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Figure 1. We present Language Embedded 3D Gaussians, a novel scene representation for open-vocabulary querying. The top row
visualizes the original image, novel view synthesis result with query relevancy and PCA of learned semantic features. The bottom row
compares our method with other language-embedded representations. The right-side bar maps relevancy values to heatmap colors. Our
method achieves better fidelity and query accuracy while rendering at higher frame rates.

Abstract

Open-vocabulary querying in 3D space is challenging
but essential for scene understanding tasks such as ob-
ject localization and segmentation. Language-embedded
scene representations have made progress by incorporat-
ing language features into 3D spaces. However, their effi-
cacy heavily depends on neural networks that are resource-
intensive in training and rendering. Although recent 3D
Gaussians offer efficient and high-quality novel view syn-
thesis, directly embedding language features in them leads
to prohibitive memory usage and decreased performance.
In this work, we introduce Language Embedded 3D Gaus-
sians, a novel scene representation for open-vocabulary
query tasks. Instead of embedding high-dimensional raw
semantic features on 3D Gaussians, we propose a dedicated
quantization scheme that drastically alleviates the mem-
ory requirement, and a novel embedding procedure that

* Corresponding author.

achieves smoother yet high accuracy query, countering the
multi-view feature inconsistencies and the high-frequency
inductive bias in point-based representations. Our compre-
hensive experiments show that our representation achieves
the best visual quality and language querying accuracy
across current language-embedded representations, while
maintaining real-time rendering frame rates on a single
desktop GPU. Project page: https://buaavrcg.
github.io/LEGaussians/.

1. Introduction
Neural Radiance Field (NeRFs) [2, 3, 32, 57] and 3D
Gaussian Splatting [20] has advanced the development of
efficient and high-quality 3D scene novel view synthesis
from multi-view images. Nevertheless, these represen-
tations solely encapsulate geometric and appearance de-
tails without any semantic information. To bridge this
gap, language-embedded neural representations [21, 22]
try to integrate semantic information from multi-view im-
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ages into 3D scenes for open-vocabulary querying tasks,
which allows intuitive interaction with large language mod-
els (LLMs) [53, 54] and human users, and powers broad
applications including scene editing, VR/AR, autonomous
driving, and robotic navigation. Compared to traditional
semantic labeling methods, language features from visual-
language models like CLIP [36] offer more comprehensive
semantic understanding capability, as they encompass ob-
jects with long-tail distribution, enhancing their suitability
for real-world applications. However, accurately incorpo-
rating language embedding into current 3D scene represen-
tations, while maintaining their efficiency and visual qual-
ity, presents a significant challenge.

Recent techniques [21, 22, 27] extract dense language
features from multi-view 2D images and incorporate addi-
tional output branches in scene representation to predict se-
mantic features. However, the quality of semantic features
heavily relies on scene representation, and trivially expand-
ing the output channels poses significant challenges in re-
covering high-precision and robust semantics of the scenes.
Furthermore, while 3D Gaussian [20] are efficient and fast
for high-quality 3D scene representation, embedding raw
semantic information into a massive number of points can
cause prohibitive memory requirements and significantly
lower the efficiency of both optimization and rendering.

In this paper, we introduce Language Embedded 3D
Gaussians, a semantic scene representation framework that
provides both high precision and efficiency for open-
vocabulary query tasks. To avoid the substantial memory
requirement that would result from directly increasing the
feature channels for raw semantic features in the 3D Gaus-
sians, we employ a novel feature quantization approach that
significantly decreases the computational and memory cost.
By leveraging the redundancy nature of local semantic fea-
tures, we construct more streamlined language features that
are compactly stored on the 3D Gaussians. Additionally, we
address the issue of semantic ambiguity caused by visual
inconsistency from multi-view images by implementing a
mechanism that lowers the spatial frequency of semantic
features, guided by learned uncertainty values. This tech-
nique enables language features in the 3D Gaussians to be
much smoother yet still precise.

Our extensive experiments demonstrate that our method
achieves state-of-the-art quality in both novel view syn-
thesis and open-vocabulary querying tasks, while allowing
real-time rendering on consumer-level devices.

