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Figure 1. Result of EditSplat. EditSplat enables flexible and high-quality editing of pre-trained 3D Gaussian Splatting models guided

solely by textual instructions. Through its design focused on multi-view consistency, efficient optimization, and precise semantic local

editing, Our approach demonstrates robust performance, producing realistic and fine-grained 3D scene modifications.

Abstract

Recent advancements in 3D editing have highlighted

the potential of text-driven methods in real-time, user-

friendly AR/VR applications. However, current methods

rely on 2D diffusion models without adequately consid-

ering multi-view information, resulting in multi-view in-

consistency. While 3D Gaussian Splatting (3DGS) signifi-

cantly improves rendering quality and speed, its 3D editing

process encounters difficulties with inefficient optimization,

as pre-trained Gaussians retain excessive source informa-

tion, hindering optimization. To address these limitations,

we propose EditSplat, a novel text-driven 3D scene edit-

ing framework that integrates Multi-view Fusion Guidance

(MFG) and Attention-Guided Trimming (AGT). Our MFG

ensures multi-view consistency by incorporating essential

multi-view information into the diffusion process, leverag-

ing classifier-free guidance from the text-to-image diffusion

*Corresponding author.

model and the geometric structure inherent to 3DGS. Ad-

ditionally, our AGT utilizes the explicit representation of

3DGS to selectively prune and optimize 3D Gaussians, en-

hancing optimization efficiency and enabling precise, se-

mantically rich local editing. Through extensive qualita-

tive and quantitative evaluations, EditSplat achieves state-

of-the-art performance, establishing a new benchmark for

text-driven 3D scene editing. Project website: https:

//kuai-lab.github.io/editsplat2024/

1. Introduction

Text-driven 3D scene editing, which enables manipulation

of 3D scenes using only text instructions, is gaining re-

search momentum. The goal is to edit 3D representations

accurately and efficiently through text prompts, facilitating

real-time, user-friendly 3D editing for film and game devel-

opment, digital content creation, or AR/VR applications.

InstructNeRF2NeRF (IN2N) [12] introduced the

pipeline for text-driven 3D editing by leveraging 2D diffu-

sion model [39], such as InstructPix2Pix [4]. Subsequent

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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methods [9, 33, 47, 48], inspired by IN2N, iteratively

edit rendered images while updating the underlying 3D

representation. However, these approaches independently

edit single views with 2D diffusion models, neglecting

multi-view consistency, as illustrated in Fig. 2-(a). More

recent methods [7, 8, 11] incorporate multi-view informa-

tion, but they lack a comprehensive strategy for consistent

view alignment. For example, [8, 11] use only a limited set

of key views, requiring additional diffusion passes or extra-

parameterized layers to integrate multi-view information.

Similarly, [7] trains a diffusion model to achieve multi-view

consistency, incurring high costs. Consequently, existing

methods still exhibit multi-view inconsistency, resulting

in noisy gradients that hinder optimization and produce

suboptimal outputs, such as minimal edits or blur outputs.

3D Gaussian Splatting (3DGS) [21] has emerged as a

foundational model in 3D representation, surpassing Neu-

ral Radiance Field (NeRF) [32] in rendering quality and

speed. Unlike NeRF’s implicit representations, 3DGS em-

ploys explicit anisotropic ellipsoids, enabling faster training

and high-quality reconstruction. However, editing a pre-

trained 3DGS model introduces inefficiency, as pre-trained

Gaussians tend to retain source visual and geometric details

excessively, impeding efficient convergence as illustrated in

Fig. 2-(b). This underscores the need to manage redundant

Gaussians for more effective optimization.

