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Abstract

3D Gaussian inpainting, a critical technique for numer-
ous applications in virtual reality and multimedia, has
made significant progress with pretrained diffusion mod-
els. However, ensuring multi-view consistency, an essen-
tial requirement for high-quality inpainting, remains a key
challenge. In this work, we present PAInpainter, a novel
approach designed to advance 3D Gaussian inpainting by
leveraging perspective-aware content propagation and con-
sistency verification across multi-view inpainted images.
Our method iteratively refines inpainting and optimizes the
3D Gaussian representation with multiple views adaptively
sampled from a perspective graph. By propagating in-
painted images as prior information and verifying consis-
tency across neighboring views, PAInpainter substantially
enhances global consistency and texture fidelity in restored
3D scenes. Extensive experiments demonstrate the superi-
ority of PAInpainter over existing methods. Our approach
achieves superior 3D inpainting quality, with PSNR scores
of 26.03 dB and 29.51 dB on the SPIn-NeRF and NeR-
Filler datasets, respectively, highlighting its effectiveness
and generalization capability. The code will be publicly
available at https://pa-inpainter.github.io.

1. Introduction
As a prominent application in the realm of 3D editing, 3D
inpainting plays a pivotal role in various applications and
industries, including the metaverse and holographic multi-
media production [5, 52]. However, traditional hand-crafted
3D completion approaches, which rely on professional de-
signers and specialized tools, remain labor-intensive and
cumbersome. With recent advancements in 3D neural rep-
resentations [17] and generative models [34], 3D inpainting
can be achieved by applying a two-stage paradigm: 1) using
a pretrained 2D diffusion model to inpaint masked multi-
view renderings of the 3D Gaussian scene with missing re-
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Figure 1. Current challenges in 3D Gaussian inpainting: a) the
fine-tune based inpainter trained for specific tasks [7] experiences
significant performance decline when applied to general inpaint-
ing scenarios; b) the joint-view inpainting method [44] struggles
with inconsistency across multi-view images, resulting in noisy
inpainting results; c) the DU strategy [12] leads to texture degra-
dation in both inpainted multi-view images and the final 3D scene.

gions; and 2) optimizing the initial 3D Gaussian scene with
the inpainted multi-view images [7, 32]. While this efficient
framework shows significant potential, multi-view inconsis-
tency remains an inherent challenge in diffusion models due
to their independent view processing nature, which hinders
high-quality 3D inpainting [22, 44].

Existing works have explored various approaches to im-
prove multi-view consistency in 3D Gaussian inpainting,
yet new limitations continue to emerge. Fine-tune based
inpainting methods adapt diffusion models with additional
control conditions (e.g., reference images [7]), but are con-
fined to specific scenarios, as illustrated in Fig. 1(a). With-
out modifying pretrained diffusion models, the joint-view
based inpainting approach [44] processes multi-view im-
ages in 2!2 grid tiles and achieves improved consistency,
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Figure 2. The overall pipeline of our proposed PAInpainter.
Based on the constructed perspective graph, our approach iter-
atively performs multi-view image inpainting and 3D Gaussian
training. The adaptive graph sampling algorithm enables efficient
inpaint content propagation across adjacent viewpoints, while con-
sistency verification ensures coherent multi-view inpainting re-
sults, thereby improving the 3D inpainting quality.

yet still exhibits artifacts in challenging regions, as shown
in Fig. 1(b). Similarly, DatasetUpdate (DU) [12] alternates
between 3D scene optimization and multi-view inpainting
while progressively updating the dataset to improve con-
sistency. However, it suffers from texture fading in the fi-
nal results, as demonstrated in Fig. 1(c). These limitations
highlight the persistent challenge of achieving high-fidelity
and globally consistent inpainting across multiple views.

