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1. Additional results013

In figure 1 we show results of our method for additional014
scenes used for evaluation, the respective text prompt and015
post-processed frames with Cosmos [1].016

2. 2D Inpainting ablation017

In Figure 2 we show qualitative results of our 2D inpainting018
pipeline. Our complete approach that includes LaMA pre-019
inpainting and a fine-tuned LoRA leads to better results than020
what can be achieved with off-the-shelf Stable Diffusion021
inpainting. LaMa inpainting alone is not enough since the022
inpainted regions are still blurry. Our approach reduces the023
introduction of new objects in the inpainting regions when024
compared to Stable Diffusion inpainting.025

3. Object Generation Details026

To improve the similarity between objects as they occur in027
the original panorama image and the high-fidelity regener-028
ated object, we employ depth and style conditioning in the029

text-to-image process. Figure 3 gives an overview of the 030
effect that different conditioning signals have on the object 031
generation process. Although unconstrained diffusion mod- 032
els might offer greater creative freedom, conditioning the 033
new image on depth serves a dual purpose: not only does it 034
preserve the object’s structural fidelity, it also enhances the 035
robustness of the subsequent pose estimation between the 036
original and newly obtained image. This approach proved 037
to be more effective than conditioning on text-only. We also 038
experimented with Canny edge control, but found it to be 039
problematic, especially in case of partial objects for which it 040
is incapable of completing the object. 041

3.1. Implementation Details 042

For the object generation step we use the large version of 043
the TENCENTARC/INSTANTMESH model with a render 044
resolution of 512, 75 diffusion steps and a point cloud reso- 045
lution of 1283. We generate 144 views uniformly distributed 046
across a unit sphere (12 azimuth × 12 elevation angles) and 047
generate color images from the triplane, while depth maps 048
are extracted using the DEPTH-ANYTHING-V2 [10] model. 049
We train 3DGS with depth regularization enabled, following 050
the methodology of Kerbl et al. [4, 5], for 5000 iterations. 051
Although 1000 iterations typically suffice for good-quality 052
object reconstruction, the extended training ensures opti- 053
mal results. On average, a high-quality object is typically 054
comprised of 30-50k Gaussians. 055

As depth-based ControlNet for the high-quality 056
objects we use STABILITYAI/STABLE-DIFFUSION-3.5- 057
LARGE-CONTROLNET-DEPTH in combination with 058
STABILITYAI/STABLE-DIFFUSION-3.5-LARGE and a 059
separate cross-attention layer for style conditioning [12]. 060
We empirically set the control strength to 0.8 (depth) 061
and 0.3 (style), a guidance scale of 7.5 and 50 inference 062
steps. As a negative prompt we include “low quality, low 063
resolution, blurry”. The depth control image is generated 064
using DepthFM [3] after padding the crop image to a square 065
size. 066
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Novel View Renderings Cosmos-Transfer1

A lighthouse in the Arctic, van Gogh painting

A whimsical forest clearing with mushroom houses

A galactic saloon with an octopus serving drinks

Rolling hills with oversized pumpkins and colorful flower fields, vibrant sky

A grand piano sits in a spacious room... painting and vases... chairs...

A majestic peacock surfing a tall wave

Figure 1. Additional results generated with our method across different indoor and outdoor environments. We show renderings from novel
viewpoints unseen at training times as well as the result using Cosmos-Transfer1 [1], which can be used to increase sharpness as a post
processing step, or if preferred viewing positions are known. 2
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Input Mask SD Inpainting LaMa LaMa+LoRA (ours)

Figure 2. Our combination of LaMa pre-inpainting and a fine-tuned LoRA outperforms both, LaMa and Stable Diffusion (SD) inpainting,
delivering superior results in terms of detail and coherence. This combination enables effective inpainting for both indoor and outdoor
scenes.

3.2. NeRF to 3DGS conversion067

To translate the triplane representation to 3DGS, we begin068
by generating a point cloud that identifies likely surface069
points in the volumetric representation using a regular grid.070
For each sample point, we compute density values through071
triplane sampling. Surface points are then identified using072
neighbor-based thresholding, guided by an empirically de-073
termined threshold of 0.2. These surface points are added074
as Gaussian locations in the point cloud, with their initial075
color values derived directly from the triplane representa-076
tion. Next, we render 144 RGB-D images from positions077
uniformly distributed across a sphere. This spherical dis-078
tribution ensures comprehensive coverage of the object’s079
geometry while providing robust supervision signals for re-080
construction for standard 3DGS optimization with depth081
supervision [4, 5]. Notably, this extraction process is signif-082
icantly more efficient and robust than using COLMAP for083
point initialization.084

