The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

Fast Multi-view Consistent 3D Editing with Video Priors

Liyi Chen', Ruihuang Li', Guowen Zhang', Pengfei Wang', Lei Zhang'*

! The Hong Kong Polytechnic University
{liyi0308.chen, guowen.zhang, pengfei.wang} @connect.polyu.hk, {csrhli, cslzhang } @ comp.polyu.edu.hk

Abstract

Text-driven 3D editing enables user-friendly 3D object or
scene editing with text instructions. Due to the lack of multi-
view consistency priors, existing methods typically resort to
employ 2D generation or editing models to process per-view
individually, followed by iterative 2D-3D-2D updating. How-
ever, these methods are not only time-consuming but also
prone to yielding over-smoothed results, since iterative pro-
cess averages the different editing signals gathered from dif-
ferent views. In this paper, we propose, an early and pio-
neering work of generative Video Prior based 3D Editing,
ViP3DE in short, to repurpose the temporal consistency pri-
ors from pre-trained video generation models to achieve con-
sistent 3D editing within a single forward pass. Our key in-
sight is to condition the video generation model on a sin-
gle edited view to generate other consistent edited views
for 3D updating directly, thereby bypassing iterative edit-
ing paradigm. First, 3D updating requires edited views to
be paired with specific camera poses. To this end, we pro-
pose motion-preserved noise blending for the video model to
generate edited views at predefined camera poses. In addi-
tion, we introduce geometrically aware denoising to further
enhance multi-view consistency by integrating 3D geometric
priors into video models. Extensive experiments demonstrate
that our proposed ViP3DE can achieve high-quality 3D edit-
ing results even within a single forward pass, significantly
outperforming existing methods in both editing quality and
editing time cost.

Project page — https://mt-cly.github.io/ViP3DE

Introduction

3D editing aims to achieve high-quality personalized edit-
ing of 3D objects or scenes by modifying their shape
and content. Traditional 3D editing requires professional
skills and tools to manipulate 3D mesh (Yu et al. 2004;
Sorkine et al. 2004) or point clouds (Zwicker et al. 2002),
which is time-consuming and labor-intensive. Recent devel-
opment of 3D representations and multi-modality 2D mod-
els has revolutionized the way of 3D editing. By integrating
NeRF (Mildenhall et al. 2021) or 3D Gaussians Splatting
(GS) (Kerbl et al. 2023) with off-the-shelf 2D multi-modal
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Figure 1: The motivation of ViP3DE. (a) Most existing
studies (Haque et al. 2023; Chen et al. 2024b; Wang et al.
2022; Liu et al. 2024; Chen, Laina, and Vedaldi 2024; Li
et al. 2024a; Chen et al. 2024a) employ pre-trained 2D mod-
els to iteratively update 3D assets, suffering from slow con-
vergence and over-smooth textures. (b) ViP3DE integrates
video priors and source 3D priors to achieve multi-view con-
sistent editing with a single pass.

models such as CLIP (Radford et al. 2021) and Stable Dif-
fusion (SD) (Rombach et al. 2022), a user-friendly interface
can be built to edit 3D content using textual instructions.

Most existing methods employ 2D models to perform
3D editing with an iterative updating paradigm, as shown
in Fig. 1(a). In each iteration, images from a randomly se-
lected camera pose are rendered and edited individually us-
ing models like CLIP and SD (Kamata et al. 2023; Wang
et al. 2022, 2023; Chen et al. 2024b; Liu et al. 2024; Li
et al. 2024c¢) via Score Distillation, e.g., SDS, DDS, and
SSD (Hertz, Aberman, and Cohen-Or 2023; Zhu et al. 2025)
or 2D editor to output edited view (Haque et al. 2023; Chen
et al. 2024c¢). The source 3D representation is updated with
edited views through differential volume rendering (Milden-
hall et al. 2021) or rasterization (Kerbl et al. 2023). Due to
the lack of multi-view consistency priors, these per-image
editing-based methods usually demand hundreds or thou-
sands of iterations to average out inconsistent gradient sig-
nals or edit pixel values, resulting in slow convergence and



over-smoothed texture. Although recent efforts have been
made to synchronize different views by introducing extrapo-
lated cross-attention (Chen, Laina, and Vedaldi 2024; Chen
et al. 2024a) or point correspondence (Li et al. 2024a; Song
et al. 2023), they fail to achieve editing in a single pass, and
these issues remain.