In this paper, we introduce the Perspective-Aware 3D
Gaussian Inpainter (PAInpainter) to enhance multi-view
consistency. As illustrated in Fig. 2, we propose a novel
perspective-aware framework with three key components:
perspective graph sampling, inpaint content propagation,
and consistency verification. Specifically, we construct
a perspective graph that models the spatial relationships
among viewpoints. Leveraging adaptive graph sampling
and the inherent perspective overlap between neighboring
views, we propagate inpainted content across adjacent cam-
eras, which serves as supplementary visual priors for the
diffusion model during inpainting, improving fine-grained
texture preservation and consistency across multi-view in-
painted images. To ensure high-quality and reliable results,
we introduce a dual-feature verification mechanism that
evaluates both texture and geometric coherence in latent
space, effectively identifying and selecting consistent in-
painting results. Combined with our framework, the versa-
tile generation capability of the pretrained diffusion model
further empowers our approach to handle various challeng-
ing 3D inpainting scenarios.

Our approach demonstrates exceptional performance in
high-fidelity 3D Gaussian inpainting across diverse scenar-
ios. Through extensive experiments on three mainstream
3D inpainting datasets, we demonstrate that PAInpainter
significantly outperforms existing methods both quantita-
tively and qualitatively. Additionally, our PAInpainter ex-
hibits robust generalization capability across various sce-

narios. Our main contributions are summarized as follows:
• We propose a novel perspective-aware framework for

3D Gaussian inpainting that systematically integrates in-
painting view sampling, cross-view content propagation,
and consistency verification.

• We introduce three effective components: a perspec-
tive graph to guide viewpoint sampling for inpainting,
a perspective-aware projection strategy to propagate in-
painting content, and a dual-feature verification mecha-
nism to ensure multi-view consistency.

• Extensive experiments on diverse 3D scenes demonstrate
that PAInpainter outperforms state-of-the-art methods in
achieving superior consistency and visual fidelity.

2. Related Work
2.1. 2D Image Inpainting
2D inpainting methods aim to restore missing or ob-
scured regions in images with coherent textures and struc-
tures [3, 30]. Early approaches relied on texture synthesis
and pixel interpolation techniques by leverages information
from known regions [2, 9, 10]. Learning-based approaches,
especially deep learning methods [18, 19, 31, 48, 49] and
recent diffusion models [34], have since emerged as power-
ful alternatives, demonstrating superior capabilities in high-
fidelity content completion. The Latent Diffusion Mod-
els (LDMs)[34] and its variants[24, 50] achieve remarkable
generation results across diverse scenarios. However, these
methods process each image independently without con-
sidering 3D spatial relationships and geometric attributes
among multiple viewpoints, leading to subsequent incon-
sistency when applied to the 3D domain.

2.2. 3D Scene Inpainting
3D inpainting extends the content completion task into 3D
space. Early approaches focused on geometric comple-
tion using traditional representations like point clouds and
meshes [8, 46]. Recent advances in neural representa-
tions, particularly Neural Radiance Fields (NeRF)[25] and
3D Gaussian Splatting (3DGS)[17], have revolutionized 3D
scene modeling. While direct 3D diffusion models [28, 36,
42] face challenges with limited training data and compu-
tational complexity, an alternative approach combines pre-
trained 2D diffusion models with 3D neural representa-
tions [15, 20, 21, 23, 26, 32, 39, 44, 45]. This paradigm
shows promising results by combining the powerful gener-
ation capabilities of 2D diffusion models with real-time 3D
reconstruction [7, 22]. Despite the advancement in 3D in-
painting efficiency, ensuring geometric and appearance con-
sistency across different viewpoints remains challenging. In
this paper, we build our method on 3DGS, which enables
fast training and real-time rendering, and achieve improved
multi-view consistency by propagating extra prior informa-
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Figure 3. Overview of PAInpainter for multi-view consistent 3D Gaussian inpainting. Our method is built upon the pretrained SD2 [34]
and incorporates three key components: 1) perspective graph models spatial relationships among cameras to guide adjacent view sampling;
2) inpaint content propagation transmits inpainting content across adjacent views sampled from perspective graph, providing extra visual
priors for diffusion inpainting; 3) consistency verification evaluates inpainted results based on texture and geometric features coherence.
The perspective-aware graph sampling contributes to effective content propagation and consistency verification across multiple views.

tion to guide the diffusion inpainting process.

