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Inpainting 3D Gaussians via Learning Depth Completion from Diffusion Prior

Supplementary Material

The supplementary materials are structured as follows:
We begin with a detailed description of our implementation,
including the specifics of our training configurations and the
outlier removal process for the point cloud. Subsequently,
we undertake an in-depth examination of various issues
discussed within the paper. To conclude, we provide a
broader set of results, encompassing a wider array of scenes
and viewpoints. Additionally, we compare our approach
with two possible depth inpainting methods on standard
depth estimation benchmarks: (1) performing monocular
depth estimation followed by alignment with known depth,
and (2) depth completion—related methods. We sincerely
invite you to review the HTML files in our supplementary
materials, which contain visualizations of the relevant re-
sults.
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A. Implementation Details

A.l. Training details

The Depth inpainting model is initialized with the
Marigold [9] weights. The architecture of the neural net-
work is consistent with that of Stable Diffusion v1.5 [13],
with the exception of the first convolutional layer. More-
over, during both training and inference phases, the input
to the text encoder is persistently an empty string. The
UNet has 9 additional input channels (4 for the encoded
masked-depth, 4 for the guided encoded image and 1 for the

mask itself) whose weights were zero-initialized. During
training, we generate synthetic masks. In the context of
data processing, we maintain the original aspect ratio of
the images during both the training and inference stages,
resizing them to a maximum resolution of 768 pixels on the
longest side.

A.2. Outliers removal

we unproject depth map and reference image from image
space to 3D coordinates to form a colored point cloud.
Before this point cloud is merged into original 3D Gaussian
point cloud, we need process outliers to improve rendered
image quality. To eliminate Gaussian outliers along the
edges of the mask, we initially construct a KDTree from
the unprojected point cloud. Subsequently, this KDTree is
employed to locate the nearest points within the original
point cloud, returning points from the original cloud that
are within a specified distance threshold. Subsequently,
we utilize the 'remove_radius_outlier’ method from the
point cloud data (pcd) library to identify points in the
original point cloud that have an insufficient number of
neighbors within a specified radius. An intersection of
these points and the similar points previously determined
using a KDTree is performed, thereby efficiently removing
Gaussian outliers at the edges of the mask. Additionally,
there are various Gaussian segmentation [2, 5, 7, 10, 19]
techniques that can be employed for outlier removal, taking
advantage of the explicit properties of Gaussian models.
Nevertheless, these are not the focal point of the present
study and will not be deliberated here.

B. Analysis

B.1. Progressive Inpainting

For occlusion-rich, complex scenes, multiple reference
views (r > 1) are imperative. To solve these challenges, we
implement a progressive inpainting approach. Commencing
with the initial reference view s(i1) from the selected views
S = {s(i1), s(i2), ..., s(ir) }, we apply Gaussian inpainting.
Subsequent to this, we render the color image, depth map,
from the next reference view s(iz). For the mask, we
follow Gaussian grouping [19] and utilize the Tracking-
Anything-with-DEVA [3] to detect the invisible regions.
This process is iterated, employing inpainting for each
successive reference view until the view s(4,-) is addressed.

In our current implementation, we define a circular
camera path starting from the first reference view and place
reference views procedurally along it. At each step, we use
the Gaussians reconstructed from the previous step, perform
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Input Depth From SD v1.5 From Marigold

Figure S1. Analysis of Pre-trained Weights.

SD XL Inpainting LaMa MariGold + Align ~ Depth Anything + Align

Depth

Point Clouds

Figure S2. Analysis of Depth Inpainting. It is evident that the image-based inpainting models, lacking proper guidance, fail to adequately
complete the geometric details. Regarding the monocular estimation methods, while a depth alignment method is implemented, they often
lead to discontinuities within the inpainted regions

090 depth inpainting in the new reference view, and optimize As evidenced in our results, increasing the number of 095
091 the new Gaussians.The main challenge is ensuring stable views enhances the handling of occlusions (Fig. S3). 096
092 progressive inpainting. The pipeline still involves trial and

093 error to determine the optimal degree change for the next

094 reference.
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Initial Reference Pair

B Sbibsd
W g

Original Inpainted Input
Figure S3. Ablation study on progressive inpainting.
InFusion can adeptly handle inpainting tasks for views that
substantially deviate from the initial reference frames.

w/o prog w/ prog

B.2. Initialization Details

The parameters are set as follows: opacity at 0.1, first-
degree SH coefficients matching the pixel RGB values of
the unprojected points, higher-degree coefficients set to
0, and Gaussian radius determined by the nearest point’s
distance.

B.3. Analysis of pre-trained weights

For the task of depth completion, we employ two distinct
sets of initial weights: one derived from Marigold and the
other based on Stable Diffusion v1.5. As demonstrated
in Fig. S1, we display the results under conditions of
equivalent data volume and identical training epochs. It
is discerned that models initialized with weights from
Stable Diffusion v1.5 encountered greater challenges in
mastering the depth completion task, a difficulty that was
particularly pronounced in complex scenes. In contrast,
models that began with Marigold weights exhibited superior
proficiency in completing depth, due to prior training on
depth maps that reduced the gap between the RGB and
depth domains. Following the same training regimen,
these models demonstrated an enhanced ability for depth
completion and achieved better alignment with the input
images.

B.4. Analysis of depth inpainting

We include feature additional results, comparing our
method with various cutting-edge baselines, such as SD
XL inpainting [12] and DepthAnything [17], with a focus
on alignment accuracy. As shown in Fig. S2, while SD
XL inpainting yields visually appealing results in the RGB
domain, a closer inspection of the reprojected point clouds
reveals noticeable inaccuracies, akin to those observed in
LaMa. Similarly, DepthAnything struggles with discontinu-
ities, leading to a pronounced gap between inpainted areas
and their adjacent regions, much like the issues seen with
MariGold. Consequently, our learned depth inpainting is
critical in securing high-fidelity results.