To tackle the limitations in both the multi-view inconsis-

tency and the optimization inefficiency of pre-trained Gaus-

sians in editing, we propose a novel 3D scene editing frame-

work, EditSplat. To ensure multi-view consistency be-

tween edited images, we propose a Multi-view Fusion Guid-

ance (MFG) method that ensures multi-view consistent

editing utilizing a 2D diffusion model and the geometric

structure inherent to 3DGS. Inspired by [7, 11], our method

projects initially edited multi-view images onto a target

view using 3DGS depth maps, enabling smooth blending

based on depth values across views to integrate multi-view

information. Leveraging classifier-free guidance in the text-

image diffusion process [4, 16], we carefully edit source

images based on text prompt by incorporating multi-view

fused images into the diffusion process, ensuring robust

alignment of edited images with multi-view details. To fur-

ther preserve source fidelity, we utilize the source images

as auxiliary guidance. By balancing guidance scores be-

tween multi-view fused images, source images, and text

prompts, our method enables the diffusion model to edit

source images to the multi-view-consistent outputs, align-

ing with essential multi-view information. Unlike iterative

editing approaches that require expensive optimization pro-

cesses during rendered image editing, our proposed Edit-

Splat edits source images directly, allowing for immediate

3DGS model optimization.

Additionally, we propose an Attention-Guided Trimming
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Figure 2. Challenging cases. (a) Conventional 2D editing with-

out Multi-view Fusion Guidance (MFG) results in inconsistent

textures across different views (e.g., bear fur), whereas applying

MFG achieves consistent multi-view edits. (b) Editing without

Attention-Guided Trimming (AGT) leads to inefficient optimiza-

tion, resulting in less edited regions (e.g., clown’s nose). AGT

effectively enhances optimization quality, producing richer colors.

(AGT) method to improve the optimization efficiency of

pre-trained Gaussians and enable semantically rich local

editing. Utilizing the explicit representation of 3DGS, we

assign attention weight to each Gaussian based on the atten-

tion map from the diffusion model. High attention weights

highlight semantically meaningful regions, indicating sub-

stantial visual and geometric changes required for effec-

tive edits. Thus, pre-trained Gaussians with high attention

weight generally need significant changes with the opti-

mization process and become redundant during the densi-

fication process as the number of Gaussians retaining ex-

cessive source information increases. To address this prob-

lem, we prune a suitable proportion of pre-trained Gaus-

sians with high attention weight before editing, allowing the

remaining Gaussians to achieve efficient densification and

optimization. In addition, we selectively optimize Gaus-

sians with high attention weight, enabling semantic local

editing. Overall, the proposed AGT simplifies optimization

and improves semantic precision, enabling faster and more

efficient 3DGS editing.

We conduct extensive qualitative and quantitative exper-

iments to validate the high quality and effectiveness of Ed-

itSplat. Our key contributions are as follows:

• We propose a Multi-view Fusion Guidance (MFG)

method that integrates multi-view information into the

diffusion process to achieve robust alignment with multi-

view details, ensuring consistent multi-view editing.

• We introduce an Attention-Guided Trimming (AGT)

technique that prunes 3D Gaussians with high attention

weight and selectively optimizes them, enhancing opti-

mization efficiency and enabling semantic local editing.

• Through extensive qualitative and quantitative evalua-

tions, we demonstrate that EditSplat outperforms existing

methods in both performance and effectiveness.
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Figure 3. EditSplat Overview. EditSplat consists of two main methods: (1) Multi-view Fusion Guidance (MFG, Sec. 3.2), which aligns

multi-view information with text prompts and source images to ensure multi-view consistency; (2) Attention-Guided Trimming (AGT,

Sec. 3.3), which prunes pre-trained Gaussians for optimization efficiency and selectively optimizes Gaussians for semantic local editing.

2. Related Work

2D Image Editing. Despite advancements in 3D gener-

ative models [2, 6, 10, 20, 27, 30, 44, 51], their appli-

cation in 3D editing is constrained by limited 3D data

availability. To overcome this limitation, recent studies

have shifted towards leveraging large-scale 2D generative

models [17, 18, 35, 38, 42, 46], such as Text-to-Image

(T2I) diffusion models [39, 45, 50, 53], to enable more

flexible 3D editing. DreamBooth [41] proposes subject-

specific editing by fine-tuning the T2I diffusion model Ima-

gen [43]. Delta Denoising Score (DDS) [15] utilizes Score

Distillation Sampling (SDS) [36] for precise image mod-

ifications. Prompt-to-Prompt (P2P) [14] harnesses cross-

attention maps in the diffusion process for detailed edits. In-

structPix2Pix (IP2P) [4] enables instruction-driven editing

by fine-tuning Stable Diffusion [39] on a synthetic dataset

of image-text pairs generated using GPT-3 [5] and P2P [14].

