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Figure 1. Feature 3DGS. We present a general method that significantly enhances 3D Gaussian Splatting through the integration of large
2D foundation models via feature field distillation. This advancement extends the capabilities of 3D Gaussian Splatting beyond mere novel
view synthesis. It now encompasses a range of functionalities, including semantic segmentation, language-guided editing, and promptable
segmentations such as “segment anything” or automatic segmentation of everything from any novel view. Scene from [13].

Abstract

3D scene representations have gained immense popular-
ity in recent years. Methods that use Neural Radiance fields
are versatile for traditional tasks such as novel view syn-
thesis. In recent times, some work has emerged that aims
to extend the functionality of NeRF beyond view synthesis,
for semantically aware tasks such as editing and segmenta-
tion using 3D feature field distillation from 2D foundation

*Equal contribution.

models. However, these methods have two major limita-
tions: (a) they are limited by the rendering speed of NeRF
pipelines, and (b) implicitly represented feature fields suf-
fer from continuity artifacts reducing feature quality. Re-
cently, 3D Gaussian Splatting has shown state-of-the-art
performance on real-time radiance field rendering. In this
work, we go one step further: in addition to radiance field
rendering, we enable 3D Gaussian splatting on arbitrary-
dimension semantic features via 2D foundation model dis-
tillation. This translation is not straightforward: naively in-
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corporating feature fields in the 3DGS framework encoun-
ters significant challenges, notably the disparities in spa-
tial resolution and channel consistency between RGB im-
ages and feature maps. We propose architectural and train-
ing changes to efficiently avert this problem. Our proposed
method is general, and our experiments showcase novel
view semantic segmentation, language-guided editing and
segment anything through learning feature fields from state-
of-the-art 2D foundation models such as SAM and CLIP-
LSeg. Across experiments, our distillation method is able
to provide comparable or better results, while being signif-
icantly faster to both train and render. Additionally, to the
best of our knowledge, we are the first method to enable
point and bounding-box prompting for radiance field ma-
nipulation, by leveraging the SAM model. Project website
at: https://feature—-3dgs.github.io/.

1. Introduction

3D scene representation techniques have been at the fore-
front of computer vision and graphics advances in re-
cent years. Methods such as Neural Radiance Fields
(NeRFs) [27], and works that have followed up on it, have
enabled learning implicitly represented 3D fields that are
supervised on 2D images using the rendering equation.
These methods have shown great promise for tasks such as
novel view synthesis. However, since the implicit function
is only designed to store local radiance information at every
3D location, the information contained in the field is limited
from the perspective of downstream applications.

More recently, NeRF-based methods have attempted to
use the 3D field to store additional descriptive features for
the scene, in addition to the radiance [9, 16, 18, 42]. These
features, when rendered into feature images, can then pro-
vide additional semantic information for the scene, enabling
donwstream tasks such as editing, segmentation and so on.
However, feature field distillation through such a method is
subject to a major disadvantage: NeRF-based methods can
be natively slow to train as well as to infer. This is further
complicated by model capacity issues: if the implicit repre-
sentation network is kept fixed, while requiring it to learn an
additional feature field (to not make the rendering and infer-
ence speeds even slower), the quality of the radiance field,
as well as the feature field is likely to be affected unless the
weight hyperparameter is meticulously tuned [18].

A recent alternative for implicit radiance field represen-
tations is the 3D Gaussian splatting-based radiance field
proposed by Kerbl et al. [15]. This explicitly-represented
field using 3D Gaussians is found to have superior training
speeds and rendering speeds when compared with NeRF-
based methods, while retaining comparable or better qual-
ity of rendered images. This speed of rendering while re-
taining high quality has paved the way for real-time ren-

dering applications, such as in VR and AR, that were pre-
viously found to be difficult. However, the 3D Gaussian
splatting framework suffers the same representation limita-
tion as NeRFs: natively, the framework does not support
joint learning of semantic features and radiance field infor-
mation at each Gaussian.

