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Abstract

In this paper, we focus on 3D scene inpainting, where parts of an input image set,
captured from different viewpoints, are masked out. The main challenge lies in gener-
ating plausible image completions that are geometrically consistent across views. Most
recent work addresses this challenge by combining generative models with a 3D radiance
field to fuse information across a relatively dense set of viewpoints. However, a major
drawback of these methods is that they often produce blurry images due to the fusion
of inconsistent cross-view images. To avoid blurry inpaintings, we eschew the use of
an explicit or implicit radiance field altogether and instead fuse cross-view information
in a learned space. In particular, we introduce a geometry-aware conditional generative
model, capable of multiview consistent inpainting using reference-based geometric and
appearance cues. A key advantage of our approach over existing methods is its unique
ability to inpaint masked scenes with a limited number of views (i.e., few-view inpaint-
ing), whereas previous methods require relatively large image sets for their 3D model
fitting step. Empirically, we evaluate and compare our scene-centric inpainting method
on two datasets, SPIn-NeRF and NeRFiller, which contain images captured at narrow and
wide baselines, respectively, and achieve state-of-the-art 3D inpainting performance on
both. Additionally, we demonstrate the efficacy of our approach in the few-view setting
compared to prior methods. Our project page is available at https://geomvi.github.io.

1 Introduction
Image inpainting is a classic computer vision problem [2], constrained by incomplete inputs
to produce visually plausible completions. Recently, 3D scene inpainting has attracted inter-
est [39, 55], driven by advances in novel view synthesis (NVS) models like neural radiance
fields (NeRFs) [37] and 3D Gaussian splatting (3DGS) [22]. When 3D scenes are implic-
itly represented via posed images, 3D inpainting naturally becomes a “multiview inpainting”
problem, bridging 2D inpainting and 3D NVS.
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Figure 1: Visualization of our target inpainting tasks: (i) narrow-baseline object removal,
(ii) wide-baseline scene completion and (iii) few-view inpainting. Here we show output
examples for each task, with corresponding masked inputs at the top left of each image.

Multiview (3D) inpainting imposes stronger constraints compared to 2D: outputs must
be geometrically realistic and consistent across views. Directly applying powerful 2D in-
painters to multiview image sets, unaware of 3D geometry, often leads to inconsistencies
[38]. Yet, leveraging the generative power of 2D inpainters remains desirable, as the paucity
of 3D scene data limits the quality of direct 3D solutions. A common approach, is to fuse
cross-view information via 3D radiance fields [14, 71], using iterative dataset update (IDU),
iteratively editing the dataset used for fitting. While this approach enforces consistency, it
often causes blurriness and relies on precise camera parameters and a dense view coverage.

We resolve these problems by fusing cross-view information in a learned space, during
a generative diffusion process, and eschewing the necessity of a 3D radiance field, though
it can optionally be used as a separate post-fitting step. This results in sharper outputs even
when a NeRF is fit to our final inpainted results. We further reduce the tendency of the
diffusion inpainter towards inconsistencies, by conditioning them on the 3D scene structure.
In particular, we devise a geometry-aware diffusion model, capable of inpainting multiview-
consistent images based on geometric and appearance cues from reference images. We in-
tegrate our model into a multiview inpainting algorithm, performing 3D-consistent propa-
gation of image content across views. In this paper, we target three main inpainting tasks:
narrow-baseline object removal, wide-baseline scene completion, and few-view inpainting.
Most previous work has been focused on the first task; the second is a recent addition, and
the third has not been extensively explored with recent innovations. Fig. 1 provides a visu-
alization of each of our target tasks. We evaluate our multiview inpainter on two datasets,
SPIn-NeRF [39] and NeRFiller [71], which contain narrow and wide baselines, respectively,
and achieve state-of-the-art 3D inpainting performance on both. Please see our project page
for visualizations of results: https://geomvi.github.io.

