Taming Latent Diffusion Model for
Neural Radiance Field Inpainting

Chieh Hubert Lin™?2, Changil Kim', Jia-Bin Huang"3, Qinbo Li!,
Chih-Yao Ma!, Johannes Kopf!, Ming-Hsuan Yang?, and Hung-Yu Tseng!

ARRR D e o
NN R IVITI/

g

NeRF w/o inpaint

Forward-Facing Scenes
Ours

NeRF w/o inpaint

Ours

NeRF w/o inpaint

360° Scenes

Ours

Training views + masks Novel-view renderings
Fig.1: NeRF inpainting. Given a set of posed images associated with inpainting
masks, the proposed framework estimates a NeRF that renders high-quality novel
views, where the inpainting region is realistic and contains high-frequency details. Our
algorithm works for both forward-facing scenes and 360° scenes, and supports both
single object and multiple objects removal.

Abstract. Neural Radiance Field (NeRF) is a representation for 3D re-
construction from multi-view images. Despite some recent work showing
preliminary success in editing a reconstructed NeRF with diffusion prior,
they remain struggling to synthesize reasonable geometry in completely
uncovered regions. One major reason is the high diversity of synthetic
contents from the diffusion model, which hinders the radiance field from
converging to a crisp and deterministic geometry. Moreover, applying
latent diffusion models on real data often yields a textural shift inco-
herent to the image condition due to auto-encoding errors. These two
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problems are further reinforced with the use of pixel-distance losses. To
address these issues, we propose tempering the diffusion model’s stochas-
ticity with per-scene customization and mitigating the textural shift with
masked adversarial training. During the analyses, we also found the com-
monly used pixel and perceptual losses are harmful in the NeRF inpaint-
ing task. Through rigorous experiments, our framework yields state-of-
the-art NeRF inpainting results on various real-world scenes.

Keywords: Neural Radiance Fields - Inpainting - Generative

1 Introduction

The recent advancements in neural radiance fields (NeRF) [2,23,26] have achieved
high-quality 3D reconstruction and novel-view synthesis of scenes captured with
a collection of images. The success intrigues an increasing attention on manipu-
lating NeRFs such as 3D scene stylization [7,37] and NeRF editing [12]. In this
work, we focus on the NeRF inpainting problem. As shown in Figure 1, given
a set of images of a scene with the inpainting masks, our goal is to estimate
a completed NeRF that renders high-quality images at novel viewpoints. The
NeRF inpainting task enables a variety of 3D content creation applications such
as removing objects from a scene [25, 38], completing non-observed part of the
scene, and hallucinating contents in the designated regions.

To address the NeRF inpainting problem, existing algorithms first leverage
a 2D generative prior to inpaint the input images, then optimize a NeRF using
the inpainted images. Several efforts [24,25] use the LaMa [34] model as the 2D
inpainting prior. Driven by the recent success of diffusion models [3,8,9,29,31],
recent work [27,38] use the diffusion models to further enhance the fidelity. Nev-
ertheless, unrealistic visual appearance and incorrect geometry are still observed
in the inpainted NeRFs produced by these methods.

Leveraging 2D latent diffusion models for NeRF inpainting is challenging
for two reasons. First, the input images inpainted by the 2D latent diffusion
model are not 3D consistent. The issue leads to blurry and mist-alike results
in the inpainting region if pixel-level objectives (i.e., L1, L2) are used during
NeRF optimization. Several methods [25,38] propose to use the perceptual loss
function [46] to mitigate the issue. Although the strategy improves the quality,
the results still lack high-frequency details. Second, as shown in Figure 2, the
pixels inpainted by the latent diffusion model typically showcase a texture shift
compared to the observed pixels in the input image. The issue is due to the auto-
encoding error in the latent diffusion model. It introduces noticeable artifacts in
the final inpainted NeRF (i.e., the clearly visible seam between the reconstructed
and inpainted region).