In this work, we present Feature 3DGS: the first fea-
ture field distillation technique based on the 3D Gaussian
Splatting framework. Specifically, we propose learning a
semantic feature at each 3D Gaussian, in addition to color
information. Then, by splatting and rasterizing the feature
vectors differentiably, the distillation of the feature field is
possible using guidance from 2D foundation models. While
the structure is natural and simple, enabling fast yet high-
quality feature field distillation is not trivial: as the dimen-
sion of the learnt feature at each Gaussian increases, both
training and rendering speeds drop drastically. We there-
fore propose learning a structured lower-dimensional fea-
ture field, which is later upsampled using a lightweight con-
volutional decoder at the end of the rasterization process.
Therefore, this pipeline enables us to achieve improved fea-
ture field distillation at faster training and rendering speeds
than NeRF-based methods, enabling a range of applica-
tions, including semantic segmentation, language-guided
editing, promptable/promptless instance segmentation and
so on.

In summary, our contributions are as follows:

* A novel 3D Gaussian splatting inspired framework for
feature field distillation using guidance from 2D founda-
tion models.

* A general distillation framework capable of working with
a variety of feature fields such as CLIP-LSeg, Segment
Anything (SAM) and so on.

* Up to 2.7x faster feature field distillation and feature
rendering over NeRF-based method by leveraging low-
dimensional distillation followed by learnt convolutional
upsampling.

* Up to 23% improvement on mloU for tasks such as se-
mantic segmentation.

2. Related Work
2.1. Implicit Radiance Field Representations

Implicit neural representations have achieved remarkable
success in recent years across a variety of areas within the
field of computer vision [1, 25, 27, 29, 31, 44]. NeRF [27]
demonstrates outstanding performance in novel view syn-
thesis by representing 3D scenes with a coordinate-based
neural network. In mip-NeRF [1], point-based ray trac-
ing is replaced using cone tracing to combat aliasing. Zip-
NeRF [2] utilized an anti-aliased grid-based technique to
boost the radiance field performance. Instant-NGP [28] re-
duces the cost for neural primitives with a versatile new
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Figure 2. An overview of our method. We adopt the same 3D Gaussian initialization from sparse SfM point clouds as utilized in 3DGS,
with the addition of an essential attribute: the semantic feature. Our primary innovation lies in the development of a Parallel N-dimensional
Gaussian Rasterizer, complemented by a convolutional speed-up module as an optional branch. This configuration is adept at rapidly
rendering arbitrarily high-dimensional features without sacrificing downstream performance.

input encoding that permits the use of a smaller network
without sacrificing quality, thus significantly reducing the
number of floating point and memory access operations.
IBRNet [43], MVSNeRF [6], and PixelNeRF [48] con-
struct a generalizable 3D representation by leveraging fea-
tures gathered from various observed viewpoints. How-
ever, NeRF-based methods are hindered by slow render-
ing speeds and substantial memory usage during training,
a consequence of their implicit design.

2.2. Explicit Radiance Field Representations

Pure implicit radiance fields are slow to operate and usu-
ally require millions of times querying a neural network
for rendering a large-scale scene. Marrying explicit rep-
resentations into implicit radiance fields enjoys the best
of both worlds. Triplane [5], TensoRF [7], K-Plane [10],
TILED [47] adopt tensor factorization to obtain efficient
explicit representation. InstantNGP [28] utilizes multi-
scale hash grids to work with large-scale scenes. Block-
NeRF [40] further extends NeRF to render city-scale scenes
spanning multiple blocks. Point NeRF [45] uses neural 3D
points for representing and rendering a continuous radiance
volume. NU-MCC [22] similarly utilizes latent point fea-
tures but focuses on shape completion tasks. Unlike NeRF-
style volumetric rendering, 3D Gaussian Splatting intro-
duces point-based a-blending and an efficient point-based
rasterizer. Our work follows 3D Gaussians Splatting, where
we represent the scene using explicit point-based 3D repre-
sentation, i.e. anisotropic 3D Gaussians.