2.3. Multi-view Consistency
Multi-view consistency ensures that the generated content
in multi-view images of a 3D scene maintains geometric
and texture coherence [12, 43]. Recent works have explored
two main techniques to address inconsistency arising from
2D diffusion models. The first approach resorts to the dif-
fusion model fine-tuning with additional conditions [16, 29,
43, 47], namely incorporating depth features, task-specific
modules, and geometric constraints [6, 7, 22]. However,
these methods typically specialize in specific tasks like ob-
ject removal and struggle to generalize to broader 3D in-
painting scenarios. The second technique explores solution
without modifying pretrained models [12, 15, 44], but lever-
ages depth priors or additional supervision [27, 32] to en-
hance cross-view consistency in generation and reconstruc-
tion process. While these approaches show potential, they
often lack proactive consistency inspection of inpainted im-
ages, leading to compromised performance under challeng-
ing conditions. To address this limitation, we introduce a
dual-feature verification mechanism designed to reject in-
consistencies, thereby ensuring coherent inpainting across
diverse scenarios for 3D scene restoration.

3. Methodology
Overview. The key components of PAInpainter are illus-
trated in Fig. 3. This section first introduces the overall

framework (Sec. 3.1), followed by the technical details of
perspective graph construction, inpaint content propagation,
and consistency verification (Sec. 3.2). The adaptive graph
sampling strategy and 3D Gaussian training procedure are
elaborated in Sec. 3.3.

3.1. Framework
As shown in Fig. 2, PAInpainter completes unknown re-
gions within a 3D scene by iteratively inpainting multi-view
renderings and optimizing the 3D Gaussians with inpainted
images. Building upon the high-fidelity image inpainting
capabilities of pretrained StableDiffusion2 (SD2) [34], our
framework enhances the multi-view inpainting consistency
through three key techniques: perspective graph sampling,
inpaint content propagation and consistency verification.

Based on the fact that the cross-attention mechanism
of SD2 allows for reference-guided content generation in
missing regions [7], we observe that the inpainting con-
sistency significantly degrades with increasing perspective
differences between views, as shown in Fig. 1(a). This ob-
servation motivates us to sample images with similar per-
spectives, thereby promoting the generation of consistent
content. These adjacent views serve dual purposes: they
facilitate effective content propagation by providing reli-
able texture and geometric priors for masked images, while
enabling feature-space consistency verification among in-
painting images to mitigate SD2’s inherent randomness and
select optimal results from multiple candidates.

Based on these findings, we develop PAInpainter based
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Figure 4. Perspective distance evaluation via feature matching.
The color bar indicates the match’s confidence. For a given target
image, nearby views achieve significantly higher matching score
(0.84) compared to distant views (0.74), validating the effective-
ness of our perspective-aware graph construction method. This
distance metric naturally captures the spatial relationships between
different viewpoints.

on the following iterative framework:
1. Given a 3D Gaussian scene Gu with unknown regions,

multi-view images I = {Ii}ni=1 with corresponding
camera poses T = {Ti → SE(3)}n

i=1 and masks M =
{Mi}ni=1, we construct a perspective graph G for I,
where edges encode the perspective distances among
views.

2. For each inpainting round, we adaptively sample an an-
chor image Ianchor from the constructed graph and em-
ploy SD2 to inpaint it, obtaining I →

anchor
. We then query

its adjacent images from G to form a subset Iadj . The
inpainted content from I →

anchor
is projected to each im-

age in Iadj , and I →
anchor

serves as a reference image for
following diffusion inpainting of these adjacent views.

3. For images in Iadj , multiple inpainted candidates are
generated by SD2. We then compute consistency scores
between each candidate and I →

anchor
with regard to the

inpainting regions, selecting the candidate with the high-
est score as the final inpainting result.

4. We optimize the 3D Gaussian scene Gu by training on
the inpainted images.

The process iteratively alternates between multi-view in-
painting (steps 2-3) and 3D Gaussian optimization (step 4),
progressively inpainting and refining the 3D scene.

