas
into a 3D Gaussian Splatting (3DGS) [23] representation
for real-time novel view synthesis.
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Pointcloud from feed-forward model. Recently, several
works have shown that a strong initialization prior, in the
form of a 3D pointcloud, can be helpful for high-quality
results and training stability [26, 34]. However, as align-
ing individual depth maps from a given monocular depth
prior can be prone to errors, we instead apply a state-of-the-
art feed-forward reconstruction model MapAnything [22]
on perspective views that we extract from all of our gen-
erated panoramas. Nevertheless, the application of MapA-
nything to cubemap faces is not trivial. First, the lack of
overlap with other views can lead to unsatisfying results,
which is particularly prominent in the up- and downward
facing views. To better mimic MapAnything’s training data
distribution, we design a different viewing pattern for recon-
struction: we rotate 45 degrees up and down from the hori-
zontal cubefaces to always ensure sufficient overlap among
views. Note that we show resulting 3D pointclouds for dif-
ferent input patterns to MapAnything in the supplementary
material. Second, the resulting point maps can easily be-
come very large with a huge number of redundant points,
leaving a large memory footprint and slowing down render-
ing. Hence, in an effort to remove these redundant points,
we build the final pointcloud in an iterative fashion. Using
the pointcloud renderer from PyTorch3D [44], we check if
newly introduced points by a panorama are already visible
in any of the previous panoramas. We then only add the
previously unobserved points to the final pointcloud.

3DGS optimization. For photometric reconstruction, we
use projected views of generated panoramas, consisting of
the six cubefaces and eight additional perspective views.
Further, we initialize the 3DGS representations with the ac-
curate pointcloud from the feed-forward model and apply
a simplified optimization strategy of MCMC-GS [24]. Due
to the under-constrained nature of our setup and the dense
initialization, we reduce the complexity of the optimization
problem by assuming fixed Gaussian positions and only a
color value per Gaussian as the appearance representation.
For details of the 3DGS optimization, we refer to the sup-
plementary materials.

3.4. Step-wise Scene Exploration

Our framework relies on a starting panorama Pinit to initial-
ize the scene for 3D exploration. If no panorama is avail-
able, we rely on the state-of-the-art method CubeDiff [20]
to generate a high-resolution panorama image Pinit given
a text prompt and/or a reference image. From the initial
panorama, we take n auto-regressive steps using our model
Φ into four directions to obtain 1 + 4n panoramic views,
covering significant portions of the scene, which were ini-
tially unobserved in Pinit. Finally, by lifting these panora-
mas to 3D Gaussians, as described above, we enable full
real-time 3D exploration of the generated scene.

Figure 3. Dataset Samples. The dataset generated with Infinigen
consists of a diverse set of high quality synthetic panoramas of
indoor and outdoor scenes. For every panorama, we rendered a
pair from a novel viewpoint enabling the training of the multi-
view panorama generation model. All panoramas are aligned to
the horizontal line.

4. Experiments

In the following, we first describe the design of our train-
ing and test datasets, before qualitatively and quantitatively
evaluating our approach against state-of-the-art baselines.

4.1. Data & Setup
Panoramic images are a powerful representation because
they capture a significant part of a scene’s context. Unfortu-
nately, existing panorama datasets are generally quite small
and contain only a single image per scene. To overcome this
limitation, we thus develop a pipeline built on top of Infini-
gen [41, 42] to generate a custom, synthetic dataset of multi-
view panoramas. Infinigen procedurally generates and pop-
ulates indoor and outdoor scenes within the 3D rendering
software Blender. We adopt Infinigen to generate 3D scenes
and render high-resolution multi-view 360 panoramas, as
can be seen in Fig. 3. In total, we collect around 230 000
pairs of panoramas at a resolution of 4096 × 2048 across
5 000 scenes to train our multi-view generation model. Fur-
thermore, we find that existing works in 3D scene genera-
tion do not have a unified system for quantitative evaluation
and often rely on hand-crafted solutions. Therefore, we also
curate a small test set consisting of six photorealistic scenes
from Blender and ten scenes generated with Infinigen. For
every scene, nine panoramas and their corresponding depth
maps are rendered in an area of [−1m, 1m] around the scene
origin and serve as references for evaluating visual quality.
Both the training and testing dataset will be made publicly
available to facilitate future research.