2 Related Work
2D Priors for 3D Inpainting. 2D inpainting has been widely explored [46]. State-of-the-art
methods leverage diffusion models [20, 51, 81], yielding high-quality and diverse gener-
ations. However, their independent application to 3D image sets leads to inconsistencies
[38, 39]. Yet, recent efforts [6, 27, 41, 45, 71] integrate 3D radiance fields with 2D diffu-
sion models to exploit their strong generative priors. To preserve this prior while enforcing
greater 3D consistency, we further constrain a diffusion inpainter using scene geometry.
3D Scene Editing. Editing 3D scenes is crucial for various applications (e.g., video games
or virtual reality). The advent of 3D radiance fields [5, 47] has accelerated diverse editing
tasks, such as scene translation [7, 8, 10, 14, 23, 40, 70, 73], super-resolution [18, 26], shape
deformation [19, 80, 85], appearance modifications [24, 25, 34, 68], and inpainting [38, 39,
55, 72]. Unlike many inpainting methods focusing on object removal [33, 39, 64, 69, 72],
ours also supports content insertion and scene completion. Recent general 3D inpainters
[6, 27, 31, 41, 45] build on 3D radiance fields, with several approaches leveraging score
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Figure 2: Overview of our geometry-aware 3D scene inpainter. (a) A visualization of
the reference-based geometric cues. Back-faces are always obscured by shadow volumes.
Ir→τ ,Gr→τ =

{
Fr→τ ,Br→τ ,Sr→τ , D̂r→τ

}
denote the rendered photometric content and geo-

metric cues (front-face, back-face, and shadow masks, along with normalized inverse depth,
respectively). (b) A step-by-step visualization of our autoregressive inpainting process. Note
that the scene geometry consists of separate meshes for each image, not a single harmonized
mesh, as shown here for simplicity. Here, we are only showing one diffusion step for the
geometry-aware inpainting model. Îi,bi,E ,zt ,ℏ,Ct ,Et denote the image (whether inpainted
or not), inpainted-status indicator, VAE encoder (mapping an image to the diffusion latent),
diffusion latent at timestep t, hint view, set of predicted confidence masks, and the predicted
noise estimates, respectively; see §F.3 and Algorithm 3 in the supplementary for an example
of autoregressive steps, and a high-level pseudo-code, respectively.

distillation sampling (SDS) [44, 65], but require a relatively dense view coverage. In contrast,
our method inpaints image sets directly, even with a sparse view coverage.
Reference-Conditioned Generative Editing. Methods encouraging consistency across mul-
tiple images [1, 53, 62, 87], usually by sharing features with a reference diffusion stream,
achieve only semantic coherence, which is insufficient for the pixel-level precision needed
in 3D contexts. Separately, conditional image generators for novel view synthesis (NVS)
[4, 12, 30, 56, 63, 74, 77, 78, 79] train on multiview data but are not tailored for inpainting
existing 3D scenes. Our method bypasses full NVS complexities by projecting reference
images into the target view frame, relaxing the need to learn projective transformations. Fi-
nally, “reference-based inpainting” [83, 84, 88] typically handles a single reference-target
pair, whereas our method operates on full multiview sets.
Iterative 3D Generation. 3D generation is typically iterative or autoregressive. Iterative
methods using SDS [35, 44] and IDU [14] are also common in 3D inpainting [6, 41, 45, 71].
In contrast, autoregressive methods appear in scene generation [9, 17] and NVS [29, 49, 50,
63, 77]. We introduce an autoregressive approach for inpainting large-baseline scenes.

3 Method

Setting. As with prior work [39], we assume as given a set of N views, representing a static
scene, and their corresponding inpainting masks, demarcating the 3D region to be inpainted,
{(Ii ∈ R3×H×W ,Mi ∈ {0,1}H×W )}N

i=1. While other methods may require additional inputs,
such as camera parameters or depths per image, these are optional for our approach (though
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we can nonetheless use them). Our objective is to jointly inpaint the given views, thus
inpainting the 3D scene, ideally in a consistent manner across views.
Overview. As noted earlier, our method avoids reliance on a radiance field by fusing infor-
mation in the learned space of a generative model, reducing bluriness, and enabling direct
appearance transfer across views using estimated scene geometry. It consists of two compo-
nents: a scene geometry estimator and a geometry-aware inpainting model. For geometry, we
use DUSt3R [67], efficiently predicting dense depth and camera parameters. As we inpaint
the scene, we iteratively reapply it to update the scene geometry throughout the process; see
§B.1 for details. For inpainting, we fine-tune a latent 2D diffusion inpainter to condition on
other views. However, directly conditioning it would require the model to also learn projec-
tive transforms required for generative NVS, itself a non-trivial task [12, 61, 78]. Instead, we
use geometry to guide the diffusion process: appearance information from reference views
is projected into the target view using estimated depth and passed to the inpainter along with
explicit geometric cues (e.g., occlusion) (§3.1). Given these two models, we devise a sim-
ple autoregressive scene inpainting algorithm, gradually filling in the scene’s geometry and
appearance (§3.2); see Fig. 2 for a schematic. §B provides additional methodological details.

