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Abstract

Many 3D scene editing tasks focus on modifying local regions rather than the entire scene, except for some global applications
like style transfer, and in the context of 3D Gaussian Splatting (3DGS), where scenes are represented by a series of Gaussians,
this structure allows for precise regional edits, offering enhanced control over specific areas of the scene; however, the
challenge lies in the fact that 3D semantic parsing often underperforms compared to its 2D counterpart, making targeted
manipulations within 3D spaces more difficult and limiting the fidelity of edits, which we address by leveraging 2D diffusion
editing to accurately identify modification regions in each view, followed by inverse rendering for 3D localization, then
refining the frontal view and initializing a coarse 3DGS with consistent views and approximate shapes derived from depth
maps predicted by a 2D foundation model, thereby supporting an iterative, view-consistent editing process that gradually
enhances structural details and textures to ensure coherence across perspectives. Experiments demonstrate that our method
achieves state-of-the-art performance while delivering up to a 4 x speedup, providing a more efficient and effective approach
to 3D scene local editing.
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1 Introduction

In many 3D scene editing applications (Zuo et al., 2025),
Communicated by Jianfei Cai. the focus is increasingly on modifying specific aspects, such
as avatar attribute editing (Ho et al., 2023; Zhu et al., 2026),
adding or removing objects (Ruiz et al., 2025); Anciukevicius
et al., (2023); Weber et al. (2024), and similar localized
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cific elements without altering the overall scene context,
which are also aligned with various nuanced requirements of
tasks like object manipulation, detailed feature enhancement,
or region-specific alterations. These targeted modifications
are particularly valuable in applications requiring precision,
where fine-grained control over specific parts of a scene is
essential for achieving high visual fidelity. One emerging
3D modeling approach in this space, 3D Gaussian Splatting
! The University of Texas at Austin, Austin, USA (3DGS) (Kerbl et al., 2023b), represents scenes as a series of
2 SparcAl Inc., Newark, USA Gaussian points, which allows for accurate regional adjust-
ments and enhanced control over discrete areas of the 3D
environment. This representation is highly flexible, enabling
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Fig. 1 Comprehensive results demonstrate our method’s effectiveness

in diverse localized editing tasks, including modifications to human
bodies, faces, and scenes. The leftmost column displays the original

it to facilitate localized scene modifications with greater
accuracy and precision Fig. 1.

However, despite the advantages offered by 3DGS in
terms of localization, there remain considerable challenges in
achieving high-quality, consistent edits across all views in a
3D space. Many current methods for 3D editing struggle with
two primary issues: time efficiency and detail fidelity. Exist-
ing approaches (Chen et al., 2024c; Haque et al., 2023) often
rely on time consuming diffusion model editing rendered
frames and iterative optimization across multiple views,
resulting in extended processing times that hinder real-time
application. Additionally, these methods frequently exhibit
detail loss, particularly in intricate structures or textures. The
underperformance of 3D semantic parsing relative to 2D
parsing further complicates the editing process, as it becomes
difficult to reliably identify and target specific regions within
the 3D space without sacrificing the quality of edits. As
a result, achieving high fidelity without compromising edit
quality remains difficult, especially in intricate scenes where
detail is critical to preserving visual coherence and realism.

To address these issues, we propose a novel approach that
combines 2D diffusion editing with a re-rendering process to
achieve efficient, high-fidelity localization within 3D envi-
ronments. Our method begins with 2D diffusion-based region
identification, enabling precise targeting of edit regions in
each view without the need for time-consuming 3D parsing
steps. Once these regions are identified in 2D, we re-render
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view, while the two columns on the right show rendered views of the
edited 3DGS generated by our approach using the corresponding text
descriptions. Please zoom in for a clearer visualization

the scene and use Gaussian point expansion to locate the
corresponding areas within the 3D space. This approach not
only accelerates the editing process but also circumvents
the limitations of conventional 3D parsing by leveraging
the higher accuracy of 2D parsing models. Following this
step, we initialize a coarse 3D Gaussian Splatting repre-
sentation using consistent views and approximate shapes
derived from depth maps predicted by a 2D foundation
model. This initialization serves as a strong foundation for
an iterative, view-consistent editing process that progres-
sively refines both structural details and textures, ensuring
coherence and detail preservation across all perspectives.
Experimental results demonstrate that our method achieves
state-of-the-art performance, providing substantial improve-
ments in both accuracy and speed.
Our main contributions are concluded as follows:

e We propose a new 3DGS editing framework that sepa-
rates the process into sequential localizing, initializing,
and editing stages, ensuring explicit Gaussian points
localization and precise modification.

e Within the located Gaussians, we initialize a coarse
3DGS with approximate shapes based on the depth map
predicted by the 2D foundation model. Then we refine
the structural details and textures of sequential views by
conditional sequential diffusion editing.
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e Experimental results demonstrate that our 3DGS local
editing method achieves both higher efficiency and better
structural details compared to existing methods, achiev-
ing up to 4 x speedup comparing to 3DGS-based editing.

