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Abstract
In recent years, 3D editing has become a significant research topic, primarily due to its ability to manipulate 3D assets in ways that fulfill the
growing demand for personalized customization. The advent of radiance field-based methods, exemplified by pioneering frameworks such as
Neural  Radiance Fields  (NeRF) and 3D Gaussian Splatting (3DGS),  represents  a  pivotal  innovation in  scene representation and novel  view
synthesis,  greatly  enhancing  the  effectiveness  and  efficiency  of  3D  editing.  This  survey  provides  a  comprehensive  overview  of  the  current
advancements in 3D editing based on NeRF and 3DGS, systematically categorizing existing methods according to specific editing tasks while
analyzing  the  current  challenges  and  potential  research  directions.  Our  goal  through  this  survey  is  to  offer  a  comprehensive  and  valuable
resource for researchers in the field, encouraging innovative ideas that may drive further progress in 3D editing.

Keywords
3D editing; NeRF; 3DGS

  
■ 1  Introduction
3D  editing  has  become  an  advanced  research  topic  in  the  field  of
computer  graphics,  striving  to  achieve  efficient  and  precise
manipulation  of  3D  content.  The  ability  to  seamlessly  modify  3D
assets,  whether  by  altering  appearances,  reshaping  geometry,  or
transforming  objects,  has  revolutionized  creative  workflows,
providing  greater  flexibility  and  enhanced  realism.  It  has  a  wide
range of applications, including film production, virtual reality (VR),
augmented reality (AR), and digital content creation.

Traditional 3D modeling and editing methods [1–3] offered precise
control  over  the  shape  and  surface  of  3D  content  through  explicit
representation,  laying  the  foundation  of  3D editing.  However,  these
methods  faced  notable  challenges,  including  computational
efficiency,  detail  preservation,  and  high  storage  demands.  In
addition,  3D  editing  software  [4,5]  requires  users  to  make  labor-
intensive manual adjustments to 3D content. Furthermore, the editing
operations  are  predefined,  which  may  not  fully  meet  the  specific
needs  of  users.  In  the  pursuit  of  improving  editing  efficiency  and
quality, researchers are exploring innovative techniques to minimize
manual effort and streamline workflows, making the editing process
faster and more intuitive.

Recently,  the  emergence  of  radiance  field-based  methods,
highlighted by Neural Radiance Fields (NeRF) [6] and 3D Gaussian
Splatting  (3DGS)  [7]  has  brought  about  groundbreaking
advancements in 3D reconstruction and editing. NeRF [6] utilizes the
powerful  capabilities  of  deep  neural  networks  to  model  complex

scenes.  It  enables  high-quality  3D  reconstruction  and  novel  view
synthesis  from a  collection  of  posed images.  Conversely,  3DGS [7]
diverges  from  the  dependence  on  neural  networks,  which  utilizes  a
collection of Gaussians to model the geometry and appearance of 3D
scenes.  It  also employs an efficient  rendering method by rasterizing
Gaussians into images, making it particularly advantageous for real-
time  rendering  applications.  By  combining  efficient  3D
representations with high-quality rendering, NeRF [6] and 3DGS [7]
bridge the gap between computational efficiency and visual fidelity.
They  not  only  advance  3D reconstruction  but  also  provide  a  robust
foundation  for  the  development  of  more  scalable,  flexible,  and
precise 3D editing techniques.

This  survey  aims  to  provide  a  comprehensive  and  scholarly
examination  of  the  current  landscape  of  3D  scene  editing,  with  a
focus on methods based on NeRF [6] and 3DGS [7]. It encompasses
a  wide  range  of  3D  editing  tasks,  including  appearance  editing,
object  transformation,  shape  deformation,  scene  inpainting,  and
creative  editing,  as  shown  in Fig. 1.  We  also  provide  a  structured
map of the key methods involved in these tasks, as shown in Fig. 2.

The remainder of this paper is organized as follows. In Section 2,
we  summarize  the  relevant  background  technologies  and  popular
datasets  for  3D  editing.  In  Section  3,  we  introduce  various  editing
methods categorized by their specific tasks, highlighting their unique
features,  advantages,  and  potential  limitations.  We  assess  the
persistent challenges in Section 4, thereby informing future research
directions in 3D editing. A conclusion is drawn in Section 5. 
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Fig. 1    Overview of the survey,  including the key components:  (a)  arance editing,  (b)  object  transformation,  (c)  shape deformation,  (d)  scene
inpainting,  and (e)  creative  editing.  Each dashed box contains  result  images  from a  distinct  work.  Within  each  category  arranged from left  to
right,  the  respective  methods,  organized  from  top  to  bottom,  are:  FPRF  [8],  StylizedGS  [9],  DFF  [10],  ObjectNeRF  [11],  NeRFEditing  [12],
Deforming-NeRF [13], GaMeS [14], SPIn-NeRF [15], InFusion [16], Nerfiller [17], IN2N [18], DreamEditor [19], Focaldreamer [20], and TIP-
Editor [21]

 

 
Fig. 2    A structured map of the key methods discussed in the survey, organized by their respective tasks
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■ 2  Background
 

2.1  Radiance fields
Radiance  fields  have  recently  emerged  as  groundbreaking  methods
for  3D reconstruction and novel  view synthesis,  with  NeRF [6]  and
3DGS  [7]  standing  out  as  key  methods  in  this  domain.  Below  are
detailed descriptions of these two methods. 

2.1.1  Neural radiance fields
Neural Radiance Fields (NeRF) [6] leverages the expressive power of
neural networks to model the geometry and appearance of 3D scenes
with remarkable precision.

x d σ c

Through  supervised  training  on  a  collection  of  2D  images  with
their corresponding camera poses, NeRF effectively maps 3D spatial
coordinates  and  viewing  directions  to  density  and  color 
with a continuous scene function:
 

Fθ(x,d) = (c,σ).

Subsequently,  NeRF  integrates  these  predicted  values  along  rays
cast  from  the  camera  to  generate  high-quality  images  through
volumetric rendering, defined as:
 

C(r) =
w t f

tn
T (t)σ(r(t))c(r(t),d)dt,
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−
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σ(r(s))ds

)
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where  is  the  accumulated
transmittance along the ray  from  to . An overview of NeRF
is shown in Fig. 3.

By leveraging the strengths of  neural  networks to  model  complex
3D scenes, NeRF has revitalized the integration of the deep learning
algorithm  with  the  traditional  computer  graphics  technique.  Its
subsequent  research  [66–69]  has  also  made  significant  progress  in
various aspects. 

2.1.2  3D Gaussian Splatting
3D  Gaussian  Splatting  (3DGS)  [7]  has  garnered  considerable

attention  due  to  high-quality  reconstruction  and  efficient  rendering
capabilities.  Unlike  fully  implicit  methods,  3DGS  combines  the
strengths of neural network-based optimization with the explicit and
structured  representation  of  3D  data.  It  employs  a  collection  of  3D
Gaussians  to  model  the  geometry  and  appearance  of  3D  scenes,
effectively capturing the fine details of scene structure and enabling
efficient storage and fast rendering.

x

α Σ c

Each Gaussian has a series of properties, including 3D position ,
opacity , 3D covariance matrix , and color . The 3D Gaussian is
defined as:
 

G(x) = e
−

1
2

(x)T
Σ
−1(x)
.

3D  Gaussians  can  be  rasterized  efficiently  by  projecting  them  to
2D  planes  and  applying  view  rendering,  the  formulation  for
projecting 3D Gaussians is as follows:
 

Σ
′
= JWΣWTJT,

Σ = RS S TRT R S

W J

where ,  is  a  rotation matrix,  is  a  scaling matrix,
 is the viewing transformation and  is the Jacobian matrix for the

projective transformation. The differentiable splatting rendering is as
follows:
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∑

i∈N

ciαi

i−1
∏
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Σ
′

where  represents  the  computed  color  from  spherical  harmonics
(SH) color coefficients and  is given by evaluating a 2D Gaussian
with covariance  multiplied by the opacity. An overview of 3DGS
is illustrated in Fig. 4. 

2.2  2D editing 

2.2.1  Image style transfer
Image  style  transfer  involves  transforming  the  stylistic  attributes  of
one image to match those of a reference image, which encompasses

 

 
Fig. 3    An overview of neural radiance field scene representation and differentiable rendering procedure. (a) 5D input; (b) Output; (c) Volume
rendering; (d) Rendering loss. Image sourced from [6]

 

 
Fig. 4    An overview of 3D Gaussian Splatting. Image sourced from [7]
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artistic style transfer and photorealistic style transfer.
Artistic style transfer focuses on producing results that preserve the

content  structure  of  the  original  image  while  adopting  the  visual
characteristics of an artistic style. This field was pioneered by Gatys
et  al.  [70]  with  the  introduction  of  Neural  Style  Transfer  (NST),
which  leverages  CNN  to  apply  different  styles  to  a  content  image.
Specifically,  it  employs  VGG-19  [71]  as  a  feature  extractor.  While
this  method  achieves  impressive  results,  it  is  computationally
expensive  and  slow.  The  following  methods  [72–74]  utilize  feed-
forward networks to speed up the stylization process.

