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ABSTRACT

Recent advancements in 3D reconstruction methods and vision-language models
have propelled the development of multi-modal 3D scene understanding, which
has vital applications in robotics, autonomous driving, and virtual/augmented re-
ality. However, current multi-modal scene understanding approaches have naively
embedded semantic representations into 3D reconstruction methods without strik-
ing a balance between visual and language modalities, which leads to unsatisfying
semantic rasterization of translucent or reflective objects, as well as over-fitting
on color modality. To alleviate these limitations, we propose a solution that ad-
equately handles the distinct visual and semantic modalities, i.e., a 3D vision-
language Gaussian splatting model for scene understanding, to put emphasis on
the representation learning of language modality. We propose a novel cross-modal
rasterizer, using modality fusion along with a smoothed semantic indicator for
enhancing semantic rasterization. We also employ a camera-view blending tech-
nique to improve semantic consistency between existing and synthesized views,
thereby effectively mitigating over-fitting. Extensive experiments demonstrate
that our method achieves state-of-the-art performance in open-vocabulary seman-
tic segmentation, surpassing existing methods by a significant margin.

1 INTRODUCTION
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Figure 1: Comparison of prior semantic 3DGS work and
our novel method. We apply cross-modal rasterization
and camera-view-based regularization for better explo-
ration of semantic features.

The advancement of 3D reconstruction
methods, such as neural radiance fields
(NeRF) (Mildenhall et al., 2020) and
3D Gaussian splatting (3DGS) (Kerbl
et al., 2023), has enabled the effec-
tive acquisition of 3D color representa-
tions, facilitating high-fidelity and real-
time rendering from novel viewpoints.
Moreover, vision-language models like
CLIP (Radford et al., 2021) and LSeg
(Li et al., 2022) have been bridging the
gap between color images and seman-
tic features in 2D space. Given an in-
put image, these models can generate a
dense 2D language map, i.e., assigning
semantically-rich language embeddings
to each pixel (e.g., a pixel depicting a person’s face can be assigned a language embedding de-
scribing said face). Building on these developments, multi-modal 3D scene understanding—which
aims to learn effective 3D semantic representations from multi-view images and their corresponding
camera poses—has made significant progress in recent years. This area of research has a wide range
of applications across various practical domains, including robotic manipulation (Shorinwa et al.,
2024), autonomous driving (Gu et al., 2024), and VR/AR (Guerroudji et al., 2024).
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Recent methods (Engelmann et al., 2024; Qin et al., 2024; Shi et al., 2024; Zhou et al., 2024b; Yu
et al., 2024a) in multi-modal 3D scene understanding have adopted the paradigm of embedding se-
mantic representations into 3D representation for joint reconstruction training, and utilizing semantic
knowledge distilled from off-the-shelf vision-language models to guide the training process. For ex-
ample, OpenNeRF (Engelmann et al., 2024) integrates MipNeRF (Barron et al., 2021) method with
OpenSeg model (Ghiasi et al., 2022), and LangSplat (Qin et al., 2024) employs both 3DGS (Kerbl
et al., 2023) method and CLIP (Radford et al., 2021) model. These solutions rely on 2D supervision
to learn a multi-modal (color and semantic) 3D scene representation, i.e., projecting the learned 3D
representation back to 2D views for comparison with the input observations (input color images and
corresponding 2D language maps inferred by aforementioned vision-language models).

However, we argue that these methods have naively embedded semantic representations into 3D
reconstruction methods like 3DGS—originally designed for color information—failing to strike a
balance between visual and language modalities. For example, they are directly applying the color
rasterization function—meant to project 3D RGB information to 2D—to the new language modality,
ignoring that this function relies on a color opacity attribute that does not translate to semantic
information. Prior art also tends to ignore the unequal complexity and distribution of color and
semantic modalities, and the risk of over-fitting the color information to the detriment of the 3D
semantic representations. While the same objects may exhibit different colors from various views,
their semantic information remains constant. Conversely, different objects can share similar colors,
but it is less desirable for their semantic representations to appear identical. Thus, training color
representations may negatively impact the training of 3D semantic representations.