In this paper, we propose to use a masked adversarial training to address
the two above-mentioned issues. Our goal is to use the latent diffusion model
to inpaint input images, and optimize a NeRF that 1) contains high-frequency
details in the inpainted region, and 2) does not show texture difference between



Taming Latent Diffusion Model for NeRF Inpainting 3

i - > B - B 7 1 e

Input Inpaint Sample 1 Inpaint Sample 2 Inpaint Sample 3 Inpaint Sample 4
Fig. 2: Inconsistency and texture shift issue. We present the 2D inpainting results
from our latent diffusion model. Given the same input image and mask, the results are
1) not consistent and 2) produce a texture shift between the original and inpainted

pixels. These issues introduce noticeable artifacts in the NeRF inpainting results.

the inpainted and reconstructed regions. Specifically, we introduce a patch-based
adversarial objective between the inpainted and NeRF-rendered images to NeRF
optimization. Since the objective is not affixed to particular pixel similarity, we
are capable of promoting high-frequency details without relying on absolutely
consistent image pixels across the inpainted images. However, simply applying
the patch-based adversarial loss does not eliminate texture shift around the in-
painting boundary, as it exists in the “real” examples (i.e., inpainted images) of
the adversarial training. To handle this, we design a masked adversarial train-
ing scheme to hide such boundaries from the discriminator, hence achieving
improved quality. In addition to the masked adversarial training, we apply per-
scene customization to finetune the latent diffusion model [17,30], encouraging
the model to generate contents that are more coherent to the reconstructed
scene. We find that the approach enhances the consistency across different input
images, thus improving the quality of the final inpainted NeRF.

We conduct extensive quantitative and qualitative experiments on two NeRF
inpainting benchmark datasets consisting of multiple challenging real-world scenes.
Our proposed method, name MALD-NeRF, achieves state-of-the-art NeRF in-
painting performance by marrying the merits of the Masked Adversarial learning
and the Latent Diffusion model. MALD-NeRF synthesizes inpainting areas with
high-frequency details and mitigates the texture shift issues. In addition, we con-
duct extensive ablation studies to dissect the effectiveness of each component and
loss function designs. We summarize the contributions as follows:

— We design a masked adversarial training scheme for NeRF inpainting with
diffusion. We show that the design is more robust to 3D and textural incon-
sistency caused by the 2D inpainting latent diffusion model.

— We harness the generation diversity of the latent diffusion model with per-
scene customization. In combination with the iterative dataset update scheme,
our framework yields better convergence while training inpainted NeRF.

— We achieve state-of-the-art NeRF inpainting performance.
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Fig. 3: Method overview. The proposed method uses a latent diffusion model to
obtain the inpainted training images from the NeRF-rendered images using partial
DDIM. The inpainted images are used to update the NeRF training dataset following
the iterative dataset update protocol. (reconstruction) We use pixel-level regression
loss between the NeRF-rendered and ground-truth pixels to reconstruct the regions
observed in the input images. (inpainting) We design a masked patch-based adversarial
training, which include an adversarial loss and discriminator feature matching loss, to
supervise the the inpainting regions.

2 Related Work
2.1 3D Inpainting

Inpainting 3D data is a long-standing problem in computer vision, such as point
clouds [47] and voxel [47] completion. The classical approach is to collect a large-
scale dataset of the target data distribution, then train a closed-form model on
the data distribution by sampling random inpainting masks [34]. However, to
achieve high-quality results with a generalizable inpainting model, the approach
requires a large-scale dataset that maintains high diversity and aligns with the
testing distribution. Currently, there is no existing large-scale NeRF dataset
or feasible methods to directly train a closed-form inpainting model on NeRF
representation.

2.2 NeRF Inpainting

Recent studies on NeRF inpainting focus on inpainting individual 2D images
and mitigating the 3D inconsistency problem with different solutions. NeRF-
In [32] shows that simply training the NeRF with pixel reconstruction loss with
inpainted images leads to blurry results. SPIn-NeRF [25] is a more recent work
that proposes that replacing pixel loss with more relaxed perceptual loss enables
the NeRF to reveal more high-frequency details, and the method also leverages
depth predictions to supervise the NeRF geometry. [42] is a concurrent work
of SPIn-NeRF, which also utilizes LaMa [34] as the image inpainter. Inpaint-
NeRF360 [38] also adopts a similar strategy that relies on perceptual and depth
losses. However, in our study, we found using perceptual loss does not funda-
mentally resolve the problem, and often leads to sub-optimal quality. Reference-
guided inpainting [24] introduces a more sophisticated mechanism with careful
per-view inpainting, view selection, and inpainting by referencing previous re-
sults to address the cross-view inconsistency. However, the approach is highly
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heuristic and sophisticated, the authors have not released either the implemen-
tation or rendering results. We have reached out to the authors to obtain visual
results for comparison, but we did not receive responses. Inpaint3D [27] proposes
to train a diffusion model on the RealEstatelOk [48] dataset and shows high-
quality scenes from a similar data distribution. However, due to the limited size
of the training dataset, the method is unable to generalize to arbitrary scenes,
such as the SPIn-NeRF benchmark. In contrast, we utilize a diffusion model
pretrained on a large-scale internal dataset that serves as a strong prior model
with outstanding generalization and shows that our method can be applied to
unseen dataset distribution, such as the SPIn-NeRF benchmark. NeRFiller [41]
is a concurrent work that also works updating NeRF with constrained inpainting
results using diffusion prior.