To  achieve  arbitrary  style  transfer,  Adaptive  Instance
Normalization (AdaIN) [75] alignes the mean and variance of feature
maps extracted from content images with those of style images:
 

AdaIN(x,y) = σ(y)

(

x−µ(x)

σ(x)

)

+µ(y),

where x is  a  content  input  and y is  a  style  input.  An  overview  of
AdaIN is  shown in Fig. 5.  Linear  Style  Transfer  (LST)  [76]  further
improves the efficiency by learning linear transformations directly to
the  feature  maps,  realizing  fast  and  scalable  style  transfer  across
multiple styles.

In  contrast,  photorealistic  style  transfer  aims  to  apply  stylistic
changes  while  preserving  the  realism  and  structure  of  the  content
image.  Luan  et  al.  [77]  proposed  a  neural  style  transfer  method
through semantic segmentation guidance and local affine transforms,
effectively  maintaining  scene  structure  while  transferring  artistic
styles.  Mechrez  et  al.  [78]  introduced  a  screened  poisson  equation-
based  framework,  effectively  preserving  structural  fidelity  while
achieving  stylization.  PhotoWCT  [79]  employs  whitening  and
coloring  transforms  (WCT)  to  align  the  feature  statistics  of  the
content and style images, aiming to generate consistent and visually
coherent results. WCT2 [80] integrates wavelet transforms into neural
networks,  enabling  the  preservation  of  image  structure  with  greater
fidelity. 

2.2.2  Generative editing
In  the  academic  domain  of  2D  generative  editing,  Generative

Adversarial  Networks  (GANs)  [81]  and  diffusion  models  [82]  have
emerged  as  two  pivotal  techniques  due  to  their  remarkable
performance in generating and modifying high-quality images.

GANs  [81]  consists  of  two  neural  networks,  a  generator  that
produces  increasingly  realistic  images  and  a  discriminator  that
distinguishes  real  images  from generated  ones.  These  two networks
are  trained  in  a  competitive  framework.  GANs  have  demonstrated
effectiveness  for  a  variety  of  tasks,  including super-resolution,  style
transfer, and image-to-image translation.

Diffusion  models  [82]  operate  on  the  principle  of  a  forward  and
reverse diffusion process. In the forward process, noise was gradually
added to the data over a series of  steps,  transforming it  into a noise
distribution.  In  the  reverse  process,  the  model  learns  to  denoise  the
data  step  by  step,  progressively  reconstructing  the  original  data
distribution  from  the  noise.  The  directed  graphical  model  of  the
whole  process  is  shown  in Fig. 6.  The  following  diffusion  models
have garnered significant attention.

Latent Diffusion Models (LDMs) [83] perform diffusion in a latent
space,  significantly  improving  computational  efficiency  and  output
quality.  Stable  Diffusion  [83]  further  leverages  pre-trained
conditional models for stable and efficient image synthesis based on
text  prompts  or  other  conditional  inputs.  Additionally,  ControlNet
[84] introduces additional conditions to guide the generative process,
such  as  canny  edge,  human  pose,  and  depth,  allowing  for  fine-
grained  control  over  image  modifications.  Low-Rank  Adaptation
(LoRA)  [85]  fine-tunes  the  diffusion  model  with  minimal
computational  overhead,  making  it  adaptable  to  new  tasks  by
modifying a few parameters within the model. Furthermore, Instruct-
Pix2Pix  [86]  realizes  flexible  and  intuitive  image  editing,  which  is
trained  based  on  an  image-prompt-image  dataset.  In  this  dataset,
groundtruth prompts are generated by a large language model (GPT-
3  [87]),  while  the  corresponding  paired  images  are  produced  using
Stable Diffusion [83] with Prompt-to-Prompt [88] techniques. 

2.3  3D generation
Recent  advancements  in  text-to-image  diffusion  models  have

 

 
Fig. 5    An overview of AdaIN. Image sourced from [75]

 

 
Fig. 6    An overview of denoising diffusion probabilistic models. Image sourced from [82]

Chen-Yang ZHU et al.    A survey on 3D editing based on NeRF and 3DGS

 
Frontiers of Computer Science  | Issue 4 | Volume 20 | April 2026 | 2004701-4



introduced  novel  avenues  for  3D  content  generation.  However,
applying  these  successes  to  3D  synthesis  faces  unique  challenges,
primarily  due  to  the  lack  of  extensive  labeled  3D  datasets  and
efficient architectures for denoising 3D data.

DreamFusion  [89]  represents  a  groundbreaking  approach  that
addressed  these  limitations  by  introducing  Score  Distillation
Sampling  (SDS)  to  facilitate  text-to-3D  synthesis.  SDS  effectively
distills priors from 2D diffusion models for 3D generation, as shown
in Fig. 7. The SDS loss calculates the per-pixel gradient as follows:
 

∇θLS DS (ϕ,x) ≜ Et,ϵ

[

w(t)
(

ϵ̂ϕ(zt;y, t)− ϵ
) ∂x

∂θ

]

,

θ ϵ ∼ N(0, I)

ϵ̂ϕ(zt;y, t)

zt = αtx+σtϵ

t y w(t)

where  is the learnable parameters of the 3D scene,  is
the  Gaussian  noise,  is  the  predicted  noise  by  the
pretrained 2D diffusion model,  is the rendered image
with added noise at timestep ,  is the text instruction, and  is a
weighting  function.  A  variety  of  innovative  methods,  including
Variational  Score  Distillation  (VSD)  [90],  Delta  Denoising  Score
(DDS) [91], and Posterior Distillation Sampling (PDS) [92], has been
developed  to  tackle  significant  challenges  faced  by  SDS,  such  as
oversaturation, oversmoothing, and insufficient detail. 

2.4  Datasets
We  have  systematically  compiled  a  comprehensive  collection  of

publicly  available  datasets,  which  are  widely  utilized  in  the  field  of
3D editing. Table 1 provides an insightful overview of these datasets,
including the year of publication, the number of scenes they contain,
and a brief description of their unique characteristics.

These  datasets  serve  as  essential  resources  for  benchmarking  and
advancing  3D  editing  techniques,  providing  a  diverse  range  of
scenarios  that  span  from  synthetic  to  real-world.  They  enable
researchers  to  evaluate  the  performance  of  various  3D  editing
methods in different tasks. 

■ 3  Method
We  conduct  a  systematic  overview  of  key  methods  in  3D  editing,
organizing  them  into  five  editing  tasks,  i.e.,  appearance  editing,
object  transformation,  shape  deformation,  scene  inpainting,  and
creative  editing.  Each  method  addresses  unique  challenges  and
provides  innovative  solutions  for  manipulating  the  appearance,
geometry,  and  structure  of  3D  content,  collectively  driving
advancements in the field. 

3.1  Appearance editing
The appearance editing of  radiance fields involves the manipulation
and refinement of the visual attributes within 3D scenes, allowing for
precise  adjustments  to  the  appearance  properties,  including  color,
texture,  and  lighting.  This  task  can  be  broadly  divided  into  two

 

 
Fig. 7    An overview of DreamFusion. Image sourced from [89]

  
Table 1    Popular datasets for 3D editing

Dataset Year Number of scenes Highlights

NeRF-LLFF [6] ECCV 2020 8 A real-world forward-facing scene dataset.

NeRF-Synthetic [6] ECCV 2020 8 A synthetic dataset generated by Blender.

NeRF-Real-360 [6] ECCV 2020 2 360◦A real-world  scene dataset.

IBRNet [93] CVPR 2021 about 120 A collection dataset consisting of synthetic and real-world data.

Tanks and Temples [94] TOG 2017 14 A real-world large-scale scene dataset.

DTU [95] CVPR 2014 80 A multi-view stereo dataset with precise camera poses.

Mip-NeRF 360 [96] CVPR 2022 9 A real-world indoor and outdoor scene dataset with complex central objects.

IN2N [18] ICCV 2023 6 360◦A dataset consisting of  scenes, faces, and full-body portraits.

SPIn-NeRF [15] CVPR 2023 10 A real-world forward-facing scene dataset with annotated object masks.
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categories:  photorealistic  appearance  editing  and  artistic  appearance
editing.  Photorealistic  appearance  editing  focuses  on  maintaining  a
high  degree  of  realism  and  authenticity  in  the  edited  scene.  On  the
other  hand,  artistic  appearance  editing  is  not  constrained  by  real-
world physical properties and allows for a wide range of artistic and
stylized expressions. Table 2 provides a comprehensive overview of
a  range  of  appearance  editing  methods,  including  their  year  of
publication, the specific tasks they address (photorealistic or artistic),
and their base techniques. 