2 Related Work
2.1 Text-based Image Editing

Given the limited availability of large-scale datasets specif-
ically designed for training 3D editors from scratch, most
existing methods circumvent this challenge by adapting
techniques originally developed for 2D image editing. In
particular, the field of text-to-image editing—driven by the
success of diffusion models—has witnessed rapid progress in
recent years (Quan et al., 2024; Wang et al., 2025b; Zheng
et al., 2024; Xiao et al., 2024; Wang et al., 2025a, 2024,
Zhang et al., 2024). Early methods in this line of work typ-
ically apply noise to the source image and then re-generate
it based on a new prompt, aiming to achieve the desired edit
through conditional denoising. However, such approaches
often fall short in preserving data fidelity; the edited results
frequently suffer from layout distortions or the loss of critical
structural and semantic content. To address these shortcom-
ings, subsequent methods have explored techniques to better
preserve the spatial and semantic integrity of the original
image. Some approaches attempt to align attention maps dur-
ing generation (Hertz et al., 2023; Mokady et al., 2023),
ensuring that important regions remain stable throughout
the editing process. Others modify internal feature repre-
sentations (Couairon et al., 2023; Tumanyan et al., 2022),
effectively steering the generation path closer to the original
content. These methods have also inspired instruction-based
editing pipelines, such as InstructPix2Pix (Brooks et al.,
2023), which leverages large-scale synthetic data condi-
tioned on both images and editing instructions to train a
dedicated diffusion model. Building on this paradigm, further
efforts have refined InstructPix2Pix via human-annotated
supervision to improve edit controllability and consistency.
In a different direction, another class of methods directly fine-
tunes the diffusion model on the source image itself (Kawar
et al., 2023)[?], enabling the model to better internalize the
structure and appearance of the specific image. This approach
significantly improves content alignment, ensuring that both
high-level semantics and fine-grained visual details are faith-
fully preserved throughout the editing process. Together,
these advancements form the foundation for recent progress
in generative editing, which is increasingly being adapted
and extended to the more complex domain of 3D content
manipulation.

2.2 Text-driven 3D Editing

Recently, image editing techniques have expanded into 3D
scene consistent editing. NeRF (Mildenhall et al., 2020) and
3DGS (Kerbl et al., 2023b) are among the most popular
3D models for neural novel view synthesis: NeRF encodes
scene geometry and color implicitly through a Multi-Layer
Perceptron (MLP), while 3DGS represents the scene explic-
itly with Gaussian ellipse point clouds. IN2N (Haque et al.,
2023) pioneered NeRF-based 3D editing with text instruc-
tions, utilizing 2D image editing tool, i.e., [P2P (Brooks et
al., 2023), on rendered views and iteratively updating the 3D
scene until convergence. Subsequently, VICA-NeRF (Dong
and Wang, 2023) introduced cross-view blending to improve
view consistency, and DreamEditor (Zhuang et al., 2023)
incorporated SDS loss and DreamBooth (Ruiz et al., 2023)
to address object consistency issues. However, NeRF-based
editing faces challenges with slow processing speeds and
limited control over specific scene regions. With advances in
3DGS, new 3DGS-based editing approaches have emerged.
For example, GaussianEditor (Chen et al., 2024c¢) leverages
2D IP2P as a prior and introduces semantic tracing to track
the editing target throughout training. Later methods, such
as DGE (Chen et al., 2024) and VcEdit (Wang et al., 2025b),
propose techniques like the episolar constraint and Cross-
attention Consistency Modules to enhance view consistency
in edits. EditSplat (Lee et al., 2025) introduces a multi-
view fusion guidance strategy to enforce view consistency in
2D diffusion models, along with an attention-based pruning
mechanism that trims pretrained Gaussians and selectively
optimizes regions with high attention scores. Another work,
TIP-Editor (Zhuang et al., 2024), presents a flexible 3D edit-
ing framework that accommodates both text prompts and
reference images. It emphasizes accurate 3D localization
through a dedicated localization loss and employs LoRA-
based adaptation to integrate reference image features into
the editing process. Nonetheless, semantic-level consistency
constraints still suffer from low-level structural inconsisten-
cies, limiting the fidelity of edits. Besides, the editing process
still face challenge for practical applications. In this paper,
we delve into the realm of 3DGS to explore a highly efficient
approach for 3D local editing. We propose a coarse-to-fine
pipeline that initializes 3DGS using a predicted coarse Gaus-
sian points by predicted depth maps and refines structural
details through conditional sequential 2D view editing.

2.3 Local Editing

Local editing refers to modifications confined to specific
regions within 2D or 3D scenes, encompassing a wide
range of tasks such as object manipulation, attribute adjust-
ment (Zhu et al., 2016), spatial transformation (Jaderberg
et al., 2015), and inpainting (Lugmayr et al., 2022), among

