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Abstract

Developing a unified pipeline that enables users to remove,
re-texture, or replace objects in a versatile manner is cru-
cial for text-guided 3D inpainting. However, there are
still challenges in performing multiple 3D inpainting tasks
within a unified framework: 1) Single reference inpaint-
ing methods lack robustness when dealing with views that
are far from the reference view; 2) Appearance inconsis-
tency arises when independently inpainting multi-view im-
ages with 2D diffusion priors; 3) Geometry inconsistency
limits performance when there are significant geometric
changes in the inpainting regions. To tackle these chal-
lenges, we introduce DiGA3D, a novel and versatile 3D
inpainting pipeline that leverages diffusion models to prop-
agate consistent appearance and geometry in a coarse-to-
fine manner. First, DiGA3D develops a robust strategy for
selecting multiple reference views to reduce errors during
propagation. Next, DiGA3D designs an Attention Feature
Propagation (AFP) mechanism that propagates attention
features from the selected reference views to other views via
diffusion models to maintain appearance consistency. Fur-
thermore, DiGA3D introduces a Texture-Geometry Score
Distillation Sampling (TG-SDS) loss to further improve the
geometric consistency of inpainted 3D scenes. Extensive ex-
periments on multiple 3D inpainting tasks demonstrate the
effectiveness of our method. The project page is available
at https://rorisis.github.io/DiGA3D/.

1. Introduction
Recent advances in 3D representations [13, 23, 36] and
text-to-image (T2I) diffusion models have led to significant
progress in novel view synthesis (NVS) and 3D generation,
demonstrating substantial potential for applications in ar-
eas such as VR/AR and the Metaverse. Despite these ad-
vances, 3D inpainting, particularly the development of uni-
fied pipelines for various 3D inpainting tasks, remains a rel-
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Figure 1. DiGA3D is a versatile 3D inpainting framework guided
by text prompts, supporting multiple inpainting tasks including ob-
ject replacement, removal, and re-texturing, etc.

atively less-studied area.
Although several methods [2, 8, 16, 24, 35] have ex-

plored unified pipelines for versatile 3D inpainting, they
still face some challenges: First, some methods [16, 24] rely
on a single reference image to guide the inpainting process,
which heavily depends on the quality of the single reference
image and often leads to texture degradation when views are
far from the reference view; Second, some methods [25, 35]
struggle to maintain multi-view appearance consistency as
they independently inpaint the constituent images using 2D
inpainters. Although they utilize perceptual loss [43] to
optimize the views and address these inconsistencies sub-
sequently, they are inadequate when the appearance of the
inpainted views differs perceptually; Third, existing meth-
ods frequently suffer from inconsistent geometry, leading
to issues such as multi-facet artifacts. Although some ap-
proaches [2, 24, 37] attempt to address geometric inconsis-
tencies by incorporating depth maps generated by monoc-
ular depth estimators, they often rely on depth maps that
are inconsistent across multiple views. This limitation be-
comes particularly evident when inpainting regions require
significant geometric changes.

To address these challenges, we introduce DiGA3D, a
novel and versatile 3D inpainting pipeline with a coarse-
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to-fine manner that utilizes 3D Gaussian Splatting (3DGS)
to leverage diffusion priors for propagating appearance and
geometry across multiple views. To mitigate the multi-view
bias when guided by a single reference image, we develop
a robust strategy for selecting multiple reference views to
reduce the propagation errors caused by these reference
views. In the coarse stage, we propose a multi-view in-
painting scheme by propagating attention features from ref-
erence views to other views through the latent space within
diffusion models, thereby implicitly ensuring the appear-
ance consistency of multi-view images. In the fine stage, we
design a Texture-Geometry-guided Score Distillation Sam-
pling (TG-SDS) loss as a geometric regularization. This
involves using warped texture images and depth maps from
reference views as conditional inputs for multi-control dif-
fusion models [42]. Furthermore, this loss explicitly and
controllably propagates textural and geometric information
from the selected reference views, further enhancing both
the appearance and geometry in the 3D inpainting process.
Thus, our method offers a coarse-to-fine pipeline that can
effectively bridge consistent 2D appearance and 3D geom-
etry, enabling versatile 3D inpainting.