In summary, our contributions include:

• We introduce a novel quantization scheme that efficiently
compresses and integrates semantic features into dense
3D Gaussians, ensuring efficient optimization and ren-
dering on consumer devices while maintaining accurate
semantic embedding.

• We propose a mechanism that leverages spatial position

and semantic uncertainty of 3D Gaussians to address
the semantic ambiguity arising from visual inconsistency
across views.

• Our method outperforms other language-embedded 3D
representations, delivering state-of-the-art results in vi-
sual quality, language query precision, and rendering
speed at the same time.

2. Related Work
Neural Rendering. NeRF [32] has demonstrated superior
novel view synthesis quality over traditional methods [6, 10,
16, 17, 40], and various efforts have been made to enhance
its performance. Although many methods focus on improv-
ing NeRF’s rendering quality [2, 3, 31, 38, 43, 52, 57],
they still suffer from slow training and rendering speed.
On the other hand, explicit and hybrid scene representa-
tions [4, 7, 8, 14, 28, 33, 41, 49] typically utilize hash
grids [33] and point clouds [49] to reduce computational
cost of large neural networks. Recent 3D Gaussian [20]
sets a new standard on both rendering quality and training
speed, by using fast rasterization of 3D Gaussians to replace
differential volume rendering. Nevertheless, directly em-
bedding language embeddings on the dense 3D Gaussians
is non-trivial, as the massive amount of 3D points requires
prohibitive memory usage and causes a drastic performance
drop in both training and rendering.

Language Embedded Scene Representation. Incorpo-
rating specific semantics into NeRF’s implicit MLP-based
representation is difficult due to challenges in accurately
identifying 3D regions. Various approaches [11, 15, 21,
22, 39, 44, 46, 61] have tried to integrate semantic data
into NeRF, often by adding new network branches. For
instance, DFF [22] embeds a branch for language predic-
tions and uses a pre-trained encoder for supervision, while
LERF [21] assimilates CLIP [36] features from multi-scale
image crops into hash grid-represented 3D scenes. 3D-
OVS [26] takes a different route, creating dual decomposed
3d tensors for geometry and semantics, but it requires pre-
defined segmented classes and doesn’t support arbitrary
queries. Other methods [23, 60] decompose scenes into
smaller MLPs representing local semantics. However, the
quality of semantic embeddings and the efficiency of train-
ing and rendering of these methods, are all constrained by
the limitations of their scene representation models.

Open Vocabulary 3D Scene Understanding. Recent
progress in open vocabulary scene understanding has been
marked by the integration of 2D Vision-Language Mod-
els with 3D point cloud processing [18, 50, 51, 59, 62].
These approaches focus on aligning features and projecting
3D data into 2D to enhance zero-shot learning capabilities.
Additionally, advancements in 3D object detection and seg-
mentation [9, 19, 25, 30, 35, 42, 56] have shown the effec-

5334



tiveness of merging point cloud data with visual features ex-
tracted from image for scene analysis [48]. However, these
methods mainly address the comprehension and analysis of
existing scene representations, like point clouds, rather than
optimizing scene representation from multi-view images,
which is the focus of our work.

3. Method
In this section, we introduce our training process of Lan-
guage Embedded 3D Gaussians, including (1) a recap of
3D Gaussian Splatting [20] (Sec. 3.1), (2) extracting dense
language features from multi-view images (Sec. 3.2), (3)
a quantization scheme for high-dimensional language fea-
tures that creates a compact feature space for the embed-
ding process (Sec. 3.3), (4) an embedding mechanism that
alleviates semantic ambiguity caused by visual difference
across views, by lowering the spatial frequency of semantic
features with the learned uncertainty values (Sec. 3.4).