3.1 Geometry-Aware Inpainting Diffusion Model
Our goal is to devise an image inpainting model, conditioned on a multiview image set
and scene geometry. The view set may include both masked (non-inpainted) and complete
(inpainted) images, used to inpaint the target image. Thus, this setup is a form of reference-
based inpainting, with the additional constraints of a 3D scene structure.
Notation. Formally, let Iτ be the target image to be inpainted (i.e., inpainting a single im-
age at a time), with mask, Mτ , and camera parameters, (Rτ , tτ) ∈ SE(3),Kτ ∈ R3×3 (i.e.,
extrinsics and intrinsics). Each element of the reference view-set,

R= {(Ir,Mr,br,Rr, tr,Kr,Dr)}R
r=1, (1)

consists of an image (Ir), mask (Mr), indicator of whether Ir has been inpainted (br), extrinsic
camera parameters (Rr, tr), intrinsic camera parameters (Kr), and depth map (Dr). Camera
and depth information come from our geometry estimator. Thus, our inpainter inpaints Iτ ,
within the masked region Mτ , conditioning on the reference view-setR and the current state
of the estimated scene geometry G (see §3.2).

3.1.1 Coordinate-Aligned Conditional Inpainting.

Our conditioning approach leverages geometric knowledge of the scene. In particular, using
scene geometry, we project appearance and geometric information from references into the
target camera’s image plane. Given depth and camera parameters, this is a simple projective
mapping. However, three issues remain: (i) selecting cues, (ii) fusing cues across views, and
(iii) training the inpainter to handle errors in estimated scene geometry. We first consider (i),
then discuss (ii) in §3.1.2 and (iii) in §3.1.3.

For each reference image, Ir, we project a set of appearance and geometric maps into the
target frame, by constructing a mesh,Mr, and rendering it into the target frame. We denote
such rendered maps with a subscript r→ τ (e.g., Ir→τ ); see §B.2 for details.

We provide the inpainter with two appearance cues: (a) direct reference pixels and (b)
a stylistic hint. For (a), we pass Ir→τ instead of Ir, giving the inpainter direct access to view-
aligned pixel colours for localized convolutional processing. However, with large camera
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baselines, projected information from distant viewpoints may be insufficient (e.g., only the
back-face triangles of an object are visible). To ensure a stylistic harmony, we introduce
(b), an optional “hint image”, Iℏ, without projecting through the scene geometry, providing
global appearance characteristics. When used, we set ℏ as the furthest inpainted image from
τ (see §B.4). We denote our appearance cues as

AR→τ = {Ir→τ}R
r=1∪{Iℏ}. (2)

We next obtain a set of geometric cues, controlling the reliability of the reference con-
tent, illustrated in Fig. 2 (a). Specifically, per reference, we compute a (i) front-face mask,
Fr→τ , (ii) back-face mask, Br→τ , (iii) normalized inverse depth (ordering), D̂r→τ , and (iv)
shadow mask, Sr→τ , all in the target coordinate frame. The meshMr has front- and back-
faces, indicating the validity of content (i.e., the former has valid appearance from Ir, but
the latter merely implicates the presence of geometry). Thus, (i), (ii), and (iii) are derived
from Mr. For (iv), Mr implies a “shadow volume” [13, 36], representing the 3D space
hidden from the reference camera (see Fig. 2 and §B.3 for details), which is rendered into
the target view. From the target view, any pixel with a camera ray hitting the shadow volume
is explicitly uncertain; there could be content there or not. These maps form our geometric
cue set,

GR→τ = {(Fr→τ ,Br→τ , D̂r→τ ,Sr→τ)}R
r=1, (3)

another input to our diffusion model. Importantly, these cues also enable a hierarchical,
confidence-based fusion of reference information, based on the uncertainty induced by the
geometric structure.