3.1.1  Photorealistic appearance editing
Photorealistic appearance editing in the context of 3D radiance fields
is  an  advanced  technique  aiming  at  achieving  visual  alterations
consistent  with  real-world  physical  phenomena,  which  involves
altering the color or applying the color style from a reference image
onto the original 3D scene. The edited NeRF and 3DGS are rendered
with  a  level  of  detail  and  realism  that  is  virtually  indistinguishable
from actual observations.

EditNeRF  [109]  is  a  pioneering  method  for  editing  the  implicit
radiance  field,  introducing  a  conditional  neural  field  with  latent
vectors  for  shape  and  appearance  to  facilitate  user-directed  local
edits. It enables color adjustments or selective removal of shape parts
within specific object categories. A series of techniques [63,110,111]
employ palette-based methods for color editing. They decompose the
scene appearance into palette-based colors with weights and achieved
view-consistent editing results.

The following methods are dedicated to realizing 3D photorealistic
style  transfer  (PST)  with  reference  style  images  to  produce  visually
consistent  and  stylized  scenes.  UPST-NeRF  [64]  leverages  a
hypernetwork to  control  the features  of  style  images as  latent  codes
for  scene  stylization.  HyperNet  takes  the  features  extracted  by

StyleEncoder  with  VGG  as  input  to  update  the  weights  of
HyperLiner,  followed  by  modifying  RGBNet  information  to  update
the  scene  style.  It  also  trains  a  2D  PST  network  for  more  realistic
scene  presentation.  LipRF  [65]  utilizes  a  Lipschitz  network  [98]  to
convert  the  pre-trained appearance representation into  a  stylized 3D
scene,  guided by style  emulation  through 2D PST methods  on  each
view.  Under  the  Lipschitz  condition,  adaptive  regularization  and
gradual  gradient  aggregation  are  applied  to  balance  reconstruction
fidelity,  stylization quality,  and computational efficiency. Compared
to  the  previous  methods,  FPRF [8]  achieves  the  photorealistic  style
transformation with multiple style references in less training time. By
utilizing AdaIN [75], FPRF stylizes 3D scenes without optimization,
enabling  rapid  style  manipulation.  It  employs  a  radiance  field  to
capture  scene  geometry  and  content.  It  also  introduces  a  style
dictionary  module  with  style  attention  to  handle  diverse  content  by
retrieving  matching  styles  from  multiple  reference  images.  It
outperforms  previous  3D  photorealistic  appearance  editing  methods
as shown in Fig. 8. 

3.1.2  Artistic appearance editing
Artistic  appearance  editing  involves  stylization  and  artistic
transformation  to  achieve  expressive  and  stylized  renderings  that
deviate  from  photorealism,  which  combines  the  original  scene
structure  with  the  distinctive  style  patterns  of  the  reference  image,
ensuring a seamless and contextually appropriate transformation.

HyperStyle [57] pioneers the field of 3D scene stylization based on
NeRF.  It  extends  the  NeRF  model  with  a  geometry  branch  and  an
appearance  branch,  alongside  a  hypernetwork.  It  enables  arbitrary
style transfer by training the hypernetwork to predict the parameters
of  the  appearance  branch  according  to  the  latent  vector  extracted
from  the  reference  image  while  fixing  the  geometry  branch.

  
Table 2    Summary of selected appearance editing methods

Method Year Task Baselines

UPST-NeRF [64] TVCG 2024 Photorealistic DVGO [97], AdaIN [75]

LipRF [65] CVPR 2023 Photorealistic Plenoxels [67], Lipschitz networks [98]

FPRF [8] AAAI 2024 Photorealistic K-Planes [99], AdaIN [75]

HyperStyle [57] WACV 2022 Artistic NeRF++ [100], Hypernetworks [101]

StylizedNeRF [102] CVPR 2022 Artistic NeRF [6], AdaIN [75]

ARF [103] ECCV 2022 Artistic Plenoxels [67]

INS [104] ECCV 2022 Artistic SIREN [105]

Ref-NPR [58] CVPR 2023 Artistic Plenoxels [67]

SNeRF [59] SIGGRAPH 2022 Artistic NeRF++ [100]

StyleRF [60] CVPR 2023 Artistic Tensorf [106]

LAENeRF [107] CVPR 2024 Artistic Instant-NGP [108], NeRFShop [42]

PNeSM [61] AAAI 2024 Artistic DVGO [97]

StyleGaussian [62] SIGGRAPH Asia 2024 Artistic 3DGS [7]

StylizedGS [9] Arxiv 2024 Artistic 3DGS [7]
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Additionally,  it  introduces  a  patch  sub-sampling  algorithm  to  train
the  hypernetwork  with  the  content  and  stylization  losses.  Its
overview is illustrated in Fig. 9.

StylizedNeRF [102] utilizes a mutual learning strategy to optimize
both  the  stylized  NeRF  and  the  2D  stylization  network  while
handling  the  ambiguities  of  the  2D  stylized  results  via  learnable
latent  codes,  ensuring  consistency  in  geometry.  ARF  [103]
introduces a nearest neighbor feature matching loss to impart detailed
style  structures  onto  the  original  NeRF.  It  also  employs  a  deferred
back-propagation  technique  to  optimize  with  full-resolution  images,
overcoming  GPU  memory  constraints.  INS  [104]  divides  the
representation  into  two  modules:  a  style  implicit  module  and  a
content  implicit  module,  which  are  fused  through  an  amalgamation
module.  It  also  introduces  a  self-distilled  geometry  consistency loss
to  regularize  scene  geometry,  ensuring  view-consistent  stylized

scenes.
StyleRF  [60]  is  an  innovative  zero-shot  3D  style  transfer

framework that performs style transformations in the feature space of
a  radiance  field.  It  introduces  sampling-invariant  content
transformation and defers style transformation to achieve multi-view
consistency and improve stylization efficiency. SNeRF [59] proposes
an alternating training approach, which renders images from different
views, stylizes them with an image stylization module, and then train
the  NeRF  iteratively  to  match  multi-view  stylized  images.  The
alternating  training  method  allows  all  hardware  capacity  to  be
allocated  separately  to  either  image  stylization  or  NeRF  training  to
address memory limitations.

Ref-NPR [58] enhances scene stylization by preserving geometric
and semantic consistency with a stylized reference view. It achieves
this  by  projecting  2D  style  references  into  3D  space  through  a

 

 
Fig. 8    Compared with  other  3D PST methods,  FPRF achieves  photorealistic  stylization in  a  natural  and vivid  manner.  Results  sourced from
FPRF [8]. (a) Scene & Style; (b) UPST; (c) CCPL + LipRF; (d) WCT2+LipRF; (e) StyleRF; (f) FPRF

 

 
Fig. 9    An overview of HyperStyle, a 3D scene style transfer approach. Image sourced from [57]. (a) Geometric Training Stage; (b) Stylization
Training Stage
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reference-based ray registration process and applying template-based
feature  matching  to  transfer  style  to  occluded  regions,  ensuring
visually  consistent  and  high-quality  stylizations.  The  result  of  its
stylized scenes is shown in Fig. 10.

LAENeRF [107] aims to realize local  stylization,  which utilizes a
3D grid for content selection and employs region growing for smooth
transitions between neighboring regions. It introduces a novel NeRF-
like  module  that  learns  a  palette-based  color  decomposition  within
selected  regions.  By  incorporating  style  loss,  the  selected  regions
could  be  stylized  while  maintaining  low  processing  time.  PNeSM
[61]  proposes  the  first  framework  for  arbitrary  3D scene  stylization
with a single model. It utilizes a voxel-grid UV mapping network for
3D-to-2D  projection  and  an  appearance  mapping  for  reconstructing
radiance  colors.  By  decoupling  style  and  geometry,  the  framework
achieves  unified  and  adaptable  stylization.  It  also  employs  a  pre-
trained  2D  stylization  network  for  stylization  mapping,  which  is
enhanced  with  visual  prompts,  allowing  2D  style  patterns  to  be
effectively  adapted  to  unique  3D  scenes.  The  stylized  results
achieved  by  PNeSM  demonstrates  superior  quality  compared  with
the baselines, as shown in Fig. 11 and Table 3.