2.3. Feature Field Distillation

Enabling simultaneously novel view synthesis and repre-
senting feature fields is well explored under NeRF [27] lit-
erature. Pioneering works such as Semantic NeRF [49]
and Panoptic Lifting [38] have successfully embedded se-

mantic data from segmentation networks into 3D spaces.
Their research has shown that merging noisy or inconsis-
tent 2D labels in a 3D environment can yield sharp and pre-
cise 3D segmentation. Further extending this idea, tech-
niques like those presented in [34] have demonstrated the
effectiveness of segmenting objects in 3D with minimal
user input, like rudimentary foreground-background masks.
Beyond optimizing NeRF with estimated labels, Distilled
Feature Fields [18], NeRF-SOS [9], LERF [16], and Neu-
ral Feature Fusion Fields [42] have delved into embed-
ding pixel-aligned feature vectors from technologies such
as LSeg or DINO [4] into NeRF frameworks. Addition-
ally, [11, 23, 24, 36, 37, 41, 46] also explore feature fusion
and manipulation in 3D. Feature 3DGS shares a similar idea
for distilling 2D well-trained models, but also demonstrates
an effective way of distilling into explicit point-based 3D
representations, for simultaneous photo-realistic view syn-
thesis and label map rendering.

3. Method

NeRF-based feature field distillation, as explored in [18],
utilizes two distinct branches of MLPs to output the color
c and feature f. Subsequently, the RGB image and high-
dimensional feature map are rendered individually through
volumetric rendering. The transition from NeRF to 3DGS
is not as straightforward as simply rasterizing RGB images
and feature maps independently. Typically, feature maps
have fixed dimensions that often differ from those of RGB
images. Due to the tile-based rasterization procedure and
shared attributes between images and feature maps, ren-
dering them independently can be problematic. A naive
approach is to adopt a two-stage training method that ras-
terizes them separately. However, this approach could re-
sult in suboptimal quality for both RGB images and feature
maps, given the high-dimensional correlations of semantic
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features with the shared attributes of RGB.

In this section, we introduce a novel pipeline for high-
dimensional feature rendering and feature field distillation,
which enables 3D Gaussians to explicitly represent both ra-
diance fields and feature fields. Our proposed parallel N-
dimensional Gaussian rasterizer and speed-up module can
effectively solve the aforementioned problems and is ca-
pable of rendering arbitrary dimensional semantic feature
map. An overview of our method is shown in Fig. 2. Our
proposed method is general and compatible with any 2D
foundation model, by distilling the semantic features into
a 3D feature field using 3D Gaussian splatting. In our ex-
periments, we employ SAM [17] and LSeg [20], facilitating
promptable, promptless (zero-shot [3] [12]) and language-
driven computer vision tasks in a 3D context.

3.1. High-dimensional Semantic Feature Rendering

To develop a general feature field distillation pipeline, our
method should be able to render 2D feature maps of arbi-
trary size and feature dimension, in order to cope with dif-
ferent kinds of 2D foundation models. To achieve this, we
use the rendering pipeline based on the differentiable Gaus-
sian splatting framework proposed by [15] as our founda-
tion. We follow the same 3D Gaussians initialization tech-
nique using Structure from Motion [35]. Given this ini-
tial point cloud, each point z € R? within it can be de-
scribed as the center of a Gaussian. In world coordinates,
the 3D Gaussians are defined by a full 3D covariance ma-
trix X, which is transformed to ¥’ in camera coordinates
when 3D Gaussians are projected to 2D image / feature map
space [51]:
Y =JgwewtjT, (1)
where W is the world-to-camera transformation matrix
and J is the Jacobian of the affine approximation of the
projective transformation. X is physically meaningful only
when it is positive semi-definite — a condition that cannot
always be guaranteed during optimization. This issue can
be addressed by decomposing ¥ into rotation matrix R and
scaling matrix S:

Y = RSSTRT, ()

