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Fig. 1: Our Gaussian Grouping jointly reconstructs (column a) and segments (column
b) anything in full open-world 3D scenes, with fine-grained instance and stuff level
modeling. This enables versatile scene editing applications, such as 3D object removal
(column c), 3D object inpainting (column d, which first removes the 3D object and
then inpaints the holes) and scene re-composition and object colorization (column e).
Since the segmentation information is encapsulated in the 3D Gaussians, editing tasks
such as 3D object removal, colorization and object location exchange can be performed
directly w/o training, while inpainting only requires minutes of fine-tuning.

Abstract. The recent Gaussian Splatting achieves high-quality and real-
time novel-view synthesis of the 3D scenes. However, it is solely con-
centrated on the appearance and geometry modeling, while lacking in
fine-grained object-level scene understanding. To address this issue, we
propose Gaussian Grouping, which extends Gaussian Splatting to jointly
reconstruct and segment anything in open-world 3D scenes. We augment
each Gaussian with a compact Identity Encoding, allowing the Gaussians
to be grouped according to their object instance or stuff membership in
the 3D scene. Instead of resorting to expensive 3D labels, we supervise
the Identity Encodings during the differentiable rendering by leveraging
the 2D mask predictions by Segment Anything Model (SAM), along with
introduced 3D spatial consistency regularization. Compared to the im-
plicit NeRF representation, we show that the discrete and grouped 3D
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Gaussians can reconstruct, segment and edit anything in 3D with high
visual quality, fine granularity and efficiency. Based on Gaussian Group-
ing, we further propose a local Gaussian Editing scheme, which shows
efficacy in versatile scene editing applications, including 3D object re-
moval, inpainting, colorization, style transfer and scene recomposition.
Our code and models are at github.com/lkeab/gaussian-grouping.

Keywords: 3D Segment Anything · Scene Editing · Gaussian Splatting

1 Introduction

Open-world 3D scene understanding is an essential challenge, with far-reaching
implications for robotics, AR / VR, and autonomous driving. Given a set of
posed RGB images, our goal is to learn an effective 3D representation that
jointly reconstructs and segments anything in the 3D scene. The representation
should easily support a wide range of downstream scene editing applications.
For example, in Figure 1, the 3D object of the scene can be easily removed or
inpainted, and the scene can be recomposed by exchanging object locations.

While there has been remarkable progress in 2D scene understanding brought
by SAM and its variants [13,16,63], their extension to 3D has been constrained.
This is mostly due to the availability and the labor-intensive process of creating
3D scene datasets. Existing methods [8, 41] rely on manually-labeled datasets,
which are both costly and limited in scope, or require accurately scanned point
clouds [36, 46] as input. This hinders the development of the 3D scene under-
standing methods that can quickly generalize across various real-world scenes.

By taking multi-view captures, existing NeRF-based methods [15, 18, 27, 43]
lift 2D masks or distill CLIP [38] / DINO [3] features via neural fields render-
ing. However, due to the implicit and continuous representation of NeRF, these
methods require expensive random sampling and are computationally intensive
to optimize. Further, it is hard to directly adjust NeRF-based approaches for the
downstream local editing tasks [18], because the learned neural networks, such
as MLPs, cannot decompose each part or module in the 3D scene easily. Several
methods [4, 42] combine NeRF or stable-diffusion [40] with the masks of SAM,
but they only focus on a single object.

Alternative to NeRFs, the recently emerged 3D Gaussian Splatting [14] has
shown impressive reconstruction quality with high training and rendering ef-
ficiency. It represents the 3D scene with an array of colored and explicit 3D
Gaussians, which are rendered into camera views for novel view synthesis. Nev-
ertheless, Gaussian Splatting does not model object instances or semantic under-
standing. To achieve fine-grained scene understanding, we extend this approach
beyond merely capturing the scene’s appearance and geometry to include the
individual objects and elements that constitute the 3D environments.

We propose Gaussian Grouping, which represents the whole 3D scene with a
set of grouped 3D Gaussians. By inputting multi-view captures and the corre-
sponding automatically generated masks by SAM, our method learns a discrete
and grouped 3D representation for reconstructing and segmenting anything in

https://github.com/lkeab/gaussian-grouping
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the 3D scene. Gaussian Grouping inherits SAM’s strong zero-shot 2D scene un-
derstanding capability and extends it to the 3D space by producing consistent
novel view synthesis and segmentation.