Other works [9,62,112,113] focus on stylizing 3DGS models with
reference  style  images.  StyleGaussian  [62]  achieves  real-time  3D
style  transfer  with  strict  multi-view  consistency.  It  embeds  VGG
features  into  3D  Gaussians  and  employs  an  efficient  strategy  to
render  these  features  by  initially  rendering  lower-dimensional  ones
and  then  mapping  them  to  high-dimensional  ones.  It  aligns  the
stylized features with a style image, akin to AdaIN [75] and a KNN-
based 3D CNN decodes the features back to RGB. StylizedGS [9] is
a controllable 3D stylization method, which performs color matching
with the style image and utilizes a 3DGS filter to remove artifacts. It
employs  a  nearest  neighbor  feature  match  loss  and  a  depth
preservation loss for optimization.

Existing methods for photorealistic and artistic appearance editing
based on NeRF and 3DGS have made significant strides in enhancing
the realism and artistic flexibility of 3D content. However, they still
face  critical  challenges,  including  computational  inefficiency,
limitations  in  visual  fidelity,  and  difficulties  in  handling  large-scale
scenes.  While  NeRF excels  in  generating high-quality  renderings,  it
is computationally expensive and slow. Conversely, 3DGS improves
efficiency  but  struggles  to  accurately  model  intricate  geometric

 

 
Fig. 10    Compared  with  other  video  and  scene  stylization  methods,  Ref-NPR  excells  in  maintaining  both  geometric  and  semantic-style
consistency in stylized scenes. Results sourced from Ref-NPR [58]
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details.  The  quality  of  the  reconstruction  impacts  the  final  stylized
scenes. Future research could address these limitations by improving
3DGS  through  the  integration  of  geometric  constraints,  optimizing
methods  to  achieve  high-quality  editing  results,  and  leveraging
hardware acceleration for real-time processing. 

3.2  Object transformation
Object  transformation  involves  manipulating  the  spatial  property  of
the  object,  encompassing  operations  such  as  object  deletion,
extraction,  translation,  rotation,  and  replication.  These  operations
enable  flexible  and  precise  control  over  the  spatial  arrangement  of
objects,  facilitating  tasks  such  as  scene  composition,  object
reconfiguration,  and  interactive  editing.  3D segmentation  is  integral
to  this  process,  which  identifies  and  delineates  objects  within  a  3D
space.  It  provides  accurate  boundaries  and  spatial  relationships,
ensuring that transformations are applied with precision.

Semantic-NeRF  [114]  is  the  first  work  to  integrate  semantic
information  into  NeRF.  It  utilizes  RGB  images  alongside  their
corresponding  semantic  labels  to  train  the  NeRF  network,
incorporating an additional semantic output to enhance the semantic
understanding of scenes.

To  further  realize  object-based  modeling,  ObjectNeRF  [11]
introduces a scene branch and object branch to encode the geometry

and  appearance  of  the  scene  and  objects  separately,  which  enables
the  shifting  or  addition  of  objects  within  the  scene.  In  order  to
enhance  geometry  learning  and  accurately  represent  individual
objects, ObjectSDF [52] utilizes the Signed Distance Function (SDF)
to  model  the  scene  and  objects,  which  includes  an  object-SDF  for
modeling all instances and a scene-SDF for compositing decomposed
objects  in  the  scene.  It  also  utilizes  semantic  labels  for  supervising
individual object SDFs, enabling precise object extraction.

To  avoid  the  use  of  extensive  annotation  and  instance-specific
training,  DFF  [10]  adopts  pre-trained  feature  extraction  networks,
such  as  LSeg  [115]  and  DINO  [116],  as  teacher  networks  for
knowledge distillation, resulting in a scene-specific 3D feature field.
DFF enables extraction and deletion of target objects based on image
patches  or  text.  Similarly,  N3F  [50],  LERF  [117],  and  ISRF  [118]
also  learns  additional  feature  fields  to  realize  self-supervised  3D
segmentation.

With the emergence of the Segment Anything Model (SAM) [119],
it  becomes  possible  to  rapidly  and  efficiently  generate  object  labels
from  text  or  point  prompts,  further  advancing  the  field  of  3D
segmentation.  Building  upon  this,  SA3D  [51]  begins  by  generating
an  initial  2D  mask  with  prompts  in  a  single  view  using  the  SAM
[119]. Then, it alternates between mask inverse rendering and cross-
view  self-prompting  to  iteratively  refine  the  3D  mask  until  a
complete object segmentation is achieved.

A recent series of works is based on 3DGS. Feature 3DGS [53] is
the first method for feature field distillation based on 3DGS. It learns
semantic features for each 3D Gaussian and leverages guidance from
2D foundation models [119,120]. It also employs a low-dimensional
feature  field  that  is  upsampled  using  a  convolutional  decoder  to
improve  rendering  efficiency.  In  addition,  SAGA  [54]  and  SAGD
[55]  also  leverage  SAM  [119]  for  efficient  segmentation  within
3DGS.  Gaussian  Grouping  [56]  enhances  3DGS  by  incorporating
identity  encodings  for  3D  objects,  enabling  the  system  to  group

 

 
Fig. 11    Compared with previous methods, PNeSM produces stylized scenes with clear geometry and high stylization quality. Results sourced
from PNeSM [61]. (a) Original scene and style; (b) StylizedNeRF; (c) ARF; (d) INS (e) StyleRF; (f) PNeSM-SR; (g) PNeSM-SA

 

Table  3    Short-range  and  long-range  consistency  comparison,  in
terms of LPIPS. Results sourced from [61]

Method Short-range ↓ Long-range ↓

StylizedNeRF [102] 0.0229 0.0627

ARF [103] 0.0125 0.0353

INS [104] 0.0208 0.0439

StyleRF [60] 0.0235 0.0531

PNeSM [61] 0.0116 0.0351
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objects based on their identity. It enables object removal, inpainting,
and recomposition. Its object removal result is shown in Fig. 12.

The  methods  discussed  above  have  made  significant  progress  in
advancing 3D scene manipulation but still struggle with some issues.
One  major  issue  is  the  appearance  of  holes  and  artifacts  in  the
background  after  object  movement.  This  could  be  resolved  by
utilizing  physics-based  constraints  or  causal  relationship  guidance.
Another  challenge  was  handling  dynamic  scenes,  which  may  be
resolved  by  optimizing  models  to  enable  real-time  updates  and
improve their suitability for dynamic, interactive applications. 

3.3  Shape deformation
Shape deformation refers to the modification of the geometry of 3D
content  while  preserving  its  internal  density,  texture,  and  color
information.  This  process  enables  adjustments  to  the  overall  shape
and structure  of  the  objects  or  scenes  while  ensuring consistency in
their visual appearance and physical properties.

NeRF-Editing  [12]  is  the  first  mesh-based  shape  deformation
method, which leverages explicit representations for scene geometry
edits  and  implicit  representations  for  realistic  rendering  effects.  It
begins  by  extracting  an  explicit  triangular  mesh  from  the  NeRF,
enabling  intuitive  user-driven  deformations  through  the  classic
ARAP  deformation  method.  A  tetrahedral  mesh  is  then  generated
around  this  triangular  mesh  to  propagate  deformations  spatially.  By

employing tetrahedral vertex interpolation, discrete deformations are
transformed  into  a  continuous  field,  ensuring  that  rays  passing
through the mesh bend according to user adjustments. The pipeline of
NeRF-Editing is shown in Fig. 13.

The subsequent methods also realize the geometric deformation of
NeRF with the guidance of mesh, specifically employing tetrahedral
mesh  [41,42,121,122],  utilizing  cage-building  [13,42,123],
associating each mesh vertex with optimizable features [124,125].

Compared  with  the  mesh-based  methods,  NeuralEditor  [40]
employs  a  point  cloud-guided  NeRF model  for  shape  manipulation.
Leveraging  K-D  trees  and  a  deterministic  integration  strategy,  it
achieves  accurate  point  cloud-based  rendering,  while  Phong
reflection  modeling  further  enhances  color  fidelity  and  geometric
detail.  This  work  excells  in  both  shape  deformation  and  scene
morphing tasks.

The  following  methods  [14,43–45,126]  also  utilize  triangular
meshes  for  the  manipulation  of  3DGS.  SuGaR  [43]  efficiently
extracts  meshes  from  3DGS  by  utilizing  a  regularization  term  to
align  the  Gaussians  with  the  scene  surface  and  employing  Poisson
reconstruction  [127]  for  efficient  mesh  extraction.  Additionally,  it
bounds  the  Gaussians  to  the  mesh  and  jointly  optimizes  the
Gaussians  and  the  mesh,  resulting  in  more  accurate  meshes,  and
enabling  scene  editing  using  traditional  mesh-editing  tools.  In
contrast  to SuGaR [43],  which relies  on a complex dual-stage mesh

 

 
Fig. 12    Compared with DFF [10], Gaussian Grouping can remove the object with greatly reduced artifacts without leaving a blurry background.
(a) Rendered image; (b) DFFs; (c) Gaussian Grouping. Results sourced from Gaussian Grouping [56]

 

 
Fig. 13    The pipeline of NeRF-Editing. Image sourced from [12]
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generation, GaMeS [14] simplifies the process by utilizing the initial
mesh or estimating it in a single-stage training process. It introduces
a  pseudo-mesh,  consisting  of  unconnected  triangle  faces,  with
Gaussian  components  position  on  these  faces  to  ensure  proper
alignment.  It  realizes  deformation  by  modifying  pseudo-mesh
positions,  with  these  alterations  automatically  propagating  to  the
Gaussian  mesh,  enabling  real-time  animation  and  scene  editing.
However,  it  exhibites  artifacts  when  dealing  with  significant
deformations in meshes with large faces, leading to inaccuracies.