Our EditSplat utilizes IP2P as a 2D image editor. Utilizing

its image guidance capability through classifier-free guid-

ance, EditSplat effectively integrates multi-view informa-

tion into the diffusion process, facilitating multi-view con-

sistent editing for enhancing 3D editing.

Text-driven 3D Scene Editing. Text-driven 3D scene

editing aims to modify 3D representations precisely and ef-

ficiently using textual instructions. Despite recent progress,

key challenges such as multi-view consistency, semantic lo-

calization, and optimization efficiency remain.

Recent advancements [25, 26, 34, 55] employ Score Dis-

tillation Sampling (SDS) [36], while iterative methods such

as InstructNerf2Nerf [12] and its extensions [9, 31, 33, 47,

48] repeatedly edit rendered images while optimizing the

underlying 3D representation. However, those works often

overlook multi-view information, leading to inconsistency.

Recent methods explicitly addressing multi-view consis-

tency, VICA-NeRF [11] and ConsistDreamer [7], employ

view projection strategies but suffer from noisy projection

outputs and computational overhead due to additional diffu-

sion steps [11] or extensive U-Net [40] training [7]. Other

approaches [8, 19] utilize the epipolar lines, though they

still struggle to preserve fine-grained details. Moreover,

3DEgo [23] employs classifier-free guidance with IP2P [4],

but its requirement for guidance from all frames in single-

view edits inevitably results in inconsistencies due to mis-

alignment viewpoint.

Furthermore, most existing methods [8, 9, 11, 23, 48]

rely on binary masks from the source image to localize the

editing area, which constrains edits and overlooks semantic

information when the target object is not clearly defined.

For multi-view consistency, we introduce a Multi-view

Fusion Guidance (MFG) involving sequential projection

and blending, avoiding noise issues and the additional train-

ing [7] or diffusion refinement [11]. Regarding semantic

localization, inspired by DreamEditor [55], EditSplat ex-

plicitly assigns attention maps to 3D Gaussians, achieving

higher semantic precision without binary mask constraints.

Additionally, as far as we know, we are the first to address

the optimization inefficiency inherent in pre-trained 3DGS

models by strategically pruning 3D Gaussians, enhancing

both densification and optimization efficiency.

3. Method

We propose a novel 3D editing framework, EditSplat,

carefully designed to achieve three key objectives: (i)

multi-view consistent editing, (ii) efficient optimization,

and (iii) semantically rich local editing. To meet these

goals, we introduce Multi-view Fusion Guidance (MFG)

and Attention-Guided Trimming (AGT). MFG incorporates

essential multi-view information into the diffusion model to

ensure multi-view consistency. In AGT, attention weights

from the diffusion model are explicitly assigned to each

Gaussian in 3D Gaussian Splatting (3DGS). This enables

efficient convergence by pruning Gaussians with high at-

tention weight and selectively optimizing them for seman-

tic local editing. The overall pipeline is shown in Fig. 3.
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Source OursGaussianEditor DGEGaussCtrl

“Make the bonsai snowy”

“Turn the ground into a Namibian desert”

“Turn him into a Minecraft character”

“Make it autumn”

“Make his face resemble that of a marble sculpture”

Figure 4. Qualitative Comparison. EditSplat provides more intense and precise editing compared to other baselines. The leftmost column

shows source images, while the right columns show rendering images from edited 3DGS. In each corner of the images, we include different

views of the corresponding image to compare multi-view consistency. Note that our EditSplat outperforms both local and global editing.

In the following sections, we provide a review of 3DGS and

classifier-free guidance in Sec. 3.1, followed by our primary

methods: MFG in Sec. 3.2 and AGT in Sec. 3.3.