Motivated by the capability of pre-trained video models to
generate inter-frame continuous videos, we propose to lever-
age pre-trained video priors to achieve multi-view consistent
3D editing in a single pass, as shown in Fig. 1(b). However,
generative video models cannot be applied directly for 3D
editing due to two issues. Firstly, 3D updating requires pairs
of camera poses and edited images, while existing video
models cannot produce edited images corresponding to pre-
cise camera poses (He et al. 2024; Ku et al. 2024). Secondly,
video models have limited understanding of 3D geometry
and physics (Brooks et al. 2024; Kang et al. 2024). There-
fore, the edited views often suffer from shape deformation
or color shifts, leading to unwanted 3D editing.

In this paper, we propose ViP3DE to overcome these chal-
lenges. To obtain paired edited views and camera poses, we
first render a source video along a known camera trajectory.
We then acquire inverted video noise to guide subsequent
edited view generation via an inversion-based paradigm.
Note that, different from previous inversion-based video
editing methods (Ling et al. 2024; Fan, Bhattad, and Kr-
ishna 2024; Ku et al. 2024), which either overestimate or
uunderestimatethe importance of this inverted noise and re-
sults in unsatisfactory camera motion or visual quality, we
propose motion-preserved noise blending to produce desired
edited views under given 3D perspectives by blending in-
verted noise with random Gaussian noise as the initial noise.
Besides, to further improve 3D consistency of edited views,
we propose geometrically aware denoising to integrate 3D
priors and video priors during diffusion process. We first
build latent feature correspondence between the conditional
view and other views based on the geometric relations be-
tween 3D representation and camera poses, which can then
provide explicit constraints in video latent space across each
denoising step. These two novel designs enable the video
model to produce edited views that are continuous and con-
sistent in 3D geometry. Finally, the source 3D asset is up-
dated using the edited views in a single forward pass. Our
contributions are summarized as follows.

* We propose ViP3DE, an early and pioneering work that
introduces generative video priors for text-driven 3D
editing.

e We introduce two novel designs, i.e., motion-preserved
noise blending and geometrically aware denoising, to
produce 3D-consistent edited views with high-quality vi-
sual results in a single pass.

» Extensive experiments demonstrates ViP3DE signifi-
cantly outperforms the previous methods in both effi-
ciency and editing quality.

Related Work

Text-driven 3D Generation and Editing. One line of
instruction-based 3D editing directly updates 3D represen-
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tations using gradients from 2D models (Radford et al.
2021; Rombach et al. 2022; Zhang, Rao, and Agrawala
2023). This includes methods using CLIP as a discrimina-
tor (Wang et al. 2022, 2023), SDS loss (Chen et al. 2024b),
or learned NeRF mappings (Liu et al. 2024), with many
others following a similar paradigm (Kamata et al. 2023;
Zhuang et al. 2023). Another line performs 2D view edit-
ing (Brooks, Holynski, and Efros 2023) to iteratively opti-
mize the 3D representation, enhancing consistency through
techniques like synchronized noise (Chen et al. 2024a), pixel
correspondence (Li et al. 2024a; Song et al. 2023), or re-
vised cross-attention (Chen, Laina, and Vedaldi 2024; Wang
et al. 2024). However, these iterative approaches (Haque
et al. 2023) often cause over-smoothed textures and con-
verge slowly (Song et al. 2023). Instead, our ViP3DE lever-
ages video priors for high-quality, multi-view consistent 3D
editing in a single pass.

Video Models. Early video generation methods (Blattmann
et al. 2023; Yang et al. 2024) adapt pre-trained 2D models by
incorporating temporal modules (Cigek et al. 2016; Vaswani
2017). Following methods like CameraCtrl (He et al. 2024)
attempt to introduce camera control. Existing video edit-
ing methods, from early training-free approaches (Wu et al.
2023; Geyer et al. 2023) to more recent video models (Wu
et al. 2025; Ouyang et al. 2024; Ku et al. 2024), are funda-
mentally limited by their lack of 3D geometric knowledge.
Consequently, they are ill-suited for 3D editing and often
rely on complex pre-processing steps such as optical flow
and point tracking.