2.3 Sparse-View NeRF Reconstruction Using Generative Prior

Reconstructing a NeRF from a sparse set of a few images [45] is a popular
research topic due to its wide applications. Several recent work proposes to
utilize generative priors, such as diffusion models [20,43,44] and GANs [28].
Despite utilizing generative priors, the problem focuses on finding reasonable
geometric correspondence from ill-conditioned sparse image sets and enhancing
the surface quality of low-coverage regions. The line of work does not consider the
visual plausibility of uncovered regions, nor intentionally create disocclusion by
removing objects. It is worth noting such a distinction is significant, as the sparse-
view reconstruction problem assumes the true geometry is accessible (despite
being ill-conditioned) from the training views with fully trusted pixels. Therefore,
these algorithms are less concerned with the cross-view inconsistency problems
caused by the generative models. In contrast, the NeRF inpainting problem
requires the algorithms to form the inpainted geometry from scratch.

3 Methodology

3.1 Preliminaries

Neural radiance fields (NeRFs). Given a set of N images {I;};,—1.. n with
camera poses {P;};—1.. n, NeRFs aim to represent the 3D scene using a neural
function fp. The neural function fp, which can be implicit MLPs [23] or voxelized
3D volumes [26], learns to map the 3D position along with viewing direction to
the corresponding density and color. By applying volume rendering [10, 23], we
can optimize a NeRF using a pixel-level regression loss between the rendered
pixels {«} and ground-truth pixels {Z}.

NeRF inpainting. In addition to the images, we are given a set of binary masks
{M;}n=1. N in this problem. The binary masks split the image pixels into two
distinct sets: the unmasked pixels {27} that are used for reconstructing the
observed part of the scene, and the masked pixels {z™} indicating the unknown
regions to be inpainted.
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3.2 NeRF Inpainting with Latent Diffusion Models

Figure 3 presents an overview of the proposed framework. We use a latent dif-
fusion model pre-trained on an internal image inpainting dataset to inpaint the
2D images, then replace the input images for NeRF training. The pixel-level loss
function is used for reconstructing the known region in the input images, while
the masked adversarial training is used for the inpainting region. We detail each
component as follows.

Reconstructing observed regions. For reconstruction pixels, we supervise
the NeRF model with an L2 objective Lyix = ||z} — 27[|2. The inter-level loss
Linter [1], distortion loss Laistore [1] and hash decay Lgecay [2] are also used for
regularization.

Masked adversarial training for inpainting regions. We do not use pixel
distance losses in the inpainting region, as they are not robust to the highly
diverse and 3D inconsistent inpainting results leading to blurry mist-like NeRF
renderings. To address the issue, we use adversarial loss [11,19] and the discrim-
inator feature matching loss [40] to guide the NeRF in the inpainting regions.
Specifically, we consider the patches of inpainted images as real examples, and
the NeRF-rendered patches as the fake ones in the adversarial training.
However, as shown in Figure 2, the real pixels and the inpainted pixels have
a textural shift, causing the discriminator to exploit such a property to recognize
the real image patches. In this case, the discriminator promotes the textural dis-
crepancy between the NeRF-rendered pixels in the reconstruction and inpainting
regions. To alleviate the issue, we design a masked adversarial training scheme
to hide the reconstruction/inpainting boundary on the image patches from the
discriminator. For both NeRF-rendered and diffusion-inpainted images, we only
keep the pixels within the inpainting mask region, and mask the pixels outside
the masked region with black pixels. The design is conceptually similar to Am-
bientGAN [6] which trains the discriminator with corrupted inputs based on the
underlying task of interest. In particular, our objective is to reduce the textural
gap between the inpainting and non-inpainting renderings, instead of solving
image restoration tasks. We later show the design indeed improves inpainting
geometry and performs better in quantitative evaluations in the ablation study.
Given the masking functions C™ for the inpainting region and C” for the
non-inpainting region, the adversarial loss for the discriminator D training is