4. Pose Estimation and Scene Alignment Details085

Reference Pose Estimation To estimate the reference pose086
of the original object Ocrop, we utilize the crop mask to087
determine the mean depth dm and the midpoint of the crop088
cp. Considering the spherical model used for the panorama,089
with the camera placed at the origin, we move the object’s090

origin along a ray through cp to depth dm. By default, our 091
object generation stage orients the object’s front-face along 092
the Z-axis to match the 2D image input, i.e., the image-plane 093
of the 2D crop is fixed at the x/y plane in object-space. To 094
ensure that the front face of the object is aligned towards the 095
camera, we simply rotate the object around the vertical axis. 096
To estimate the object’s scale, we unproject the crop’s corner 097
points at depth dm into world-space, treating the crop as the 098
x/y front-face of the object’s bounding box. Finally, we 099
apply a grounding offset based on the minimal z-coordinate 100
of the object’s crop in the panorama. 101

Relative Pose Estimation. The point cloud of the high- 102
quality object Ohq is not guaranteed to be semantically 103
aligned with that of the original object Ocrop as the gen- 104
erated objects may vary in size and orientation. Thus, for 105
each object, we perform an image-based relative pose esti- 106
mation step that computes the relative pose between Ocrop 107
and Ohq. This process operates in two stages. First, we ex- 108
tract DINO [2] embeddings and compute cosine similarities 109
between the perspective image of the cropped object (Icrop) 110
and a set of perspective projections of Ohq with known cam- 111
era poses (the intermediate results of the object generation 112
process described in Section 3.1). Based on this we select 113
the top N most similar reference images. We pair each of 114
these with the image of Ocrop and compute the relative pose 115
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“The arcade machine is teal with vibrant yellow and red
artwork. It’s rectangular, slanted back, and made of metal
and plastic. Visible text includes: ”Emperor” and ”Anan-
dapurs”. There are buttons and a coin slot. The arcade
machine appears whole.”

Original object Canny edge control Depth control

Text-only Text + Canny Text + depth

Figure 3. Using Stable Diffusion in combination with a ControlNet
gives object images that are much closer to the original object in
comparison to images generated based on only the text description.
From the original image we extract the Canny edge and depth
control images. All re-generated images are generated using the
text prompt shown at the top. From left to right we have the the
image generated without additional conditioning, generated with
additional Canny edge conditioning and generated with additional
depth conditioning.

using MASt3R [7]. The final relative pose Pr is determined116
from the image pair with the lowest optimization loss.117

5. Background Generation Details118

To generate an initial Gaussian point cloud from the gen-119
erated panorama IB and its corresponding aligned depth120
map D̃B , we first unproject the pixels into 3D positions121
P using spherical coordinates ϕ, θ (obtained from the122
pixel coordinates) and depth values d: x = d cosϕ cos θ,123
y = d cosϕ sin θ, z = d sinϕ. To convert 2D pixel co-124
ordinates (x, y) to spherical angles, we use the following125
equations:126

ϕ = y
π

2
, θ = xπ. (1)127

Next, the normal map NB is computed as the cross product128
of the partial derivatives of 3D coordinates P in x and y-129
direction.130

To keep things tractable, we sub-sample P, N, and GB in131
spherical space: we use a uniform lat/lon lattice for horizon132
regions (|ϕ| ≤ 30◦) and a Fibonacci lattice for polar regions133
to achieve a more uniform sampling distribution in 3D. Each134

sample spawns a Gaussian with: 135

µ = P(θ, ϕ), 136

c = sh(IB(θ, ϕ)), 137

α = 1, 138

where µ is the mean, c is the RGB color encoded as a spher- 139
ical harmonic and α is the opacity. 140

Following Kerbl et al. [4], we represent the covariance 141
matrix as Σ = RSSTRT , where R is the rotation ma- 142
trix aligning the z-axis with the normal direction, and 143
S = diag(ψ,ψ, 0.01) encodes scale based on sampling den- 144
sity. We set the scale factor ψ relative to the sampling density 145
factor ((Fh, Fp) for horizon and polar regions respectively): 146

ψ =
2π

2Hs
· F (ϕ), 147

with F (ϕ) ∈ {Fh, Fp}, depending on the region and Hs the 148
vertical sampling resolution. Experimentally, we set Fp = 8 149
and Fh = 1. 150

We set each Gaussians’ scale S based on the vertical sam- 151
pling resolution Hs and a sampling density factor ((Fh, Fp) 152
for horizon and polar regions respectively). The original sam- 153
ple count for either the uniform lattice or Fibonacci lattice 154
strategy is then computed as 2 · (Hs/F (ϕ))

2. 155
Finally, we design the Gaussian scale S to be directly 156

related to the sampling density, with a constant scale in Z: 157

ψ =
2π

2Hs
· F (ϕ), 158

S = diag(ψ,ψ, 0.01), 159

with F (ϕ) ∈ {Fh, Fp}, depending on the region. Experi- 160
mentally, we set Fp = 8 and Fh = 1. 161