Practically, the rotation matrix R and the scaling matrix
S are stored as a rotation quaternion ¢ € R* and a scal-
ing factor s € R? respectively. Besides the aforementioned
optimizable parameters, an opacity value a € R and spher-
ical harmonics (SH) up to the 3rd order are also stored in
the 3D Gaussians. In practice, we optimize the zeroth-order
SH for the first 1000 iterations, which equates to a simple
diffuse color representation ¢ € R3, and we introduce 1
band every 1000 iterations until all 4 bands of SH are rep-
resented. Additionally, we incorporate the semantic feature
f € RY, where N can be any arbitrary number represent-
ing the latent dimension of the feature. In summary, for the

i—th 3D Gaussian, the optimizable attributes are given by
©; = {xi,qi, 56, iy ¢, fi )

Upon projecting the 3D Gaussians into a 2D space, the
color C' of a pixel and the feature value F)s of a feature map
pixel are computed by volumetric rendering which is per-
formed using front-to-back depth order [19]:

C=Y caTi, Fo=3) fiT, (3)
iEN ieEN

where T, = H;;ll(l — «;j), N is the set of sorted Gaus-
sians overlapping with the given pixel, 7; is the transmit-
tance, defined as the product of opacity values of previous
Gaussians overlapping the same pixel. The subscript s in
F, denotes “student”, indicating that this rendered feature
is per-pixel supervised by the “teacher” feature F;. The lat-
ter represents the latent embedding obtained by encoding
the ground truth image using the encoder of 2D foundation
models. This supervisory relationship underscores the in-
structional dynamic between F and F} in our model. In
essence, our approach involves distilling [14] the large 2D
teacher model into our small 3D student explicit scene rep-
resentation model through differentiable volumetric render-
ing.

In the rasterization stage, we adopted a joint optimiza-
tion method, as opposed to rasterizing the RGB image and
feature map independently. Both image and feature map uti-
lize the same tile-based rasterization procedure, where the
screen is divided into 16 x 16 tiles, and each thread pro-
cesses one pixel. Subsequently, 3D Gaussians are culled
against both the view frustum and each tile. Owing to their
shared attributes, both the feature map and RGB image are
rasterized to the same resolution but in different dimen-
sions, corresponding to the dimensions of ¢; and f; initial-
ized in the 3D Gaussians. This approach ensures that the
fidelity of the feature map is rendered as high as that of the
RGB image, thereby preserving per-pixel accuracy.

3.2. Optimization and Speed-up

The loss function is the photometric loss combined with the
feature loss:
L= Ergb + ’)/ﬁf, 4)

with

Ligp = (1 = NL1(I, 1) + Mp_ssim(I, 1),
Ly =|FI) - F(I)|1.

where I is the ground truth image and I is our rendered
image. The latent embedding F}(I) is derived from the 2D

foundation model by encoding the image I, while F(I)
represents our rendered feature map. To ensure identical
resolution H x W for the per-pixel £; loss calculation, we

apply bilinear interpolation to resize F(I) accordingly. In
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practice, we set the weight hyperparameters v = 1.0 and
A=0.2.

It is important to note that in NeRF-based feature field
distillation, the scene is implicitly represented as a neural
network. In this configuration, as discussed in [18], the
branch dedicated to the feature field shares some layers with
the radiance field. This overlap could potentially lead to in-
terference, where learning the feature fields might adversely
affect the radiance fields. To address this issue, a compro-
mise approach is to set 7y to a low value, meaning the weight
of the feature field is much smaller than that of the radiance
field during the optimization. [18] also mentions that NeRF
is highly sensitive to . Conversely, our explicit scene
representation avoids this issue. Our equal-weighted joint
optimization approach has demonstrated that the resulting
high-dimensional semantic features significantly contribute
to scene understanding and enhance the depiction of physi-
cal scene attributes, such as opacity and relative positioning.
See the comparison between Ours and Base 3DGS in Tab. 1.