Extensive experiments across various 3D inpainting
tasks, such as object removal, object re-texturing, and ob-
ject replacement in diverse scenes, demonstrate the effec-
tiveness of our method, as depicted in Fig. 1. In summary,
our key contributions can be outlined as follows:
• We introduce DiGA3D, a versatile 3D inpainting pipeline

that leverages diffusion models to consistently propagate
appearance and geometry in a coarse-to-fine manner.

• We develop an Attention Feature Propagation (AFP)
mechanism within the 2D inpainter to achieve coarsely
consistent inpainting results.

• We propose a Texture-Geometry-guided Score Distilla-
tion Sampling (TG-SDS) optimization loss to enhance the
geometric and appearance consistency across all views.

• Extensive experiments on several 3D inpainting tasks
demonstrate the effectiveness of our method.

2. Related Work
2D Inpainting. Image inpainting aims to restore missing
regions in masked regions while preserving rich textures
and structural integrity. Early classic methods primarily in-
volved copying textures from known areas into unknown
ones [9]. In recent years, learning-based approaches have
made significant advancements in this field. For instance,
LaMa [34] demonstrates a strong ability to fill large missing
areas using fast Fourier convolutions. Additionally, devel-
opments in diffusion models [31] have resulted in remark-
able improvements, with models like SD-inpainter [31] pro-
ducing diverse inpainting results for masked regions. How-
ever, many of these approaches necessitate fine-tuning for
specific downstream tasks. Furthermore, the scope of im-

age inpainting has been extended to video inpainting. Some
methods [4, 46] utilize one or more reference inpainting im-
ages to propagate content throughout the entire video. Other
approaches [11, 15, 44] leverage optical flow as a prior to
capture motion, ensuring temporal consistency in the in-
painting process. Unlike traditional image or video inpaint-
ing methods [31], which rely on text prompts to describe
inpainting regions, expanding to 3D inpainting presents
challenges for complex or 360-degree scenes, where back-
grounds are hard to summarize with a single description.
Fortunately, PowerPaint [47] offers a unified framework
that manages multiple inpainting tasks using task-specific
prompts, enabling versatile 3D inpainting within a unified
pipeline.
3D Inpainting in NeRF and 3DGS. With the rapid ad-
vancement of neural scene representations [13, 23, 36],
there is an increasing demand for 3D inpainting [5, 7, 18,
25, 38]. The objective of 3D inpainting is to fill in missing
regions within a 3D scene, such as removing objects and
generating realistic textures and geometries to complete the
affected areas. These methods can be broadly categorized
into those that utilize diffusion models and those that do
not. Some approaches [28, 41, 45] leverage CLIP [29] or
DINO features [6] to capture 3D semantics, enabling tar-
geted inpainting of specific regions based on the charac-
teristics of the 3D representations. In contrast, diffusion-
guided methods often rely on a reference image to propa-
gate texture and geometry from that reference view across
all views [16, 21, 24, 37]. Other approaches [5, 18] en-
hance the consistency and plausibility of inpainting results
by fine-tuning diffusion models using depth or optical flow
priors. Unlike these diffusion-guided approaches, we uti-
lize training-free diffusion models for various 3D inpaint-
ing tasks. Our method employs attention feature propaga-
tion within the diffusion models and explicitly incorporates
texture and geometry information as conditions to further
ensure consistency in both appearance and geometry.

3. Method

3.1. Preliminary

3D Gaussian Splatting. Gaussian Splatting [13] is a point-
based 3D representation method. Each Gaussian ellipse is
defined by a color c represented with spherical harmonics
coefficients, an opacity o, a position center µ, and a co-
variance matrix Σ. The Gaussian ellipse is calculated as
G(x) = e−

1
2x

TΣ−1x, where x is the displacement from the
center µ. The covariance matrix Σ can be decomposed into
a rotation matrix R and a scaling matrix S for differentiable
optimization: Σ = RSSTRT . During the rendering pro-
cess, 3D Gaussians are projected onto 2D planes using a
splatting operation [48], which positions the Gaussians us-
ing a new covariance matrix Σ