To this end, instead of solely modeling the scene appearance and geome-
try, our approach also captures the identity of each Gaussian of the 3D scene by
grouping. A new property, our Identity Encoding, is augmented to each Gaussian.
The Identity Encoding is a compact and low-dimensional learnable embedding.
To leverage the segmentation supervision in 2D, Identity Encoding is trained via
differentiable Gaussian rendering, where the encoding vectors of various Gaus-
sians are splatted onto the 2D rendering view. Then, we take the 2D rendered
identity features and employ an extra linear layer to classify these splatted em-
beddings on each 2D location for identity classification.

To further boost the grouping accuracy, besides the standard cross-entropy
loss for identity classification, we also introduce an un-supervised 3D Regular-
ization Loss by leveraging 3D spatial consistency. The loss enforces the Identity
Encodings of the top K-nearest 3D Gaussians to be close in their feature dis-
tance. We find it helps Gaussians inside the 3D object or heavily occluded to be
supervised during training more sufficiently.

We highlight the advantages of Gaussian Grouping not only by providing
high visual quality and fast training, but also through its downstream scene
editing applications brought by our dense 3D segmentation. Since our model
captures the 3D scenes as compositional structures, each group of 3D Gaussians
operates independently, allowing for parts to be fully decoupled or separated.
This decomposition is crucial in scenarios where individual components need to
be identified, manipulated, or replaced w/o disrupting the entire scene structure.

Our contribution can be summarized as follows:

1. We introduce Gaussian Grouping, the first 3D Gaussian Splatting-based seg-
mentation framework that lifts knowledge of SAM to 3D scene anything
zero-shot segmentation without the need for 3D mask labels.

2. Gaussian Grouping supports various downstream tasks with our proposed
Local Gaussian Editing scheme. Individual components are identified, ma-
nipulated, or replaced without disrupting the entire scene structure. By the
grouped 3D Gaussians, we show extensive 3D scene editing cases, such as
3D scene re-composition, object inpainting, object removal and object style
transfer, with both impressive visual effect and fine granularity.

3. Our training and rendering processes are swift, ensuring compliance with
real-time operational requirements.

2 Related Works

3D Gaussian Models 3D Gaussian Splatting [14] has recently emerged as a
powerful approach to reconstruct 3D scenes with real-time performance. Several
follow-up methods [28, 57, 58] extend it to dynamic 3D scenes by tracking of all
dense scene elements [28] or deformation field modeling [53,58]. Another stream
of works [6,47,59] focuses on the 3D content creation, which combines Gaussian
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Splatting with diffusion-based models and shows high-quality generation results.
However, none of the existing Gaussian Splatting works enables object / stuff-
level or semantic understanding of the 3D scene. Our Gaussian Grouping extends
Gaussian Splatting from geometry modeling to also support open-world and
fine-grained scene understanding. We show that it is an effective and flexible 3D
representation in supporting a series of downstream scene editing applications.
Radiance-based Open World Scene Understanding Existing semantic
scene modeling approaches combined with radiance fields are NeRF-based [30,32,
65]. Semantic-NeRF [66] initiated the incorporation of semantic information into
NeRFs. Building upon it, subsequent research focusing on in-domain scene mod-
eling, has expanded the scope by introducing instance modeling [10,21,43,51] or
encoding visual features [18, 39, 48–50] that support semantic delineation. Most
of these methods cannot generalize to open-world scenarios. By distilling 2D
features such as CLIP [38] or DINO [3], Distilled Feature Fields [18] explores
embedding pixel-aligned feature vectors, and LERF [15] learns language field to
help open-world 3D semantics. These open-world approaches are only limited
in semantic segmentation (hard to separate similar objects of the same cate-
gory) and cannot produce very accurate segmentation masks. To our knowledge,
we propose the first Gaussian-based method to tackle open-world 3D scene un-
derstanding, where we show the advantages compared to existing NeRF-based
approaches [15, 18, 43] in segmentation quality, efficiency and good extension to
downstream scene editing applications.
SAM in 3D Segment Anything Model (SAM) [16] was released as a founda-
tional vision model for zero-shot 2D segmentation. Several works lift SAM’s 2D
masks to 3D segmentation via NeRF [4,5] or 3D point cloud [56]. However, these
NeRF-based approaches only focus on a single / few objects of the 3D scene,
while our Gaussian Grouping operates in automatic everything mode to attain
the holistic understanding of each instance / stuff of the full scene.
Radiance-based Scene Editing Manipulating 3D scenes via a radiance field is
challenging. For existing NeRF-based scene editing works [12,24,26,54,62], Clip-
NeRF [52], Object-NeRF [55], and LaTeRF [34] design approaches to change and
complete objects represented by NeRFs; however, their application scenario is
limited to simple objects, rather than scenes with significant clutter and texture.
Some other works specify bounding boxes [35,61], to allow flexible compositing of
various objects [64] or combining with physical simulation [23]. Most recently, 3D
object inpainting is studied in SPIn-NeRF [33] and language-based scene editing
is proposed in [11]. We apply Gaussian Grouping to versatile scene editing tasks,
and show benefits brought by the fine-grained scene modeling, where multiple
scene editings can be easily superimposed on the same image. Local Gaussian
Editing makes the training / editing simple and efficient.