Mesh-GS  [44]  further  realizes  large-scale  3DGS  deformation,
which utilizes  a  reconstructed explicit  mesh derived from calibrated
images  to  initialize  Gaussians.  It  employs  face  split  and  normal
guidance  strategies  to  guide  Gaussian  learning,  and  introduces  a
regularization  loss  to  preserve  Gaussian  shape.  The  user-controlled
mesh  deformations  incorporates  mesh-based  Gaussian  splatting
representation  to  achieve  real-time  deformation.  Gaussian  Frosting
[126]  combines  the  editing  ability  of  a  mesh  with  the  rendering
quality  of  3DGS, which extracts  a  base mesh based on SuGaR [43]
and introduces an adaptive Gaussian layer with variable thickness to
enhance  detail  and  volumetric  effects.  It  introduces  a
parameterization of the Gaussians to constrain them within the layer
and automatically adjust them during base mesh manipulation.

Unlike  previous  methods  that  rely  heavily  on  mesh  accuracy,
Mani-GS  [45]  defines  a  local  triangle  space  for  each  triangle,
ensuring  robust  and  high-fidelity  results  even  with  inaccurate
meshes.  Gaussians  are  bound  to  the  mesh  and  their  attributes  are
optimized  within  this  space,  as  shown  in Fig. 14.  The  3DGS  is
manipulated  by  transferring  the  mesh  manipulation  directly.  It
enables  large  deformation,  soft  body  simulation,  and  local
manipulation. Its shape editing result is shown in Fig. 15.

In  addition  to  mesh-based  methods,  non-mesh-based  methods  are
also viable for deforming 3DGS. SC-GS [46] utilizes sparse control
points  to  drive  dense  Gaussians.  The  control  points  are  linked  to
time-varying 6 DoF transformations, which are locally interpolated to
generate  the  motion  of  dense  Gaussians.  These  parameters  are
predicted by an MLP based on time and location. The method jointly
learns  the  3D  Gaussian  parameters  and  sparse  control  points  in
canonical  space,  along  with  the  MLP  for  dynamic  novel  view

synthesis.  It  employs  an  adaptive  strategy  to  handle  motion
complexity and an ARAP loss to maintain local rigidity. Its overview
is shown in Fig. 16.

Interactive3D [47] operates in two stages to enable interactive 3D
object  generation  and  refinement.  In  the  first  stage,  it  optimizes  3D
objects  through  3DGS  and  SDS,  allowing  flexible  interactions  like
adding and removing parts,  geometry transformation,  deformable or
rigid dragging, and semantic editing. In the second stage, the model

 

 
Fig. 14    An overview of Mani-GS, a mesh-based 3DGS deformation method. Image sourced from [45]. (a) Mesh Extraction; (b) GS Binding;
(c) GS Manipulation

 

 
Fig. 15    Compared with SuGaR [43], Mani-GS produces fewer artifacts and
reduces  the  blurring  effect.  (a)  Manipulation;  (b)  SuGaR;  (c)  Mani-GS.
Results sourced from Mani-GS [45].
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is transformed into an InstantNGP structure, with an interactive hash
refinement  module  applied  to  improve  specific  areas  with  detailed
geometry and textures.

Subsequent works have extended 3D or 4D deformation based on a
broader range of instruction types, including text, video, and sketch.
These advancements enable more versatile and intuitive interactions
for  editing  3D  or  4D  content.  Align  Your  Gaussians  (AYG)  [48]
realizes  text-to-4D  synthesis  and  deformation,  which  employs
dynamic  3D Gaussians  with  deformation  fields.  It  starts  with  a  3D-
aware  diffusion  model  and  text-to-image  model  to  create  an  initial
3D shape, followed by employing a text-to-video diffusion model to
capture scene motion and utilizing a text-to-image model to maintain
high visual  quality  for  all  frames.  DreamGaussian4D [49]  generates
dynamic  4D  scenes  from  a  single  image  or  video.  It  proposes
DreamGaussianHD based on DreamGaussian [128] for image-to-3D
initialization and utilizes  HexPlane to  model  Gaussian deformations
for realistic motion. Instead of using video diffusion prior like AYG
[48],  it  learns  the  motion  from  a  driving  video  generated  by  an
image-to-video model. The generated 4D GS could be exported as an
animated  mesh,  with  optional  refinement  for  better  temporal
coherence using a video-to-video optimization pipeline.

Another work [129] introduces a sketch-guided 3DGS deformation
system. It introduces a cage-based deformation framework regulated
by  Neural  Jacobian  Fields,  ensuring  smooth  and  geometrically
consistent  transformations.  It  leverages  ControlNet  [84]  to  process
sketches and employs 3D-aware SDS for cross-view consistency.

Existing  methods  demonstrate  strong  performance  in  shape
deformation, yet they remaine susceptible to failure under extreme or
unreasonable  manipulations,  often  relying  on  user  discretion  for
optimal  results.  Furthermore,  real-time  deformation  is
computationally expensive, limiting the interactivity and practicality
of  these  methods.  To  improve  their  reliability  and  scalability,  it  is

crucial  to  enhance  the  robustness  of  the  models,  supporting  more
intuitive user guidance, and leveraging hardware acceleration. 

3.4  Scene inpainting
Scene  inpainting  is  committed  to  the  meticulous  restoration  of
incomplete  or  occluded  3D  scenes  by  estimating  and  synthesizing
missing geometric and textural information. This process ensures that
the  newly  generated  content  seamlessly  integrates  with  the  existing
scene  and  remains  consistent  across  different  viewpoints.  Most
existing  approaches  rely  on  transferring  2D  inpainting  results  from
their respective models [83,130,131] to 3D scenes.

NeRF-In  [132]  realizes  a  simple  3D  inpainting  method,  which
trains  NeRF  with  pixel  reconstruction  loss  guided  by  2D  inpainted
images generated by MST inpainting network [130]. SPIn-NeRF [15]
leverages  LaMa  [131]  for  color  and  depth  inpainting  and  improves
on  NeRF-In  [132]  by  replacing  pixel  loss  with  perceptual  loss,
allowing  for  more  visually  coherent  results.  Additionally,  it  utilizes
depth  inpainting  results  to  supervise  the  geometry  of  the  3D  scene.
Its overview is shown in Fig. 17. However, it struggles in tasks where
2D inpainting results are perceptually inconsistent.

Removing-NeRF  [133]  utilizes  posed  RGB-D  images  with
corresponding  2D  masks  as  input  and  optimizes  a  NeRF  with  2D
inpainted  frames  from  LaMa  [131].  It  employs  confidence-based
view  selection  to  automatically  exclude  inconsistent  views  during
optimization.

Reference-guided  inpainting  [134]  only  performs  2D  inpainting
(SD  [83]  or  LaMa  [131])  on  one  reference  image  and  utilizes
monocular  depth  estimation  to  calculate  its  disparity  map  for
supervising  reference  view  geometry.  It  also  employs  a  bilateral
solver  for  rendering  view-dependent  effects  across  multiple  views,
ensuring  consistency  even  in  non-reference  disoccluded  regions.
InNeRF360  [35]  realizes  the  deletion  of  text-specified  objects

 

 
Fig. 16    An overview of SC-GS, a control points-based 3DGS deformation method. Image sourced from [46]

 

 
Fig. 17    An overview of SPIn-NeRF, a method for 3D scene inpainting. Image sourced from [15]
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through  two  primary  stages,  multiview  consistent  segmentation  and
inpainting.  It  initializes  segmentations  through  the  SAM  [119]  and
applies  depth-warping  refinement  to  obtain  view-consistent  2D
segmentations.  It  trains  a  NeRF  from  multiview  inpainting  results
generated by a 2D image inpainter [83] and finetunes the scene with
3D diffusion priors to eliminate artifacts.