3.1. Recap: 3D Gaussian Splatting

3D Gaussian Splatting [20] renders complex scenes by
merging a multitude of colored 3D Gaussians, which are
subsequently projected onto camera views through a raster-
ization process. By employing differentiable rendering and
gradient descent, the attributes of these 3D Gaussians, in-
cluding position p, covariance Σ, color c, and opacity α, are
optimized to represent the 3D scene based on a collection
of input images. The result image I is rendered from a spe-
cific camera pose pcam, using the differentiable rasterization
R, represented as:

I = R(p,Σ, c, α; pcam). (1)

3.2. Dense Language Feature Extraction

We first extract pixel-level dense language features from
visual-language models. While CLIP [36] encodes images
into global language features, its direct application is not
feasible for our purposes as we require pixel-level targets
to learn 3D scene representations from multi-view images.
Prior studies [21, 26] overcome this limitation by comput-
ing multi-scale dense CLIP features for each image. To ob-
tain dense language embeddings from multi-view images,
we employ a slightly different hierarchical random cropping
technique to extract CLIP features, similar to 3DOVS [26].
We aggregate features from all layers and normalize them
to produce the final language embeddings.

Nevertheless, features extracted from CLIP only provide
a rough boundary of different semantic regions, resulting
in ambiguities and inaccuracies in the language embedding
of 3D scenes. Conversely, DINO [5] exhibits autonomous
object decomposition without requiring labeled data [1], as
several studies [21, 22, 26, 47] have shown that DINO effec-
tively enhances language feature grouping without reliance

on labels or prior knowledge. Therefore, we also extract
DINO features as complementary to enhance the details of
extracted language features.

We then concatenate the dense CLIP and DINO features
extracted from multi-view images to form hybrid language
feature maps. We denote the features at the position (x, y)
on the CLIP and DINO feature maps of image I as FCLIP

I,x,y ∈
RdCLIP and FDINO

I,x,y ∈ RdDINO , respectively, where dCLIP and
dDINO represent the dimension of each feature. The hybrid
language feature FI,x,y ∈ Rd is given by:

FI,x,y = FCLIP
I,x,y ⊕ FDINO

I,x,y, (2)

where d is the total channels in the hybrid features.

3.3. Quantization of Language Features

Direct integration of our extracted language features as in
prior studies [21, 22, 26] would be infeasible for 3D Gaus-
sians, due to the substantial memory demands of record-
ing high-dimensional language embeddings on them, which
significantly hinders rendering efficiency and limits the
maximum number of 3D Gaussians that can be trained at
the same time. To alleviate such storage and computation
costs of raw language embeddings, our insight is to lever-
age the inherent redundancy in language features, as those
within a single object share very similar semantics. Addi-
tionally, the semantics of a single scene merely cover only a
small fraction of the original CLIP feature space, leading to
unnecessary data stored in the 3D representation for all the
queries we would need. Previous studies [12, 37, 45, 55]
have demonstrated vector quantization can effectively com-
press the feature space while preserving the semantics con-
tained within the feature space accurately and comprehen-
sively. We propose a dedicated quantization scheme to
effectively compress the language features extracted from
multiple viewpoints, resulting in a more efficient and com-
pact representation of scene-aware language features.

Specifically, our goal is to transform the hybrid language
features F ∈ Rd into a quantized version F̂ ∈ Rd, which
approximates F. To achieve this, we develop a discrete lan-
guage feature space S = {fi ∈ Rd|i = 1, 2, · · · , N}, and
use an integer index m ∈ {1, 2, · · · , N} for retrieving the
nearest language feature in S. The quantized language fea-
ture is then given by:

F̂ =

N∑
i

fi · onehot(m)i. (3)

fi represents the i-th basis of the language features, and
onehot(m) ∈ RN is the one-hot vector for index m. This
quantization scheme effectively removes excessive infor-
mation in the original language embeddings by compress-
ing the original continuous language feature space into dis-
crete bases, with the compression rate adjustable through
the size of space N .
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Figure 2. The training process for Language-embedded 3D Gaussians starts with initializing scenes following 3D Gaussian Splatting [20]
and randomly initializing semantic features and setting uncertainty to zero. Dense language features from multi-view CLIP [36] and
DINO [5] are quantized to create a discrete feature space and semantic indices. These attributes of the 3D Gaussians are then rendered into
2D maps using a differentiable rasterizer. The optimization is achieved through semantic and adaptive spatial smoothing loss.