@ Springer



394  Page4ofi5

International Journal of Computer Vision (2026) 134:394

others (Shuai et al., 2024). For certain explicit local edit-
ing tasks, a binary mask indicating the region of interest is
often provided as an auxiliary input to guide the model (Isola
et al., 2017), ensuring edits are spatially constrained. To
further improve precision and avoid unintended alterations,
recent works (Meng et al., 2021; Lugmayr et al., 2022)
have introduced diffusion-based editing frameworks that
effectively control modification strength and localization.
Notably, (Brooks et al., 2023) extends this paradigm to
support multi-region editing by applying a DDS loss to des-
ignated areas of the image, thus enabling localized pixel
optimization while preserving surrounding content. In con-
trast to the substantial progress in 2D, local editing in 3D
scenes—particularly at the semantic or attribute level-remains
relatively underexplored due to challenges in region localiza-
tion, multi-view consistency, and the lack of fine-grained 3D
supervision. Some early efforts have made progress in this
direction: for instance, Xiao et al. (2025) explores object-
level insertion and removal operations to coarsely infer
editable regions in 3D space, while (Mirzaei et al., 2025)
proposes using relevance maps from 2D projections as edit-
ing masks, which, however, may lead to view inconsistency
and suboptimal control in the 3D domain. In this paper, we
propose to extend the concept of localization from 2D to
3D by operating on semantically meaningful regions tied to
specific attributes, and we build upon the 3D Gaussian Splat-
ting (3DGS) representation to enable precise positioning and
manipulation of Gaussians within the identified regions, sup-
porting coherent and fine-grained local edits in 3D scenes.

3 Preliminary
3.1 3D Gaussian Splatting

3D Gaussian Splatting (3DGS) models scenes using
anisotropic 3D neural Gaussians for efficient rendering via
tile-based rasterization. Each Gaussian G is characterized
by its mean pu € R3, covariance ¥, color ¢ € R3, and
opacity @ € R. To optimize, the covariance ¥ is decom-
posed as ¥ = RSSTRT, with scaling S € R? and rotation
R € R¥3. A Gaussian centered at j is given by G(x) =
exp (—3(x — W =71 (x — n)), where x is the 3D coordi-
nates. The 3DGS G can be efficiently projected to 2D space,
where the color C(x’) depth D(x’) for each pixel x” can be
obtained via point-based volumetric rendering:

i—1
C)y=Y co; [J1=0ap, (0
j=1

ieN

i—1
Dy =) dio; [[(1 —ap),

ieN j=l

0; = a;G(x") @
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where N is the ordered set of Gaussians overlapping the pixel
x’, and d; is the distance between 3D Gaussian center u; and
camera center.

3.2 Diffusion-based Editing

A diffusion-based image editing method samples the target
image x’ from a conditional distribution p(-|x, c¢), where the
condition ¢ can be a textual prompt for text-based editing and
x is the source image. We adopted IP2P (Brooks et al., 2023)
as the 2D prior for view editing, which is built upon Stable
Diffusion (SD) (Podell et al., 2023) and utilizes the classifier-
free guidance (Ho and Salimans, 2021) during inference.
Specifically, the encoder £ first converts image into latent
code z, = £(Xp), and the sampling with the guidance of ¢ is
defined as follows

€9(2, 2, ©) = (1 + w)eg (2, 25, ©) — weg (23, 7), (€)

where €4 (z,,, zé), ¢) and €4 (z;, 26) are the predicted noise w/
and w/o the condition guidance, and w is the weight of the
guidance. The difference to Ho and Salimans (2021) is that
IP2P additionally conditioned on the latent of the input image
z;, to support image editting. During the forward diffusion
process, noise is gradually added to the latent code:

q(z\zy) = N'(2); Vauzgy, (1 - a)l) . (4)

where &; controls the noise level at timestep ¢.

4 Methodology

In this section, we present the overall pipeline of our pro-
posed method. First, we perform 3D localization to identify
Gaussians requiring edits based on accurate 2D location
information (Sect 4.1). Next, we initialize a coarse 3D Gaus-
sian points within the identified 3D regions using predicted
depth (Sect 4.2). Finally, we apply conditional sequential
view refinement to enhance texture, color, and structural
details (Sect 4.3). The complete framework is illustrated in
Fig 2.

4.1 From 2D to 3D Localization

The essence of the editing task can be decomposed into locat-
ing the modification regions based on user requirements and
then adjusting these regions while preserving information
from the original image. In the first step, we explicitly local-
ize the target Gaussian points in 3D space, identifying the
specific points to be modified.

Inspired by previous work (Mirzaei et al., 2025), given
several rendered views X = (XU)XZ1 from the source 3DGS
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Fig.2 The overall framework of the proposed method that enables effi-
cient fine-grained editing to 3DGS scenes. Localization: Given the text
prompt, we first isolate relevant regions for each view by evaluating
noise differences with and without text guidance (Eq.5). The resulting
2D masks are inverse-rendered to 3D (Chen et al., 2024c; Wang et al.,
2025b) to obtain a view-consistent 3D mask, which has better quality
in the side views that originally IP2P fails. Initialization: Local editing
not only affects the existing points in the source 3DGS, but it may also
require newly added Gaussian points, e.g., added mustache. To address

G and a textual prompt ¢ describing the desired edits, we can
perform IP2P to isolate regions relevant to the prompt. We
achieve the 2D edited areas M, for each view by calculating
the difference between the noise predicted by IP2P’s UNet,
€g, when conditioned on both the image and text, and the
noise predicted when conditioned only on the image with an
empty text prompt as follows

M, = -7:(”69(11),1, Xy, €) — €9(Zy, 7, Xy, ) ”C V), (5

where 7 is a hyper-parameter determines the timestep that
we use, Zy ; = /a7 E(Xy) + +/1 — o € is the noised latent
code in timestep 7, and ||-||. is the mean absolute value in
the channel dimension. We obtain the binary mask through
F by applying a threshold y € [0, 1], followed by Gaussian
filtering to reduce isolated regions and noise.