6. 3D Inpainting Details 162

Implementation Details. After initializing the 3DGS 163
point cloud from the panoramic image, we execute a three- 164
stage pipeline for 3D inpainting (Pretuning, Inpainting 165
and Multi-view Fine-tuning), where we use 3k/2k/2k op- 166
timization steps for the individual stages. We use MCMC- 167
densification [6] with λnoise = 5e4, and also include their reg- 168
ularization terms for opacity and scale, with λo = λΣ = 0.5. 169
For optimization on panorama reference views and inpainted 170
images, we use a combination of ℓ1-loss, a SSIM term [8] 171
following Kerbl et al. [4], as well as a ℓ2-loss against the 172
predicted reference depth DB to avoid overfitting to specific 173
views and maintaining the structure of the initialization. For 174
all views, we leverage an opacity loss, forcing the per-pixel 175
transmittance T towards 1: 176

Limg-opacity = λimg-opacity∥1− T∥2, (2) 177
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Figure 4. We reintroduce contact shadows which were removed
during 2D object removal and inpainting. Simple light interac-
tion between generated objects and the background is essential to
ground the generated objects.

with λimg-opacity = 1e3. To reduce noise on the final render-178
ings, we also use a TV-loss throughout, with λTV = 1e3. Fi-179
nally, during Pretuning and Multi-view Fine-tuning, we reset180
the opacity and scale for Gaussians that are either too large or181
outside the scene bounds, similar to Kerbl et al. [4]. Specifi-182
cally, Gaussians are removed when max(S) > 0.05 · λmax183
or ∥µ∥ > 1.5 · λmax. Here, λmax denotes our estimated scene184
extent, which we define as185

λmax = max
µi∈Pinitial

∥µi∥∞, (3)186

where Pinitial is the set of initial Gaussians (before inpainting).187
This pruning step is crucial for the elimination of elongated,188
disk-like Gaussians. We use LYKON/DREAMSHAPER-8-189
INPAINTING to inpaint the reference views, with a guidance190
scale of 7.5 and the same prompts as used to generate the191
initial panorama. The reference panorama image IB is up-192
scaled in two steps, first using a diffusion-based upscaler193
[11], followed by a non-generative one [9].194

We typically use point clouds of ∼4M points as input195
to the inpainting stage. We experimentally found that this196
offers an optimal balance between rendering efficiency, opti-197
mization performance, and sufficient density for high-quality198
inpainting results. The Pretuning stage permits a 10% in-199
crease of Gaussians for small gap filling, while the Inpainting200
step typically introduces an additional 100k Gaussians.201

7. Object-Light interactions202

To enhance scene perception, we reintroduce light interac-203
tions removed during 2D object removal and inpainting,204
focusing on contact shadows, a critical cue for depth per-205
ception. Due to the lack of reliable surface normals and the206
absence of Gaussian raytracing in our renderer, we rely on207
shadow mapping to recover contact shadows, as shown in208
Figure 4.209

As a simple heuristic for contact shadows, we generate210
an orthographic shadow map using a vertically positioned211
camera. We ignore the first layer of Gaussians which typ-212
ically represents the sky or roof. We create a soft shadow213
mask by computing the distance to the next discontinuity214
in the depth map which we use during shadow evaluation215

to approximate a penumbra. To apply shadows to every 216
Gaussian, we compare their positions to the shadow map, 217
while considering a small offset due to the fuzzy nature of 218
depth maps generated for Gaussians. We darken occluded 219
Gaussians by mixing black into their spherical harmonics, 220
effectively baking shadows into the representation. We also 221
support spotlights by estimating light source locations in the 222
panorama. 223

8. Details of Language Models 224

For the high-quality object generation described in Section 225
3.2, we prompt GPT-4O as follows: “Describe the ¡object- 226
category¿ in the image with a focus on its detailed attributes. 227
Include its color, pose or orientation relative to the scene, 228
shape, size, and material. If there is any text visible on the 229
object, transcribe it accurately. Do not describe the back- 230
ground or any elements not part of the object. Be concise 231
but complete, ensuring the total description aids accurate 232
object reconstruction. Max 40 words.”. 233

9. User Study Details 234

Participant Details. We recruited 28 participants, all with 235
normal or corrected vision, 23-40 years old, with moderate 236
to expert familiarity with computer graphics and vision. The 237
study was deployed through a web interface (Google Forms) 238
showing side-by-side video comparisons of 6s walkthroughs 239
of the scenes. The user study first explained the criteria 240
reported in the main text and outlined the scoring system 241
from -2 to +2, then proceeded to show them video pairs (left 242
and right). We did not restrict answer times, and allowed 243
the user to watch the video repeatedly. In general, each user 244
study lasted about ∼20 minutes and the results showed a 245
consistent overall preference for our method. The prefer- 246
ences for Coherence and Immersiveness were particularly 247
strong, while text alignment was weaker, reflecting the CLIP 248
score in the quantitative evaluation. 249
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