3.1.2 Uncertainty-Aware Multireference Conditioning

Using our cue-based notation, our method inpaints an image, Iτ , within the masked region,
Mτ , conditioned on the appearance cues, AR→τ , and geometric cues, GR→τ . However, fusing
information across references is challenging, especially with conflicting content. We address
this by running parallel per-reference diffusion processes and fusing noise estimates at each
diffusion step. Ideally, this fusion is geometry-aware (e.g., front-faces ofMr provide high-
certainty photometric content, while back-faces only upper bound target view depth). Since
geometric maps may be slightly misaligned due to errors in estimated geometry, we alter the
diffusion model to predict confidence maps for each reference, emulating the aligned geo-
metric masks. In the following, we describe how our inpainting is implemented, including
confidence estimation and fusion.
Hierarchical Confidence Estimation. The geometric cues, GR→τ , indicate the reliable
parts of each reference. We utilize three geometric signals. First, the front-facing confidence
mask, C f , indicates a pixel is either outside the inpainting mask or guided by a front-facing
rendered pixel. In other words, the model has copied the photometric content from either
Iτ or Ir→τ . Second, the back-facing confidence mask, Cb, indicates a pixel is geometrically
restricted by a rendered back-face, suggesting new geometry to be generated in front of it.
Finally, the shadow confidence mask, Cs, signals the model’s certainty in trusting photomet-
ric information despite potential occlusion (shadow volume). Notice the confidence masks
are closely related to the geometric cues Fr→τ , Br→τ , and Sr→τ . Importantly, though, these
cues are often slightly misaligned with the actual target image due to geometry estimation
errors. Thus, we instead modify our diffusion model to estimate these confidence masks at
every diffusion step, in addition to the noise estimate; see §B.6 in the supplementary for
details on supervising the confidence masks and Fig. 8 for a visualization.
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Parallel Diffusion Processing. Given our diffusion model, εθ , we split the inpainter into R
independent streams. Let

(εr,t ,C f
r,t ,Cb

r,t ,C
s
r,t) = εθ (zt , t | y, Iτ ⊙¬Mτ ,Mτ ,Ar→τ ,Gr→τ) (4)

be the output of the rth process at diffusion timestep t, where εr,t is the estimated noise for ref-
erence r, zt is the latent representation, Ar→τ = {Ir→τ , Iℏ}, Gr→τ = {Fr→τ ,Br→τ , D̂r→τ ,Sr→τ},
and y is the text prompt. Denote

Et =
[
εr,t

]R
r=1 (5)

Cρ

t =
[
Cρ

r,t
]R

r=1 , ρ ∈ { f ,b,s} (6)

as the combined noise estimates and confidence maps. We then fuse the noise estimates as

εt = Γ(Et ,C f
t ,Cb

t ,C
s
t ), (7)

thus fusing multiview information in the learned, generative space of the diffusion model,
rather than in pixel space, following a four-level confidence hierarchy: (i) front-face, (ii)
back-face, (iii) shadow, and (iv) no confidence. For each patch at each level, we select the
noise estimate from the closest camera among the views at the same level, ensuring fusion of
the most reliable reference information; see §B.5 for additional details. We use εt to obtain
the next noisy latent, zt−1, by taking a backward diffusion step.

3.1.3 Multiview-Aware Training

We initialize our geometry-aware inpainter with Stable Diffusion v2, fine-tuned for inpaint-
ing [51, 59]. Following prior work [3], we condition on cues by adding zero-initialized
channels to the first convolutional layer of the UNet [52]. We also modify the UNet to
output confidence masks alongside noise estimates at each timestep. For training, one can
utilize a multiview dataset (real or synthetic); however, to ensure greater data diversity, we
also synthesize data from single-view images, via monocular depth estimation, perturbing
the virtual camera, and rendering the starting image as a reference. To simulate geometry
estimation errors, we artificially perturb the reference mesh; in that case, supervision for the
confidence masks can be generated via the unperturbed mesh; see §B.6 for additional details.

3.2 Autoregressive Scene Inpainting
To begin, we initialize the “autoregressive set” with the masked images, which will be au-
toregressively inpainted. We also initialize the scene geometry on the autoregressive set.
Each iteration alternates between (i) inpainting a subset of images, following §3.1.2 (the tar-
get/reference selection follows §B.7), thus updating the autoregressive set, and (ii) updating
the scene geometry with the inpainted images, as detailed in §B.1. A high-level schematic, a
pseudo-code, and a step-by-step example are provided in Fig. 2, Algorithm 3 in the supple-
mentary, and §F.3, respectively.