B.S. Elaboration on point cloud merging

For a clearer understanding of the merging process, as
shown in Fig. S4, we illustrate the original Gaussians,

the unprojected inpainted Gaussians, and the result after
merging and fine-tuning. Specifically, using the camera
intrinsics and extrinsics of the reference view, we project
the inpainted depth into 3D space, thereby obtaining the
3D coordinates of the inpainted points. We then initialize
Gaussians for optimization with these inpainted points.

Original gaussians Inpainted gaussians Merged gaussians

Figure S4. Elaboration on point cloud merging.

B.6. Analysis of optimization iterations

We test performance across different optimization itera-
tions. As shown in Fig. S5, thanks to the accurate initial
positions, with 50 to 200 iterations, the initial colored
Gaussians quickly achieved good visual quality. Floating
points appeared after 1000 iterations from a single view,
with noticeable disordered Gaussians emerging after 3000
iterations.

Reference view 50 iters 200 iters 1000 iters 3000 iters

Figure S5. Analysis of optimization iterations. Please zoom in
for details.

Method NYUv2 ETH3D DIODE
AbsRel| | 1 17 | AbsRel] | 61 1 | AbsRel] | 61 1
Marigold [9] 5.7 96.3 6.5 95.7 30.3 713
GeoWizard [6] 53 96.5 6.3 96.2 29.4 79.4
w/ Guidance 5.1 96.3 6.0 96.0 29.7 79.2
w/ Blend 5.4 96.0 6.1 95.9 29.2 79.5
DepthAnything [16] 4.5 974 124 89.0 272 76.4
DepthAnythingV2 [18] 43 98.1 12.9 86.5 27.0 76.9
Ours 3.7 97.9 4.9 97.0 22.1 80.3

Table S1. Comparison with depth estimation methods.

C. More Qualitative Results

C.1. More 3D Gussians inpainting results

As shown in Fig. S6, we present the single reference images
for several scenes, along with multiple novel views, to
validate the robust 3D consistency achieved by InFusion.
Additionally, we have consolidated all scenes into a web-
page included in our supplementary materials and extend
an invitation for you to view them.

C.2. Results under complex masks

As shown in Fig. S7, We also include the testing results
of more difficult scenarios, which show cases of drawing
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Table S2. Comparison with depth completion methods. “Ours*” represents the zero-shot capability of our model, while ”Ours”

represents its performance after fine-tuning.

Method|NLSPN[11] DSN [4] ACMNet [21] Struct-MDC [8] LRRU [15] CFormer [20] BP-Net [14] Ours* Ours

RMSE | 0.092 0.102 0.105 0.245

0.091 0.090 0.089 0.108  0.090

Reference Image

Novel Views

Figure S6. Qualitative Results. Zoom in for details. Our method exhibits sharp textures that maintain 3D coherence. We respectfully
invite you to view the video featured on the webpage within our supplementary materials

random inpainting masks that go cross multiple object
boundaries.

D. More Quantitative Results

D.1. Comparison with monocular depth estimation
methods

To further evaluate our method, we compare it with existing
depth estimation methods. For a fair comparison, we

retrain our model using the same 74k dataset as Marigold.
Specifically, given an image with ground-truth depth, we
first mask certain regions of the ground-truth depth to
simulate missing data and then perform depth inpainting
using our model. During testing, the proportion of known
regions is randomly varied between 40% and 60%, and
the masks include strokes, ellipses, rectangles, or random
combinations of these shapes. For the other methods [6, 9,
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Figure S7. Random masks on multiple objects.. Please zoom in for details.

16, 18], we use their pretrained models to estimate the depth
map from the corresponding RGB image and align it to the
known regions using least squares. Metrics are computed
only in the masked regions to assess inpainting performance
while excluding the known regions from evaluation.

Since some depth estimation methods [6, 9] employ
generative approaches, we can apply training-free methods
to guide the sampling based on the known depth. We
select two baselines: First, at each inference step during the
denoising process, we predict 2y from z; using DDIM. We
then compute and backpropagate the loss between 2y and
the ground truth over the known areas, updating 2;. Second,
we use Blend Diffusion[1] to ensure that the results match
the ground truth in the known areas.

We show the quantitative results in Tab. SI1. Our
method incorporates known depth information during depth
generation, achieving optimal performance across nearly all
metrics. Furthermore, guiding generative depth estimation
methods during inference with training-free approaches can
sometimes improve results, but the improvements are not
robust.

D.2. Comparison with depth completion methods

LiDAR depth completion has significant potential in au-
tonomous driving applications. However, most current
depth completion methods suffer from two main draw-
backs: (1) they are trained and tested on a specific dataset,
lacking generalizability, and (2) they rely heavily on global
information derived from sparse points, making them inef-
fective for complex masks required by various 3D vision
downstream tasks, such as those explored in our work.
We compare our method with several depth completion
approaches. For a fair comparison, all methods are tested
with only 0.7% of the global sparse points set as known.
As shown in Tab. S2, our model achieves comparable
performance without additional training and reaches state-
of-the-art levels after fine-tuning for downstream dataset.
Notably, our model was not specifically designed for this
type of task. There is potential for further improvement
by using better pre-trained models and VAEs capable of
encoding sparse information more effectively. Therefore,
our model also offers a new possibility for advancing depth
completion tasks.
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