3.1. Preliminaries

3D Gaussian Splatting. 3D Gaussian Splatting [22] is

an explicit 3D scene representation using anisotropic Gaus-

sians to model complex structures. A set of 3D Gaussians

G represents the scene, where each 3D Gaussian g ∈ G is

defined by a center µ ∈ R
3, a covariance matrix Σ ∈ R

3×3,

spherical harmonic coefficients f ∈ R
k (with k indicating

the degrees of freedom), and opacity σ ∈ R. The covariance

matrix Σ is composed of a rotation matrix R and a scaling

matrix S as Σ = RSSTRT . For rendering, a 3D Gaussian

function is defined as

g(x;µ,Σ) = e−
1

2
(x−µ)TΣ−1(x−µ). (1)

Each 3D Gaussian g is projected into a 2D image space us-

ing a world-to-image projective transform, with its Jacobian

evaluated at µ. The final color of each pixel is calculated by

blending contributions from Gaussians along a ray:

C =
∑

i∈N

ciαi

i−1
∏

j=1

(1− αj), (2)

where blending weight αi ∈ R is defined as the density

value of g multiplied by σ, and c ∈ R
3 is color of the Gaus-

sian. This tile-based approach supports real-time rendering,

with Gaussian parameters µ, Σ, f , and σ optimized to rep-

resent scenes accurately through photometric loss.

Classifier-free Guidance. Classifier-free diffusion guid-

ance [16] improves the alignment between generated out-

puts and conditioning prompts in tasks, such as image- or
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text-conditional image generation by guiding sampling to-

ward regions where the implicit classifier pθ(h|zt) assigns

high probability to the target condition h. In models with

multiple guidance inputs, such as InstructPix2Pix [4] (IP2P)

used in our approach, the score network ϵθ(zt, hI , hT ) in-

corporates both an input image hI and a text instruction hT

for guide generation. Here, zt denotes the latent representa-

tion of the input image at timestep t with added noise, and

ϵθ represents the noise prediction network (e.g., U-net [40]).
To control the influence of each conditioning, guidance

scales sI and sT are introduced, adjusting the extent to
which the generated outputs align with the input image and
text instruction. The guided prediction ϵ̃θ is defined as:

ϵ̃θ(zt, hI , hT ) = ϵθ(zt,∅,∅)

+ sI(ϵθ(zt, hI ,∅)− ϵθ(zt,∅,∅))

+ sT (ϵθ(zt, hI , hT )− ϵθ(zt, hI ,∅)), (3)

where sI and sT modulate the influence of the image con-

dition hI and text instruction hT . This balances conditioned

and unconditioned score estimates to guide generation, pri-

oritizing one or both types of conditioning.

3.2. Multi-View Fusion Guidance (MFG)

Recent studies [8, 9, 11, 12, 48] struggle with consistent

editing across views due to limited consideration of multi-

view information, resulting in multi-view inconsistency that

causes minimal edits or blurriness. To overcome this chal-

lenge, we focus on integrating essential multi-view details

into the 2D diffusion model, enabling consistent editing.

Multi-View Fusion. We first edit the whole source images

using the diffusion model. Inspired by [7, 11], we incorpo-

rate multi-view information by projecting and blending the

initially edited multi-view images onto each target view us-

ing depth maps from 3DGS. To enhance output quality, we

rank these images using ImageReward [49], which scores

fidelity and text alignment based on human feedback. Since

some initial edits are generally misaligned, we exclude the

bottom 15% of low-scoring images from projection.

For the multi-view projection process, we select the top

5 adjacent views, prioritizing them based on their proxim-

ity to the target view, determined by camera position and

orientation in world coordinates. To manage overlapping

pixels across multiple views, we implement an iterative al-

pha blending strategy guided by depth values. Starting from

the farthest pixel (i.e., highest depth value), pixel pairs are

blended iteratively in decreasing depth order. The final pixel

color is determined by aligning and unprojecting the multi-

view images into 3D space using depth maps and camera

parameters, followed by reprojecting onto the target view to

resolve overlapping pixel contributions. This approach en-

sures that each target view captures comprehensive details

shared across multiple views. To handle sparse background

regions and achieve seamless integration, we refine these

areas using SAM [24] to fill them with source content. This

sequential multi-view fusion strategy enriches each target

view with consistent and detailed information, reinforcing

alignment and coherence across all views. The resulting

multi-view fusion image hM for each target view serves

as an essential input for subsequent editing processes, inte-

grating comprehensive visual and geometric details shared

across the views. Note that further details are provided in

the supplementary material.