′
in camera coordinates, de-
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Figure 2. Our proposed framework. Before performing 3D inpainting, we first calculate the camera pose using COLMAP [32] and
extract masks from mask prompts Tm. We then apply k-means clustering to group the views based on their camera centers and select the
views closest to the cluster centers as the reference views. In the coarse stage, we employ DDIM Inversion [33] to generate deterministic
latents, which are then used to produce coarsely consistent inpainting results with a 2D inpainter equipped with the AFP module. In the fine
stage, we utilize ControlNet [42], leveraging texture and depth images as conditions, to further refine the inpainted 3D scene by TG-SDS
loss. In this scene, we designate Tp as “a cake” and Tn as “watering can” to replace the watering can with a cake.

fined as Σ
′
= JWΣWTJT . Here, J is the Jacobian of the

affine approximation of the projective transformation, and
W is the given viewing transformation matrix. The ren-
dering results C at a pixel is achieved by approximating the
projection of a 3D Gaussian along the depth dimension onto
the pixel:

C =
∑
i∈N

ciαi

i−1∏
j=1

(1− αj), (1)

where N is the set of ordered points that project onto
the pixel, ensuring coherent rendering of overlapping Gaus-
sians.
Score Distillation Sampling. Text-to-3D has seen signifi-
cant advancements by optimizing a 3D representation using
a 2D pre-trained image diffusion prior ϵϕ, based on Score
Distillation Sampling (SDS) [27]. The diffusion model ϕ
is pre-trained to predict sampled noise ϵϕ(xt; t, y) that adds
noise to the image x at timestep t, conditioned on the text
embeddings y. By rendering a random view through a dif-
ferentiable renderer g(·), SDS updates the parameter θ by
randomly selecting timesteps t ∼ U(tmin, tmax) and for-
warding x = g(θ) with noise ϵ ∼ N (0, I) to compute the
gradient as follows:

∇θLSDS(θ) = Et,ϵ

[
w(t)

(
ϵϕ(xt; y, t)− ϵ

)∂x
∂θ

]
. (2)

3.2. Problem formulation and overview

We define the problem of versatile 3D inpainting us-
ing 3DGS as follows: Given a pretrained 3D Gaus-
sians G, a positive prompt Tp, a negative prompt Tn de-
scribing the inpainting target, and a mask prompt Tm to
guide the Language-based Segment Anything model (Lang
SAM) [14] in selecting specific inpainting regions, our ob-
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Figure 3. (a) The illustration of the proposed Attention Feature
Propagation (AFP). The outputs of AFP are the inpainted image
Ii and the depth map Di estimated by the monocular depth esti-
mator [30] D̃. (b) The workflow of our designed texture-geometry
warping module. The outputs of texture-geometry warping are the
texture map C′

i and the depth map D′
i.

jective is to inpaint the 3D Gaussians based on these text
prompts.

As illustrated in Fig. 2, we use a coarse-to-fine strat-
egy for versatile and view-consistent 3D inpainting from
multi-view images. Prior to the 3D inpainting process, we
initialize the camera poses for the 3D scene and apply K-
means clustering [19] to group the multi-view images based
on camera centers derived from COLMAP [32]. We then
choose the views closest to the cluster centers as reference
views. In the coarse stage, we employ DDIM inversion
and the Attention Feature Propagate (AFP) module, allow-
ing attention features to propagate from reference views to
other views, thereby optimizing a coarsely view-consistent
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Figure 4. Illustration of the multi-view consistent image inpainting
with DDIM inversion and the AFP module in Sec. 3.3.

3D Gaussians (see Sec. 3.3). In the fine stage, we lever-
age the TG-SDS loss as geometry regularization to improve
both geometry and texture of the inpainted 3D scenes (see
Sec. 3.4). The overall loss functions are shown in Sec. 3.5.

3.3. Multi-view Consistent Image Inpainting
Achieving high-quality inpainted 3D scenes is a challeng-
ing task because existing 2D inpainters [31, 42, 47] struggle
to produce consistent multi-view inpainting results. Draw-
ing inspiration from video editing and inpainting meth-
ods [17, 40], we design the Attention Feature Propaga-
tion (AFP) strategy. This strategy aims to implicitly propa-
gate attention features from reference views to other views
within the latent space of a 2D inpainter. Prior to employing
AFP, we introduce a robust strategy for selecting the refer-
ence views.
Reference Views Selection. To ensure that the selected ref-
erence views capture the majority of appearance and ge-
ometric information across the entire scene, we utilize K-
means clustering to group all views based on their camera
centers, which are determined through pose estimation us-
ing COLMAP [32]. As shown in Fig. 2, this process re-
sults in K clusters within the scene. We then select the
views closest to the cluster centers as reference views. This
straightforward yet effective method enables us to choose
reference views that can establish relationships with sur-
rounding views and minimize warping errors.
DDIM Inversion. In the coarse stage, as depicted in Fig. 2,
to facilitate the generation of 3D-consistent coarse appear-
ances, we apply DDIM inversion on rendered images Î
from source 3D Gaussians and masks extracted by Lang
SAM [14] to derive intermediate deterministic latents zt