As introduced in Sec. 3.2, our multi-view panorama gen-
eration model is built on a customized version of the popu-
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Generated by 2 auto-regressive steps Initial panorama Generated by 2 auto-regressive steps Novel-view renderings

Figure 4. 3D Scene Generation. We provide visual example of generated novel-view panoramas on the left side. The details of the
initial panorama are well preserved and previously unseen regions are filled in. On the right side we show novel-view renderings of the
reconstructed scenes indicating the 3D consistency of the generated panoramas.

lar LDM [45] model. It processes twelve individual cube-
map faces at a resolution of 1024× 1024, derived from two
4096×2048 input equirectangular panoramas. We initialize
our model with pretrained weights and finetune for 90,000
steps (∼ 2.5 days) at a batch size of 1 (= 12 cubefaces)
sharded across 4 ViperFish TPUs with 64 TPUs in total,
making for an effective batch size of 16. We empirically
find that a step size of d = 0.25m provides a good trade-off
between scene exploration and robustness.

4.2. 3D Scene Generation

Qualitative results. To provide an overview of the capabil-
ities of our model, we show a range of scenes in Fig. 4, with
their corresponding input, generated multi-view panora-
mas, and obtained Gaussian Splatting reconstructions. As
demonstrated, the generated novel-view panoramas retain
all details from the initial panorama while correctly adjust-
ing the geometry of the objects. For example, the high-
lighted chair is correctly translated despite its complex ge-
ometric structure. Furthermore, the previously occluded re-
gions are well filled in, whilst respecting the overall context.
This shows that our multi-view panorama generation model
not only learns a strong geometric understanding of the en-
vironment, but also retains its powerful generative inpaint-

ing capability. The robust geometric reasoning capabilities
are further underlined by the high-quality pointcloud, as
produced by MapAnything. Finally, the 3DGS renderings
are also high quality, even for viewpoints that are far away
from the initial panorama.

Comparisons with the state-of-the-art. We also per-
form qualitative and quantitative evaluations against sev-
eral state-of-the-art baselines: LayerPano3D [64] itera-
tively removes and inpaints layers from an input panorama
to build a multi-plane panorama image. For detecting indi-
vidual layers, they employ a depth and segmentation model.
WorldExplorer [46] starts with a panoramic image and
generates videos along several predefined trajectories us-
ing a camera-conditioned video diffusion model. To pro-
vide the scene context during generation, they sample pre-
viously generated frames and prepend them to the video.
Matrix-3D [65], concurrent to us, fine-tunes a video dif-
fusion model to generate panorama videos along a camera
trajectory. However, due to video generation models being
significantly more expensive than image generation models,
they are restricted to a maximum resolution of 1440 × 720
despite significant computational resources.

We provide every method with the same initial panorama
and a text prompt whenever applicable. After generation,
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Initial
Panorama

Ours

Matrix-3D

LayerPano3D

WorldExplorer

Figure 5. Comparison with Baselines. Given a high quality input panorama, we observe that our approach achieves consistent scene
generation while showing significantly more details and sharpness in the rendered novel view images in comparison to the baselines.

we align the scenes to the ground-truth scale by comparing
rendered and ground-truth depth maps. In Fig. 5, we show
a qualitative comparison against the baselines. First, Layer-
Pano3D provides fairly sharp renderings, however, quality
degrades in occluded areas as the automatic layering of the
scene oftentimes struggles, leading to artifacts and inconsis-
tencies with the initial panorama. For example, the moun-
tain background in the barbershop is replaced with a differ-
ent door and the lowest layer (brown mist) also blends into
the scene. The scenes generated by WorldExplorer are rea-
sonable, but contain a fairly low level of detail. Especially

when moving further away from the initial panorama, one
experiences severe Gaussian defects. We attribute this to the
fact that the generated videos experience drift over time, as
well as local color inconsistencies. Finally, Matrix-3D gen-
erates very consistent and robust results. Nonetheless, the
resulting scenes lack details and often appear blurry. We
hypothesize that this is a result of the (for panoramic im-
ages) very low resolution of 1440 × 720. In contrast to
them, our generated scenes are generally sharp and remain
consistent even when moving further away. These findings
are also consistent with our quantitative evaluation, which
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Infinigen Indoors PSNR↑ SSIM↑ LPIPS↓