3.2. PAInpainter
We now detail the three key modules of PAInpainter for
achieving consistent 3D Gaussian inpainting.
Perspective graph construction. The graph G underpins
our entire inpainting pipeline by modeling the proximity re-
lationships among diverse viewpoints. Although the cam-
eras’ poses are available, the view difference, i.e., the cap-
tured content in the images, cannot be solely described by
the 6-DoF distance due to variations in perspective, orienta-

3D point cloud

Pose transform

(a)

(b)

Perspective distanceClose Far

Figure 5. Inpaint content propagation mechanism. (a) Using depth
information and camera poses, inpainted content from an anchor
image is projected onto its adjacent masked views. (b) The projec-
tion results on neighboring views sampled from our perspective
graph. Thanks to our graph-based sampling strategy, most masked
regions in the selected images receive ample projected content
(high coverage of effective pixels), offering rich prior information
for subsequent SD2 inpainting.

tion, and scene geometry [1, 40]. To solve this problem, we
propose evaluating view similarities through feature match-
ing metrics, as shown in Fig. 4. Specifically, we employ
LoFTR [37] for its transformer-based architecture that en-
ables robust feature matching under challenging viewpoint
changes. For image pair (Ii, Ij) in the dataset, we extract
matches with confidence scores above threshold ω (ω = 0.4
fixed in our implementation). The perspective distance is
evaluated based on the average confidence score for these
matches, where a higher average matching score indicates
a smaller distance. In the final graph G, nodes store im-
ages with their camera poses and masks, while edges en-
code the computed perspective distances. This perspective-
aware graph enables effective sampling of adjacent views
for consistent inpainting. As demonstrated by our experi-
ments, this strategy provides enhanced robustness to view-
point variations while preserving geometric interpretability.
Inpaint content propagation. To enhance multi-view con-
sistency and high-fidelity inpainting, we feed supplemen-
tary priors of masked region along with the image to SD2
via inpaint content propagation. Guided by camera poses
sampled from graph G, we render the anchor image Ianchor
and its top-k adjacent images Iadj = {Iadj

i
}k
i=1 from 3D

Gaussian scene Gu. We first independently inpaint the an-
chor image Ianchor using SD2, obtaining I →

anchor
, followed

by propagating the I →
anchor

to its adjacent images Iadj with
masked regions through perspective projection to offer extra
prior for SD2 inpainting, as shown in Fig. 5 (a).

Specifically, we use ZoeDepth [4] to estimate the depth
map danchor for I →

anchor
. With danchor and camera parame-
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ters (intrinsic K and extrinsic Tanchor), we inversely project
the 2D image I →

anchor
into perspective coordinates by

[
xc, yc, zc

]↑
= K↓1 · (

[
u, v, 1

]↑ · d), (1)

where [u, v, 1]↑ and d represent 2D image coordinate and
depth value, respectively, and [xc, yc, zc]↑ represents the
3D coordinate. For each adjacent image Iadj

i
with cam-

era pose Ti, we transform the 3D point cloud from anchor
perspective to the perspective coordinates of Iadj

i
by

[
x→
c
, y→

c
, z→

c
, 1
]↑

= Ti · T↓1
anchor

·
[
xc, yc, zc, 1

]↑
, (2)

obtaining [x→
c
, y→

c
, z→

c
]↑ after homogeneous normalization.

We project these coordinates onto Iadj
i

, updating only pix-
els within the masked region. For regions where projection
fails due to view differences or depth estimation errors, we
retain the rendering RGB values from 3D Gaussian scene.