from the 2D inpainter.
Attention Features Propagation (AFP). After deriving
the deterministic latents via DDIM inversions, we lever-
age these latents to enhance multi-view appearance con-
sistency. To propagate the inpainted appearance from ref-
erence views, we first integrate a self-attention mecha-
nism [40] to extract attention features from each view, as
shown in Fig. 3 (a). Subsequently, we employ a cross-

attention mechanism to inject reference attention features
into the inpainting process of other views. The self-
attention mechanism is described as:

Attn(Qi,Ki,Vi) = Softmax(
QiKi√

d
)Vi, (3)

where Qi, Ki, and Vi represent the Query, Key, and
Value features obtained from linear projections of the self-
attention mechanism for latents zt of each view, with d act-
ing as a scaling factor.

Furthermore, we utilize cross-attention to incorporate the
attention features from reference views into the attention
features of other views:

Attn′i = λa ·
1

Nk

Nk∑
i=0

Attn(Qi,Kr, Vr)

+ (1− λa) ·Attn(Qi,Ki, Vi),

(4)

where λa ∈ [0, 1], and Nk represents the number of ref-
erence views selected from K-means. To further assist in
improving appearance consistency, we encode the already
inpainted image Ip within the multi-view sequence using
the CLIP Vision model [29] and integrate the image em-
beddings into the residual blocks of the U-Net. Next, we
decode inpainted latents to produce coarsely consistent in-
painted results for training the 3D Gaussians.

3.4. Texture-Geometry Guided SDS Loss
By optimizing 3D Gaussians using these inpainted images,
we can generate coarsely inpainted 3D scenes. While we
have achieved relatively consistent inpainting results, as
shown in Fig. 4, these results might lack the essential ge-
ometric information necessary for 3D inpainting. Further-
more, the AFP module facilitates the propagation of atten-
tion features from reference views to other views, aiding
in enhancing appearance consistency implicitly. However,
this approach may not comprehensively address all detail
inconsistencies. To further alleviate artifacts in 3D inpaint-
ing, we propagate geometry and texture details in an explicit
and controllable way, which is crucial for maintaining geo-
metric consistency.

Therefore, we propose a texture-geometry guided SDS
(TG-SDS) loss within the latent space of ControlNet [42].
ControlNet allows for the integration of multi-conditional
images to control image generation. Building on this capa-
bility, we propagate texture and geometric information from
reference views to other views, using these as conditional
images to guide ControlNet.
Texture-Geometry Warping. We first employ the depth
image-based rendering (DIBR) method [10] to warp images
from the reference views to other views. As illustrated in the
fine stage of Fig. 3 (b), to mitigate errors caused by signif-
icant pose differences between views, the reference views
from a given cluster are only warped to other views within
the same cluster. The warping process within each clus-
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Figure 5. Qualitative results of the object removal task. For each scene, we present two novel views to compare the rendering quality and
multi-view consistency with the existing state-of-the-art methods.

ter is conducted independently. Specifically, for a view Ii
in cluster Cj , we warp each pixel q of the reference view
IRj

within this cluster, along with its depth value DRj
, es-

timated by a 2D depth estimator [30] D̃. We then compute
a wrapped pixel qRj→i as follows:

qRj→i = KPiP
−1
Rj

K−1[q,DRj
], (5)

where K, Pi, PRj
indicate the intrinsic matrix, the camera

pose of view i, and the camera pose of reference view Rj ,
respectively. Through this process, we obtain the warped
images I ′i from reference views to other views. Addition-
ally, we apply the Canny edge detector [3] to generate tex-
ture maps C ′

i and employ a 2D depth estimator [30] to pro-
duce the depth maps D′

i.
Multi-View SDS Loss. After acquiring conditional images
with both texture and geometry details, i.e., the texture maps
and depth maps derived from texture-geometry warping, we
employ them to compute the TG-SDS loss in Fig. 2. In
this process, the rendered images Ii, along with the pro-
jected warped texture maps C ′, warped depth maps D′, and
mask m are input into the multi-control diffusion model ϕ
for conditioned generation:

∇θLTG-SDS = Et,ϵ

[
w(t)

(
ϵϕ(I

i
t ;mi, y, t,C′

i,D′
i)− ϵi

)∂Ii
∂θ

]
,

(6)
where the noise latent Iit is derived from the rendered im-

ages Ii using the encoder of the diffusion model ϕ, and N is
the numbers of rendered images. It is important to note that
we only backpropagate the gradient for the masked pixels.

3.5. Optimization
In the coarse stage, we employ a pre-trained monocular
depth estimator [30] D̃ to produce the depth map Di from
the inpainted image Ii. The 3D Gaussians G are optimized
with all properties by minimizing the photometric loss and

depth loss:
Lrgb = (1− λ)L1(R(G)I , I)

+ λLD−SSIM (R(G)I , I),
(7)

where λ = 0.2 is empirically set for all experiments. The
depth loss can be represented as:

Ldepth = L1(R(G)D, D), (8)
Due to the monocular depth is not a metric depth, we align
the monocular depth D with the rendered depth R(G)D us-
ing scale and shift parameters through least-squares estima-
tion in Eq. 5 and Eq. 8.

In the fine stage, we refine the 3D Gaussians G by op-
timizing with LTG−SDS . Consequently, the overall loss
function is defined as:

L = λrgbLrgb + λdepthLdepth + λTG-SDSLTG-SDS, (9)

where λr, λd, and λTG-SDS are the coefficients for photometric
loss, depth loss, and TG-SDS loss, respectively.

4. Experiment
4.1. Experimental Setup
Datasets. We evaluate our versatile 3D inpainting meth-
ods in three different datasets with multi-view images from
feed-forward and 360 degrees: 1) SPIn-NeRF dataset [25]
provide 10 scenes that each scene includes 60 images with
an unwanted object (training views) and 40 images without
it (test views), it originally designed for object removal task
but also can used for evaluating other inpainting tasks. 2)
MipNeRF360 [1] dataset. 3) LLFF dataset [22].
Evaluation Metrics. To evaluate the effectiveness of our
method for versatile 3D inpainting, we employ different
evaluation metrics tailored to specific tasks. 1) For the ob-
ject removal task, we evaluate our method using PSNR,
SSIM, and LPIPS scores on the SPIn-NeRF dataset [25].
2) For object re-texturing and replacement tasks, we fol-
low established practices by calculating the CLIP score and
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Figure 6. Qualitative results of the object re-texturing task. For each scene, we present two novel views to compare the rendering quality
and multi-view consistency with the existing state-of-the-art methods.

Methods PSNR ↑ SSIM ↑ LPIPS ↓ Masked PSNR↑ Masked SSIM↑ Masked LPIPS↓
SPIn-NeRF [25] 20.32 0.48 0.41 15.45 0.22 0.56
NeRFiller [38] 17.31 0.28 0.43 15.48 0.24 0.65
MVIP-NeRF [7] 20.60 0.49 0.44 10.00 0.24 0.60
GScream [37] 20.49 0.58 0.28 15.84 0.21 0.54

DiGA3D (Ours) 20.71 0.58 0.28 17.22 0.26 0.56

Table 1. Quantitative results of the object removal task. We compared our method with four baselines, i.e., SPIn-NeRF [25], NeRFiller [38],
MVIP-NeRF [7], and GScream [37]. Our method achieves clear improvements in PSNR and obtains better scores in most metrics.