4 Empirical Evaluation
We evaluate our 3D scene inpainting method and compare it to previous methods across
three settings: (i) object removal on narrow-baseline scenes, (ii) scene completion on wide
baseline scenes, and (iii) few-view inpainting. Refer to §C for implementation details.
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4.1 Evaluation Protocol

Datasets. To evaluate our method for narrow-baseline inpainting, we use the SPIn-NeRF
[39] dataset, a benchmark for object removal in front-facing real-world scenes. This dataset
consists of 10 scenes, each with 60 images featuring some object and corresponding masks,
along with 40 images without the object as ground truth. We also use the scene-centric
portion of the NeRFiller [71] dataset to evaluate our method on more complex scenes, par-
ticularly those with larger baselines. This dataset serves as a benchmark for the scene com-
pletion. For the few-view inpainting task, we use SPIn-NeRF and the scene-centric portion
of NeRFiller, yielding a total of 15 scenes. For each scene, we uniformly sample eight two-
view subsets and eight three-view subsets, yielding 240 few-view sets; see §D for details.
Baselines. For object removal, we compare against the following: SPIn-NeRF [39], inpaints
a NeRF by inpainting images and depth maps; RefFusion [41], adapts a diffusion inpainter
to a reference image to inpaint a 3DGS using SDS; InFusion [31], inpaints a 3DGS by in-
painting a reference image and its depth; MVIP-NeRF [6], inpaints a NeRF using SDS by
inpainting images and normal maps; and MALD-NeRF [27], inpaints a NeRF by customiz-
ing a diffusion model via masked adversarial training. Additional results from other methods
are provided in §G. For scene completion, we compare to Stable Diffusion [51], a baseline
for naive independent 2D inpainting, and NeRFiller [71], which uses IDU to iteratively edit
images and update the NeRF. Finally, for the few-view task, we compare to SPIn-NeRF [39]
and NeRFiller [71]. For this task, we use NeRFiller with no changes. However, since SPIn-
NeRF trains on COLMAP [54] sparse depth, which NeRFiller scenes lack, we disable this
supervision.
Metrics. We follow the original SPIn-NeRF [39] evaluation protocol for object removal.
Specifically, we compute LPIPS [82] (with VGG-16 [57]) and FID [15] of the images,
cropped by the mask’s bounding box, expanded by 10% before cropping. We also assess
sharpness within the mask using Laplacian variance [43]. Since we do not explicitly enforce
3D consistency via a 3D radiance field, we use TSED [77] to evaluate it, with masked feature
correspondences.

We follow NeRFiller [71] to evaluate scene completion. As the metrics are computed
on NeRF renders, we fit a NeRF to our inpainted images. For PSNR, SSIM, and LPIPS, we
compare the rendered training views of the fitted NeRF to the inpainted images. We also
compute MUSIQ [21] and Correspondence Score (Corrs) [71] on a video rendered from the
NeRF. Finally, we evaluate sharpness and TSED on both inpainted images and the NeRF
renders. For the few-view inpainting task, where no ground truth is available, we compute
sharpness and MUSIQ for image quality, along with Corrs and TSED on all pairs in the
few-view set. All metrics are computed inside the mask’s bounding box for this task. §E
provides more details on TSED.

4.2 Results

Object Removal on Narrow-Baseline Scenes. Due to the narrow baseline, we perform
single-reference inpainting for this task. As our method does not rely on fitting a NeRF on
the training views, and the evaluations are performed on the test views, we follow SPIn-
NeRF’s [39] procedure to evaluate image inpainters, e.g., LaMa [60]. Specifically, we first
fit a NeRF on the training views and render the test views, which will now contain the un-
wanted object. The rendered test views are then used as inputs to our inpainting method. To
evaluate SPIn-NeRF, InFusion, and MVIP-NeRF, we run their official code to reproduce the
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Table 1: Evaluation of object removal on the SPIn-
NeRF dataset with directly comparable results using
consistent evaluation protocols. We denote sharp-
ness (×10−5) as σ , TSED at Terror = 2.0px as T2px,
and average runtime per scene as τ . Additional re-
sults from other methods are provided in §G.