The Proposed Approach

Following common 3D editing protocols, ViP3DE begins
with a 3D scene from systems like COLMAP (Schonberger
and Frahm 2016) and user-provided instructions. The 3D
editing is performed according to the user-provided instruc-
tions. ViP3DE employs SVD-XT (Blattmann et al. 2023)
for its competitive performance with much faster inference
speed compared to large models e.g., Wan2.2 (Wan et al.
2025), CogvideoX (Yang et al. 2024). The ViP3DE work-
flow is illustrated in Fig. 2. Firstly, we render 3D scene
to obtain source views following continuous camera tra-
jectories, termed source video. Then, we propose motion-
preserved noise blending and geometrically aware denois-
ing to achieve geometrically consistent edited multi-views,
which are used to update source 3D Gaussians.

Editing Multi-view Images with Video Prior

ViP3DE accomplishes multi-view editing by integrating
InstructPix2Pix (Brooks, Holynski, and Efros 2023) with
SVD-XT in an inversion-based manner (Fan, Bhattad, and
Krishna 2024; Ku et al. 2024; Ouyang et al. 2024). In par-
ticular, for a source video Zy.. = {I},., ..., TN} with N-
view, its latent x is first obtained by the VAE encoder, then
passed through EDM (Karras et al. 2022) inversion to get
the inverted latent noise z; at step t = 1,...,7T. The first
frame I}, and textual instruction are fed into Instruction-

which serves as

Pix2Pix to obtain an edited view I! .
the condition to guides the denoising process to produce
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Figure 2: Workflow of ViP3DE. First, the contiguous multi-view images are rendered from the source 3D representation as
source video. Then, the first frame is edited with InstructPix2Pix as the condition of the video model, and the initial noise of
the diffusion process is obtained by motion-preserved noise blending. Furthermore, the geometric priors excavated from the
source 3D representation are introduced during the video denoising process to improve 3D consistency across views, termed
geometrically aware denoising. Finally, these edited multi-view images are utilized to update the source 3D representation.
Thanks to video priors, ViP3DE achieves 3D consistent editing in a single forward pass.

edited video latent Zy. Finally, Zy is converted to edited
video Zeqir = {I%4;;, -, I, } using the pre-trained video
decoder. We fully take advantage of the byproduct of EDM
inversion (¢.e., inverted noise and attention maps) to inherit
the camera motion from the source video to output consis-
tent edited views, thereby they can be directly used to update
the 3D representation in known camera poses.

Balance Pose Alignment and Editing Quality

We notice that by starting the generation process from zr,
the edited multi-view images can achieve desired camera
pose alignment. However, they exhibit significant artifacts
if the instruction indicates substantial modifications, e.g.,
“Turn the man into a clown.”, as shown in the first col-
umn of Fig. 3(b). We hypothesize that this is because the
inverted noise z contains not only motion cues but also the
appearance cues of the source video. When conditioned on
an edited image I} , that significantly deviates from the
appearance of source video, the network can be confused
and produce ambiguous results. Therefore, there is a critical
question: Can we retain the camera pose/motion informa-
tion while removing unwanted appearance cues in the in-
verted noise?. We experimentally find that motion and ap-
pearance cues exhibit different behaviors as the initial noise
progressively transitions from inverted noise zr to random
Gaussian noise €, enabling the disentanglement of motion
cues and appearance cues.

Specifically, we perform a pilot study by randomly select-
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ing 100 off-the-shelf 3D assets (Haque et al. 2023; Milden-
hall et al. 2019) and render them into 3D videos. Then we
leverage GPT-40 (Achiam et al. 2023) to generate editing
instructions and target prompts based on the first frame of
the source video, which are utilized to generate the edited
video by noise inversion. The initial noise T is obtained by
blending the inverted noise 7 and random Gaussian noise
€ with different weights:

Tr = /nar + /1 = ne, where e ~ N(0,021), (1)

where 7 € [0, 1] controls the intensity of inverted noise. We
call this operation motion-preserved noise blending.