Inpaint3D  [36]  utilizes  a  self-trained  2D  inpainting  diffusion
model,  which  adopts  reconstruction  loss  for  supervising  unmasked
regions  and  SDS  loss  [89]  for  optimizing  masked  regions.  MVIP-
NeRF  [135]  also  utilizes  diffusion  priors  for  multiview-consistent
inpainting. Given an RGB sequence and per-frame masks, the model
is  trained  with  a  reconstruction  loss  in  observed  regions  and  an
inpainting  loss  in  masked  regions,  where  the  inpainting  loss
leverages SDS to align rendered views with diffusion priors based on
a text description. It incorporates a multi-view scoring mechanism to
improve  consistency  and  sharpness,  especially  under  large  view
variations.

Nerfiller  [17]  focuses  on  scene  completion  with  arbitrary  masks
rather  than  object  removal  with  tight  masks.  It  utilizes  a  grid-based
prior where images are shuffled into 2×2 grids and grids are fed into
2D inpainting diffusion models to generate 3D consistent outputs. It
further  introduces  an  iterative  framework  to  distill  2D  inpainting
results  into  a  single  3D  scene.  MALD-NeRF  [37]  employs  a  per-
scene  customization  latent  diffusion  model  to  generate  inpainted
images, iteratively updates the training set,  and utilizes a pixel-level
regression  loss  for  reconstruction.  It  also  incorporates  a  masked
patch-based  adversarial  training  strategy  with  adversarial  loss  and
discriminator feature matching losses to refine results.

Recent  advancements  [16,38,39,136,137]  have  increasingly
focused  on  exploring  inpainting  techniques  on  3DGS,  benefiting
from  its  outstanding  rendering  efficiency  and  high-quality  scene
reconstruction.  InFusion  [16]  realizes  3D  Gaussian  inpainting  that
integrates  depth  completion  based  on  diffusion  models.  It  selects  a
reference  image  for  inpainting,  employs  its  self-trained  depth
completion model to predict the depth map of the inpainting region,
and  then  projects  it  back  into  point  clouds,  thereby  achieving
accurate  initial  completion.  It  also  designs  a  progressive  strategy  to
resolve  complex  cases  that  could  not  be  completed  from  a  single
view.  RefFusion  [38]  also  inpaints  one  reference  image  and  applies

the  inpainting  LDM  to  both  global  and  locally  cropped  versions  of
the  reference  view.  It  utilizes  SDS  loss  [89]  to  distill  the  learned
priors  from  the  adapted  LDM  into  the  scene,  incorporating  a
discriminator loss and depth loss to improve the quality of inpainting
results.  Its  object  removal  result  is  shown  in Fig. 18 and  the
quantitative evaluation is presented in Table 4.

MVInpainter  [39]  is  a  multi-view  consistent  inpainting  model
designed  to  bridge  2D  and  3D  scene  editing.  It  employs  domain
adapters  and motion modules  as  video priors  to  enhance cross-view
consistency. It also introduces a Reference Key&Value concatenation
technique  for  appearance  consistency  while  incorporating  slot
attention  to  aggregate  optical  flow  features  for  controlling  camera
movement without explicit pose conditions.

Despite  notable  progress,  existing  scene  inpainting  methods  face
several  limitations  and  challenges.  A  primary  issue  is  accurately
removing  large  target  objects  or  inpainting  areas  with  complex
geometry and textures. Improving the personalization of 2D diffusion
models for target objects is crucial to enhancing the performance and
adaptability of 3D inpainting techniques.

Another  critical  challenge  is  ensuring  multi-view  and  temporal
consistency,  as  artifacts  and  holes  frequently  emerge  when  the
camera viewpoint changes significantly or in dynamic scenes. Recent
developments  in  multi-view  and  video  diffusion  models  show
promise  in  enhancing  spatial  and  temporal  consistency.  By
 

LPIPSdir

Table  4    Quantitative  results  of  completions  after  object  removal,
RefFusion  surpassed  all  baselines  in  terms  of .  Results
sourced from [38]

Method LPIPS ↓

NeRF-In [132] 0.4884

SPIn-NeRF (SD) [15] 0.5701

SPIn-NeRF (LaMa) [15] 0.4654

Inpaint3D [36] 0.5150

Reference-guided inpainting (SDV2) [134] 0.4532

Reference-guided inpainting (SDXL) [134] 0.4453

RefFusion [38] 0.4283

 

 
Fig. 18    Compared  with  baseline  methods,  RefFusion  obtaines  sharper  reconstructions  and  more  realistic  inpainting  results.  Results  sourced
from RefFusion [38]. (a) Masked Image; (b) SPIn-NeRF; (c) Reference-guided NeRF; (d) Inpaint3D; (e) RefFusion
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addressing  these  limitations,  scene  inpainting  methods  can  become
more versatile and practical for complex real-world applications. 

3.5  Creative editing
Creative Editing refers to the process of modifying 3D scenes based
on user-provided prompts, allowing for changes in the geometry and
texture of 3D content. Creative editing empowers users to intuitively
control  and  customize  3D  content,  providing  flexibility  for  artistic
expression while maintaining coherence within the scene.

Early work on 3D creative editing primarily rely on the Contrastive
Language-Image  Pretraining  (CLIP)  model  [138],  an  advanced
multimodal learning framework that train both an image encoder and
a text encoder using contrastive learning, as illustrated in Fig. 19.

I

T

CLIP similarity loss and CLIP directional similarity loss are pivotal
techniques  derived  from  the  CLIP  model.  The  CLIP  similarity  loss
aims  to  quantify  the  similarity  between  the  image  and  the  text
prompt  in the embedding space, defined by:
 

LCLIP(I,T ) = 1− sim(Eimg(I),Etxt(T )),

Eimg Etxt

sim(A,B)

where  and  are  the  pre-trained  CLIP  image  encoder  and
text encoder, respectively.  is the cosine similarity between
two feature vectors. The CLIP directional similarity loss extends the
concept  of  similarity  by  considering  the  alignment  between  the
changes in images and text prompts before and after editing:
 

Ldir(Itarget, Isource,Ttarget,Tsource) = 1− sim(∆I,∆T ),

∆I = Eimg(Itarget)−Eimg(Isource)

∆T = Etxt(Ttarget)−Etxt(Tsource)

where  is  the  change  in  images
and  is the change in texts.

CLIP-NeRF  [139]  is  the  pioneering  CLIP-based  NeRF  editing
method,  introducing  a  disentangled  conditional  NeRF  with  separate
shape and appearance codes.  It  employs shape and appearance code
mappers,  optimized  using  CLIP  similarity  loss,  to  project  CLIP
features  into the latent  space,  allowing independent  manipulation of
shape  and  appearance  codes.  NeRF-Art  [140]  stylizes  the  original
NeRF  by  leveraging  relative  directional  loss  and  global-local
contrastive loss within the CLIP embedding space. It also introduces
a weight regularization to enhance results and reduce the presence of
artifacts.

Blended-NeRF [141]  and  Blending-NeRF [142]  are  committed  to

enabling  local  editing.  Blended-NeRF  [141]  utilizes  a  CLIP
similarity loss to generate a new object and blended the edited scene
seamlessly  into  the  original  scene,  allowing  for  targeted  editing
within  the  specified  regions  of  interest  (ROI)  box.  Blending-NeRF
[142],  on the other  hand,  employs CLIPSeg [120],  a  pre-trained 2D
segmentation  model,  to  localize  the  targeted  region.  It  leverages
CLIP similarity loss and CLIP directional loss to optimize the edited
NeRF,  blending  the  pre-trained  and  editable  NeRFs  for  localized
adjustments.

The  CLIP-based  3D  editing  and  generation  methods  [139–143]
have  achieved  promising  results.  However,  due  to  the  limited
capabilities  of  the  CLIP  model,  its  effectiveness  is  restricted  to  a
limited  range  of  tasks.  Consequently,  subsequent  research  has
predominantly shifted towards more capable diffusion models, which
offer significantly enhanced flexibility and performance.

Diffusion  models  [83,86]  have  become  paragons  of  excellence  in
the  domain  of  high-fidelity  image  generation  and  editing.  By
leveraging the remarkable ability of diffusion models, recent studies
have  unlocked  new  possibilities  for  manipulating  and  customizing
3D  scenes.  The  integration  of  natural  text  and  image  instructions
allows for the precise and intuitive modification of scenes,  enabling
users  to  obtain  desired  results  with  remarkable  ease  and  specificity.
The optimization approaches for diffusion-based editing methods can
be categorized into two main types: Dataset Update (DU) and Score
Distillation Sampling (SDS) algorithm.

In Table 5,  we  provide  a  comprehensive  overview  of  various
diffusion-based  editing  methods.  This  table  details  the  year  of
publication,  the  types  of  instructions  they  utilize,  optimization
approaches, and base techniques. 

3.5.1  Dataset update
This series of work leverage diffusion models to directly manipulate
the  scene  images  and  update  the  training  dataset,  which  enables
precise and intuitive alterations of NeRF and 3DGS.