Method LPIPS ↓ FID ↓ σ ↑ T2px ↑ τ ↓

SPIn-NeRF [39] 0.4864 160.42 13.74 61.04 1h 40m

RefFusion [41] 0.4283 - - - -

InFusion [31] 0.6692 244.19 9.30 35.88 14m

MVIP-NeRF [6] 0.5268 215.60 11.96 58.33 17h 38m

MALD-NeRF [27] 0.3996 130.95 35.27 58.22 -

Ours 0.4028 108.36 34.50 67.35 12m
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Figure 3: Qualitative object removal comparisons on the SPIn-NeRF dataset. Notice other
methods produce blurry regions (e.g., bench end) due to multiview inconsistencies, while
ours preserves sharpness and visual plausibility. Please zoom in for details.

Method PSNR ↑ SSIM ↑ LPIPS ↓ MUSIQ ↑ Corrs ↑ σD ↑ σN ↑ T D
2px ↑ T N

2px ↑ τ ↓

Stable Diffusion (2D) [51] 24.69 0.85 0.10 3.77 1120 44.55 25.55 9.81 86.55 3m

NeRFiller w/o depth [71] 27.96 0.88 0.07 3.68 1146 1.20 3.18 14.63 93.51 1h 30m

NeRFiller [71] 27.68 0.87 0.08 3.69 1185 1.25 3.31 16.53 96.04 1h 30m

Ours 28.59 0.89 0.05 3.80 1250 38.96 26.45 67.80 98.25 55m

Table 2: Evaluation of scene completion on the NeRFiller dataset. We use the same abbre-
viations as in Tab. 1, denote independent 2D inpainting as “2D”, ·D for direct outputs of the
inpainting model, and ·N for NeRF renders.

results. Since RefFusion does not provide publicly available code, we report the numbers
provided by the paper. For MALD-NeRF, we evaluate their publicly available inpainted im-
ages for the SPIn-NeRF dataset. As shown in Tab. 1, our method outperforms all baselines on
the SPIn-NeRF benchmark. We obtain comparable sharpness and LPIPS to MALD-NeRF,
while significantly outperforming it on FID and TSED. Further, we demonstrate the ability to
handle sparse-view inpainting (see below), which cannot be easily handled by NeRF-based
approaches; see §F.4 for further analysis. Our method is also efficient, achieving faster scene
inpainting compared to other methods. Furthermore, the TSED results show that despite
other methods utilizing an explicit or implicit radiance field to enforce 3D consistency, our
method achieves a higher consistency score, primarily due to blurry outputs; see §H for a
comprehensive TSED analysis, which shows that radiance field fusion in other methods pro-
duces blurry renders with fewer detectable SIFT features, damaging TSED scores. Finally,
we present a set of qualitative results in Fig. 3, showing our method produces sharper im-
ages than the baselines, indicating the efficacy of our cross-view fusion, which operates in a
learned space, rather than pixel space.
Scene Completion on Wide-Baseline Scenes. The quantitative results for the scene comple-
tion task are presented in Tab. 2, demonstrating the superiority of our method on all metrics.
We also show that our method is less time-consuming than NeRFiller. Moreover, although
fitting a NeRF on our inpaintings reduces sharpness, they still remain significantly sharper
than NeRFiller’s. We qualitatively illustrate this in Fig. 4. To evaluate 3D consistency, we
report TSED on two sets of images, (i) the NeRF datasets (i.e., direct outputs of the inpaint-
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Figure 4: Qualitative scene completion comparisons on the NeRFiller dataset. NeRFiller
can converge to blurry content, due to mixing divergent views, while ours generates and then
propagates sharp content (e.g., see details in the backpack or window glass in the zoomed
patches). Each view in a scene is denoted by vi, where i is the view index.

Method Π D σ ↑ MUSIQ ↑ Corrs ↑ T2px ↑ τ ↓

SPIn-NeRF [39] ! % 17.18 3.26 278 25.42 15m

NeRFiller [71] ! % 5.05 3.41 187 18.54 13m

NeRFiller [71] ! ! 5.41 3.42 183 18.96 13m

Ours % % 48.2 3.84 400 52.92 12s

Table 3: Quantitative evaluation of the few-
view task. We use the same abbreviations as
in Tab. 1 and denote the presence of camera
parameters as Π and depth maps as D.