We employ COLMAP (Schonberger and Frahm 2016)
and TransErr (He et al. 2024) to estimate and compare the
camera poses of edited and source videos with different Zr,
and use CLIP text-image score (Radford et al. 2021) to study
the faithfulness of edited first frames I;;,. We analyze both
results with and without attention overriding, which is a typ-
ical technique to improve camera pose alignment (Ku et al.
2024; Ling et al. 2024). The results under different 7 are
plotted in Fig. 3(a). One can observe that as ) gradually de-
creases from 1 to 0, the quality of edited frames improves
steadily, with persistent performance gains within the en-
tire range of 7. Meanwhile, the camera pose alignment ex-
hibits remarkable robustness, maintaining highly competi-
tive TransErr even when the signal-to-noise ratio is low (z.e.,
n = 0.1). Note that = 0 corresponds to the completely free
generation with random camera trajectories. The editing ex-
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Figure 3: Demonstration of motion-preserved noise
blending. Appearance and pose alignment exhibit different
levels of robustness to noise.

ample “Turn the man into a clown” is shown in Fig. 3(b).

The above findings can be interpreted from two perspec-
tives. Firstly, setting initial noise close to random Gaus-
sian noise allows better appearance manipulation, which
is identical to the conclusion in many image editing
works (Mokady et al. 2023; Li et al. 2024b). Secondly, we
posit that camera motion constitutes global low-frequency
information, making it relatively insensitive to additive
white Gaussian noise. Based on the different behaviors be-
tween motion and appearance cues, we set 7 = .15 to bal-
ance camera pose alignment and editing quality.

Integrating 3D Priors and Video Priors

Equipped with motion-preserved noise blending, our model
can generate high-quality edited views under specific cam-
era poses. However, we observe that parts of edited views
suffer from structural deformation and color shifts. This is
because while the generated videos exhibit inter-frame con-
tinuity, they are not consistent in 3D space. This discrepancy
stems from the fact that current generative video models lack
a comprehensive understanding of the real-world 3D geom-
etry (Kang et al. 2024; Brooks et al. 2024). To address this
issue, we propose geometrically aware denoising to exploit
the geometric priors from the source 3D Gaussians to guide
the denoising process of video generation.

We begin by rendering the depth of the source Gaussian to
obtain depth maps D = {D;, ..., Dy} from N views. Based
on known camera poses, we identify the corresponding pixel
at (@, ) in the first conditional frame for the pixel at (u, v)
in the ¢-th frame through 3D projection:

(i, 9, Dy (1, 9)]" = KyRuRG K u, v, Diu, v)]T, (2)
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Algorithm 1: 3D Consistent Editing with ViP3DE

1 Input: Source 3D views Zy,.. = {I},., ..., IY

¢ > Y Tsre } ’
hyper-parameter 7, 7, classifier guidance w,

geometric constraint index M, and instruction P.

2 Output: Edited 3D views Zeqir = {11, .. I}

3 {z1,29,..x7} < EDM-Inv(Z, I},.)

4 Iclond A Ed%t(I;rcv P)

5 Ty = axr + /1 — ae, where € ~ N(0,021)

¢ fort=T,T—1,...,1do

7 f;w — ft

8 T§ + T¢[M] # geometrically aware denoising

9 Zv\t_l —
(1 +w)GVM(a§, Iclond; t) — wGVM(Z}e, @5 t)
# classifier-free guidance

10 end

11 Legir 5’5\0

12 Return Z_ ;¢

where K; and Rt; are inginsic and extrinsic matrices of the
i-th camera pose, and Dy (i, 0) is the projected Gaussian
depth at (4@, ©) of the first frame. Considering that some pro-
jected Gaussians may not be visible in the first frame, we
filter out occluded pixel correspondences by comparing the

projected depth D; with the rendered depth map D;. The
mapping M for (u, v) of the i-th frame is defined as follows:

{

where 7 is the threshold to filter occluded correspondences.
The computed geometric correspondence is then lever-
aged to provide additional guidance during the diffusion
denoising process. Specifically, we downsample the pixel
correspondences to the latent resolution. At each denoising
step, the features of all frames in the last layer of the UNet
are replaced by those from the corresponding positions in
the first frame if valid correspondence exists. Furthermore,
we fully exploit the advantage of classifier-free guidance by
performing feature overriding only in conditional latent fea-
tures and omitting the unconditional features so that rich
texture can be generated from the unconditional prediction
term, achieving multi-view consistent 3D editing results.
Pseudo Code. Formally, let Edit(I,P) be the image edit-
ing function with input image I and editing instruction
prompt P. We employ InstructPix2Pix (Brooks, Holynski,
and Efros 2023) to align with previous work. Denote by
GV M (x4, 1;t) the computation of a single diffusion step
t in the generative video model with noisy video latent x;
conditioned on Image I. Let M record the indices of fea-
tures from each view’s latent to corresponding first view la-
tent features, used for providing 3D geometric constraint.
The algorithm of ViP3DE is summarized in Alg. 1.
Remarks. Existing methods rely on epipolar con-
straints (Chen, Laina, and Vedaldi 2024; Huang et al.
2024) or semantic correspondence (Luo et al. 2024),
which omit 3D Gaussian geometric priors and suffer from

(@1, ) if | Dy (i1, 9) — Dy (4, 0)] < 7
1% otherwise,

M (i,u,v) 3)



Method Multi-modal Consistepcy CLI.P . CLIP ‘ Forward Time
Models Mechanism T-I Sim. Direction Sim.  Pass

NeRF-Art (Wang et al. 2023) CLIP Iterative Updating 0.243 0.121 400 > 8 hours
ViCA-NeRF (Dong and Wang 2024) InstructPix2Pix ~ Depth Constraint 0.274 0.183 2 ~ 25 min
GaussCtrl (Wu et al. 2024) ControlNet Depth Constraint 0.266 0.170 1 ~ 10 min
InstructN2N (Haque et al. 2023) InstructPix2Pix  Iterative Updating 0.262 0.145 5000 ~ 28 min
GaussianEditor (Chen et al. 2024c)  InstructPix2Pix  Iterative Updating 0.272 0.187 1500 ~ 8 min
DGE (Chen, Laina, and Vedaldi 2024) InstructPix2Pix Extrapolated Attention — 0.269 0.180 3 ~ 4 min
AnyV2V (Ku et al. 2024) 12VGen-XL Video Editing 0.230 0.114 1 ~ 12 min
InsVIiE (Wu et al. 2025) CogVideoX Video Editing 0.244 0.132 1 ~ 2 min
I2VEdit (Ouyang et al. 2024) SVD-XT Video Editing 0.264 0.178 1 ~ 44 min
ViP3DE (Ours) SVD-XT Consistent Video Prior  0.284 0.197 1 ~ 3 min

Table 1: Quantitative comparison with previous methods. ViP3DE achieves more faithful results to the texture instruction
with higher CLIP scores. In addition, ViP3DE costs less time to converge.

inaccurate matching. Studies (Li et al. 2024a; Song et al.
2023) enforce pixel-wise constraints, introducing noticeable
artifacts and requiring multiple forward passes. In contrast,
our method addresses these limitations through latent-
space integration of 3D priors and video priors, achieving
high-fidelity editing in a single forward pass.

Implementation Details

Sub-video Parallel Inference. We perform individual view
editing for all video frames and select one with the high-
est CLIP similarity score as the condition of SVD-XT. To
adapt the first-frame conditional paradigm, we temporally
partition the video into two subsequences at the conditional
frame while reversing the temporal order of the preced-
ing sub-video. These two sub-videos share the same con-
dition and are edited in parallel to reduce time costs. An au-
toregressive manner (Ouyang et al. 2024) is adopted if the
frames of sub-video exceed the model’s context length.
Views Continuity. We place continuous cameras around the
3D scene to obtain source video. Specifically, we first follow
DGE (Chen, Laina, and Vedaldi 2024) to sort the training
view cameras according to their view changes. Then, we ran-
domly select several cameras from the sorted training views
as the key cameras, which are used to obtain interpolated
cameras based on Slerp (Shoemake 1985; Dam, Koch, and
Lillholm 1998) and linear interpolation.