Methods Re-texturing Replacement
CLIPdir↑ User Study(%) CLIPdir↑

IN2N [12] 0.0572 1.85% 0.0354
GaussianEditor [8] 0.0702 1.85% 0.0908
GaussCtrl [39] 0.0742 12.97% 0.1097

DiGA3D (Ours) 0.1751 83.33% 0.2247

Table 2. Quantitative results of object re-texturing and re-
placement. We compared our method with three competitors,
i.e., Instruct-NeRF2NeRF (IN2N) [12], GaussianEditor [8], and
GaussCtrl [39]. CLIPdir : CLIP Text-Image Direction Similarity.

conducting a user study to measure the fidelity between our
method and previous approaches. Specifically, we utilize
CLIP Text Image Directional Similarity (CLIPdir ) to assess
how well object re-texturing and replacement align with text
instructions. Additionally, the user study includes a four-
way voting process to evaluate and compare our method
with other state-of-the-art methods in object re-texturing
tasks.
Implementation Details. Our method is implemented us-
ing the PyTorch library [26]. For the coarse stage, we use
PowerPaint-v1 [47] and Stable Diffusion v1.5 with its Con-

trolNet [42] as our 2D inpainter. We employ Stable Diffu-
sion v1.5 and its corresponding ControlNet from the Hug-
ging Face library to guide our TG-SDS loss. To generate 2D
masks for inpainting, we utilize Lang SAM [14] based on
mask prompts. In addition, we build upon Scaffold-GS [20]
for our 3D representations. Our method is trained on a sin-
gle NVIDIA 48GB A6000 GPU.

4.2. Methods for Comparison
To assess our methods across various inpainting tasks, we
conduct comparisons with different techniques tailored for
each specific task. For object removal, we compare our
approach with SPIn-NeRF [25], NeRFiller [38], MVIP-
NeRF [7], and GScream [37]. For object re-texturing
and replacement, we evaluate our method against Instruct-
NeRF2NeRF (IN2N) [12], GaussianEditor [8], and Gauss-
Ctrl [39].

4.3. Results
We primarily provide quantitative and qualitative compar-
isons of three inpainting tasks, i.e., object removal, object
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Figure 7. Qualitative results of the object replacement task. For each scene, we present two novel views to compare the rendering quality
and multi-view consistency with the existing state-of-the-art methods.

re-texturing, and object replacement, to evaluate the effec-
tiveness of our versatile 3D inpainting framework.

4.3.1. Object Removal
Quantitative and qualitative comparisons between our
method and three baseline methods are illustrated in Tab. 1
and Fig. 5, respectively.
Quantitative Comparison. As demonstrated in Tab. 1, our
methods outperform or match SPIn-NeRF, NeRFiller, and
MVIP-NeRF across all evaluated metrics. While our ren-
dering results exhibit some limitations in the masked LPIPS
compared to GScream, we achieve a comparable score
in this metric and show significant advantages in PSNR,
masked PSNR, and masked SSIM when compared to all
other methods. These results indicate the effectiveness of
our approach.
Qualitative Comparison. Fig. 5 presents qualitative re-
sults across three scenes from the SPIn-NeRF dataset. The
leftmost column displays randomly selected scene images
along with their corresponding masks. In the first scene,
our method shows minimal artifacts in the removal areas,
which are especially evident in the results of the first row.
In the second and third scenes, our approach consistently
achieves cross-view and contextual coherence. Compared
to SPIn-NeRF and MVIP-NeRF, our method captures more
details with fewer artifacts, showcasing our better ability.

4.3.2. Object Re-Texturing
Quantitative Comparison. Tab. 2 presents the CLIPdir

scores and the results of the user study. For the CLIPdir

scores, we averaged the scores across six scenes from the

SPIn-NeRF [25] and MipNeRF360 [1] datasets. Based on
the CLIPdir score, our methods show significant advantages
over other approaches, indicating a higher alignment of our
re-texturing results with various text instructions. Addition-
ally, we conducted a user study employing a four-way vot-
ing process, allowing users to select the most relevant edited
scene based on the text prompts while ensuring high ren-
dering quality. The results indicate that our methods also
exhibit advantages compared to other methods.

Qualitative Comparison. Fig. 6 showcases diverse re-
texturing results of our method in both forward-facing and
360-degree scenes. We leverage different text instructions
to assess our approach and compare it with three previous
works. The qualitative results demonstrate that our method
aligns more closely with the text prompts.

4.3.3. Object Replacement

Quantitative Comparison. The quantitative comparison
results for object replacement are presented in Tab. 2. We
find that our methods achieve relatively high scores com-
pared to other approaches, demonstrating that they can gen-
erate more realistic and relevant objects with text prompts.

Qualitative Comparison. We present qualitative compar-
ison results in Fig. 7. It is evident that previous meth-
ods can only generate objects with similar styles based on
text prompts and struggle to implement significant geomet-
ric changes, whereas our approach can replace objects and
seamlessly complete regions with contextual consistency.
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Figure 8. The visualization of ablation study for key components
on the object replacement task using LLFF dataset [22].