To optimize the semantic feature f € R”Y, we minimize
the difference between the rendered feature map Fs(f ) €
RHXWxN and the teacher feature map F;(I) € RI>XWxM
ideally with N = M. However, in practice, M tends
to be a very large number due to the high latent dimen-
sions in 2D foundation models (e.g. M = 512 for LSeg
and M = 256 for SAM), making direct rendering of such
high-dimensional feature maps time-consuming. To ad-
dress this issue, we introduce a speed-up module at the
end of the rasterization process. This module consists of
a lightweight convolutional decoder that upsamples the fea-
ture channels with kernel size 1x 1. Consequently, it is fea-
sible to initialize f € R on 3D Gaussians with any arbi-
trary N < M and to use this learnable decoder to match
the feature channels. This allows us to not only effectively
achieve F,(I) € REXWx*M byt also significantly speed up
the optimization process without compromising the perfor-
mance on downstream tasks.

The advantages of implementing this convolutional
speed-up module are threefold: Firstly, the input to the
convolution layer, with a kernel size of 1 x 1, is the re-
sized rendered feature map, which is significantly smaller
in size compared to the original image. This makes the
1 x 1 convolution operation computationally efficient. Sec-
ondly, this convolution layer is a learnable component,
facilitating channel-wise communication within the high-
dimensional rendered feature, enhancing the feature repre-
sentation. Lastly, the module’s design is optional. Whether
included or not, it does not impact the performance of
downstream tasks, thereby maintaining the flexibility and
adaptability of the entire pipeline.

3.3. Promptable Explicit Scene Representation

Foundation models provide a base layer of knowledge and
skills that can be adapted for a variety of specific tasks and
applications. We wish to use our feature field distillation
approach to enable practical 3D representations of these
features. Specifically, we consider two foundation models,
namely Segment Anything [17], and LSeg [20]. The Seg-
ment Anything Model (SAM) [17] allows for both prompt-
able and promptless zero-shot segmentation in 2D, without
the need for specific task training. LSeg [20] introduces a
language-driven approach to zero-shot semantic segmenta-
tion. Utilizing the image feature encoder with the DPT ar-
chitecture [33] and text encoders from CLIP [32], LSeg ex-
tends text-image associations to a 2D pixel-level granular-
ity. Through the teacher-student distillation, our distilled
feature fields facilitate the extension of all 2D function-
alities — prompted by point, box, or text — into the 3D
realm.

Our promptable explicit scene representation works as
follows: for a 3D Gaussian x among the N ordered Gaus-
sians overlapping the target pixel, i.e. z; € X where
X = {x1,...,zN}, the activation score of a prompt T on
the 3D Gaussian z is calculated by cosine similarity be-
tween the query ¢(7) in the feature space and the semantic
feature f(x) of the 3D Gaussian followed by a softmax:

_ _f@)-q(r)
£ @) a1’

If we have a set T of possible labels, such as a text label
set for semantic segmentation or a point set of all the pos-
sible pixels for point-prompt, the probability of a prompt 7
of a 3D Gaussian can be obtained by softmax:

®)

S

exp (s)

p(7|z) = softmax(s) = S erexp(s;)

(6)

We utilize the computed probabilities to filter out Gaus-
sians with low probability scores. This selective approach
enables various operations, such as extraction, deletion, or
appearance modification, by updating the color ¢(z) and
opacity «(z) values as needed. With the newly updated
color set {c;}7; and opacity set {a;}" ;, where n is
smaller than NV, we can implement point-based a-blending
to render the edited radiance field from any novel view.

4. Experiments

4.1. Novel view semantic segmentation

The number of classes of a dataset is usually limited from
tens [8] to hundreds [50], which is insignificant to English
words [21]. In light of the limitation, semantic features
empower models to comprehend unseen labels by mapping
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Figure 3. Novel view semantic segmentation (LSeg) results on scenes from Replica dataset [39] and LLFF dataset [26]. (a) We
show examples of original images in training views together with the ground-truth feature visualizations. (b) We compare the qualitative
segmentation results using our Feature 3DGS with the NeRF-DFF [18]. Our inference is 1.66 x faster when rendered feature dim = 128.
Our method demonstrates more fine-grained segmentation results with higher-quality feature maps.