3 Method

Our work aims to build an expressive 3D scene representation, which not only
models appearance and geometry, but also captures every instance and stuff
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identity of the scene. We design our method based on the recent 3D Gaussian
Splatting [14], and extend it from pure 3D reconstruction to fine-grained scene
understanding. Our approach, called Gaussian Grouping, is capable of: 1) mod-
eling each 3D part of the scene with appearance, geometry together with their
mask identities; 2) fully decomposing the 3D scene into discrete groups, e.g . rep-
resenting different object instances to enable editing; 3) allowing for fast training
and rendering, while not diluting the original 3D reconstruction quality.

Gaussian Grouping effectively leverages the dense 2D mask proposals of
SAM, and lifts them to segment anything in the 3D scene via radiance fields
rendering. In Sec 3.1, we first briefly review the 3D Gaussian Splatting method
on radiance field rendering. We then detail the input data pre-processing steps
and further describe the proposed Gaussian Grouping in Section 3.2. With the
constructed 3D representation, finally, we show its advantages in downstream
scene editing tasks by the efficient Local Gaussian Editing in Section 3.3.

3.1 Preliminaries: 3D Gaussian Splatting

Gaussian Splatting, as introduced by [14], encapsulates 3D scene information us-
ing a suite of 3D colored Gaussians. This technique has established its effective-
ness in the reconstruction tasks, exhibiting high inference speeds and remarkable
quality of reconstruction within timeframes on par with those of NeRF. Yet, its
potential in scene understanding has not been thoroughly investigated. Our re-
search reveals that 3D Gaussians hold considerable promise for the open-world
and complex 3D scene understanding.

To represent the scene, each Gaussian’s property is characterized by a cen-
troid p = {x, y, z} ∈ R3, a 3D size s ∈ R3 in standard deviations, and a ro-
tational quaternion q ∈ R4. To allow fast α-blending for rendering, an opacity
value α ∈ R and a color vector c are represented in the three degrees of spherical
harmonics (SH) coefficients. These adjustable parameters are collectively sym-
bolized by SΘi

, where SΘi
= {pi, si,qi, αi, ci} represents the set of parameters

for the i-th Gaussian. Gaussian Splatting projects these 3D Gaussians onto the
2D image plane and implement differentiable rendering for each pixel.

3.2 3D Gaussian Grouping

In this section, we describe the design of our Gaussian Grouping. To enable
3D Gaussians for fine-grained scene understanding, our key insight is that we
preserve all attributes of the Gaussians (such as their position, color, opacity, and
size) in their original setting, but add new Identity Encoding parameters (similar
to the format of color modeling). This allows each Gaussian to be assigned to
its represented instances or stuff in the 3D scene.
(a) 2D Image and Mask Input To prepare the input for Gaussian Grouping,
in Figure 2(a), we first deploy SAM to automatically generate masks for each
image of the multi-view collection. The 2D masks are individually produced per
image. Then, to assign each 2D mask a unique ID in the 3D scene, we need to
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Fig. 2: The method pipeline of our Gaussian Grouping contains three main steps:
(a) We first prepare the input by deploying SAM to automatically generate masks
in everything mode for each view independently. (b) Then, to obtain the consistent
mask IDs across training views, we take a universal temporal propagation model [7]
to associate the mask labels and generate a coherent multi-view segmentation. (c)
With the prepared training input, we jointly learn all properties of the 3D Gaussians,
including their group Identity Encoding, by differentiable rendering. Our encoding is
supervised by the 2D Identity Loss, leveraging the coherent segmentation views, and
a 3D Regularization loss. We use color the denote object IDs across frames for input
views. We omit the rendering process for other Gaussian parameters and the density
control part for simplicity, as it is inherited from [14].