Given these limitations, our intuition is to strike a balance between visual and language modalities,
rather than simply embedding language features into RGB-based 3D reconstruction. Therefore, we
propose a novel framework named 3D vision-language Gaussian splatting, as shown in Fig. 1. On
one hand, we propose a novel cross-modal rasterizer that prioritizes the rendering of language fea-
tures. We integrate semantic features with meaningful information from the color domain through
modality fusion, prior to rasterization, to facilitate the robust learning of semantic information. Be-
sides, we introduce a language-specific parameter that enables the meaningful blending of language
features from different Gaussians. This methodology yields a more accurate representation of se-
mantic information, especially for translucent or reflective objects, such as glass and stainless steel,
where the usage of color opacity may lead to misinterpretation. On the other hand, we also propose
a novel camera-view blending augmentation scheme specific to the semantic modality, i.e., blending
information across views to synthesize new training samples. This process regularizes the language
modality through enhancing semantic consistency between the existing and novel views, leading to
more robust 3D semantic representations.

All in all, our 3D vision-language Gaussian splatting can be summarized into the following contri-
butions:
• We propose a cross-modal rasterizer that places greater emphasis on language features. Modality

fusion occurs prior to rasterization, accompanied by a learnable and independent semantic indica-
tor parameter for the �-blending of language features, enabling a more accurate representation of
translucent or reflective objects.

• We define a camera-view blending technique for the regularization of semantic representations
during training, augmenting the input 2D language maps through a cross-modal view, i.e., lever-
aging the semantic-consistency prior to alleviate over-fitting on the color modality.

• Extensive experiments on benchmark datasets demonstrate that our approach achieves state-of-
the-art performance in open-vocabulary semantic segmentation tasks, outperforming existing
methods by a significant margin.

2 RELATED WORK

3D Neural Representations. Recent advancements in 3D scene representation have made signifi-
cant progress, particularly with neural radiance fields (NeRF) (Mildenhall et al., 2020), which excel
in novel view synthesis. However, NeRF’s reliance on a neural network for implicit scene repre-
sentation can result in prolonged training and rendering times. Methods like Instant-NGP (Müller
et al., 2022) speed up these processes through hash encoding, while approaches such as 3D Gaussian
splatting (3DGS) (Kerbl et al., 2023) use explicit neural representations for better alignment with
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GPU computations via differential tile rasterization. Additionally, MipNeRF (Barron et al., 2021)
and Mip-Splatting (Yu et al., 2024b) address aliasing issues, whereas DS-NeRF (Deng et al., 2022)
and DG-Splatting (Chung et al., 2024) focus on sparse view reconstructions. In this paper, we utilize
3D Gaussian Splatting for 3D neural representations.

Visual Foundation Models. Visual foundation models include both pure vision models, crucial
for semantic segmentation and feature extraction, and vision-language models that connect images
with natural language. Among pure vision models, the Segment Anything Model (SAM) (Kirillov
et al., 2023) excels in zero-shot transfer, generating multi-scale segmentation masks. DINO (Caron
et al., 2021) and DINOv2 (Oquab et al., 2024), trained in a self-supervised manner, deliver fine-
grained features for various downstream tasks. In vision-language models, CLIP (Radford et al.,
2021) utilizes contrastive learning to align visual and textual features, while LSeg (Li et al., 2022)
enhances this by incorporating spatial regularization for refined predictions. APE (Shen et al., 2024)
functions as a universal perception model for diverse multimodal tasks. In this paper, we employ
SAM and CLIP to extract ground-truth features for baseline comparisons, ensuring a fair evaluation.