Alignment with Multi-View Information. To effectively

integrate multi-view fusion information into the diffusion

process and edit source images without additional train-

ing [7], extra-parameterized layers [8], or repeated diffu-

sion passes [11], we leverage classifier-free guidance. This

allows the direct incorporation of multi-view fusion details

into the diffusion process. According to Liu et al. [29], a

conditional diffusion model can combine score estimates

from multiple conditioning values. Building on this, we

adapt this approach, facilitating the implicit classifier pθ
to assign high probabilities to multi-view fused visual fea-

tures, color consistency, and structural properties. This en-

sures the edited images maintain a strong alignment with

multi-view fused images throughout the editing process.

Specifically, we provide the multi-view fusion image hM

as a guidance conditioning during source image editing.

This enhances alignment with multi-view details, ensuring

multi-view consistent editing. To maintain source fidelity,

we include the original source image hS as auxiliary guid-

ance, preserving its content. Our guided score prediction ϵ̃θ
is defined as follows:

ϵ̃θ (zt, hS , hT , hM ) = ϵθ (zt,∅,∅)

+ sT (ϵθ (zt, hM , hT )− ϵθ (zt, hM ,∅))

+ sM (ϵθ (zt, hM ,∅)− ϵθ (zt,∅,∅))

+ sS (ϵθ (zt, hS ,∅)− ϵθ (zt,∅,∅)) ,
(4)

where hM , hS , and hT correspond to the multi-view fusion

image, source image, and text prompt, respectively. Each

guidance input is modulated by its respective scale factor:

sM for Multi-view Fusion Guidance, sS for the source im-

age, and sT for the text prompt.

Our method efficiently directs the diffusion process to-

ward generating outputs that achieve seamless multi-view

consistency, including multi-view fusion images’ texture,

color, geometric, and source images. By balancing guid-

ance scores between sM , source images sS , and text

prompts sT , our approach enables the diffusion model

to align edits with essential multi-view information and

generate consistent outputs. Unlike iterative editing ap-

proaches [9, 12, 47, 48] that iteratively edit rendered im-

ages while updating the underlying 3D representation, our

approach directly edits the source image, ensuring precise

alignment with multi-view information and the text prompt.
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3.3. Attention-Guided Trimming (AGT)

When editing a 3DGS, optimization inefficiency occurs as

pre-trained Gaussians tend to excessively retain source at-

tributes, obstructing effective optimization. Additionally,

previous methods [8, 9, 11, 48] using 2D binary masks

from SAM [24] for local editing often overlook semantic

regions, as these masks are extracted solely from the source

image rather than the edited output. This local editing issue

can lead to suboptimal results when the target object is not

clearly defined. These underlines the need to manage Gaus-

sians in editing. To improve efficiency and semantic local

editing, we trim Gaussians by pruning redundant Gaussians

and selectively optimizing those relevant, guided by atten-

tion maps from the diffusion model.

Attention Map. Attention maps from the text-to-image

diffusion U-Net’s cross-attention layers highlight regions

that require intensified focus for generation [14, 28], reveal-

ing the correlation between individual words and generated

image regions, computed as Softmax
(

QKT

√
q

)

, where Q is

the query matrix projected from the spatial features of the

noisy image with dimension q, and K is the key matrix pro-

jected from the textual embedding. In image editing diffu-

sion (IP2P), high attention weights similarly indicate areas

where edits should be concentrated, typically aligning with

regions of significant visual change.