associate the masks of the same identity across different views and obtain the
total number K of instances / stuff in the 3D scene.
(b) Identity Consistency across Views Instead of resorting to the cost-
based linear assignment [43] during training, we treat the multi-view images of
a 3D scene as a video sequence with gradually changing views. To achieve the
2D mask consistency across views, we employ a well-trained zero-shot tracker [7]
to propagate and associate masks. This also provides the total number of mask
identities in the 3D scene. We visualize associated 2D mask labels in Figure 2(b).
Compared to the cost-based linear assignment proposed in [43], we find it sim-
plifies the training difficulty while avoiding repeatedly computing the matching
relation in each rendering iteration, resulting in over 60× speeding up. It also
achieves better performance than the cost-based linear assignment, especially
under the dense and overlapping masks by SAM. Besides, we show the robust-
ness of our 3D masks association in Figure 5, where the 2D associated masks [7]
from video contain obvious errors.
(c) 3D Gaussian Rendering and Grouping To generate 3D-consistent mask
identities across views of the scene, we propose to group 3D Gaussians belonging
to the same instance / stuff. In addition to the existing Gaussian properties, we
introduce a new parameter, i.e., Identity Encoding, to each Gaussian. The Iden-
tity Encoding is a learnable and compact vector of length 16, which we find is
sufficient to distinguish the different objects / parts in the scene with computa-
tion efficiency. During training, similar to Spherical Harmonic (SH) coefficients
representing the color of each Gaussian, we optimize the introduced Identity En-
coding vector to represent its instance ID of the scene. Note that different from
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the view-dependent appearance modeling of the scene, the instance ID is consis-
tent across various rendering views. Thus, we set the SH degree of the Identity
Encoding to 0, to only model its direct-current component. Unlike NeRF-based
methods [15,18,43] designing extra semantic MLP layers, the Identity Encoding
serves as the learnable property for each Gaussian to group the 3D scene.

To optimize the introduced Identity Encoding of each Gaussian, in Fig-
ure 2(c), we render these encoded identity vectors into 2D images in a differen-
tiable manner. We take the differentiable 3D Gaussian renderer from [14] and
treat the rendering process similar to the color optimization in [14].

3D Gaussian splatting adopts neural point-based α′-rendering [19,20], where
the influence weight α′ of each Gaussian can be evaluated in 2D for each pixel.
Following [14], the influence of all Gaussians on a single pixel location is com-
puted by sorting the Gaussians in depth order and blending N ordered points
overlapping the pixels [29,32]:

Eid =
∑
i∈N

eiα
′
i

i−1∏
j=1

(1− α′
j) (1)

where the final rendered 2D mask identity feature Eid for each pixel is a weighted
sum over the Identity Encoding ei of length 16 for each Gaussian, weighted by
the Gaussian’s influence factor α′

i on that pixel. Refer to [60], we compute α′
i

by measuring a 2D Gaussian with covariance Σ2D multiplied with a learned
per-point opacity αi, and

Σ2D = JWΣ3DWTJT (2)

where Σ3D is the 3D covariance matrix, Σ2D is the splatted 2D version [67]. J
is the Jacobian of the affine approximation of the 3D-2D projection, and W is
the world-to-camera transformation matrix.
(d) Grouping Loss After associating 2D instance labels across each training
view, suppose there are K masks in total in the 3D scene. To group each 3D
Gaussian by the instance /stuff mask identities, we design the grouping loss Lid
for updating the Identity Encoding of Gaussians with two components:

1. 2D Identity Loss: Since the mask identity labels are in 2D, instead
of directly supervising the Identity Encoding ei of the 3D Gaussians. Given
the rendered 2D features Eid in Eq. 1 as input, we first add a linear layer f
to recover its feature dimension back to K and then take softmax (f(Eid)) for
identity classification, where K is the total number of masks in the 3D scene.
We adopt a standard cross-entropy loss L2d for K categories classification.

2. 3D Regularization Loss: To further boost the grouping accuracy of
Gaussians, besides the standard cross-entropy loss for indirect 2D supervision,
we also introduce an unsupervised 3D Regularization Loss to directly regularize
the learning of Identity Encoding ei. 3D Regularization Loss leverages the 3D
spatial consistency, which enforces the Identity Encodings of the top k-nearest
3D Gaussians to be close in their feature distance. This allows the 3D Gaussians
inside the 3D object, or heavily occluded (not visible in nearly all training views)
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Task 3. 3D Object Colorization        Change group color (SH)  

3D Gaussian Groups

Gaussian Operation List

Task 5. 3D Scene Re-composition Exchange group locations.