Laay = f(D(C™(x™))) + f(=D(C"(2"))) (1)

where f(z) = —log(1 + exp(—z)). We use the StyleGAN2 [19] discriminator
architecture and train the discriminator with patches [18]. In addition, we use
R1 regularizer [21] to stabilize the discriminator training with

Lep = [[VD(CT(@"))|3 - (2)

Meanwhile, we extract the discriminator intermediate features after each discrim-
inator residual blocks with F', then calculate the discriminator feature matching
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loss [40] to supervise the inpainting area
Lim = [F(C™ (&™) = F(C™ (@)1 - 3)

Monocular depth supervision for inpainting regions. We leverage an off-
the-shelf monocular depth prior to regularize the geometry of the learned NeRF.
We use ZoeDepth [4] to estimate the depth d; of the inpainted images, then
render the NeRF depth d; by integrating the density along the radiances. Since
the two depths are in different metrics, similar to [16], we solve a shift-scale
factor between the two depth maps. In particular, we only use the reconstruction
region to compute the shift-scale factor, and use the solved factor to rescale
the estimated depth into the final depth supervision d;. Since the computation
requires meaningful NeRF depths, we start applying the depth supervision after
2,000 iterations. We use a ranking depth loss L proposed in SparseNeRF [39].

Total training objective. Each training iteration of MALD-NeRF consists of
three steps, each step optimizes the modules with different objectives. A recon-
struction step optimizing NeRF with L" = Apix Lpix+Ainter Linter +Adistort Lidistort +
Adecay Ldecay - An inpainting step optimizing NeRF with L™ = —AaavLadav +
/\mefm + )\interLinter + )\distortLdiStort + )\decayLdecay . FinaHY7 the discriminator
training step using L” = L.qv + AgpLgp. The N’s are objective weights.
Iterative dataset update and noise scheduling in inpainting diffusion.
In practice, directly inpainting the input images leads to inconsistencies across
various viewpoints due to the high diversity and randomness of diffusion mod-
els. We leverage two strategies to mitigate the issue. First, we use an iterative
dataset update (IDU) similar to [12], where we gradually update the inpainting
region every U iterations throughout the training. Second, the inpainting diffu-
sion model only performs a partial DDIM [33] starting from time step ¢ based on
the current NeRF rendering. The time step t is determined based on the ratio of
the training progress, i.e., the earlier the training is, the more noise is added to
the inpainting region for denoising. Such a design aims to leverage the 3D consis-
tency of NeRF rendering and gradually propagate the 3D consistent information
to all images in the dataset. Specifically, we use the HiFA [49] scheduling that
sets t = timar — (tmaz — tmin) ¥/ k/ K, where k is the current NeRF training time
step, K is the total iterations of the NeRF training, and (tmaz, tmin) = (980, 20)
is the DDPM [14] time steps used within the latent diffusion model.

3.3 Per-Scene Customized Latent Diffusion Model

In order to harness the expressiveness of the diffusion model and avoid syn-
thesizing too many out-of-context objects that confuse the convergence of the
inpainted NeRF. We finetune the inpainting diffusion model in each scene. For
each scene, we set a customized text token for the scene, and LoRA [17] fine-
tune both the text encoder and U-Net. We use a self-supervised inpainting loss
similar to [34, 35]. For each image, we sample arbitrary rectangular inpainting
masks and take the union of masks as the training mask. The LoRA-finetuning
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model is being supervised to inpaint the latent values within the training mask.
Following the DDPM [14] training, we supervise the U-Net of the diffusion with
L2 distance at a random time step. Meanwhile, since we are working on an ob-
ject removal task, each image is paired with a 3D consistent mask that does not
have ground-truth supervision. We set the loss values to zero within the object
removal mask region.