Quantization. To quantitize high-dimentinal language
feature F, we execute a max-similarity search within space
S, utilizing cosine similarity cos⟨·⟩ as the distance metric:

D(F, fi) = cos⟨FCLIP · fCLIP
i ⟩+ λDINOcos⟨FDINO · fDINO

i ⟩,
(4)

where λDINO serves as a hyper-parameter that modulates the
significance of DINO within the language feature.

Following VQ-VAE [45], the selected language fea-
ture index from the set S is determined as m =
argmaxi(D(F, fi)), and the quantization of F is computed
using Eq. (3). The result for each image after this quan-
tization procedure is a semantic indices map, denoted as
M ∈ RH×W×1.
Optimization. During the quantization of all language
features extracted from multi-view images, the optimization
of the discrete feature space S is simultaneously accom-
plished by minimizing the cosine similarity loss between
the language features Fi and the quantization F̂i:

Lcos(Fi) =(1− cos⟨FCLIP
i · F̂CLIP

i ⟩)

+ λDINO(1− cos⟨FDINO
i · ˆFDINO

i ⟩).
(5)

Furthermore, to prevent quantization collapse and ensure
maximal utilization of each feature in the feature space, we
have devised a load balancing loss inspired by the design of
the Switch Transformer [13]. The load balancing loss is cal-
culated by performing an element-wise multiplication of the
utilization ratio r ∈ RN and the mean selection probability
p ∈ RN of each feature, followed by their summation:

Llb =

N∑
(r ◦ p), (6)

where ◦ represents the element-wise product. We provide
a detailed description of the load balancing loss in the sup-
plementary material.

In summary, when quantizing the multi-view language
features, we optimize the discrete feature space S as well as
the semantic indices maps M using the following loss:

Lq = λcosLcos + λlbLlb. (7)

3.4. Language Embedded 3D Gaussians

Utilizing the discrete feature space S and index maps M
in the previous section, we embed the compressed language
features into 3D Gaussians for open-vocabulary scene un-
derstanding. Concretely, we expand the number of channels
of each 3D Gaussian to include a compact feature vector
representing the discrete index of language feature bases.
To address semantic ambiguity arising from visual dispari-
ties across various viewpoints, we introduce a novel mech-
anism to reduce the spatial frequency of language embed-
dings through an adaptive learning loss based on the learned
uncertainty values on each point.

3.4.1 Compact Semantic Features on 3D Gaussians

The inherent attributes of 3D Gaussians, such as color, are
rendered onto the screen through the processes of rasteriza-
tion and alpha blending (see Sec. 3.1). However, embed-
ding discrete semantic indices m onto 3D Guassians would
lead to erroneous results when optimizing through differ-
ential rendering, as these indices are not in a continuous
space. Instead of directly embedding indices, we learn an-
other continuous and compact semantic feature vectors, de-

5336



noted as sG ∈ Rds , where ds is a hyper-parameter for con-
trolling the storage capability for semantics. We then ren-
der these compact semantic feature vectors into a 2D feature
map with rasterization and alpha blending, and decode the
2D feature map into the discrete semantic indices m using
a tiny MLP decoder:

M̂ = softmax(D(Rs(G; pcam))), (8)

where Rs(G; pcam) ∈ RH×W×ds represents the semantic
feature rendering from a set of 3D Gaussians G viewed from
camera pose pcam. D represents the tiny MLP decoder. Dur-
ing training process, a softmax operation is applied to the
decoder’s output, yielding the language feature index distri-
bution M̂ ∈ RH×W×N , where H and W denote the height
and width of the image, respectively. To optimize the se-
mantic features of the 3D Gaussians and the MLP decoder,
we apply the cross-entropy loss:

LCE = CE(M̂,M), (9)

where M ∈ RH×W×1 denotes the discrete language in-
dices map of the image extracted during the language fea-
ture quantization process (Sec. 3.3).