Updating 3D Representation. We find that InstructPix2Pix
tends to override the whole image even if the editing in-
struction specifies partial localization. Therefore, we follow
GaussianEditor (Chen et al. 2024¢) to employ SAM (Kir-
illov et al. 2023) to calculate 2D masks, which prevent the
3D updating from occurring in unwanted regions. Following
the typical 3D Gaussians reconstruction (Kerbl et al. 2023),
we update source 3D under the supervision of editing results
with L, and LPIPS losses (Zhang et al. 2018).

Experiments

Dataset and Metrics. To compare ViP3DE with previous
methods, we collect 3D scenes and objects assets from di-
verse datasets. Considering the significant time cost in pre-
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vious methods like (Wang et al. 2023), we conduct fair com-
parative evaluations using a subset of Mip-NeRF360 (Bar-
ron et al. 2022) and LLFF (Mildenhall et al. 2019). We fol-
low common practice (Haque et al. 2023; Chen, Laina, and
Vedaldi 2024) using CLIP text-image similarity and direc-
tional similarity to evaluate the alignment of editing and in-
structions, CLIP temporal consistency (Haque et al. 2023) is
adopted to study the cross-view consistency.

Experimental Setting. The CFG of textual and image con-
ditions in InstructPix2Pix (Brooks, Holynski, and Efros
2023) are set to 7.5 and 1.5. The numbers of inversion steps
and denoising steps in video models are set to 25. The 7 in
Eq. 3 is set to 0.5. We use edited multi-view images to per-
form 750 updating iterations. All experiments are conducted
on RTX A6000. We collect assets of 3D scenes and objects
from diverse datasets. Considering the significant time cost
in previous methods (Wang et al. 2023), we conduct fair
comparison using a subset of Mip-NeRF360 (Barron et al.
2022) and LLFF (Mildenhall et al. 2019).

Comparison to 3D Editing Methods

Quantitative Comparison. We We demonstrate the effec-
tiveness and efficiency of ViP3DE by comparing it to pre-
vious 3D editing methods and recent video editing meth-
ods. The numerical results are reported in Table 1. Early
work NeRF-Art (Wang et al. 2023) employs CLIP as a
discriminator to edit a 3D object with VoISDF as repre-
sentation, suffering from low convergence since rendering
is time-consuming. ViCA-NeRF (Dong and Wang 2024)
forces the consistency of features in InstructPix2Pix, re-
sulting in over-smoothed editing results with relatively low
CLIP scores. Although GaussianCtrl (Wu et al. 2024) can
achieve 3D editing in a single iteration, it uses Control-
Net (Zhang, Rao, and Agrawala 2023) to perform editing,
which often produces unfaithful results to the given text
prompt. InstructN2N (Haque et al. 2023) and GaussianEd-
itor (Chen et al. 2024c) take advantage of InstructPix2Pix to
achieve high-quality editing. However, they edit each view
independently, resulting in cross-view inconsistency. In ad-
dition, they rely on multiple forward passes, causing slow
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Figure 4: Qualitative comparison. We highlight the edited results suffering from inconsistency (red boxes), poor details (yel-
low boxes), and unfaithfulness (blue boxes). In comparison, ViP3DE obtains consistent results with higher faithfulness to
instruction. Besides, rich details are preserved by avoiding multiple iterations that typically cause over-smooth textures.

convergence. DGE (Chen, Laina, and Vedaldi 2024) intro-
duces semantic correspondence from TokenFLow (Geyer
et al. 2023) to improve consistency. However, it inherits the
2D model limitation of lacking cross-view consistency pri-
ors. AnyV2V (Ku et al. 2024), InsViE (Wu et al. 2025) and
I2VEdit (Ouyang et al. 2024) fail to achieve 3D consistent
results since they are toward dynamic object editing in pure
video space.
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Instead, ViP3DE introduces video priors with proposed
motion-preserved noise blending and geometrically aware
denoising, making edited views consistent and faithful.