Task 1. 3D Object Removal Delete Gaussians Groups

Task 2. 3D Object Inpainting Delete + Add new Gaussians

Task 4. 3D Object Style Transfer Fine-tuning group color (SH) 

More Tasks

ID = 0

ID = 1
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Fig. 3: The grouped 3D Gaussians after training, where each group represents a specific
instance / stuff of the 3D scene and can be fully decoupled. Our representation is
efficient to support versatile downstream scene editing applications, where we design
a Gaussian Operation List consisting of simple operations like group deletion, group
addition, finetuning Spherical Harmonic (SH) and exchanging 3D center locations.

during the point-based rendering (Eq. 1) to be supervised more sufficiently. In
Eq. 3, we denote F as softmax operation combined after linear layer f (shared
in computing the 2D Identity loss). We formalize the KL divergence loss with m
sampling points as,

L3d =
1

m

m∑
j=1

Dkl(P ||Q) =
1

mk

m∑
j=1

k∑
i=1

F (ej) log

(
F (ej)

F (e′i)

)
(3)

where P contains the sampled Identity Encoding e of a 3D Gaussian, while the
set Q = {e′1, e′2, ..., e′k} consists of its k nearest neighbors in 3D Euclidean space.
We omit the softmax operation combined after linear layer f for simplicity.

Combined with the conventional 3D Gaussian Reconstruction Loss Lrec on
image rendering [14], the total loss Lrender for fully end-to-end training is

Lrender = Lrec + Lid = Lrec + λ2dL2d + λ3dL3d (4)

3.3 Gaussian Grouping for Scene Editing

After the 3D Gaussian field training and grouping (Sec 3.2), as in Figure 3, we
represent the whole 3D scene with a set of grouped 3D Gaussians. To perform
various downstream local scene editing tasks, we propose efficient Local Gaussian
Editing. Thanks to the decoupled scene representation, instead of fine-tuning all
3D Gaussians, we freeze the properties for most of the well-trained Gaussians
and only adjust a small part of existing or newly added 3D Gaussians relevant
to the editing targets. For 3D object removal, we simply delete the 3D Gaussians
of the editing target. For 3D scene re-composition, we exchange the 3D location
between two Gaussian groups. These two editing applications are direct with
no parameter tuning. For 3D object inpainting, we first delete the relevant 3D
Gaussians and then add a small number of new Gaussians to be supervised by the
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2D inpainting results by LaMa [45] during rendering. For 3D object colorization,
we only tune the color (SH) parameters of the corresponding Gaussian group to
preserve the learned 3D scene geometry. For 3D object style transfer, we further
unfreeze the 3D positions and sizes to achieve more realistic results.

Our local Gaussian editing scheme is time-efficient, as shown in our exper-
iment. Because of our fine-grained mask modeling, it also supports multiple
concurrent local editings without interfering with each other or re-training the
whole global 3D scene representation with new editing operations. Compared to
NeRF-based approaches [11,18,33], we also provide extensive visual comparisons
for scene editing cases and discussion on mask granularity in the Supp. file.

4 Experiments

4.1 Dataset and Experiment Setup

Datasets To measure segmentation or fine-grained localization accuracy in
open-world scene, we evolve the existing LERF-Localization [15] evaluation dataset
and propose the LERF-Mask dataset, where we manually annotate three scenes
from LERF-Localization with accurate masks instead of using coarse bounding
boxes. For each 3D scene, we provide 7.7 text queries with corresponding GT
mask labels on average. We also provide 3D panoptic segmentation results on
Replica [44] and ScanNet [8] dataset. More details are in the Supp. file

To evaluate the reconstruction quality, we tested our Gaussian Grouping on
7 of full 9 sets of scenes presented in Mip-NeRF 360 [1], where the flowers and
treehill are skipped due to the non-public access right. We also take diverse 3D
scene cases from LLFF [31], Tanks & Temples [17] and Instruct-NeRF2NeRF [11]
for visual comparison on scene editing.
Implementation Details We implement Gaussian Grouping based on Gaus-
sian Splatting [14]. We add a 16-dimension identity encoding to each Gaussian
and implement forward and backward cuda rasterization similar to the RGB
feature. The output classification linear layer has 16 input and 256 output chan-
nels. In training, λ2d = 1.0 and λ2d = 2.0. We use the Adam optimizer for both
Gaussians and the linear layer, with a learning rate of 2.5e-3 for identity encod-
ing and 5e-4 for the linear layer. For 3D regularization loss, we choose k = 5 and
m = 1000. All datasets are trained for 30K iterations on one A100 GPU. Refer
to our Supp. file for more details on scene editing and SAM’s mask granularity.