After that, we inverse render { M, }V | to 3D space (Wang
et al., 2024, 2025b) to achieve the sparse 3D mask M with
the number of Gaussian points in the source 3DGS G.

4.2 Incremental Initialization with Predicted Depth

Although 2D diffusion generation/editing models achieve
more promising results than 3D models, they usually only
perform well on specific views, such as the frontal view,
due to the higher amount of training data for these perspec-
tives. Therefore, we propose to randomly select a few views
and start by editing the view vgg¢ = arg max, Zi, F My,
which has the largest correlation with the text prompt. To pro-
vide better initialization of the Gaussian points, which was

p " 4‘1\ %\@

2D Diffusion Editor }\ )
& / /b, 5
D DepthAnything ( E

(c) Refinement

Text Prompt: "Add
him mustache”

84
[ di
°25 2D Diffusion Editor -
ﬂ . £

ook

Coarse Initialized 3DGS Adjacent Views Edited Views
| )
Depth R v 4
B g Optimizing
Alignment » -
. Renden& Ly + Lyprps
(See Figure 3)
Final Edited 3DGS

this, we propose leveraging the frontal view’s depth prior from a pre-
trained monocular depth estimator. Then, we add new Gaussian points
by mapping the edited pixels in the aforementioned 2D mask to 3D
space using the monocular depth. Refinement: We refine views adja-
cent to the frontal view conditioned on the coarsely edited scene, where
the 3DGS scene is iteratively finetuned using refined views. After sev-
eral finetuning iterations, a new frontal view is selected, and the adjacent
refinement and optimization steps are repeated. (We visualize mask M,
as the mixed picture with corresponding image for visualization)

demonstrated to be crucial especially for sparse view set-
tings (Zhu et al., 2025), we propose to utilize the depth prior
from DepthAnything model (Yang et al., 2024a,b). Specifi-
cally, since the output of the DepthAnything is the disparity
instead of the real depth as shown in Fig. 3, we need to cal-
ibrate it first before usage. Inspired by Kerbl et al. (2024),
we propose to first utilize the depth rendered by the unedited
Gaussian points using Eq. 2 to obtain the unknown scale a
and bias b as follows which we found has better robustness
than directly using the linear regression

= 20065 4y p5ipG) —a - fGmono), ©)

5 (8mono)
where 8,,0n0 and 83pgs are the disparities from depth any-
thing and 3DGS, respectively, i.e.,d = %, f(§) = median(§)
and s(8) = 17 >°; 18; — f(8)]. We could obtain the depth
after calibration from monocular depth estimator as d;;p50 =
m After that, we can obtain the Gaussian points to be
added as follows

d ; :
AG = M @ pomoneBedited) g = et )
dmono (Xunedil)

where P is the mapping from 2D pixels to 3D points given
the predicted depth and image, and d,;,,,, (X) is the calibrated
monocular depth from image x. The motivation behind Eq. 7
is that it uses the same estimator to identify the relative depth
variation, enhancing the robustness of the results. The added
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DepthAnything 3DGS Rendered Depth Original Frontal view

Before edit
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After edit

Fig. 3 Illustration of the local initialization process using depth maps
predicted by DepthAnything (Yang et al., 2024a,b). According to the
predicted depth maps by DepthAnything on before and after edit 2D
view images, we convert the 3DGS rendered depth map into aligned
depth, adjusted based on the residual differences between the before
and after DepthAnything predictions. This yields a regional initialized
Gaussian points and its corresponding coarse rendered edit view

Gaussian points AG are added to the source 3DGS to provide
better initialization of areas with depth change.

4.3 Conditional Sequential View Refinement

After the initialization, for viewpoints near the frontal view,
the 3D shape already has a substantial initialization and only
requires refinement of texture and color. To this end, our
approach utilizes several rounds of conditional sequential
refinement to improve frame quality; each individual round
is depicted in Fig. 4.

To effectively propagate edited information from the
frontal view, we first select m adjacent views {x; };' ; of
the frontal view Xy :

x4, = arg topi™ (I1Pus — Pill | Veirse 7 ), (8)

where || py;, —Pi || represents the Euclidean distance between
the camera positions of views X, and Xx;. Following the
pipeline illustrated in Fig. 4, we employ a multi-round
refinement process to systematically eliminate inconsisten-
cies. In each round, rather than performing standard image
editing, we treat the selected rendered views X, from the
current 3DGS as an informative initialization. Specifically,
we perturb the latent representation of these rendered coarse
views X;, with noise to a specific timestep 7 (as defined
in Eq. 4), yielding Z;, ;. The IP2P (Haque et al., 2023)
denoising process then commences directly from this noisy
latent Zj, .. Crucially, to ensure content preservation and
faithful guidance, the diffusion model is always conditioned
on the original unedited views x; to sample the refined
image x}k from the distribution p(x;.k|x o> Zj 7, €). This
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Fig. 4 Detailed workflow of conditional sequential view refinement.
®—®@ In each round i, the 2D editing results are used to optimize the
3DGS representation. @—® The updated 3DGS is then rendered to
obtain views with improved multi-view consistency, though artifacts
may still persist (only one view is shown for clarity). ®—@® To mit-
igate these artifacts, the rendered image is not directly used as the
diffusion condition; instead, it is perturbed with noise to a timestep
7 (0 < t < T). ® The diffusion model is always conditioned on the
unaltered original view, ensuring faithful guidance. It then performs t-
step denoising to produce the refined view x;.k, which supervises the
3DGS optimization in round i + 1

informed starting point enforces structural alignment from
the outset, significantly improving multi-view consistency
and optimization stability. The resulting refined frames are
subsequently used to optimize the 3DGS scene:

Godit — arg mgin Z Ledit(R(G, v), X)), )

veV

where Lcgi; incorporates L1 and LPIPS (Zhang et al., 2018b)
losses. To accommodate large-scale geometric edits and cor-
rect any potential initialization inaccuracies, we optimize the
entire set of Gaussian parameters throughout this iterative
cycle.

After several iterations of finetuning the 3DGS for each
round, we designate a new frontal view from {x] },ev as the
updated reference and reselect m adjacent views to initiate a
fresh round of conditional editing. The workflow for a sin-
gle round can be summarized as follows: randomly select
a frontal view — select m adjacent views of the chosen
frontal view — apply 2D conditional editing — perform
3DGS finetuning. Each cycle progressively improves coher-
ence across perspectives, ensuring consistency and alignment
with the updated reference viewpoint. To improve efficiency,
we progressively reduce the IP2P sampling starting timestep
T in experiments. We perform two or three such cycles in
experiments. The detailed hyper-parameters can be found in
supplementary materials.
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5 Experiments
5.1 Implementation Details

The proposed method is implemented using PyTorch and
trained on one NVIDIA A6000 GPUs. We use the optimized
renderer from Kerbl et al. (2023b) for Gaussian rendering,
with our implementation based on Threestudio (Guo et al.,
2023). All 3D Gaussians in this study are trained using the
method described in Kerbl et al. (2023b). For 2D editing, we
employ IP2P (Brooks et al., 2023) following most prior meth-
ods (Chen et al., 2024, c; Haque et al., 2023) to ensure fair
comparison. A selection of 3D scenes from publicly avail-
able datasets, such as LLFF and Mip-NeRF360 (Barron et
al., 2022; Mildenhall et al., 2019), is used for evaluation.The
3DGS model is finetuned for 1,000-1,500 iterations, with
a default classifier-free guidance strength of 7.5. For certain
cases, we adjust the edit strength consistently across all com-
peting methods.

Training details. For the training iterations, the 3DGS model
is fine-tuned for 1,000 iterations on the “kitchen” scene, as
shown in Fig. 7, and for 1,500 iterations on other scenes.
For every 500 iterations, we repeat the cycle mentioned in
Section 4.3 of main paper and re-select a new frontal view.
We select a linearly decreasing starting timestep for IP2P,
as high-level semantics are adjusted after some iterations,
leaving only low-level structural details to be refined in sub-
sequent cycles. Specifically, t = [750, 500, 250] is used as
the starting denoising steps for three training cycles, and
t = [750,500] is used for two training cycles. For each
cycle, we select 20 adjacent views for 2D editing. Besides, a
default classifier-free guidance strength of 7.5 is used, except
for the “face” scene in Figure 1 of main paper with prompts
such as “make him older” and “turn him into a werewolf.” A
classifier-free guidance strength of 7.5 effectively handles
most attribute and accessory editing cases. For the local-
ization part, we set T = 600 steps and the mask threshold
y = 0.6 for most scenes.

5.2 Baselines and Evaluation Metrics

We compare our approach with a set of competing meth-
ods, including two NeRF-based editing techniques—Instruct-
N2N (Haque et al., 2023) and ViCA-NeRF (Dong and Wang,
2023)—and five 3D Gaussian Splatting (3DGS)-based meth-
ods: GaussianEditor (Chen et al., 2024c), DGE (Chen et
al., 2024), Gaussctrl (Wu et al., 2024), EditSplat (Lee et
al., 2025), and TIP-Editor (Zhuang et al., 2024). All meth-
ods, including ours, utilize IP2P as the 2D editor, except for
Gaussctrl, which uses ControlNet (Zhang et al., 2023). To
evaluate these methods, we use CLIP Text-Image Direction
Similarity (CTIDS) (Radford et al., 2021) to assess semantic
alignment after editing, along with Image-Image Similarity

(I1S) and FID (Heusel et al., 2017) to measure fidelity. We
also measure editing time, following the evaluation metrics
used in (Wang et al., 2024). Furthermore, we conduct a user
study to assess subjective aspects, specifically measuring the
detailed structural quality and consistency across different
views, results and details of which are included in the sup-
plementary.