Instruct-NeRF2NeRF (IN2N) [18] is the first work to edit NeRF by
iteratively  updating  the  training  dataset  with  the  edited  image.  It
performs  image  editing  through  the  text-based  image  editing  model
InstructPix2Pix  (IP2P)  [86].  An  overview  of  IN2N  is  shown  in
Fig. 20.  However,  since  IN2N  [18]  applieds  edits  to  entire  2D

 

 
Fig. 19    An overview of CLIP. Image sourced from [138]
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images,  it  lacks  the  ability  to  perform  precise,  localized
modifications.

To  enhance  editing  efficiency  and  consistency,  ViCA-NeRF  [28]
builds  upon  IN2N  [18]  with  some  improvements.  It  focuses  on
editing key views with IP2P [86], projecting them onto other views,
and  subsequently  refining  them  with  a  blending  model.  Then,  the
original NeRF is optimized using the edited dataset.

Watch your steps [145] further realizesd local editing. It leverages
IP2P  [86]  to  generate  relevance  maps,  which  are  derived  from  the
difference between noise predictions conditioned on text instructions

and empty text. The binarized relevance maps are then extended into
3D via relevance fields to realize local editing. LatentEditor [29] also
focuses on locally controlled editing. It initializes and refines a NeRF
model  within  the  latent  domain,  using  a  refinement  adapter  with
residual  and  self-attention  mechanisms.  It  iteratively  updates  the
training  set  with  edited  latents  and  employes  a  delta  module  for
targeted editing guided by prompts.

GenN2N  [27]  proposes  a  versatile  editing  framework  for  various
editing tasks. For each view, multiple edited images are generated by
2D  editing  methods,  forming  a  set  of  translated  images.  A  latent

  
Table 5    Summary of selected diffusion-based creative editing methods

Method Year Prompt Optimization Base techniques

Instruct-NeRF2NeRF [18] ICCV 2023 text DU NeRFStudio [144], IP2P [86]

ViCA-NeRF [28] NeurIPS 2023 text DU NeRFStudio [144], IP2P [86]

Watch your steps [145] ECCV 2024 text DU NeRFStudio [144], IP2P [86]

LatentEditor [29] ECCV 2024 text DU NeRF [6], IP2P [86]

GenN2N [27] CVPR 2024 text DU NeRFStudio [144], IP2P [86]

GaussianEditor [30] CVPR 2024 text DU 3DGS [7], IP2P [86], SAM [119]

GaussianEditor [31] CVPR 2024 text DU or DDS 3DGS [7], IP2P [86], SAM [119]

View-consistent Editing [32] ECCV 2024 text DU 3DGS [7], LDM [83]

GaussCtrl [33] ECCV 2024 text DU 3DGS [7], ControlNet [84], SAM [119]

Instruct 3D-to-3D [146] arxiv 2023 text SDS DVGO [97], IP2P [86]

SKED [147] ICCV 2023 text SDS Instant-NGP [108], SD v1.4 [83]

Vox-E [22] ICCV 2023 text SDS ReLU Fields [148], SD v2.1 [83]

MaskEditor [149] PRCV 2024 text VSD DVGO [97], SD v2.1 [83]

DreamEditor [19] SIGGRAPH Asia 2023 text SDS NeuS [150], SD v2.0 [83], DreamBooth [151]

Focaldreamer [20] AAAI 2024 text SDS DMTet [152], SD v2.1 [83]

CustomNeRF [23] CVPR 2024 text or image SDS Instant-NGP [108], SD v1.5 [83]

TIP-Editor [21] SIGGRAPH 2024 text and image SDS 3DGS [7], SD v2.0 [83], DreamBooth [151]

GSEditPro [24] PG 2024 text SDS 3DGS [7], SD v2.1 [83], DreamBooth [151]

TIGER [25] arxiv 2024 text CSD 3DGS [7], MaskCLIP [153], FeatUp [154]

 

 
Fig. 20    An overview of Instruct-NeRF2NeRF, a method of 3D editing of NeRF via dataset update. Image sourced from [18]
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distill  module  is  introduced  to  map  edited  images  to  edit  code
vectors,  which  are  then  constrained  to  a  Gaussian  distribution
through  a  KL  loss.  The  NeRF-to-NeRF  translation  is  performed
based  on  edit  codes  and  the  translated  NeRF  is  optimized  by  using
reconstruction loss, adversarial loss, and contrastive loss.

The  latest  series  of  work  is  based  on  3DGS,  achieving  higher
editing  efficiency  and  superior  rendering  quality.  GaussianEditor
[30]  tailored  for  local  editing  on  3DGS,  which  consists  of  three
primary  steps:  extracting  the  region  of  interest  (RoI)  from  text
instructions,  aligning  the  text  RoI  with  3D  Gaussians  through  the
image space, and delicately editing within the identified 3D Gaussian
RoI.  Another  GaussianEditor  [31]  introduces  Gaussian  semantic
tracing  for  local  editing  and  hierarchical  Gaussian  splatting  (HGS)
for  adaptive  generative  guidance.  The  authors  implemented  two
versions of this method, GaussianEditor-iN2N guided by IN2N [18]
and GaussianEditor-DDS guided by DDS [91]. GaussianEditor-iN2N
achieves superior results, as shown in Fig. 21.

View-consistent  Editing  (VcEDIT)  [32]  enhances  the  consistency
of  editing  results  with  two  modules,  the  cross-attention  consistency
module  (CCM)  and  the  editing  consistency  module  (ECM).  CCM
harmonizes cross-attention maps across all  views for coherent edits,
while  ECM  calibrates  inconsistent  editing  outputs  by  fine-tuning  a
source-cloned 3DGS and rendering it back to images. Additionally, it
introduces  an  iterative  pattern  of  editing  rendered  images  and
updating  the  3DGS  for  refinement,  integrating  3DGS  for  fast
rendering and InfEdit [155] for rapid processing. GaussCtrl [33] also
focuses on multi-view consistent editing, which employs ControlNet
[84]  for  depth-conditioned  editing  on  rendered  images  from  the
original  3DGS,  with  attention-based  latent  code  alignment  ensuring
geometry and appearance consistency. 

3.5.2  SDS
Similar  to  the  task  of  3D  content  generation,  another  series  of  3D

editing works utilize the SDS algorithm [89]  to  optimize NeRF and
3DGS.

Instruct  3D-to-3D  [146]  realizes  3D-to-3D  conversions  following
text  instructions  with  InstructPix2Pix.  By  integrating  the  source  3D
scene as a conditional input, it utilizes SDS loss [89] to optimize the
target  scene  and  integrates  dynamic  scaling  to  effectively  modify
scene geometry.

SKED  [147]  is  a  3D  editing  method  guided  by  sketches  and  text
prompts.  It  employs  SDS  loss  [89]  to  edit  the  original  object.  It
proposes  silhouette  loss  to  facilitate  the  addition  of  new  objects
within the sketch region and preservation loss to maintain fidelity to
the original scene.

The  following  methods  are  dedicated  to  achieving  localized  3D
object  editing  guided  by  text  prompts.  Vox-E  [22]  is  a  grid-based
method,  which  leverages  SDS  loss  [89]  for  object  editing  and
introduced  a  volumetric  regularization  to  preserve  the  original
structure.  It  also  optimizes  a  3D  cross-attention  grid  based  on  2D
cross-attention maps, deriving a binary volumetric mask to merge the
initial  and  edited  volumetric  fields,  enhancing  the  preservation  of
unaffected areas. MaskEditor [149] is another grid-based 3D editing
method. It introduces a 3D mask grid trained on the 2D masks from
the  SAM  [119]  to  locate  the  target  object  accurately.  Instead  of
utilizing  SDS [89],  it  employs  Variational  Score  Distillation  (VSD)
[90]  along  with  composited  rendering  and  coarse-to-fine  editing
strategy to improve the editing quality.

In  addition  to  employing  grid-based  scene  representation,  certain
methods  utilized  mesh-based  representation  for  local  editing.
DreamEditor  [19]  firstly  converts  the  original  neural  field  into  a
mesh-based representation and then back-projects the 2D mask onto
the  mesh  to  identify  editing  regions.  It  utilizes  SDS  loss  [89]  to
optimize color and geometry features and vertex positions within the
selected regions, facilitating precise local adjustments.