4.2 Ablation Experiments

Ablation on Mask Cross-view Association To study the effect of cross-view
masks association [7] for input preparation, we replace the associated masks in-
put to the individual masks predicted by SAM per image in Gaussian Grouping.
We take the cost-based linear assignment strategy proposed in [43], and perform
the visual comparison on rendering results in Figure 4. The linear assignment
not only heavily slows down the whole training due to the assignment computa-
tion in each iteration, but also produces noisy mask predictions. This is owing
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GT Image

Rendered Image

Rendered Mask

Cost-based Linear Assignment
(2K Iterations, 

training time: > 1 hour)

Our Zero-shot Mask Association
(2K Iterations, training time: 1 

min), ID embed dim 16

Our Zero-shot Mask Association
(2K Iterations, training time: 
1.3min), ID embed dim 32

Fig. 4: Ablation on the Identity Con-
sistency across views, where we treat
multi-view images as a video and as-
sociate the mask labels to generate co-
herent segmentation labels [7] for train-
ing. We founding using cost-based linear
assignment [43] leads to slower training
and inferior testing performance in both
reconstruction and segmentation.

Input Views 

The Mask Labels 
of DEVA

Our Rendered 
Mask with 

Error Correction

Fig. 5: Robustness to input masks errors
on Mip-NeRF 360 [1]. In the 2nd and 3rd
columns (middle two views), SAM + DEVA
fails to segment and associate the chair across
frames. However, owing to the shared 3D
Gaussian representation during reconstruc-
tion, Gaussian Grouping successfully corrects
the error in mask labels and segments the
black chair during the multi-view rendering.

Table 1: Influence of Identity Encoding on Mip-NeRF
360 [1] dataset with its 7 public scenes. The joint train-
ing of the introduced Identity Encodings does not hurt
the original Gaussian reconstruction quality.

Model Scene Seg Scene Edit PSNR↑ SSIM↑ LPIPS↓ FPS
Baseline: Gaussian Splatting [14] - - 28.69 0.870 0.182 ∼200
Gaussian Grouping ✓ ✓ 28.43 0.863 0.189 ∼170

Table 2: Ablation of K of 3D
Regularization Loss on the 3D
object removal. RAcc: Object
Removal Accuracy.

Model Gaussian Splatting Gaussian Grouping
K=0 K=1 k=2 K=5 K=10

PSNR 30.32 30.51 30.62 30.61 30.72 30.62
RAcc N/A 41.2% 40.5% 67.5% 76.6% 77.8%

to the large gradients brought by the unstable cost-based liner assignment, es-
pecially at the initial training stage of the network, where masks prediction is
nearly random. For 2K training iteration, linear assignment requires 1 hour but
our associated mask input only requires 1 minute. Also, we compare the scene
render reconstruction quality in Figure 4, where the appearance details of the
rope attached to the ceiling are much better preserved by our method.
Masks Association Errors Correction and Robustness Gaussian Group-
ing can also correct the 2D segmentation errors produced by DEVA, as shown
in Figure 5. Even taking the training input with partial 2D mask labels lost by
tracking, Gaussian Grouping is robust in 3D association and can retrieve them
based on the shared 3D Gaussian representation across different views.
Influence of the Identity Encoding In Table 1, we study the influence of our
introduced Identity Encoding on original Gaussian Splatting’s 3D reconstruction
performance and speed. The performance of Gaussian Grouping is on par with
the original Gaussian Splatting method with negligible decrease, but it allows
anything in the whole 3D scene to be segmented. By Identity Encoding, we
lift the 2D zero-shot segmentation of SAM to the 3D open world. Further, the
grouped 3D Gaussians support a wide range of downstream editing tasks. We
simply train all model components in an end-to-end manner jointly. This is
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Rendered 
Image

K=1 K=5 K=10 K=5 + Post processK=0

Fig. 6: Visual ablation of K in the 3D Regularization Loss on object removal editing
of MipNeRF360. We remove Gaussians classified as lego with various K. We compute
the convex hull of the removed 3D Gaussian points as the post process.