Methods PSNR ↑ SSIM ↑ LPIPS↓
Our full model 20.71 0.58 0.28
w/o TG-SDS loss 20.66 0.57 0.29
w/o AFP & TG-SDS loss 20.45 0.57 0.30

Table 3. The quantitative ablation study of key components on the
object removal task using SPIn-NeRF dataset [25].

K PSNR↑ SSIM↑ LPIPS↓ Memory Resolution

1 19.87 0.4670 0.3350 41G 512× 904
2 19.89 0.4665 0.3412 46G 512× 904
3 19.94 0.4676 0.3330 47G 512× 904

Table 4. The selection of hyperparameter K. We evaluate different
values of K on Scene 1 of the SPIn-NeRF [25] dataset using a
single A6000 GPU.

4.4. Ablation Study

We conduct ablation experiments on our key components,
reference view selection, and TG-SDS loss.
Quantitative Analysis of Key Components. As detailed in
Tab. 3, we gradually assess our baseline (w/o AFP & TG-
SDS loss), coarse stage (w/o TG-SDS loss), and our fine
stage (full model). In the baseline, we solely utilize the
2D inpainter [42, 47] and depend on the convergence of 3D
representations. By integrating DDIM inversion and AFP
within the 2D inpainter, we achieve a notable 0.21 improve-
ment in PSNR, indicating significant enhancements. With
the addition of our fine stage, all three metrics exhibit fur-
ther improvements, underscoring the effectiveness of key
component of our method.
Qualitative Analysis of Key Components. In Fig. 8, we
depict the visualizations of the ablation study on key com-
ponents. We provide an example of replacing the ‘fortress’
with ‘a toy car’. Starting with our baseline in the second col-
umn, noticeable blurriness is observed within the inpainting
regions, stemming from the inconsistencies in the 2D in-
painter’s direct inpainting results. By employing AFP, we
have significantly improved the issue of inconsistencies, al-
though some artifacts and texture details still lack consis-
tency. With the addition of the fine stage, our full model
exhibits more consistent and smoother appearance results.
Quantitative Analysis of Hyperparameter K in Refer-

(a) Depth map (w/o TG-SDS loss) (b) Depth map (w/ TG-SDS loss)

(c) Point cloud (w/o TG-SDS loss) (d) Point cloud (w/ TG-SDS loss)

Figure 9. Qualitative ablation study for the proposed TG-SDS op-
timization loss on the SPIn-NeRF dataset [25].

ence View Selection. When using K-means for selecting
reference views, it is important to balance memory cost and
performance during the coarse stage. As demonstrated in
Tab. 4, we achieve this balance by choosing K = 3 for our
experiments on the SPIn-NeRF [25], which ensures both
high performance and the ability to run efficiently on a sin-
gle A6000 GPU.
Qualitative Analysis of TG-SDS Loss. Due to the monoc-
ular depth supervision in the coarse stage, we further con-
duct an ablation study to analyze the role of TG-SDS loss
in geometric regularization. In Fig. 9 (a) and (b), both the
depth maps without TG-SDS loss and with TG-SDS loss
are free from artifacts related to foreground objects, with
minimal differences between them. Subsequently, we visu-
alize the point clouds for both cases in Fig. 9 (c) and (d),
respectively. It is evident that (c) clearly exhibits remnants
of foreground objects and some redundant points, whereas
(d) showcases improved geometries and textures, demon-
strating the effectiveness of our TG-SDS loss in enhancing
geometry.

5. Conclusion

In this paper, we introduce a versatile 3D inpainting pipeline
that leverages diffusion models to propagate consistent
appearance and geometry using a coarse-to-fine strategy.
Specifically, we utilize K-means clustering to select ref-
erence views that capture the majority of appearance and
geometry information across the entire scene. During the
coarse stage, we perform multi-view inpainting by prop-
agating attention features from reference views to other
views through the latent space of a 2D inpainter. In the
fine stage, we introduce the TG-SDS loss to further regu-
larize the geometry of the inpainted 3D scene. We conduct
extensive experiments on multiple 3D inpainting tasks to
demonstrate the effectiveness of our method.
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