Qualitative Comparison. We provide visual comparisons
to further illustrate the advantages of ViP3DE. We mainly
study three failure cases including inconsistency, poor tex-
ture details, and unfaithfulness. As shown in Fig. 4, In-
structN2N and GaussianEditor lead to view-inconsistent re-



ViP3DE(Ours):99.78

Figure 5: The editing results with CLIP temporal score in
a single forward pass. ViP3DE achieves better consistency.

sults due to per-image editing. On robot, InstructN2N shows
inconsistency in person heads. GaussianEditor maintains
different hand colors in different views. In addition, it of-
ten introduces floating Gaussian artifacts, as shown in the
garden scene. VICANeRF fails to produce satisfied appear-
ance with over-smoothed textures (e.g., rainbow table). Al-
though GaussCtrl can achieve consistent editing, it suffers
from unfaithfulness to the given textural prompt, caused
by the use of ControlNet. DGE (Chen, Laina, and Vedaldi
2024) extends InstructPix2Pix to a video model, sharing a
similar motivation to ours. We compare the details of edited
frames in a single forward pass in Fig. 5. Both DGE and
ViP3DE achieve better temporal consistency compared to
per-image editing independently. On fangzhou, compared
to DGE, which fails to maintain detail consistency and de-
mands iterative updating, ViP3DE achieves better consis-
tency and richer textures by fully exploiting video priors
from pre-trained video models.

Diagnostic Experiments

Quantitative Ablation Studies. We conduct ablation stud-
ies to evaluate the effectiveness of key components in
ViP3DE in Tab. 2. We see that the generative video model
fails to tackle discrete 3D views and only achieves a CLIP
score of 0.198. With continuous views as input, editing
3D multi-views with InstructPix2Pix and generative video
models still outputs unfaithful visual results. Our proposed
motion-preserved noise blending brings a significant perfor-
mance improvement. Introducing geometrically aware de-
noising further enforces cross-view 3D consistency, achiev-
ing the best performance.

Qualitative Ablation Studies. We employ face and bear
as examples to demonstrate the functionality of each com-
ponent. The absence of ordered continuous views in input
would cause the video model to fail in proper view edit-
ing, resulting in a mismatch between edited views and their
corresponding camera poses. Consequently, the edited 3D
representation exhibits significant quality degradation even
with mask constraints. Removing motion-preserved noise
blending makes the editing unfaithful to the conditional im-
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Continuous ~ Mition-preserved ~ Geometrically aware CLIP score
views noise blending denoising T-1 Direction
0.198 0.083
v 0.220 0.109
v 0.271 0.185
v v 0.258 0.181
v v v 0.284 0.197

Table 2: Ablation study on ViP3DE. Removing either
motion-preserved noise blending or geometrically aware de-
noising reduces the performance significantly.
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Figure 6: Qualitative ablation results. All the three com-
ponents are important to achieve 3D consistent editing.

ages, showing confused appearance artifacts. In addition, ge-
ometrically aware denoising reinforces the geometric rela-
tionships between views while maintaining alignment with
the source 3D structure, effectively preventing blurring arti-
facts in the edited 3D views.

Conclusion

In this paper, we proposed ViP3DE, which introduced gen-
erative video priors for fast and consistent 3D editing. We
first rendered continuous views to bridge the gap between
discrete 3D views and video. Then, we proposed motion-
preserved noise blending to improve editing quality, and in-
troduced geometrically aware denoising to integrate 3D pri-
ors with video priors to enhance cross-view 3D consistency.
The edited results could be directly used to update 3D with-
out iterative passes. Extensive experimental results demon-
strated the superiority of ViP3DE over previous methods.

Limitation. While ViP3DE can manage 3D editing with cer-
tain geometric changes, such as adding glasses to a person,
it is limited in editing scenes with significant geometric al-
terations, such as raising a person’s hands. This limitation
mainly inherits from InstructPix2Pix, which is used to gen-
erate the edited first frame. As the editing and generative ca-
pabilities of image and video models continue to evolve, 3D
editing with substantial geometric changes will be solved.
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