Rendered View 2D Identity Loss 2D Identity Loss + 3D 
Identity Loss

Inpainting region
of the rendered view

Inpainting result
of the rendered view

Fig. 7: Ablation on the Grouping Loss on the Bear inpainting case. The joint super-
vision of 2D and 3D losses addresses the “transparent bear issue", which shows bet-
ter Gaussian Grouping accuracy. After deleting the Gaussians belonging to the bear,
we detect the image hole region with no Gaussians projection covering and then use
LaMa [45] to produce a single view inpainting result to guide the learning for newly
added inpainting Gaussians.

different from Panoptic Lifting [21] which requires to block gradients from the
segmentation branch back to the reconstruction branch.
Ablation on Identity Encoding Dimension We study the impact of dimen-
sion for our Identity Encoding in Figure 4. To keep the training efficiency, we set
the dimension of Identity Encoding to only 16 because it not only shows a good
segmentation separation between objects but also keeps the training efficiency.
Doubling the dimension to 32 does not bring a better reconstruction quality
compared to 16 but make training 1.3 times slower.
Ablation of 3D Regularization Loss We perform ablation of K in our 3D
Regularization Loss on the Kitchen dataset of Mip-NeRF 360 [1] to select K. As
in Fig. 6 and Table 2, K = 5 achieves both the best balance between the scene
reconstruction and 3D object removal accuracy. Figure 6 further visualizes the
influence of K during the 3D object removal process.
Visual Ablation on the Grouping Losses In Figure 7, we study the effect
of our grouping loss components, where solely using 2D Identity Loss will result
in the ‘transparent bear issue’. This is due to Gaussians inside the bear being
occluded during training and cannot be supervised sufficiently. We address it by
proposing 3D Identity/Regularization Loss for joint training with the 2D loss.

4.3 3D Multi-view Segmentation

Open-vocabulary Segmentation Comparison We compare the segmenta-
tion quality of Gaussian Grouping in 3D scenes with the state-of-the-art open-
vocabulary 3D segmentation methods, such as LERF [15] and SA3D [4]. To
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PCA Feature Visualization
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Mask Prediction 
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Egg
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Prompt: 
Green apple

Prompt: 
Red toy chair

Fig. 8: Segmentation comparison between LERF [15] and our Gaussian Grouping on
the rendering view. The masks predicted by Gaussian Grouping contain much sharper
and more accurate boundaries than LERF. Also, our approach is better at distinguish-
ing objects with similar colors, such as the “Green apple" prompt case.

compare fine-grained mask localization quality, we annotate the test views of
three 3D scenes from the LERF-Localization [15] dataset with accurate masks
to replace its original coarse bounding boxes. In Table 3, the advantage of our
Gaussian Grouping is significant, doubling the performance of LERF and SA3D
on both the "figurines" and "ramen" scenes. We also show the visual segmenta-
tion comparison in Figure 8, where the segmentation prediction by our method is
much more accurate with a clear boundary, while LERF-based similarity com-
puting only provides a rough localization area. Since SAM does not support
language prompts, both SA3D and our method adopt Grounding DINO [25] to
identify the mask ID in a 2D image, and then pick the corresponding mask from
our anything masks prediction.
3D Panoptic Segmentation Comparison We compare the panoptic segmen-
tation quality with Panoptic Lifting [43] in Table 4. We use the same semantic
mask labels from Mask-DINO [22] with semantic information for both Panoptic
Lifting [43] and our method. Gaussian Grouping outperforms Panoptic Lifting
in both performance and speed.

4.4 3D Scene Editing

3D Object Removal 3D object removal is to completely delete an object
from the 3D scene, where the background behind the removed instance / stuff
can be noisy or have a hole because of no observation. In Figure 9, we compare
the removal effect of our Gaussian Grouping with the Distilled Feature Fields
(DFFs) [18]. For challenging scene cases with large objects, our method can
clearly separate the 3D object from the background. While the performance of
DFFs is limited by the quality of its CLIP-distilled features, which results in
the complete foreground removal (Train case) or inaccurate region removal with
obvious artifacts (Truck case).
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Table 3: Comparison of Open Vocabu-
lary Segmentation on LERF-Mask dataset.
We adopt the detections from Grounding
DINO [25] to select mask IDs in a 3D scene.