Leveraging our perspective graph sampling strategy, the
projection effectively propagates the inpainted content from
anchor image to adjacent frames while preserving geo-
metric and texture consistency, as shown in Fig. 5 (b).
The propagated adjacent images Iadj are then paired with
I →
anchor

as reference guidance for SD2 diffusion inpainting.
Consistency verification. Obstacles arising from perspec-
tive differences make it impossible for consistency veri-
fication to rely solely on pixel comparison. Therefore,
we elevate the consistency verification process into fea-
ture space. We independently generate multiple inpaint-
ing candidates for each masked adjacent image. To han-
dle varying 3D inpainting scenarios, we propose verify-
ing consistency by assessing coherence in texture and ge-
ometry feature spaces. As shown in Fig. 3, for the in-
painted candidates of Iadj

i
, we use ZoeDepth to estimate the

corresponding depth maps. We apply a feature extraction
model as consistency evaluator (ResNet-18 [13]) to sepa-
rately extract both RGB and depth features for each candi-
date, as well as for the inpainted anchor image and its depth
map. Finally, we compute the cosine similarity between
candidates and the inpainted anchor image based on fused
dual features. The overall consistency score is computed
as a weighted combination of RGB and depth similarities:
S = εSrgb + (1 ↑ ε)Sdepth, where ε controls the relative
importance of texture and geometry consistency. The can-
didate with the highest consistency score is then selected as
the final inpainting result. The weighting factor ε is empir-
ically set to 0.7 to balance fine texture details and structural
coherence and four candidates generated for each image.

Given the small perspective differences between adja-
cent images and our dual-feature coherence approach, our
consistency verification mechanism effectively identifies
and excludes inconsistent inpainting results. Specifically,
by leveraging hierarchical feature extraction capability of
ResNet-18 at multiple scales and the complementary nature

of RGB-depth feature pairs, this method significantly en-
hances the multi-view consistency of images fed into the
3D Gaussian optimization process, thereby improving the
overall quality of 3D Gaussian inpainting.

3.3. Adaptive Sampling & 3D Gaussian Training
Adaptive sampling. During the iterative process, we strate-
gically sample an anchor image and its k nearest neighbors
on our proposed perspective graph G for inpainting and 3D
Gaussian training. In the first iteration, the anchor image
is selected from the entire dataset to initialize the process.
For each subsequent iteration, we adopt a distance-aware
sampling strategy: the anchor image is sampled from the
pool of previously inpainted images, excluding both previ-
ously selected anchor images and their k/2 nearest neigh-
bors from future anchor image selection. Here, k is scene-
dependent, determining both the number of adjacent views
for inpainting and the spatial separation between anchor im-
ages. This spatial constraint ensures well-distributed scene
coverage and mitigates the risk of local region trapping.
We further maintain a priority queue based on consistency
scores from previous iterations, prioritizing images with
worse coherence for refinement (the algorithm flowchart in
Appendix B.3). This adaptive mechanism progressively im-
proves both global consistency and local detail quality.
3D Gaussian Training. Given the dataset consisting of
inpainted and masked multi-view images, we optimize 3D
Gaussians following the vanilla 3DGS framework [17]. The
optimization objective combines L1 and D-SSIM losses:

L = (1↑ϑ)L1(I
→
i
↑Ii)+ϑLSSIM (I →

i
↑Ii), ϑ = 0.2, (3)

where I →
i

and Ii denote the rendering and inpainted images
respectively. For masked images, we exclude the missing
regions from loss computation during optimization.

Our method achieves high-quality multi-view consistent
inpainting without fine-tuning pretrained diffusion models.
As demonstrated in Fig. 7, PAInpainter effectively handles
diverse 3D inpainting scenarios.

4. Experiments
In our experimental evaluation, we conduct comprehensive
comparisons between PAInpainter and state-of-the-art ap-
proaches across 28 scenes, spanning 4 distinct inpainting
tasks. Our framework employs the pretrained StableDiffu-
sion2 (SD2) [34] as the backbone for image inpainting and
ZoeDepth [4] for monocular depth estimation. Detailed im-
plementation specifics and explanations of hyperparameters
are provided in Appendix B.1 and Appendix B.2.
Datasets. To rigorously evaluate the effectiveness and gen-
eralization capability of PAInpainter, we utilize three main-
stream datasets. The first dataset consists of 8 object-centric
scenes derived from the NeRF Blender dataset [25], with
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NeRF Blender [25] SPIn-NeRF [27] NeRFiller [44]