4 Experiments

4.1 Experimental Setups

Datasets. We use two real-world datasets for all experiments:

— SPIn-NeRF [25] is an object removal benchmark dataset consisting of 10
scenes. Each scene has 60 training views captured with an object (to be
removed), and each view is associated with an inpainting mask indicating
the desired object to be removed. In addition, each scene contains 40 testing
views in which the object is physically removed during the capture.

— LLFF [22] consists of multiple real-world scenes with varying numbers of
images (20-45). We use a six-scene subset provided by SPIn-NeRF annotated
with 3D grounded object removal masks.

Following [25,27], we resize all the images to have a long-edge size of 1008.

Evaluation setting. We follow the protocal in the SPIn-NeRF [25] work. We
optimize the NeRF using the training view images (with objects) associated with
the inpainting masks for all compared methods. We only use the test views, where
the object is physically removed from the scene, to compute the below metrics
for evaluation:

— LPIPS: We use the LPIPS score [46] to measure the perceptual difference
between the NeRF-rendered and ground-truth test view images.

— M-LPIPS: To better understand the inpainting performance, we mask out
the region outside the object inpainting mask and measure the LPIPS score.

— FID/KID: As shown in Figure 4, the LPIPS score is not a proper met-
ric for generative tasks. For instance, although the object generated in the
inpainting area is valid content, it produces a high perceptual distance to
the ground truth test view. To address the issue, we additionally report the
FID [13] and KID [5] scores, which are commonly used metrics in generative
model literature that quantify the distributional similarity between two sets
of images and are sensitive to the visual artifacts. For each evaluated method,
we compute the scores using NeRF-rendered and ground-truth images of all
test views across all scenes in the dataset.

— C-FID/C-KID: For the LLFF dataset, since the dataset does not include
test views with the object being physically removed, we alternatively measure
the visual quality near the inpainting border. More specifically, we find the
four furthest corners of the inpainting mask and crop image patches centered
at these corners. Then, finally, compute the FID/KID scores between the
real-image patches and the NeRF-rendering after the object is removed and
inpainted.
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Table 1: Quantitative comparisons. We present the results on the SPIn-NeRF [25]
and LLFF [22] datasets. Note that the LLFF dataset does not have ground-truth views
with object being physically removed, therefore, we only measures C-FID and C-KID
on these scenes. The best performance is underscored.

Methods SPIn-NeRF LLFF

LPIPS ({) M-LPIPS ({) FID (}) KID ({) FVD (]) C-FID ({) C-KID ({)
SPIn-NeRF 0.5356 0.4019 219.80 0.0616 111.42  231.91  0.0654
SPIn-NeRF (LDM)  0.5568 0.4284 227.87 0.0558 10179  235.67  0.0642
Inpaint3d 0.5437 0.4374 271.66  0.0964  69.97 - -
InpaintNeRF360 0.4694 0.3672 22212 0.0544 120.29  174.55  0.0397
Ours 0.4345 0.3344 183.25 0.0397 89.01  171.89  0.0388

AN N

2 3 ” ; 0 e
() Ground Truth (b) NeRF A (Masked LPIPS: 0.3675)  (c) NeRF B (Masked LPIPS: 0.3692)

NS

Fig. 4: Drawbacks of LPIPS. In some cases, the LPIPS score fails to indicate the
visual quality. For example, generating a realistic baseball cap actually lowers the score
as there is no object in the inpainting area in the ground truth image.

— FVD: To quantify the geometric consistency, we consider the image set of
each scene as a video sequence, then quantify the similarity between the real
and inpainted sequences. We use FVD [36] that measures both the perceptual
and temporal consistency of video sequence. In order to create sufficient
evaluation samples, we sub-sample each scene into multiple short sequences,
each has a length of ten frames. However, the blurry results can have better
temporal consistency and result in better FVD scores, therefore, the metric
should be considered along with previously mentioned FID/KID.

Evaluated methods. We compare our method with the following approaches:

— SPIn-NeRF [25]: Note that the authors do not provide the evaluation im-
plementation. Therefore, the LPIPS scores reported in this paper differ from
those presented in the SPIn-NeRF paper. Nevertheless, we have contacted
the authors to ensure that the SPIn-NeRF results match the quality shown
in the original paper.