Metrics PSNR(#s.d)T  SSIMzs.d)t  LPIPS(+s.d)l
Ours (w/ speed-up)  37.012 +007)  0.971 (=53e-4)  0.023 (+2.9¢-4)
Ours 36.915 (+005) 0.970 +5.7e-4)  0.024 (£1.1e-3)
Base 3DGS 36.133 0.06) 0.965 (+1.5e-4)  0.033 (£1.2¢-3)

Table 1. Performance on Replica Dataset. (average perfor-
mance for 5K training iterations, speed-up module rendered fea-
ture dim = 128). Boldface font represents the preferred results.

Metrics mloUt accuracy? FPSt

Ours (w/ speed-up)  0.782 0.943 14.55
Ours 0.787 0.943 6.84
NeRF-DFF 0.636 0.864 5.38

Table 2. Performance of semantic segmentation on Replica
dataset compared to NeRF-DFF. (speed-up module rendered
feature dim = 128). Boldface font represents the preferred re-
sults.

semantically close labels to similar regions in the embed-
ding space, as articulated by Li et al [20]. This advance-
ment notably promotes the scalability in information ac-
quisition and scene understanding, facilitating a profound

comprehension of intricate scenes. We distill LSeg fea-
ture for this novel view semantic segmentation task. Our
experiments demonstrate the improvement of incorporating
semantic feature over the naive 3D Gaussian rasterization
method [15]. In Tab. 1, we show that our model surpasses
the baseline 3D Gaussian model in performance metrics on
Replica dataset [39] with 5000 training iterations for all
three models. Noticeably, the integration of the speed-up
module to our model does not compromise the performance.
In our further comparison with NeRF-DFF [18] using
the Replica dataset, we address the potential trade-off be-
tween the quality of the semantic feature map and RGB im-
ages. In Tab. 2, our model demonstrates higher accuracy
and mean intersection-over-union (mloU). Additionally, by
incorporating our speed-up module, we achieved more than
double the frame rate per second (FPS) of our full model
while maintaining comparable performance. In Fig. 3 (b)
the last column, our approach yields better visual quality
on novel views and semantic segmentation masks for both
synthetic and real scenes compared to NeRF-DFF.

4.2. Segment Anything from Any View

SAM excels in performing precise instance segmentation,
utilizing interactive points and boxes as prompts to auto-
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novel view feature lpoint (1.156 sec / frame) _box (1.175 sec /frame)
Figure 4. Comparison of SAM segmentation results obtained
by (a) naively applying the SAM encoder-decoder module to a
novel-view rendered image with (b) directly decoding a rendered
feature. Our method is up to 1.7 x faster in total inference speed
including rendering and segmentation while preserving the quality
of segmentation masks. Scene from [13].

matically segment objects in any 2D image. In our exper-
iments, we extend this capability to 3D, aiming to achieve
fast and accurate segmentation from any viewpoint. Our
distilled feature field enables the model to render the SAM
feature map directly for any given camera pose. As such,
the SAM decoder is the only component needed to inter-
act with the input prompt and produce the segmentation
mask, thereby bypassing the need to synthesize a novel
view image first and then process it through the entire SAM
encoder-decoder pipeline. Furthermore, to enhance train-
ing and inference speed, we use the speed-up module in
this experiment. In practice, we set the rendered feature di-
mension to 128, which is half of SAM’s latent dimension of
256, maintaining the comparable quality of segmentation.

In Fig. 4, we compare the results of both point and box
prompted segmentation on novel views using the naive ap-
proach (SAM encoder + decoder) and our proposed feature
field approach (SAM decoder only). We achieve nearly
equivalent segmentation quality, but our method is up to
1.7x faster. In Fig. 5, we contrast our method with NeRF-
DFF [18]. Our rendered features not only yield higher qual-
ity mask boundaries, as evidenced by the bear’s leg, but also
deliver more accurate and comprehensive instance segmen-
tation, capable of segmenting finer-grained instances (as il-
lustrated by the more ’detailed’ mask on the far right). Ad-
ditionally, we use PCA-based feature visualization [30] to
demonstrate that our high-quality segmentation masks re-
sult from superior feature rendering.