5.3 Qualitative Evaluation

Figure 5 shows a comparison between our method and com-
peting methods across different views on two scenes, each
accompanied by the corresponding text prompt. GaussianC-
trl (Wu et al., 2024) utilizes ControlNet as the 2D editor,
which is more suitable for global editing, offering better
consistency and aesthetic quality. However, it struggles to
retain original scene information, often altering features such
as face ID and skin tone during editing. Noted that we fol-
lowed the GaussianCtrl using pre-processing data to a 5122
resolution, and we manually padded the visual examples in
Fig. 5 for better visualization. DGE (Chen et al., 2024) and
GaussianEditor (Chen et al., 2024¢) can maintain high-level
information consistency; however, artifacts may appear in
boundary details, such as around the edges of an added mus-
tache. Additionally, fine-grained elements like clothing tags
and zippers may lose some high-frequency details, resulting
in slight distortions. Apart from the issue of detail preserva-
tion, the second example highlights an information leakage
problem. Existing methods may inadvertently modify unin-
tended regions that are closely related to the text prompt, such
as background elements like grass and leaves. This can lead to
inconsistencies across views and the appearance of unwanted
artifacts. In contrast, towards local editing tasks, our pro-
posed method demonstrates the ability to achieve enhanced
fine-grained structural details, particularly evident in the
reduced occurrence of artifacts along the editing boundaries.
Moreover, our method excels in maintaining high fidelity to
the original scene, effectively preserving key identity-related
attributes, such as face ID, clothing details, and hair style after
editing. We include additional qualitative results in Fig. 6,
showcasing multiple edited views. The results demonstrate
the effectiveness of our method, exhibiting strong consis-
tency across different viewpoints. We primarily focus on
editing attributes such as color, texture, and facial features,
as well as accessories like hats, clothing, and pants. For local
editing tasks, our proposed method showcases its capabil-
ity to achieve refined fine-grained structural details, with a
notable reduction in artifacts along editing boundaries. Addi-
tionally, it demonstrates strong fidelity to the original scene
by effectively preserving key identity-related attributes such
as facial features, clothing details, and hairstyle after editing.
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“Add him mustache”

“Add rose into vase”

=

Original Gaussianctrl DGE GaussianEditor Ours

Fig. 5 Qualitative comparison with three 3DGS-based competing itor (Chen et al., 2024c), and our method, respectively. Our method
methods: The leftmost column demonstrate the original views, while effectively preserves fidelity and structural details while delivering
the right four columns show the rendering view of edited 3DGS by artifact-free and view-consistent edited results

Gaussianctrl (Wu et al., 2024), DGE (Chen et al., 2024), GaussianEd-

Table 1 When comparing . -
different editing methods, Method 3D Model CTIDS?H st FID| Editing Time
Gaussian Splatting-based IN2N (Haque et al., 2023) NeRF 0.2128 07591 15080  ~ 5Imin
techniques are considerably . .
quicker than NeRF-based ViCA-NeRF (Dong and Wang, 2023) NeRF 0.2103 0.7205 161.35 ~ 28min
approaches. WatchYourSteps (Mirzaei et al., 2025) ~ NeRF 0.2117 0.7368 129.68 ~ 51min
GaussianEditor (Chen et al., 2024c¢) 3DGS 0.2043 0.8212 70.14 ~ 7min
DGE (Chen et al., 2024) 3DGS 0.2057 0.8183 68.60 ~ 4min
Gaussctrl (Wu et al., 2024) 3DGS 0.1882 0.7862 132.76 ~ 9min
EditSplat (Lee et al., 2025) 3DGS 0.2093 0.8301 79.24 ~ 6min
TIP-Editor (Zhuang et al., 2024) 3DGS 0.2013 0.8248 74.54 ~ 8min
Ours 3DGS 0.2053 0.8308 65.96 ~ 2min

Our method achieves comparable performance, particularly in preserving data fidelity, while offering the
fastest editing speed
Bold indicates the best result, and underlined values indicate the second-best result

@ Springer
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Original Views

“Add him a black
top hat”

“Make him wears a shirt
with floral pattern

“Make him wears
jeans pants

(a) Examples on “person” scene from IN2N (Haque et al.,)

Original Views

“Make him close eyes”

“Add him makeup”

“Add him mustache”

i ik L di

(b) Examples on “fanzhou” scene from Nerf-Art (Wang et al., 2023)

Fig.6 Illustrative visual examples showcasing the application of our proposed method for local editing on 3D scenes, demonstrating its effectiveness

in handling fine-grained modifications

5.4 Quantitative Evaluation

Following previous works (Haque et al., 2023; Chen et al.,
2024), we evaluate the alignment of edited 3D models and
target text prompts with CLIP similarity score, i.e., the cosine
similarity between the text and image embeddings encoded
by CLIP. We also evaluate the fidelity preservation between
original and edited 3D models by calculating the cosine sim-
ilarity between original image and edited image as well as
the FID between original and edited image sets. Table 1
presents a detailed comparison of our method against several
competing approaches including editing results on three 3D
scenes, where the details can be found in supplementary. Our
method demonstrates comparable CLIP Text-Image Direc-
tion Similarity scores to the current state-of-the-art methods,
indicating its effectiveness in preserving textual alignment.
Additionally, our approach outperforms competing methods
in preserving directional consistency with the original scene,
ensuring high-fidelity editing that selectively modifies only
the intended characteristics of the scene. Apart from eval-
uating effectiveness, we also assess the efficiency of our
approach. By leveraging coarse initialization in Sect. 4.2
and skipping diffusion steps during iterative refinement in

Sect. 4.3, our method achieves more efficient editing, offer-
ing up to a 4x speedup compared to existing 3DGS-based
methods and a 25 x speedup compared to NeRF-based meth-
ods. To evaluate background preservation, we report masked
PSNR (40.73 dB), SSIM (0.9903), and LPIPS (Zhang et
al., 2018a) (0.0089) calculated strictly outside the predicted
3D masks. These metrics, averaged across all validation
views, quantitatively confirm that our method leaves unedited
regions virtually untouched, consistent with our qualitative
results.