Attention Weighting 3D Gaussians. To assign atten-

tion weights to each pre-trained Gaussian, we first unpro-

ject multi-view-consistent cross-attention maps onto the 3D

Gaussians through inverse rendering [9]. These maps, re-

sized to rendering size using bilinear interpolation, corre-

spond to specific word tokens for the editing target in the

MFG editing process. Given the j-th Gaussian in the 3DGS,

we compute its cumulative attention weight wj by aggregat-

ing the attention map from each view v of all views V as:

wj =
1

∑

v∈V |Sv,j |
∑

v∈V

∑

s∈Sv,j

Softmax

(

QvK
T

√
q

)

s

, (5)

where Sv,j denotes a set of indices of all attention weights

affected by the j-th Gaussian from the attention map for

the v-th view. Softmax
(

QvK
T

√
q

)

s
∈ [0, 1] denotes an indi-

vidual attention weight at s from an attention map for the

v-th view. By aggregating attention weight across V , this

weighting mechanism ensures that each Gaussian reflects

the overall importance of multi-view attention maps, em-

phasizing regions that require pronounced geometrical or

visual changes during editing. Details on preparing the at-

tention map are in the supplementary material.

Trimming 3D Gaussians. After weighting attention map

to each Gaussian, we apply thresholding to obtain w′
j =

wj1{wj ≥ wthres} to exclude Gaussians with low attention

from the optimization by setting those gradients to zero, di-

recting updates solely toward Gaussians with high attention.

This selective optimization enhances precision by concen-

trating on semantically rich regions and aligning edits with

meaningful word-image correlations.

Pre-trained Gaussians with high attention weights hinder

optimization for editing, as these regions indicate areas re-

quiring substantial visual and geometric modifications. This

inefficiency is intensified as the number of Gaussians retain-

ing excessive source information increases during the den-

sification process.

To improve densification and optimization efficiency, we

prune an optimal proportion of Gaussians with high atten-

tion before training, focusing on essential areas for more

effective editing.

Gpruning = {gj | gj ∈ G,w′
j ≥ Top-k%(G)}, (6)

where Top-k%(G) returns the threshold weight for top k%
Gaussian and then Gpruning consists of Gaussians selected

for pruning, the top k% of Gaussians in G based on at-

tention weight w′
j . By removing Gpruning, this pruning step

eliminates redundant pre-trained Gaussians with high atten-

tion weight, allowing efficient densification and optimiza-

tion to concentrate on the remaining necessary Gaussians

and thereby enhancing overall efficiency.

Optimization for 3D Editing. Given the source Gaus-

sians trimmed by AGT, Gagt = G \Gpruning, and its render-

ing function Îv , as well as the multi-view consistent edited

image Imfg
v by MFG editing process, the final optimized

Gaussians Gedit is obtained by minimizing the editing loss

across all views V :

Gedit = argmin
Gagt

∑

v∈V

Ledit(Îv(Gagt), I
mfg
v ), (7)

where Ledit measures the discrepancy between rendered im-

age Îv(Gagt) and Îmfg
v for each view v. We use combina-

tion of LPIPS [54] and L1 loss, weighted at a 1:1 ratio, as

commonly empolyed in 3D scene editing task [12].

4. Experiments

4.1. Implementation Details

Our EditSplat is built upon vanilla 3DGS [21] using Py-

Torch. We use InstructPix2Pix [4] (IP2P) as a 2D editor

with our proposed MFG, as described in 3.2. To validate

the 3D scene editing performance of EditSplat, we collect 4

scenes from IN2N [12], one scene from BlendedMVS [52],

and 3 scenes from Mip-NeRF360 [3], covering datasets

utilized in previous studies, including complex real-world

large 360° scenes. All experiments are conducted on a sin-

gle RTX A6000 GPU. The complete editing process takes

approximately 6 minutes for the “Face” scene in IN2N.
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Figure 5. MFG ablation. The top row shows the results of 2D editing with and without MFG. With MFG, the 2D diffusion model produces

multi-view-consistent results. In the bottom row, we have images rendered from edited 3DGS based on the above images. Editing 3DGS

with view-consistent images results in clear outputs with high fidelity, while other cases produce inconsistent results with low fidelity.

Hyperparameters All experiments are conducted with

fixed hyperparameters across all scenes and prompts, ex-

cept for the number of epochs (ranging from 5 to 10). For a

fair comparison with baseline methods such as GaussianEd-

itor [9] and DGE [8], which adopt the IP2P [4] and set to

sT = 7.5, sI = 1.5, we set the guidance scales of MFG

to sT = 7.5, sM = 1.0, and sS = 0.5. Specifically, we

matched the text guidance scale sT with the baselines and

adjusted the image guidance scales such that the sum of sM
and sS equals sI , ensuring comparable experimental condi-

tions. In AGT, the threshold value for localization wthres is

set to 0.1, and the pruning proportion k is 0.15.