PSNR (dB) ↓ SSIM ↓ LPIPS ↔ FID ↔ PSNR (dB) ↓ SSIM ↓ LPIPS ↔ FID ↔ PSNR (dB) ↓ SSIM ↓ LPIPS ↔ FID ↔

Masked 3DGS 11.57 0.83 0.19 - 13.46 0.41 0.40 - 12.95 0.76 0.28 -
SD2 [34] 20.42 0.90 0.09 102.2 23.48 0.73 0.23 140.3 20.36 0.84 0.17 105.2
MVInpainter [7] 19.42 0.81 0.17 148.6 24.80 0.74 0.21 152.2 21.13 0.80 0.18 117.7
GridPrior + DU ω [44] 22.77 0.92 0.08 104.2 25.19 0.79 0.20 151.2 26.97 0.92 0.13 121.9
NeRFiller ω [44] 23.27 0.92 0.09 153.7 25.20 0.79 0.17 146.1 22.35 0.88 0.15 110.4
PAInpainter (ours) 24.19 0.92 0.08 101.8 26.03 0.81 0.15 121.7 29.51 0.94 0.08 96.1

Table 1. Quantitative comparison on the multiple datasets. We compare our method against advanced approaches on three datasets. Higher
PSNR and SSIM, as well as lower LPIPS and FID indicate better performance. Cells are highlighted as follows: best , second best ,
third best . Our method surpasses all baselines across these metrics, demonstrating its efficacy and robust generalization. ω represents

replacing the original NeRF backbone with 3DGS for fair comparison. Detailed performance of each scene are provided in the Appendix C.

multi-view images at a resolution of 512↗512. Missing re-
gions are generated by masking the central 192 ↗ 192 pix-
els in each image (as exemplified by the “chair” scene in
Fig. 7). Additionally, we use the SPIn-NeRF dataset [27]
as the second dataset for 3D unbounded scene inpainting.
Since the SPIn-NeRF dataset only covers a single 3D in-
painting task (foreground object removal), we also incor-
porate the dataset introduced by NeRFiller [44], which in-
cludes 10 real-world complex 3D inpainting scenes. Col-
lectively, our experimental corpus of 28 scenes (details in
Appendix C) encompasses multiple 3D inpainting scenar-
ios: 1) large indoor missing region, 2) object-centric large
missing region, 3) object-centric removal, and 4) multiple
disjoint missing regions (illustrated in Fig. 7).
Baselines. We establish comprehensive comparisons with
four representative state-of-the-art approaches, each em-
bodying distinct technical paradigms:
• SD2 [34]. A fundamental baseline that performs indepen-

dent simultaneous inpainting across all multi-view im-
ages;

• GridPrior+DU [44]. An extension of the Dataset Update
(DU) framework that processes random image batches in
2↗ 2 grid patterns during iterative updates;

• NeRFiller [44]. A progressive joint-view inpainting strat-
egy built upon SD2, emphasizing view-consistent content
generation;

• MVInpainter [7]. A reference-guided approach that fine-
tunes SD2 and incorporates single-view inpainting results
as reference information.

We configure GridPrior+DU and NeRFiller to process
twelve images per batch to meet computational constraints
and provide MVInpainter with one inpainted reference im-
age per scene. All above methods are built upon 3DGS and
are evaluated on 3D Gaussian scenes with identical masked
regions and camera poses to ensure fair comparison.
Metric. We assess the performance through quantitative
analysis of rendered image quality from inpainted 3D Gaus-
sian scenes. Our evaluation protocol employs four well-

established metrics: PSNR [11] for pixel-wise accuracy,
SSIM [41] for structural similarity, LPIPS [51] for percep-
tual quality, and FID [14] for distribution alignment be-
tween the generated and ground truth images. For progres-
sive methods that iteratively refine the inpainting results, we
evaluate by comparing the rendered images from inpainted
3D scene against the inpainted image of each view after the
last iteration. For single-round methods, we adopt the train-
test split strategy on inpainted images: 80% of images in the
training set are used for optimizing the masked 3D Gaussian
scene, while the remaining images as test set serve for eval-
uating the 3D inpainting results.