5.5 User Study

We conducted a user study focusing on two key aspects:
view consistency and fine-grained details. Our proposed
method was compared against GaussCtrl (Wu et al., 2024),
DGE (Chen et al., 2024), and GaussianEditor (Chen et al.,
2024c) on the several scenes, with the participation of 30
users. Our proposed method also achieves a voting percent-
age of 61.67%, with GaussCtrl, DGE, and GaussianEditor
receiving 8.33%, 18.33%, and 11.67%, respectively.
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Original Views

“Turn the dozer
into red”

“Turn the dozer
into green”

Original Views

“Turn bonsai to
daisy tree”

Fig. 7 Illustrative visual examples on “kitchen” and “bonsai” scenes from Mip-Nerf 360 (Barron et al., 2022) dataset with various text prompts
showcasing the application of our proposed method for local editing on a 3D scene, demonstrating its effectiveness in handling fine-grained

modifications

s 2
AM Localization with
Prompt “wooden vase with leaves”

Whole Edit
wi/o Localization

Our 3D Localization
w/o Extra Prompt

e

7 [ 2 g
Edited Result 1 Our Edited Result

Fig. 8 Visualization of our 3D localization and the corresponding
edited result compared to the whole region editing and directly using
SAM with extra prompt for localization

@ Springer

5.6 Ablation Study

The effect of 3D localization. To validate the effect of the
3D localization, we conduct experiments on a variant where
the 3D localization component is removed from our frame-
work. As shown in the comparison between the first column
and third column in Figure 8, removing the 3D localization
results in distortion and blurry in background and unedited
regions, a significant decrease in the overall scene recon-
structed quality, especially in scenarios with complex spatial
configurations. Color information can leak into unrelated
or undesired areas, leading to unintended color changes in
objects like the vase, table, and floor. For instance, they might
turn somewhat red due to the influence of a prompt focused
on “rose”. Besides, our 3D localization is distinct from most
previous works (Chen et al., 2024, c; Wang et al., 2025b)
used SAM with a corresponding prompt to locate the edited
regions in object level. As shown in the comparison between
the second and third column in Figure 8, some editing sce-
narios make it challenging to accurately target a specific
object, such as object replacement or adding extra acces-
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w Initialization w/o Initializati w w/o Initialization

Fig. 9 Two editing examples of our method with and without initial-
ization. Without proper initialization, if parts of these accessories aren’t
set to slightly extend beyond the character’s edges, they may be omitted
in certain views, resulting in inconsistencies and undesired outcomes

sories. Sometimes, SAM may fail even if you provide a fairly
precise prompt. In contrast, our 3D localization identifies the
edited regions without requiring additional prompts and more
effectively prevents information leakage into unedited areas.
The effect of initialization by predicted depth. We uti-
lize the edited first view as a reference, generating its depth
map using the DepthAnything model. This depth map is
then inversely rendered into 3D space to produce a coarse
point cloud for initialization. This initial coarse representa-
tion effectively reduces the overall training time and enables
the edited shape and accessories in the first view to be con-
sistently rendered across other views, serving as a condition
for subsequent view edits. As illustrated in Figure 9, without
a robust initialization, adding new accessories or altering the
shape of an existing object may encounter significant chal-
lenges in localization. This is especially true for details like
the edges of accessories, which are difficult to generate if
they extend beyond the object’s boundary in certain views.
For example, in our case with glasses and a mustache, if parts
of these accessories are not well-initialized to extend slightly
beyond the character’s edges, they may be omitted in certain
views, leading to inconsistencies. Thus, a good initialization
serves as a crucial solution to mitigate these localization lim-
itations and ensure cohesive multi-view rendering.

5.7 Network Analysis

Efficiency analysis. With the proposed 3D localization and
regional initialization, both the diffusion process and 3DGS
fine-tuning are accelerated. On one hand, for IP2P sampling
steps, we employ a linearly decreasing starting timestep, as
high-level semantics are adjusted in the early iterations, leav-
ing only low-level structural details to be refined in later
stages. This approach effectively reduces the diffusion refine-
ment time. (Details refer to supplementary.) On the other
hand, since the coarse shape of the edited region (e.g., the
mustache) is well-initialized, the necessary Gaussian points
are already properly positioned. Only specific properties,
such as texture and color, require further refinement using
the diffusion model. As a result, the number of iterations for
3DGS fine-tuning is significantly reduced. As shown in Fig-

3DGS Finetuning Iterations

Iter=100 Iter = 300 Iter =500

Iter = 1000

w initialization w/o initialization
I’

Fig. 10 Visualization of intermediate results during 3DGS finetuning
with and without initialization. Proper initialization effectively reduces
the required finetuning iterations

ure 10, with proper initialization, noticeable modifications
occur after just 300 iterations, whereas without initialization,
up to 1,000 iterations may be required.