4.2. Baselines

We mainly compare EditSplat with the current state-of-

the-art methods that are based on 3DGS like ours: Gaus-

sianEditor [9], GaussCtrl [48], and DGE [8]. Although

both GaussianEditor and DGE employ IP2P as we do,

with instruction-based prompts, GaussCtrl utilizes Control-

Net [53], which uses description-like prompts. To en-

sure a fair comparison, we generate the source scene de-

scriptions to reproduce GaussCtrl’s input conditions. Since

these baselines represent the current leading approaches and

provide a comprehensive benchmark in 3DGS-based text-

driven 3D scene editing, we evaluate the performance of

EditSplat in comparison with them.

4.3. Qualitative Comparisons

Fig. 1 illustrates EditSplat’s ability to achieve multi-view

consistent editing and elaborate optimization for 3D scene

editing. In the first row, EditSplat modifies objects in a 360°

scene according to the text prompt, maintaining consistent

textures for both “wild boar” and “polar bear” across differ-

ent views. The second row shows EditSplat transforming

a man’s face into “Harry Potter” and a “marble sculpture”

with consistent results, despite the geometric complexity of

facial features. In the third row, EditSplat demonstrates pre-

cise editing of intricate objects, accurately altering leaves by

effectively optimizing Gaussians in targeted regions.

In Fig. 4, we compare EditSplat with recent editing base-

lines. Most baselines suffer from suboptimal visual changes

or blurring artifacts in rendered images due to multi-view

inconsistency of 2D-edited images. In comparison, it is

clear that our method gives more pronounced edited results,

closely aligning with the given text prompt.

Notably, in the fourth row, prompted by “Turn him into

a Minecraft character,” GaussianEditor yields minimal edits

with artifacts in the facial region, while DGE and GaussC-

trl produce blurry and suboptimal results, respectively. In

contrast, our method produces clear outputs, achieving a

more authentic Minecraft-like appearance. This highlights

that our MFG is more effective guidance for diffusion than

depth-based conditioning in GaussCtrl, epipolar constraints

in DGE, or iterative dataset updating in GaussianEditor.

Additionally, EditSplat demonstrates superior perfor-

mance in global transformations and localized editing for

large real-world scenes. Specifically, in the last row with

the prompt “Make it autumn,” other methods fail to pre-

serve the original table color, whereas our method maintains

the table’s color while effectively modifying the surround-

ing foliage. This effectiveness arises from AGT’s selective

optimization of Gaussians based on the semantics of the at-

tention map corresponding to the prompt token “autumn,”

enabling precise and context-aware semantic localization.

4.4. Quantitative Comparisons

Despite the subjective nature of 3D scene generation and

editing, we adhere to established practices [8, 9, 13, 25,

34, 47, 48] by employing CLIP [37] for quantitative eval-

uation. Our comparison metrics include two types of CLIP

scores. CLIP text-image directional similarity captures the

alignment between changes in text captions and the corre-

sponding changes between rendered and source images in

CLIP space. Meanwhile, CLIP text-image similarity mea-

sures the alignment between the CLIP embeddings of the

target text and the rendered images. In addition, we per-

form user study based on human preference. The user study

was conducted with 100 participants via Amazon Mechani-

cal Turk [1]. All of our metrics are evaluated under 8 scenes

with 2 prompts each to ensure fair comparison and diverse
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Method CLIPdir CLIPsim User Study

GaussianEditor [9] 0.0923 0.2243 0.1643

GaussCtrl [48] 0.0979 0.2336 0.1987

DGE [8] 0.1222 0.2394 0.2143

EditSplat (Ours) 0.1431 0.2531 0.4227

Table 1. Quantitative Comparison. CLIPdir: CLIP text-image

direction similarity; CLIPsim: CLIP text-image similarity. User

study conducted to evaluate human preference.

feedback. As shown in Table 1, EditSplat achieves the high-

est scores across all categories, demonstrating superior per-

formance. This demonstrates that EditSplat yields results

that most closely align with the text prompt while achieving

the highest human perceptual quality. Details are provided

in the supplementary materials.