Multi-modal 3D Scene Understanding. Existing methods for scene understanding learn multi-
modal 3D representations from posed images, enabling rendering from novel viewpoints for tasks
like open-vocabulary semantic segmentation. For NeRF-based approaches, LERF (Kerr et al., 2023)
optimizes a language field alongside NeRF, using positions and physical scales to generate CLIP
vectors. OpenNeRF (Engelmann et al., 2024) introduces a mechanism for obtaining novel camera
poses, enhancing feature extraction. Among 3DGS-based methods, LangSplat (Qin et al., 2024)
adopts a two-stage strategy for semantic feature acquisition, while GS-Grouping (Ye et al., 2024)
extends Gaussian splatting for joint reconstruction and segmentation. Additionally, GOI (Qu et al.,
2024) employs hyperplane division to select features for improved alignment. Moreover, HUGS
Zhou et al. (2024a) enables holistic 3D scene understanding by integrating 2D semantics and flow
with 3D tracking, effectively lifting them into the 3D space.

3 METHODOLOGY

3.1 PROBLEM STATEMENT

According to the vanilla Gaussian splatting (3DGS) paradigm applied to RGB image rendering
(Kerbl et al., 2023), a scene is represented by a set of 3D Gaussians G = fgigNi=1, whereN denotes
their number. Each Gaussian is defined as gi = f�i;�i; oi; cig, i.e., by its mean position �i 2 R3,
covariance matrix �i 2 R3×3, opacity oi 2 R, and color properties ci 2 Rdc (e.g., with dc = 3 for
RGB parameterization). Images are rasterized by splatting Gaussians through each pixel v into the
scene and �-blending the Gaussian contributions to the color C(v), as:

C(v) =

NX
i=1

cioiP i
i−1Y
j=1

(1� ojP j) with P i = e−
1
2 (v−�̂i)(�̂i)−1(v−�̂i); (1)

where b�i and b�i are the 3D-to-2D projections of �i and �i. This scene representation is learned
from a training set T r = f(Ir1 ;W r

1 ); (Ir2 ;W
r
2 ); : : :g consisting of several pairs of RGB images I of

the target scene and the corresponding camera poses W .

Gaussian splatting models have been expanded to incorporate language-embedding information
densely describing the scene (Qin et al., 2024; Zhou et al., 2024b; Qu et al., 2024) by adding a
language feature vector f i 2 Rdh (with dh feature size) to each 3D Gaussian and similarly rasteriz-
ing this modality. I.e., a 2D semantic embedding F at pixel v can be expressed as:

F (v) =

NX
i=1

f ioiP i
i−1Y
j=1

(1� ojP j): (2)

Even though the two modalities have widely different properties (e.g., translucence only applies to
the visual modality and not the semantic one), previous methods have been directly applying the
color rasterization process to the language features without any adaption, i.e., only replacing ci (Eq.
1) by f i (Eq. 2). In this paper, we propose to adapt the usual rasterization scheme to better fit the
language-feature modality.
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Figure 2: Overview of our proposed framework. A) We propose a novel multi-modal Gaussian
splatting model; B) we enrich the input images and poses for the model to better �t the semantic
information. Besides our introduction of a novel semantic indicator parameterl , our additional
contributions are: C) a semantic-aware cross-modal rasterization module; and D) a camera view
blending augmentation scheme for training regularization.

To train these semantically-enriched 3DGS models, the standard procedure consists of �rst gener-
ating the set of 2D language-feature mapsH corresponding to the input imagesI . Off-the-shelf
pure vision models like SAM (Kirillov et al., 2023) and vision-language models like CLIP (Rad-
ford et al., 2021) are typically used, along with an auto-encoder-based Zhai et al. (2018) dimension
reduction as in Qin et al. (2024). Once the data is prepared, the 3D Gaussians can be iteratively
optimized by minimizing the distance between its rasterized 2D semantic embeddings (c.f. Eq. 2)
and the ground-truth 2D semantic embeddings:

L = E( I;W )2 T r Ev2 I L sem(F W (v); H W (v)) ; (3)

whereL is the overall optimization objective. Besides,F W andH W are the predicted and ground-
truth 2D language maps rendered using camera poseW corresponding to imageI (for ease of
readability, we drop the superscriptW in subsequent equations), andL sem is a distance function for
2D semantic maps (e.g., L1 distance).