WorldExplorer 11.864 0.674 0.739
LayerPano3D 18.305 0.783 0.509
Matrix-3D 18.532 0.753 0.502
Ours 21.775 0.797 0.430

Infinigen Outdoors PSNR↑ SSIM↑ LPIPS↓

WorldExplorer 13.912 0.561 0.594
LayerPano3D 17.364 0.590 0.537
Matrix-3D 17.970 0.581 0.529
Ours 20.507 0.646 0.384

Blender Scenes PSNR↑ SSIM↑ LPIPS↓

WorldExplorer 13.659 0.637 0.611
LayerPano3D 18.124 0.692 0.463
Matrix-3D 17.898 0.660 0.515
Ours 21.995 0.762 0.342

Average PSNR↑ SSIM↑ LPIPS↓

WorldExplorer 13.145 0.624 0.648
LayerPano3D 17.931 0.688 0.503
Matrix-3D 18.133 0.665 0.515
Ours 21.426 0.735 0.385

Table 1. Quantitative Evaluation. We compare our approach
to the baseline methods for three different datasets on common
image metrics. We observe that our approach yields significant
improvements on all metrics and datasets.

we present in Tab. 1. Following common practice, we re-
port the standard NVS metrics PSNR, SSIM, and LPIPS,
comparing renderings from the generated Gaussians with
the ground-truth views. As can be easily observed, our
method clearly outperforms all baselines across all datasets
and metrics. For example, we outperform the state of the
art by at least 3.3 dB on average in PSNR. Similarly, for
SSIM and LPIPS, Stepper achieves strong results of 0.735
and 0.385, clearly exceeding the second-best method, Lay-
erPano3D, with 0.688 and 0.503, respectively.

4.3. Ablation Studies

Auto-regressive expansion. One of our main contributions
is an auto-regressive scene expansion scheme via novel-
view panorama synthesis, which enables an immersive ex-
perience. To further underline its necessity, we compare
our final 3DGS scenes against scenes obtained from only
the initial panorama and the respective scene geometry. As
can be seen in Fig. 6, the scene obtained from only a sin-
gle panorama has significantly more gaps. In contrast, our
pipeline can retain all details from the initial scene whilst
significantly improving completeness.

Analysis of step size. To test the effect of the fixed step
size, we train two further model variants: a) A model for
both forward and backward stepping, with the direction
provided via a conditioning signal, and b) a model with a

3DGS from single panorama 3DGS from auto-regressive panoramas

Figure 6. Single vs multiple panoramas to 3DGS. The multi
panorama input to the 3DGS reconstruction consistently fills in
the unobserved regions in the initial panorama without sacrificing
the quality of the input panorama.

Adjustable step (forward / backward) vs. fixed step (forward) 

Step to the right

Input pano & crop

1x 0.25m step 2x 0.25m step 1x 0.5m step 

a)

b)

Figure 7. Effect of step size. Novel panos. generated by a model
with a) adjustable step direction, b) a larger step size d = 0.5m.

step size of d = 0.5m (vs the default d = 0.25m). As
can be seen in Fig. 7, the adjustable-step model sometimes
produces wrong geometry and poor textures with artifacts,
while our fixed-step model does not suffer from these is-
sues. We attribute this to the learning task being easier when
using a fixed step and thus selected this architecture. The
d = 0.5m model still generates high-quality novel panora-
mas, but is slightly worse at retaining details. The default
d = 0.25m model offers a good trade-off between step
granularity, panorama quality, and exploration.

5. Conclusion
We introduced Stepper, a framework for text-driven im-
mersive 3D scene generation that addresses the trade-
off between visual fidelity and explorability. By com-
bining a multi-view 360◦ diffusion model with a feed-
forward reconstruction pipeline and a large-scale dataset
of 230000 multi-view panoramas, Stepper generates high-
quality, large-baseline explorable scenes without the con-
text drift of prior methods. Our experiments demonstrate
significant improvements over recent baselines, achieving
an average PSNR improvement of 3.3dB, thereby establish-
ing a new standard for immersive 3D scene synthesis.
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