4.5. Ablation Study

To demonstrate the effectiveness of our proposed compo-

nents: Multi-view Fusion Guidance (MFG) and Attention-

Guided Trimming (AGT), we conducted an ablation study.

Multi-View Fusion Guidance (MFG). Fig. 2-(a) illus-

trates the impact of MFG on rendered results from edited

3DGS. MFG integrates multi-view information from edited

outputs and provides this guidance to the diffusion process,

facilitating consistent 2D edits that contribute to reliable 3D

editing. Without MFG, inconsistent 2D edits lead to sub-

optimal outcomes, such as blurring, artifacts, and minimal

visual changes in the rendered 3DGS images.

For example, as shown in Fig. 5, when prompted with

“Turn him into a Steve Jobs” and “Turn him into a Vincent

Van Gogh,” editing without MFG results in minimal visual

changes or blurriness and artifacts. Conversely, using MFG

produces consistent final renderings that accurately reflect

the intended 2D edits, underscoring the importance of MFG

in achieving high-quality 3D scene editing.

Attention-Guided Trimming (AGT). In Fig. 2-(b), we

demonstrate AGT’s effectiveness in handling significant ge-

ometric transformations, such as reshaping the man’s nose

into a circular red clown nose. Applying AGT results in

a deeper red nose, showcasing its capability for substantial

visual and geometric modifications.

At the top-right of 2D edited images in Fig. 6, the cross-

attention map highlights the head region (in yellow) with

high attention weights, indicating areas that require con-

siderable visual and geometric adjustments. Without AGT,

pre-trained Gaussians retaining excessive source informa-

tion persist in these high-attention regions, hindering con-

vergence and leading to suboptimal 3D edits with remnants

of the original face shape and artifacts, particularly around

the nose. In contrast, AGT prunes these redundant Gaus-

sians, aligning the 3D scene more closely with the editing

guidance. This results in rendered images where the face

undergoes precise geometric changes that align with the 2D

edits, such as transforming into a “mannequin.”
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Figure 6. AGT ablation. With our proposed AGT, rendered im-

ages from edited 3DGS have more significant geometric changes,

while others fail. As a result, the outcome aligns more closely with

the desired 2D-edited images.

Moreover, without AGT, local editing lacks control,

leading to unintended editing in non-target areas (e.g., the

clown’s jacket in Fig. 2-(b) and the background in Fig. 6).

With AGT, Gaussians with high attention weights are se-

lectively optimized, while those with low attention are ex-

cluded, ensuring precise local edits.

5. Conclusion

We introduce EditSplat, a robust 3D scene editing frame-

work comprising Multi-view Fusion Guidance (MFG) and

Attention-Guided Trimming (AGT). MFG addresses the

critical challenge of achieving multi-view consistency,

which often results in suboptimal outputs such as minimal

edits or blurred results. By integrating critical multi-view

information into the diffusion process, MFG ensures con-

sistent and precise edits across different viewpoints, facil-

itating editing of source images and direct optimization of

the 3D Gaussian Splatting model, unlike iterative editing

approaches. AGT enhances optimization efficiency and en-

ables precise and semantically rich local editing by pruning

pre-trained Gaussians and selectively optimizing those rel-

evant. Extensive evaluations of various complex real-world

scenes demonstrate that EditSplat achieves state-of-the-art

performance existing methods, setting a new benchmark for

text-driven 3D scene editing.

Limitations. EditSplat relies on the quality of 2D diffu-

sion models [4] and the depth maps rendered by 3DGS [21].

Current 2D diffusion models may struggle with complex or

nuanced prompts, potentially limiting the effectiveness of

3D editing guidance. Additionally, the rendering and depth

map quality of 3DGS are still developing, which can affect

the projection process in MFG. We expect that advance-

ments in both 2D diffusion models and 3DGS will enhance

the robustness and precision of our framework.
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