— SPIn-NeRF (LDM): We use our latent diffusion model in the SPIn-NeRF
approach as the inpainting module while maintaining all default hyper-
parameter settings.

— InpaintNeRF360 [38]: We implement the algorithm as no source code is
available. Specifically, we use our latent diffusion model for per-view inpaint-
ing and optimize the NeRF with the same network architecture devised in
our approach with the objectives proposed in the paper.

— Inpaint3d [27]: We reach out to the authors for all the rendered images of
test views for evaluation on the SPIn-NeRF dataset.
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Fig. 5: Per-scene customization. Our per-scene customization effectively forges the
latent diffusion model to synthesize consistent and in-context contents across views.

4.2 Per-Scene Finetuning

In Figure 5, we qualitatively show the effectiveness of our per-scene finetuning
on the latent diffusion model. Before the finetuning, our latent diffusion model
inpaints arbitrary appearance, and even often time creates arbitrary objects in
the inpainting region. Such a high variation is a major issue causing the NeRF
unable to converge, and often creates floaters and mist-like artifacts. Note that
we used a text prompt “photo realistic, high quality, high resolution” and a neg-
ative prompt [15] “artifacts, low resolution, unknown, blur, low quality, human,
animal, car.” In contrast, after the finetuning, the inpainted results maintain
a high consistency across individual inpainting results. Note that we do not
need extra prompts or negative prompts, since the finetuned model has learned
scene-dependent tokens and finetuned the texture encoder with respect to the
customized tokens.

4.3 NeRF Inpainting

Qualitative analysis. In Figure 6, we show the two most challenging scenes in
the SPIn-NeRF dataset. The scene with an orange net requires inpainting both
the periodic textures of the net as well as the complex leaves on the ground. Only
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Fig. 6: Qualitative comparisons. We present the results on the SPIn-NeRF [25]
dataset. More results are shown in the supplementary material.

our MALD-NeRF and InpaintNeRF360 are able to correctly complete the repet-
itive pattern of the net. Moreover, our method can further complete some of the
leaves on the net, while other methods all converge to blurry appearances. The
second scene, removing the chair from a garden environment, involves completing
complex plant textures at different granularity and patterns. Only our MALD-
NeRF can preserve the high-frequency details and seamlessly inpaint all plants
by following the heterogeneous textures in the corresponding area. All baseline
methods converge to a blurry appearance due to the complexity of the texture
and cross-view inconsistency from the inpainting prior. In particular, it is worth
noting that Inpaint3D trains their method on RealEstate10k [48], which is one
of the largest publicly available datasets for scene reconstruction. The method
shows outstanding performance in environments similar to the RealEstatelOk
distribution, but shows a significant performance drop in real-world environ-
ments, such as the SPIn-NeRF dataset. This is potentially due to the limited
dataset scale of RealEstatelOk, and further reinforces the merits of utilizing
a much more generalizable diffusion prior pretrained on the large-scale image
dataset. We include all visual comparisons in the supplementary material.
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Table 2: Quantitative ablation study. We use the SPIn-NeRF dataset [25] to
validate the effectiveness of masked adversarial loss, feature matching loss, per-scene
customization, and if the common-used pixel-level (i.e., I-Recon) and LPIPS loss func-
tions are required. We highlight the performance which is worse than our complete
approach red, and mark the better one in green.

Methods LPIPS () M-LPIPS (J) FID ({) KID ({)
Ours — Adv + I-Recon 0.6623 0.5236 305.60 0.1177
Ours — Adv + LPIPS 0.4231 0.3147 192.86 0.0447
Ours — Adv + I-Recon + LPIPS 0.4359 0.3172 199.10 0.0458
Ours + I-Recon 0.5106 0.3730 256.82 0.0827
Ours + LPIPS 0.4130 0.3130 185.79 0.0419
Ours — Per-Scene Finetune 0.4894 0.3862 224.29 0.0596
Ours — Feature Matching 0.4382 0.4002 232.28 0.0716
Ours — Adv Masking 0.4367 0.3358 196.47 0.0472
Ours 0.4345 0.3344 183.25 0.0397

Quantitative evaluation. The quantitative analysis in Table 1 shows our
method outperforms all methods in all metrics on both SPIn-NeRF and LLFF
benchmarks. Especially, the FID and KID metrics that focus on measuring the
visual quality both indicate our method outperforms baselines by a large margin.