Focaldreamer  [20]  is  designed  to  generate  new  objects  in  empty
 

 
Fig. 21    Compared with Instruct-N2N [18], GaussianEditor maintaines precise control over the editing area. (a) Original view; (b) Instruct-N2N;
(c) GSEditor-DDS; (d) GSEditor-iN2N. Results sourced from GaussianEditor [31]
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regions according to text prompts.  It  initiates with a base shape and
editable ellipsoids in focal regions, utilizing rendered normal maps as
shape encoding of T2I models for geometry optimization. The shape
is  rendered with both base and editable textures,  unified by a pixel-
wise  discriminative  mask.  In  addition  to  the  SDS  loss  [89],  it
incorporates  several  regularizations  to  improve  editing  quality.  In
addition  to  using  text  prompts,  CustomNeRF  [23]  can  also  utilize
images as editing prompts to achieve specific editing. It introduces a
local-global  iterative  editing  (LGIE)  training  scheme  to  preserve
background  integrity  and  proposes  a  class-guided  regularization  to
improve consistency across different views.

The latest series of methods [21,24-26, 156] employ SDS loss [89]
within  the  3DGS  to  facilitate  creative  editing,  enabling  precise  and
flexible modifications.

TIP-Editor  [21]  aims  to  edit  existing  3DGS via  intuitive  text  and
image  prompts.  It  introduces  a  novel  stepwise  2D  personalization
strategy  that  includs  a  localization  loss  for  scene  adaptation  and  a
content  personalization  step  based  on  LoRA  for  reference  image
alignment.  It  optimizes  the  identified  Gaussians  with  SDS loss  [89]
and pixel-level image refinement to realize accurate local editing. Its
editing  result  is  shown  in Fig. 22. Table 6 demonstrates  that  the
editing  results  achieved  by  TIP-Editor  exhibit  superior  quality
compared with the baselines.

GSEditPro  [24]  leverages  attention-based  localization  to  precisely

identify  editing  areas  based  on  cross-attention  maps  from  T2I
models.  It  also  employs  a  detailed  optimization  process  that
combined DreamBooth [151] and pseudo-GT images, ensuring high-
quality  editing  results  while  minimizing  unnecessary  modifications.
TIGER  [25]  incorporates  fine-grained  language  features  through
MaskCLIP  [153]  and  FeatUp  [154]  to  enable  open-vocabulary
querying.  Moreover,  it  introduces  Coherent  Score  Distillation
Sampling  (CSD)  to  ensure  edits  remain  consistent  across  multiple
views.

In  addition  to  the  manipulation  of  static  scenes,  several  studies
have  focused  on  the  creative  editing  of  complex  dynamic  scenes
based  on  NeRF  and  3DGS.  These  works  extend  beyond  traditional
scene  editing  by  tackling  the  unique  challenges  associated  with
dynamic  scenes,  particularly  the  need  to  seamlessly  modify  both
spatial structures and time-varying elements.

AvatarStudio  [157]  leverages  NeRF  to  represent  the  head  avatar
and  utilizes  a  diffusion  model  for  text-based  editing.  It  samples
keyframes  from  multi-view  performance  captures,  and  fine-tunes  a
pre-trained model with a unique text identifier. The view- and time-
aware Score Distillation Sampling (VT-SDS) enable the high-quality
personalized editing across the time and view domain. Additionally,
an  annealing  strategy  is  employed  to  prevent  overfitting  while
allowing  for  high-frequency  edits.  CoDeF  [158]  is  a  novel  video
representation  method  comprising  two  components:  a  2D  canonical

 

 
Fig. 22    Compared with Instruct-N2N [18] and DreamEditor [19], TIP-Editor achieves superior editing quality and fidelity to reference images.
(a) Reference image; (b) Instruct-N2N; (c) DreamEditor; (d) TIP-Editor. Results sourced from TIP-Editor [21]

  
CLIPdir DINOsimTable 6    Quantitative editing results on Instruct-N2N [18], DreamEditor [19], and TIP-Editor [21], in terms of , ,  and User

Study. User Study is conducted from two aspects (overall “Quality”, and “Alignment” to the reference image). Results sourced from [21]

Method CLIPdir ↑ DINOsim ↑ Votequality Votealignment

Instruct-N2N [18] 8.3 36.4 21.6 8.8

DreamEditior [19] 11.4 36.8 7.6 10.0

TIP-Editor [21] 15.5 39.5 70.8 81.2
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content field and a 3D temporal deformation field, both using multi-
resolution  hash  tables.  It  allows  the  direct  application  of  image
processing  algorithms  [84]  to  the  canonical  image,  with  results
propagated across  time via  the temporal  deformation field,  enabling
efficient  video  processing.  However,  it  is  limited  by  optical  flow
accuracy and has difficulty in modeling complex motion. PortraitGen
[34]  focuses  on  editing  efficiency  and  rendering  quality.  It  embeds
the  3D  Gaussian  field  on  the  surface  of  SMPL-X  [159]  for  spatial
and  temporal  consistency  and  utilizes  a  Neural  Gaussian  Texture
mechanism  to  get  a  3D  Gaussian  feature  field  for  high-quality
rendering. It employs the iterative dataset update strategy for portrait
editing,  incorporating  expression  similarity  guidance,  and  a  face-
aware module to maintain facial structure and expression accuracy.

To further advance 3D creative editing, enhancing the capabilities
of  2D  diffusion  models  is  essential.  Current  editing  methods
primarily  rely  on  diffusion  models  for  dataset  updating  or  SDS.
However,  2D diffusion  models  often  lack  the  spatial  and  geometric
awareness  required  for  precise  3D  editing  and  struggle  to  perform
effectively  in  some  complex  editing  tasks.  To  overcome  these
limitations, future advancements should focus on extending diffusion
models  to  incorporate  inherent  3D awareness  and support  a  broader
range of editing tasks. Meanwhile, further optimizing the model and
introducing additional mechanisms to enable automated and efficient
local  editing,  ensure  multi-view  consistency,  and  achieve  real-time
interactive  3D  editing  are  promising  and  impactful  directions  for
future research. 

■ 4  Future work
While 3D editing methods based on NeRF and 3DGS have achieved
significant advancements, the following aspects are worth improving
and optimizing in future work.

● Efficient  editing. Although  current  editing  methods  produce
impressive  visual  effects,  they  still  suffer  from  low
computational  efficiency,  limiting  their  practicality  for  real-
time applications and large-scale deployments.  Future efforts
should  focus  on  implementing  innovative  approaches  and
architectures  to  accelerate  the  editing  process.  By  utilizing
techniques  such  as  pre-trained  models,  advancements  in
hardware acceleration, and model parallelization, it is possible
to  create  fast,  responsive  editing  workflows  without
sacrificing visual fidelity.

● Multi-view  consistency. Ensuring  consistency  of  editing
results  across  various  viewpoints  remains  a  challenge  in  3D
editing.  Future  work  should  prioritize  the  enhancement  of
multi-view  consistency  by  developing  more  robust
optimization  mechanisms  that  ensure  updates  from  different
perspectives  remain  synchronized  and  aligned  with  the
underlying  3D  structure.  This  could  involve  incorporating
multi-view  stereo  constraints  or  leveraging  depth  constraints
to  preserve  the  integrity  of  the  3D  model  throughout  the
editing process.

● Diversity. Enhancing  support  for  diverse  instruction  types  is
crucial  for  advancing  3D  editing  methods.  Although

significant progress has been made in text- and image-driven
editing,  several  instruction  types  are  insufficient  to  meet  the
increasingly  complex  and  diverse  user  demands.  To  address
this,  incorporating additional  instruction types,  such as  voice
commands,  gesture-based  inputs,  and  even  physical  sensing,
could  significantly  broaden  the  scope  of  3D  editing
capabilities.

● Scalability. Scalability  is  another  critical  issue,  as  existing
editing methods often struggle with large-scale scenes due to
memory  and  computational  limitations.  To  address  this
challenge,  future  work  should  explore  scalable  scene
representation  methods  and  investigate  hierarchical  or  multi-
scale  modeling  and  editing  approaches,  which  should  be
capable  of  handling  extensive  environments  without
sacrificing detail or performance, thereby facilitating complex
edits in large-scale scenes.

● Robustness and accessibility. Enhancing the robustness of 3D
editing  methods  to  handle  variations  in  input  data  is  crucial
for  widespread  application.  This  includes  improving  the
ability  of  models  to  process  noisy,  incomplete,  or  low-
resolution input data. Furthermore, to make these technologies
more  accessible  to  non-specialists,  it  is  crucial  to  develop
intuitive  user  interfaces  and  tools  that  simplify  the  editing
process. Such interfaces could involve visual tools that enable
users  to  manipulate  3D content  seamlessly,  without  the  need
for specialized technical expertise. 

■ 5  Conclusion
In this survey, we presented a comprehensive overview of 3D editing
methods  based  on  NeRF  and  3DGS.  We  systematically  classified
existing  methods  into  five  categories  based  on  their  editing  tasks,
analyzing the advancements,  current  challenges,  and future research
directions. This survey seeks to serve as a foundational reference for
researchers  and developers,  aiming to foster  the development of  3D
editing. 
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