Model figurines ramen teatime
mIoU mBIoU mIoU mBIoU mIoU mBIoU

DEVA [7] 46.2 45.1 56.8 51.1 54.3 52.2
LERF [15] 33.5 30.6 28.3 14.7 49.7 42.6
SA3D [4] 24.9 23.8 7.4 7.0 42.5 39.2
LangSplat [37] 52.8 50.5 50.4 44.7 69.5 65.6
Gaussian Grouping 69.7 67.9 77.0 68.7 71.7 66.1

Table 4: Panoptic segmentation com-
parison on novel views. For semantic in-
formation of the prediction, we adopt
Mask-DINO [22] as the semantic mask
label generator for each view. We refer
to the reported setting from [9].

Model Replica ScanNet
mIoU (%) PQscene(%) FPS mIoU(%) PQscene(%) FPS

Panoptic Lifting [43] 66.22 64.34 ∼10 67.01 60.74 ∼10
Gaussian Grouping 71.15 66.52 ∼140 68.70 61.83 ∼150

Rendered 
Image

DFFs
(Background

after
removal)

Ours
(Background

after 
removal)

Fig. 9: 3D Object removal on the Tanks & Temples dataset [17]. Compared to
DFFs [18], our Gaussian Grouping can remove the large-scale objects, such as truck,
from the 3D scene with greatly reduced artifacts w/o leaving a blurry background.

Rendered
Image

SPIn-NeRF
(5h train)

Ours
(1h train 
+ 20min 
finetune)

Fig. 10: Comparison on 3D object inpainting cases, where SPIn-NeRF [33] requires 5h
training while our method with better inpainting quality only needs 1 hour training
and 20 minutes finetuning.

3D Object Inpainting Based on the 3D object removal, in the 3D object
inpainting task, we aim to further fill the “hole regions" due to missing observa-
tion across all views and make it a photo-realistic and view-consistent natural 3D
scene. We first detect the regions which are invisible in all views after deletion,
and inpaint these “invisible regions” instead of the whole “2D object regions".
We adopt the 2D inpainted image to guide the learning of the newly introduced
3D Gaussian. In Figure 10, compared to SPIn-NeRF [33], the inpainting result of
our Gaussian Grouping better preserves spatial detail and multi-view coherence.
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Rendered
Test View

Rendered
Anything 

Masks

3D Object 
Removal in 
both red and 
green circles

Colorization 
in purple

circle

Fig. 11: Multi-object editing within the
same 3D scene, where we concurrently
perform 3D object removal for objects in
the red and green circles, and colorization
for the glove in the purple circle.

Rendered 
Views

Transfer 
Result By 
Gaussian 
Grouping

Transfer 
Result By 
Instruct-

NeRF2NeRF

Fig. 12: Visual comparison of 3D ob-
ject style transfer between Instruct-
NeRF2NeRF [11] and Gaussian Grouping
under the same instruction prompt “Turn
the bear into a panda”.

3D Object Style Transfer Gaussian Grouping supports 3D object style trans-
fer efficiently. We compare with the recent Instruct-NeRF2NeRF [11] on 3D ob-
ject style transfer in Figure 12, using the same instruction prompt “turn the
bear into a panda" and the same image guidance by InstructPix2Pix [2]. Gaus-
sian Grouping produces more coherent and natural transferred “bear” across
views. Since our Gaussian Grouping models “anything masks” of the open-world
3D scene, including the bear, the spatial details of background regions (outside
the bear) are also faithfully preserved. While for Instruct-NeRF2NeRF, a large
portion of background regions are unnecessarily getting blurry with degraded
quality. We describe the detailed pipeline of style transfer in the Supp. file.
3D Multi-Object Editing In Figure 11, we demonstrate multiple editing
actions (like removing objects and colorization) on different Gaussian groups
of the 3D scene. This grouped 3D Gaussian representation enables concurrent
editing of several objects while maintaining non-interference among them.
Limitation Due to the lack of dynamic modeling and time-dependent updating,
Gaussian Grouping is currently limited to the static 3D scene. Also, it would be
interesting to explore fully unsupervised Gaussian Grouping in the future.

5 Conclusion

We propose Gaussian Grouping, the first 3D Gaussian-based approach to jointly
reconstruct and segment anything in the open-world 3D scene. We introduce
an Identity Encoding for 3D Gaussians that is supervised both by 2D mask
predictions from SAM and 3D spatial consistency. Based on this grouped and
discrete 3D scene representation, we further show it can support versatile scene
editing applications, such as 3D object removal, 3D object inpainting, 3D object
style transfer and scene recomposition, with both high-quality visual effects and
good time efficiency.
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