4.1. Experimental Results and Analysis
Quantitative. The experiment results of PAInpainter and
state-of-the-art methods are presented in Tab. 1. The
Masked 3DGS reports the rendering quality on the ini-
tial reconstructed 3D Gaussian scene with missing regions.
Our proposed PAInpainter outperforms all other methods
across the evaluated metrics. Specifically, on the NeR-
Filler dataset, PAInpainter achieves significant improve-
ments with PSNR of 29.51 dB, surpassing the strongest
baseline (GridPrior+DU) by 2.54 dB. This demonstrates its
superiority in generating high-quality 3D Gaussian inpaint-
ing results and highlights its strong generalization capabil-
ity across diverse inpainting scenarios.

In contrast, SD2 inpaints images independently with-
out considering multi-view consistency, resulting in lower-
quality renderings of the inpainted 3D scene. However,
due to its pretraining on large-scale image datasets, SD2
achieves competitive FID scores, suggesting its ability to
generate plausible visual content without fine-tuning. MV-
Inpainter, originally designed for object-level and forward-
facing task, struggles with general 3D inpainting scenar-
ios, leading to unsatisfactory performance. NeRFiller and
GridPrior+DU perform better on structural metrics due to
their joint-view mechanism that incorporate cross-view pri-
ors. Nevertheless, these two approaches show limitations in
perceptual quality, as reflected by higher FID scores.
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SD2 PAInpainter (ours)NeRFillerGridPrior+DUMasked 3DGS MVInpainter

Figure 6. Qualitative comparison of 3D Gaussian inpainting results. Three scenes are shown (rows): Boot, Norway, and Office. For
each scene, we present the initial masked 3D Gaussian scene (blue regions indicate missing content) and inpainting results from different
methods. Four viewpoints are rendered to demonstrate multi-view consistency.

Graph
sampling

Inpaint content
propagation

Consistency
verification PSNR (dB) ↓ SSIM ↓ LPIPS ↔ FID ↔

- - - 27.62 0.928 0.100 113.7
↭ - - 27.94 0.929 0.091 109.4
↭ ↭ - 28.52 0.932 0.083 101.7
↭ - ↭ 28.47 0.933 0.085 106.0
↭ ↭ ↭ 29.51 0.935 0.081 96.1

Table 2. Ablation study on NeRFiller dataset. Each row represents
an ablated setting of our key components. The baseline uses basic
iterative framework based on 3DGS without our proposed mod-
ules. Check marks (↭) indicate the presence of corresponding
module. Results demonstrate PAInpainter (all modules present)
achieves optimal performance.

Compared to previous methods, PAInpainter achieves
improvement in both multi-view consistency and percep-
tual quality. This is particularly evident in its superior FID
scores while maintaining leading performance in structural
metrics, which indicates that the inpainted content gener-
ated by PAInpainter is not only coherent across views but
also aligned with the original scene distribution, demon-
strating its effectiveness and reliability in 3D inpainting.
Qualitative. Visualization comparisons are shown in Fig. 6,
where PAInpainter exhibits remarkable performance in both
detail preservation and multi-view consistency. In the
“boot” scene (first row), our method accurately reconstructs
the intricate leather textures while maintaining geometric
continuity across different viewpoints. This advantage is
further evidenced in the “Norway” scene (second row),
where PAInpainter faithfully recovers the fine details of the
mural paintings (beside the chair) with consistent artistic
style and structural integrity. Similarly, in the “office” scene

(third row), our method precisely reconstructs the archi-
tectural elements of the door frame while preserving the
surrounding context. Additionally, as shown in the indoor
scene in Fig. 7, PAInpainter showcases creativity ability by
generating diverse content while maintaining scene consis-
tency. In contrast, existing methods such as GridPrior+DU
and MVInpainter , while achieving basic view consistency,
often produce over-smoothed or distorted results, particu-
larly in regions requiring high-fidelity detail. This compar-
ison highlights PAInpainter’s superior capability in enhanc-
ing both global structure coherence and local detail fidelity.