Variation PSNR ↑ SSIM ↑ LPIPS ↓ MUSIQ ↑ Corrs ↑

No Geometric Cues 28.36 0.88 0.05 3.78 1223

Single-Reference 27.42 0.88 0.07 3.77 1232

No GT Camera 28.29 0.88 0.05 3.79 1231

No GT Depth 28.44 0.89 0.05 3.80 1252

No Mesh Perturbation 29.25 0.89 0.05 3.72 1222

Full Model 28.59 0.89 0.05 3.80 1250

Table 4: Summary of key ablations for var-
ious design choices in the model and in-
painting procedure on the NeRFiller dataset.
Please see §4.3 for a discussion and §I for
our exhaustive ablation studies.

ing models), and (ii) the NeRF renders. For NeRFiller, we use the dataset produced in the
latest Dataset Update iteration. As illustrated in Tab. 2, as our dataset used to fit the NeRF is
significantly more consistent than that of NeRFiller, the final NeRF achieves a higher con-
sistency score. We also significantly outperform the naive 2D-only baseline (independent
inpaintings; see §I.1 for details).
Few-View Inpainting. We use single-reference inpainting for the few-view task. As de-
picted in Tab. 3, we outperform all the baselines on the few-view inpainting task, even with-
out the need to use the ground-truth camera parameters and depth maps, making it more
self-contained. The TSED results demonstrate our method achieves a higher consistency
score, mainly due to the other methods relying on fitting a NeRF, which is suboptimal for
extremely sparse views. The qualitative results shown in Figs. 5 and 10 also confirm the
higher quality of our inpainted images.

4.3 Ablation Studies

In Tab. 4, we summarize our extensive ablation studies from §I, ablating key components
of our inpainting pipeline on scene completion. We observe (first row) the importance of
conditioning the inpainter on the geometric cues (§3.1.1). For wide-baseline datasets like
NeRFiller, our autoregressive procedure (§3.2) is essential, since a single reference lacks
sufficient information for a wide baseline (second row). We find that providing DUSt3R
with ground-truth depth maps has minimal impact; however, known camera parameters im-
prove performance (third and fourth rows). This is mainly because optimizing the camera
parameters in DUSt3R requires complex global alignment, while known cameras simplify
depth optimization. Finally, we find that although mesh perturbation (§3.1.3) does not im-
prove image-based metrics, it has a significant impact on video-based metrics, i.e., a higher
image quality and consistency (fifth row).
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Figure 5: Qualitative comparisons for few-view inpainting. Our inpainted images are sharper
and more visually plausible.

Figure 6: An example of a failure case,
showing implausible content generation
due to a highly irregular inpainting mask,
inherited from the underlying Stable Diffu-
sion inpainter.
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4.4 Limitations

While we have demonstrated improved image quality and cross-view consistency over ex-
isting baselines, in addition to applicability to the few-view scenario, some shortcomings
remain in our approach. Our method relies on two external tools, Stable Diffusion [51]
for inpainting and DUSt3R [67] for geometry estimation. Hence, errors caused by these
tools (e.g., highly implausible inpaintings or errors in depth estimation) will be propagated
throughout the process, resulting in degraded outcomes. In the case of extreme failure in
these external tools (e.g. extreme errors in camera and depth estimation), our method is
unable to recover. For instance, consider Fig. 6, showing the initial view for inpainting
the “office” scene from the NeRFiller dataset. Clearly, the failure of our method is inherited
from the Stable Diffusion inpainter, likely caused by out-of-distribution conditioning (highly
irregular inpainting mask in this case). Nevertheless, our method does not catastrophically
fail in such cases, even as extreme as this one, maintaining geometry and appearance quality
elsewhere in the scene. We also expect that future improvements to the mentioned tools will
also be imparted to our approach.

5 Conclusion

In this paper, we introduced a novel approach to 3D scene inpainting task, without a 3D radi-
ance field. While this avoids fusing in pixel space, which induces blurriness, it necessitates
a novel way to fuse information across views via estimated scene geometry. We do so via
training a diffusion-based inpainter, conditioned on appearance and geometric cues from a
reference view-set, which enables fusion in the learned space of the generative model, thus
retaining sharpness. The resulting multiview inpainting algorithm is highly versatile, capa-
ble of handling the sparse-view inpainting task, on which other methods struggle, and able
to operate without camera poses. We explored the efficacy of our method on two recent
benchmarks, encompassing narrow- and wide-baseline 3D scenes, as well as the few-view
scenario, showing state-of-the-art performance in all cases, in terms of both image quality
and multiview consistency.
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