3.4.2 Semantic Feature Smoothing

Due to viewing angles, illuminations, existence of specu-
lar and semi-transparent materials, language features of the
same spatial location in multi-view images may exhibit high
variance, posing a challenge for precise semantic learning
in 3D scenes. The high variance in language features at
the same spatial location in multi-view images, due to dif-
ferences in viewing angles, illumination, and the presence
of specular and semi-transparent materials, presents chal-
lenges in accurately learning semantics in 3D scenes. More-
over, partially occluded objects may have their language
features inaccurately extracted due to the lack of detection
of their entirety. When these biased language features un-
dergo quantization, the error may be amplified, resulting in
a single 3D position being linked to several distinct lan-
guage feature bases and, therefore, different discrete fea-
ture indices. Consequently, we introduce a smoothing strat-
egy that limits the spatial frequency of semantic features on
3D Gaussians. This is achieved by incorporating an adap-
tive loss based on a learnable uncertainty value for each 3D
Gaussian.

Learning of uncertainty. To represent the variance as-
sociated with the semantic feature for each Gaussian, we
record an optimizable semantic uncertainty on each point,
denoted as u ∈ [0, 1]. A higher u suggests that the se-
mantic feature may exhibit instability and undergo frequent
changes during the optimization process. The uncertainty
values are jointly optimized when training the compact se-
mantic features sG:

LCE =

∑
CE(M̂,M) ◦ (1−Ru(G; pcam))

H ×W
, (10)

where Ru(G; pcam) ∈ RH×W×1 is the rendered 2D uncer-
tainty map from camera pose pcam. At the same time, we
regularize these uncertainty values to avoid converging to a
trivial solution where all 3D Gaussians have the maximum
uncertainties:

Lu =

∑
Ru(G; pcam)

H ×W
. (11)

In summary, the total semantic loss for optimizing the com-
pact semantic features of the 3D Gaussians and the MLP
decoder is defined as:

Ls = λCELCE + λuLu, (12)

where λu is a hyper-parameter for controlling the weight of
regularization. We initialize the uncertainty values to zero
at the start of training, and inconsistent semantic feature in-
dices will lead to increased u during optimization.

Adaptive spatial smoothing loss. Building on the earlier
observation that spatially adjacent positions typically dis-
play similar semantic features, we utilize this prior knowl-
edge to deliberately decrease the spatial frequency of the
embedded compact semantic features in 3D Gaussians, par-
ticularly for those with high uncertainty values. We harness
the inductive biases of coordinate-based MLPs, known for
learning low-frequency representations of target signals, to
regularize the semantic features in 3D Gaussians. We cal-
culate the smoothed semantic features sMLP ∈ Rds by in-
putting the position of each 3D Gaussian into a small MLP:

sMLP = MLP(PE(p)), (13)

where p ∈ R3 represents the position of Gaussian, and PE
represents the positional encoding used in NeRF [32]. We
set a low frequency in the positional encoding to encourage
spatial smoothness. We then apply the following loss for
imposing the spatial smoothness regularization, where the
degree of smoothness is adaptively controlled based on the
learned uncertainty values:

Lsmo = ∥sMLP−s∗G∥2+max(u∗
G, ws)∥s∗MLP−sG∥2, (14)

where the ∗ denotes the stop gradient operator, and ws is
the minimal weight for the semantic smoothing term.

To summarize, the combined loss for optimization of se-
mantic features, semantic uncertainties, and MLPs is given
by:

L = λsLs + λsmoLsmo. (15)

4. Implementation Details
We implement our method using PyTorch [34], and incor-
porate the CUDA kernel from 3D Gaussian Splatting [20]
to speed up the rasterization rendering process. Our method
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Method PSNR↑ SSIM↑ LPIPS↓ mPA↑ mP↑ mIoU↑ mAP↑ FPS↑ Memory↓ Storage↓ Training Time↓
DFF [22] 25.378 0.712 0.312 0.817 0.124 0.091 0.199 0.202 42GB+14GB 41GB 184min

LERF [21] 25.749 0.811 0.317 0.890 0.475 0.403 0.688 0.04 25GB+6GB 320MB 54min
3DOVS [26] 25.782 0.733 0.295 0.905 0.529 0.458 0.550 0.17 57GB+15GB 205GB 158min

Ours 29.826 0.901 0.112 0.947 0.753 0.578 0.815 89 11GB+12GB 15MB 68min

Table 1. Quantitative comparison of our method with DFF [22], LeRF [21], 3DOVS [26].