4.2. Ablation Study

We conduct ablation experiments to validate the effective-
ness of each key component in PAInpainter, as shown in
Tab. 2. The baseline method adopts a basic iterative frame-
work for multi-view image inpainting without our proposed
modules. When incorporating only the graph sampling
strategy, the PSNR is improved to 27.94 dB, demonstrat-
ing that reference-guided inpainting effectively promotes
view consistency. Adding either inpaint content propa-
gation or consistency verification further improves perfor-
mance (PSNR: 28.52 dB and 28.47 dB, respectively), indi-
cating both modules contribute to high-quality inpainting.

The PAInpainter equipped with all components achieves
the best performance (PSNR: 29.51 dB), showing a signif-
icant improvement of 1.89 dB over the baseline. This vali-
dates our design: graph sampling provides adjacent views,
content propagation enhances inpainting consistency across
views, and consistency verification nominates coherent re-
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(a) large indoor missing region

(d) Multiple disjoint missing regions(c) Object-centric removal
Masked 3D scene Multi-view inpainting Inpainted 3D Gaussian scene

Masked 3D scene Multi-view inpainting Inpainted 3D Gaussian scene

(b) Object-centric large missing region

Masked 3D scene Multi-view inpainting Inpainted 3D Gaussian scene

Masked 3D scene Multi-view inpainting Inpainted 3D Gaussian scene

Figure 7. Visualization of PAInpainter on four representative inpainting scenarios. Each scenario shows the input, multi-view inpainting
results, and the reconstructed 3D Gaussian scene, demonstrating consistent completion across varying viewpoints.

Figure 8. RGB and depth renderings of inpainted 3D Gaussian
scenes from multiple viewpoints. The depth maps reveal consis-
tent geometric reconstruction along with texture restoration.

sults. Notably, removing either propagation or verification
module leads to similar performance degradation, suggest-
ing these components are complementary in maintaining
multi-view consistency while preserving texture details.

These ablation results corroborate our framework and
previous experiments, confirming that the combination of
all three proposed components is crucial for high-quality
3D Gaussian inpainting.

4.3. Versatility & Geometric Consistency
We showcase diverse 3D Gaussian inpainting scenarios of
PAInpainter in Fig. 7, demonstrating its effectiveness across
four distinct inpainting tasks. From object removal to large-
area completion, our method consistently generates visually
coherent results while preserving scene-specific geometric
and textural details. The reconstructed 3D Gaussian scenes
exhibit high fidelity across multiple viewpoints, validating
the robustness of our approach in handling varying inpaint-

ing requirements.
The geometric consistency of our method is further val-

idated through depth visualization, as shown in Fig. 8. De-
spite the absence of explicit depth supervision during 3D
Gaussian optimization, the inpainted regions demonstrate
naturalistic depth transitions and structural coherence with
surrounding areas. The continuous depth maps demonstrate
that strong multi-view consistency of PAInpainter inher-
ently leads to accurate 3D geometry reconstruction, validat-
ing the capability in preserving both appearance and struc-
tural fidelity across different viewpoints.

5. Conclusion
In this paper, we present PAInpainter, an effective 3D Gaus-
sian inpainter that substantially enhances multi-view con-
sistency in 3D scene completion. Our technical contri-
butions center on the novel perspective-aware inpainting
framework, which integrates a perspective graph for adap-
tive view sampling, guided content propagation, and consis-
tency verification mechanisms. Through this systematic de-
sign, PAInpainter preserves fine-grained scene details while
ensuring multi-view consistency. Extensive experiments
demonstrate that our method achieves superior performance
across diverse inpainting scenarios.

The current PAInpainter implementation offers promis-
ing results while suggesting directions for future enhance-
ments. The key modules in the proposed framework could
be integrated into LDM in an end-to-end manner for further
improved performance and deployment efficiency. Mean-
while, further exploration of sparse-view scenarios and un-
bounded outdoor scenes remains valuable for future work.
Despite these considerations, PAInpainter demonstrates ro-
bust performance and practical utility for applications from
stereo vision production to AR/VR development.
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