Robustness analysis. Owing to our incremental initial-
ization design, object removal tasks rely heavily on the
localization and refinement stages. We demonstrate the effec-
tiveness of our approach for object removal in Figure 12,
featuring challenging cases such as ‘make him bald’ and
‘remove the shoes on the carpet’. Besides, we also include
some cases with extensive edited regions and simultaneous
modification of multiple components as shown in Figure 13.
Our method achieves precise localization of the regions to be
erased and modified, ensuring that the edit mask accurately
covers the target object while preserving the integrity of the
surrounding background.

Global editing. Our method focuses on viewpoint con-
sistency and high fidelity in localized editing, making it
particularly effective for attribute modifications. However,
for global edits like style transfer, 3D localization can be
treated as an all-one mask. In this case, the required 3DGS
finetuning iterations increase, as the initialized 3DGS may
lack the precision of localized editing, necessitating further
refinement to achieve the desired outcome. Figure 11 shows
a style transfer example on the “face” scene, requiring 2,000
3DGS finetuning iterations over four cycles.

Compared to direct 2D editing. We present a visual
comparison between standalone 2D diffusion editing and
our complete 3D editing framework, using the instructions
“change the bonsai to a blossom daisy tree” and “make
the person wear jeans pants”, as illustrated in Figure 14.
The 2D diffusion results are obtained directly from Instruct-
Pix2Pix (Brooks et al., 2023), rather than from intermediate
outputs of our pipeline, since our approach introduces
an additional depth-aligned initialization stage to mitigate
cross-view inconsistencies prior to refinement. Applying 2D
diffusion independently to each view frequently results in
discrepancies in geometry, texture, and color across view-

@ Springer
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“Turn this picture
into Van Gogh style”

Fig. 11

Original
#

Edited 7| Edited
# S 2

e e

“"Remove the shoes on the carpet”

“Make him bald"

Fig. 12 Examples of 3D editing removal tasks. Cases include "make
him bald" and "remove the shoes on the carpet." Top row: Two view-
points of the original 3DGS. Bottom row: Corresponding edited results
demonstrating multi-view consistency

"Change him into a blue suit"
Edied #2 Edited #3

Original #1 Original #2 Original #3 Edited #1 |

|

|

| Original#t

Fig. 13 Additional 3D editing examples featuring extensive edited
regions and simultaneous modification of multiple components. Cases
include “change him into a blue suit” and “change the bear into a panda”.
Left: Three viewpoints of the original 3DGS. Right: Corresponding
edited results demonstrating multi-view consistency

points. Moreover, enforcing more prominent edits in 3D
space often requires a higher CFG scale, which can pro-
duce unnatural artifacts in certain views (see the first and
third rows of the left example in Figure 14). In contrast, our
method effectively enforces cross-view coherence through
3D optimization, leading to substantially improved multi-
view consistency.

Limitations. Our method relies on an additional depth esti-
mation module to provide an initial 3D reconstruction of
the scene, which serves as the starting point for the sub-
sequent optimization process. This initialization is critical
to guiding the editing process toward geometrically consis-
tent and view-aligned results. However, in scenarios where
the depth estimation is highly inaccurate, such as under

@ Springer

An example of global editing is setting y = 0 for an all-one 3D localization

Our results

2D diffusion results

Original 2D diffusion results Our results Original

Fig. 14 Visualization comparing standalone 2D diffusion edits across
different views with our final 3D editing results, using the instructions
“change the bonsai to a blossom daisy tree” and “make the person wear
jeans pants.” Note that the 2D diffusion results are directly generated by
Instruct-Pix2Pix, rather than the intermediate outputs in our pipeline,
since our method further performs depth-aligned initialization to reduce
cross-view discrepancies before refinement

extreme lighting conditions, low-texture regions, reflective
surfaces, or occlusions, the initialization quality deteriorates
significantly. As a result, the optimization is more prone to
start from an incorrect geometry and requires substantially
more iterations to converge to a satisfactory solution. The
model must effectively compensate for these inaccuracies
through iterative refinement, gradually correcting the struc-
tural inconsistencies and recovering a faithful reconstruction.
While our pipeline is still capable of handling such challeng-
ing cases, the overall computational cost increases and the
editing fidelity may initially be compromised due to the sub-
optimal guidance from the erroneous depth.

6 Conclusion

In conclusion, our proposed framework for 3D Gaussian
Splatting (3DGS) offers a highly efficient and effective solu-
tion for localized editing in 3D scenes. By integrating 2D
diffusion-based editing to identify and guide region-specific
modifications across multiple views, and leveraging depth-
based initialization derived from a pretrained 2D foundation
model, our method significantly improves both the precision
and coherence of edits in the 3D space. This design enables an
iterative, view-consistent refinement process that preserves
structural integrity and textural fidelity across viewpoints.
Extensive experiments demonstrate that our approach not
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only achieves state-of-the-art editing quality but also delivers
a substantial speedup—up to 4 x faster—compared to existing
3DGS-based editing pipelines, making it a practical and scal-
able choice for real-world applications.
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tary material available at https://doi.org/10.1007/s11263-026-02941-
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