mPA↑ mP↑ mIoU↑ mAP↑

Quantization w/o DINO 0.927 0.604 0.481 0.676
w/o Llb 0.939 0.666 0.544 0.738

Embedding
w/o uG 0.944 0.717 0.576 0.773

w/o MLP 0.945 0.715 0.580 0.774
w/o uG & MLP 0.944 0.717 0.580 0.774

Ours - 0.947 0.753 0.578 0.815

Table 2. Quantitative results of ablation experiments.

optimizes the scene’s geometry and appearance with the
same RGB loss following 3D Gaussian Splatting and en-
ables adaptive density control of 3D Gaussians during the
reconstruction process. We modify the CUDA kernel to
enable the rendering of semantic features on the 3D Gaus-
sians, and ensure that the optimizing of these semantic pa-
rameters does not affect original reconstruction quality. We
set ds = 8 and wS = 0.1 in our modified 3D Gaussians,
and set λD = λlb = 0.5, and all other λ values are set to
1. After the phase of extracting dense semantic features,
which takes about 30 minutes, our model can be trained on
one RTX3090 GPU for about 1 hour. The training involves
30,000 iterations, utilizing the Adam optimizer [29], with
a learning rate set to 0.001 and betas equal to (0.9, 0.999).
We leave the inference details of open-vocabulary language
querying and semantic relevancy calculation in the supple-
mentary material.

5. Experiments
5.1. Basic Setups

Dataset. For a simultaneous evaluation of visual and se-
mantic embedding quality, we select six scenes (excluding
Stump) from the Mip-NeRF360 dataset [3] and manually
annotate segmentation maps for each scene in the evaluation
set. Each scene encompasses 180 to 320 images captured
from various angles, and the evaluation set is chosen ran-
domly with many novel-view images. Segmentation masks
are annotated for primary objects in each scene.

Baseline Methods and Metrics. We conduct a compara-
tive evaluation of our method with DFF [22], LeRF [21],
and 3DOVS [26], focusing on visual quality, language-
embedded accuracy, rendering speed and model efficiency.
To measure the visual quality in novel views, we report the
PSNR, SSIM, and LPIPS [58] metrics. For the accuracy
of language embedding, we measure the mean intersection

over union (mIoU), mean pixel accuracy (mPA), mean pre-
cision (mP), and mean average precision (mAP) based on
our annotations. The rendering speed (FPS) is measured
by rendering the images with language features at a consis-
tent resolution. Additionally, model efficiency is evaluated
based on CPU and GPU memory usage during training, as
well as data storage requirements and training duration.

5.2. Comparisons

We compare our method both qualitatively and quantita-
tively with DFF [22], LeRF [21], and 3DOVS [26] on our
annotated Mip-NeRF360 dataset using a single RTX3090
GPU, following their default parameters but at the same res-
olution as our method. In addition, we compare our method
with LeRF [21] quantitatively on the LeRF dataset, and the
results are provided in the supplementary material.

Qualitative Results. Fig. 9 displays a qualitative compar-
ison of the novel view synthesis and semantic embedding
results, demonstrating our method’s efficacy in querying
challenging objects in both indoor and outdoor scenes. Our
approach notably delivers the highest visual rendering qual-
ity and query accuracy across all the tested scenes. Specif-
ically, DFF [22] fails to identify ”asphalt ground” in scene
”bicycle” and ”flower” in scene ”garden”. This may be
caused by its use of LSeg [24], which is unstable to compute
correct features in complex scenes. Moreover, due to pre-
determined query categories during training, 3DOVS [26]
shows poor performance in scenes with complex objects.
While LERF [21] can locate queried objects, its grid-based
scene representation limits its ability to define clear bound-
aries. In contrast, our point-based approach supports high-
frequency embedded semantic features, allowing for en-
hanced spatial semantic accuracy simply by incorporating
more 3D Gaussians into scenes. This is facilitated by our
quantization method, which substantially lowers memory
costs. Additionally, our adaptive semantic smoothing tech-
nique effectively manages the high variance and ambigu-
ity observed from different viewpoints, selectively applying
spatial consistency as required.