4.4 Ablation Study

We conduct a detailed ablation on the SPIn-NeRF dataset, which has a phys-
ically correct ground truth that measures the performance more reliably. Our
ablation study is conducted in three major sections.

We first show that removing our adversarial loss leads to worse visual quality
in FID and KID measures, and such a performance gap cannot be closed by any
combination of pixel reconstruction or LPIPS perceptual losses. Note that, as
mentioned in Figure 4, the gain in the LPIPS score maintains high stochasticity
and does not reflect the actual perceptual quality. Furthermore, it is expected
that a method optimized toward the LPIPS networks should yield a more fa-
vorable LPIPS score, but the FID and KID scores indicate such a performance
gain does not convert to a better visual quality. The qualitative samples in Fig-
ure 7 also show that the inpainted results from these methods maintain a much
blurry appearance compared to our final method, but the LPIPS measurement
is unable to reflect such an apparent blurriness.

Second, we ablate that neither pixel nor LPIPS losses can provide better
visual quality when combined with our adversarial-based training scheme. In
particular, we found combining the pixel loss and our adversarial scheme causes
instability that often leads to gradient explosion and fails the whole experiment.
On the other hand, as we discussed in the introduction and Figure 2, the LDM
model creates discontinuities between the inpainting region and the real pixels.
The LPIPS objective, which has the receptive field crossing the discontinuous
border, encourages to keeping a rather sharp border between the reconstruction
and inpainting area, and even propagates the faulty gradients caused by the
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Fig. 7: Qualitative ablation study. In this study, we use the SPIn-NeRF dataset [25]
to validate the effectiveness of masked adversarial loss, feature matching loss, per-scene
customization, and if the commonly-used pixel-based (I-Recon) and LPIPS are needed.



14 C. H. Lin et al.

discontinuity into neighboring areas. Such behavior leads to poorer geometry
near the border of the inpainting mask. In Figure 7, notice the “Ours + LPIPS”
method not only has a clear discontinuity on the brick wall and the grass area,
but also has a poorer geometry on the iron tube and the baseball cap. Note that
the white artifacts on the table of the brick wall scene are irrelevant reflections
of the foreground object introduced from other views, which is consistent and
shared among all experimental results.

The third and the last part of the ablation shows the individual performance
gain from each of our proposed components. In Table 2, removing any of the com-
ponents leads to a consistent and significant performance loss in all measures.
In Figure 7, we show that the behavior of each proposed component is consis-
tent with our motivation. Removing the per-scene finetuning introduces random
objects and creates obvious visual artifacts. Removing the feature matching loss
simply unstablizes the adversarial loss and creates obvious visual artifacts and
wrong geometry. Training the adversarial loss without our masked adversarial
scheme encourages the discriminator to keep the discontinuity between the real
and inpainted region, and leads to worse geometry near the inpainting border.
For instance, the continuity of the iron tube in the brick wall scene and the
sharpness of the tree leaves in the garden scene are significantly impacted.

5 Conclusions and Discussions

In this work, we improve the NeRF inpainting performance by harnessing the
latent diffusion model and solving optimization issues with a masked adver-
sarial training scheme. We justify the significance of each proposed component
via careful comparisons against state-of-the-art baselines and rigorous ablation
studies.

Potential negative impact. NeRF inpainting with generative priors is closely
related to generative inpainting, where certain frameworks aim to insert hallu-
cinated content into a NeRF reconstruction. Such an application could lead to
manipulating false information or creating factually wrong re-created renderings.
Although we do not focus on such an application, which requires extra effort to
harmonize and shadow-cast the inserted objects, our techniques could be utilized
by these methods.

Limitations. Our framework involves an adversarial objective. Despite recent
generative adversarial networks literature advancements, the framework’s perfor-
mance remains highly stochastic. Also, it may not work well with few-shot NeRF
reconstructions due to limited training data, or application scenarios with ex-
cessively large inpainting masks. Our framework significantly improves NeRF’s
convergence by making the diffusion model generate consistent results across
frames. However, our approach does not eliminate the microtextural variation
caused by the stochastic denoising process. Therefore, the inpainted texture re-
mains visually more blurry than the real-world textures.
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