4.3. Language-guided Editing

In this section, we showcase the capability of our Fea-
ture 3DGS, distilled from LSeg, to perform editable novel
view synthesis. The process begins by querying the fea-
ture field with a text prompt, typically comprising an edit
operation followed by a target object, such as “extract the

car”. For text encoding, we employ a ViT-B/32 CLIP en-
coder. Our editing pipeline capitalizes on the semantic fea-
tures queried from the 3D feature field, rather than relying
on a 2D rendered feature map. We compute semantic scores
for each 3D Gaussian, represented by a K -dimensional vec-
tor (where K is the number of object categories), using a
softmax function. Subsequently, we engage in either soft
selection (by setting a threshold value) or hard selection (by
filtering based on the highest score across K categories).
To identify the region for editing, we generate a “Gaussian
mask” through thresholding on the score matrix, which is
then utilized for modifications to color ¢ and opacity « on
3D Gaussians.

In Fig. 6, we showcase our novel view editing results,
achieved through various operations prompted by language
inputs. Specifically, we conduct editing tasks such as ex-
traction, deletion, and appearance modification on text-
specified targets within diverse scenes. As illustrated in
Fig. 6 (a), we successfully extract an entire banana from
the scene. Notably, by leveraging 3D Gaussians to update
the rendering parameters, our Feature 3DGS model gains
an understanding of the 3D scene environment from any
viewpoint. This enables the model to reconstruct occluded
or invisible parts of the scene, as evidenced by the com-
plete extraction of a banana initially hidden by an apple in
view 1. Furthermore, compared with our edit results with
NeRF-DFF, our method stands out by providing a cleaner
extraction with little floaters in the background. Addition-
ally, in Fig. 6 (b), our model is able to delete objects
like cars while retaining the background elements, such as
plants, due to the opacity updates in 3DGS, showcasing its
3D scene awareness. Moreover, we also demonstrate the
model’s capability in modifying the appearance of specific
objects, like ‘sidewalk’ and ‘leaves’, without affecting adja-
cent objects’ appearance (e.g., the ‘stop sign’ remains red).

5. Discussion and Conclusion

In this work, we present a notable advancement in explicit
3D scene representation by integrating 3D Gaussian Splat-
ting with feature field distillation from 2D foundation mod-
els, a development that not only broadens the scope of
radiance fields beyond traditional uses but also addresses
key limitations of previous NeRF-based methods in implic-
itly represented feature fields. Our work, as showcased in
various experiments including complex semantic tasks like
editing, segmentation, and language-prompted interactions
with models like CLIP-LSeg and SAM, opening the door to
a brand new semantic, editable, and promptable explicit 3D
scene representation.

However, our Feature 3DGS framework does have its in-
herent limitations. The student feature’s limited access to
the ground truth feature restricts the overall performance,
and the imperfections of the teacher network further con-
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novel view image novel view feature

point box no prompt

Figure 5. Novel view segmentation (SAM) results compared with NeRF-DFF. (Upper) NeRF-DFF method presents lower-quality
segmentation masks - note the failure on segmenting the cup from the bear and the coarse-grained mask boundary on the bear’s leg in
box-prompted results. (Lower) Our method provides higher-quality masks with more fine-grained segmentation details. Scene from [16].

original image

"Extract the banana"

view 1

view 2

NeRF-DFF Ours
(a)
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Figure 6. Demonstration of results with various language-guided edit operations by querying the 3D feature field and comparison
with NeRF-DFF (a) We compare our edit results with NeRF-DFF method on the sample dataset provided by NeRF-DFF [18]. Note that
our method outperforms NeRF-DFF method by extracting the entire banana hidden by an apple in the original image and with less floaters
in the background. (b) We demonstrate results with deletion and appearance modification on different targets. Note that the car is deleted
with background preserved, and the appearance of the leaves changes with the appearance of the stop sign remained the same.

strain our framework’s effectiveness. In addition, our adap-
tation of the original 3DGS pipeline, which inherently gen-
erates noise-inducing floaters, poses another challenge, af-
fecting our model’s optimal performance.
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