Quantitative Results. Tab. 1 presents a comparison
across various metrics, including novel view synthesis qual-
ity, open-vocabulary query accuracy, and computational ef-
ficiency. We report both host memory and video memory
usage, as well as the disk space used for storing the learned
language features. Our approach outperforms others in ren-

5338



Ours LERFGround Truth 3DOVSDFF

Figure 3. Comparison of novel view synthesis and query relevance visualization. Left to right: Ground truth novel view synthesis, novel
view images with relevance visualization from our method, DFF [22], LeRF [21], and 3DOVS [26]. Top to bottom: Query words “asphalt
ground”, “bicycle”, “jar of coconut oil”, “flower”, “LEGO Technic 856 Bulldozer”, and “brown shoes”.

dering quality and semantic query accuracy, while also of-
fering lower computational demands and a significant speed
increase, nearly 100 times faster in inference. It’s notewor-
thy that methods like 3DOVS and DFF require extensive
memory and storage due to their use of raw language fea-
tures during training. In contrast, our use of the quantization
scheme facilitates the incorporation of detailed semantics
into complex 3D scenes with numerous 3D Gaussians, and
concurrently achieves the most efficient storage utilization
among the baseline methods.

5.3. Open-vocabulary Query

Fig. 5 illustrates the results of different open-vocabulary
queries. We use a diverse range of vocabulary categories
to identify objects in scenes, such as visual attribute terms

like “green”, and subjective adjectives like “cute”. Further-
more, the figure shows our method’s effectiveness in identi-
fying both large-scale objects like ”lego” and specific com-
ponents of an object, such as a ”engine”. We show more
examples in the supplementary material.

5.4. Ablation Study

We demonstrate the results of ablation studies in Tab. 2 and
Fig. 6. The results show that embedding uncertainty with-
out spatial smoothing of semantic features leads to subop-
timal optimization. Conversely, using MLP solely for spa-
tial smoothing, without accounting for semantic variance
across multiple views, also impedes the optimization of pre-
cise language features. However, our full model, combin-
ing uncertainty with MLP smoothing in an adaptive man-
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Figure 4. Visual quality comparison of novel view synthesis re-
sults. Our method is able to recover more detailed geometry and
appearance compared to other methods.
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Figure 5. Images of various open-vocabulary queries.

ner effectively diminishes ambiguity and enhances the mean
average precision (mAP) metric. Furthermore, integrating
DINO features significantly improves the definition of ob-
ject query boundaries. The load balancing loss, introduced
during the quantization phase, results in a more utilized dis-
crete feature space, facilitating the distinguish of objects
with similar semantics, thereby boosting overall accuracy.

w/o DINO w/o w/o MLP Ours

Figure 6. Comparison of ablation experiments.

6. Conclusion
We present Language Embedded 3D Gaussians, a novel
scene representation designed for open-vocabulary query
tasks. Our method successfully embeds quantized com-
pact semantics features onto massive 3D Gaussians, while
only maintaining minimal memory and storage require-
ments. To address semantic inconsistencies across dif-
ferent viewpoints, we propose a feature smoothing proce-
dure that adaptively lowers the spatial frequency of em-
bedded semantic features, guided by the uncertainty val-
ues learned on the 3D Gaussians. The result is a highly
effective scene representation that not only enables high-
quality novel view synthesis but also provides high accu-
racy in open-vocabulary querying, all achieved with modest
computational resources.

Limitations and Future works. Although DINO fea-
tures improve object boundary detection, they fall short
in pinpointing fine-grained object geometries at high res-
olutions when using CLIP-derived semantics. Further-
more, while vector quantization can efficiently compress
scene-specific semantic feature space, it may compromise
the finer-grained semantic information in the feature space
due to its inherent clustering of semantic concepts. In
addition, the detection of highly reflective or translucent
objects, like televisions and mirrors, poses a challenge.
These limitations might be overcome with more advanced
visual-language models and native per-pixel semantic fea-
tures. Nevertheless, our approach can be further adapted
for broader open-vocabulary tasks, such as editing and gen-
eration of semantic-level scene objects.
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