The resulting 3D Gaussian language representation can be leveraged for open-vocabulary seman-
tic queries. For example, given a query language vector� , a pixel-wise 2D relevancy score map
corresponding to viewW can be computed as (Radford et al., 2021):

p(� jv) = exp(
F (v) � ' (� )

kF (v)kk' (� )k
)=

X

s2T

exp(
F (v) � ' (s)

kF (v)kk' (s)k
); (4)

where' is the text encoder from the vision-language model. Such a relevancy map can be leveraged,
e.g., for open-vocabulary 2D localization (i.e., by measuring the argmax response to the query) or
semantic segmentation (i.e., by thresholding the resulting relevancy map).

3.2 SEMANTIC-AWARE RASTERIZATION

Existing multi-modal rasterization methods (Qin et al., 2024; Zhou et al., 2024b; Zuo et al., 2024)
have largely drawn from color-based 3DGS (Kerbl et al., 2023). These rasterizers approach the
rendering of 3D semantic information in a manner akin to RGB rendering (see Sec. 3.1), resulting
in an insuf�cient focus on semantic-speci�c design. To address this gap, we propose a novel cross-
modal rasterizer that emphasizes semantic-speci�c design, as illustrated in Fig. 2A and Fig. 2C.

A �rst noticeable shortcoming is the insuf�cient integration and exchange between 3D semantic and
color features. While these modalities have distinct properties, they offer correlated and complemen-
tary information about the scene, with knowledge from one informing the other. Current models fail
to leverage this synergy, resulting in inadequate guidance for learning semantic representations from
the richer color modality.

To address this shortcoming, we propose integrating 3D semantic and color features prior to ras-
terization, rather than treating them independently (Qin et al., 2024; Qu et al., 2024), which facili-
tates effective knowledge fusion and exchange between modalities. This intuitive improvement to
multi-modal 3DGS has surprisingly been ignored in prior work. We decide to correct this oversight
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Figure 3: Empirical differences between color opacity and proposed smoothed semantic indicator.
On the left, we visualize the differencel i � oi in Gaussians modeling theramen scene. While their
color opacity may vary signi�cantly, most Gaussians need their semantic features to be rasterized
with minimal blending (c.f. red regions in the difference maps,i.e., wherel i � oi ), except for
Gaussians representing intangible lighting effects (c.f. glares on the bottle, bowl, table,etc.). On the
right, we further plot the density distribution ofl i � oi in Gaussians for theramen scene, indicating
the different distributions of these two control parameters.

by applying the well-established self-attention mechanism for modality fusion before rasterization,
thereby enhancing its effectiveness. We can derive the 3D modality-fused featuresui 2 Rdc + df for
our multi-modal rasterizer as:

ui = ci � f i +  out (softmax(
 Q (ci � f i ) >

K (ci � f i )
p

dh
) V (ci � f i )) ; (5)

wheredh represents the number of heads. Moreover, Q ;  K ;  V : Rdc + df 7! Rdc + df � Rdh and
 out : Rdc + df � Rdh 7! Rdc + df are single-layer linear networks.

Another salient shortcoming is the simplistic adoption of� -blending-based RGB splatting (Eq. 1)
to rasterize language embeddings, only substituting the 3D color featuresc with 3D semantic repre-
sentationsf (Eq. 2). In other words, previous works use the opacity attribute of Gaussians to render
not only RGB images but also language maps,c.f. Eq. 2 (either optimizing the opacities values over
the two modalities (Shi et al., 2024; Zhou et al., 2024b), or applying frozen opacity values from
the RGB-only pre-training during semantic rasterization (Qin et al., 2024)). We argue that this ap-
proach fails to recognize that in phenomena involving semi-opaque media (e.g., glass, water) and
complex light transport effects (e.g., direction-dependent scattering and glare), color opacity cannot
be effectively translated to the semantic modality. In most cases, when Gaussians representtangi-
ble elements of the scene (e.g., the surface or volume of an object), their semantic features should
be splatted to 2D without any reduction in opacity. Conversely,intangibleGaussians (e.g., those
simulating lighting effects like optical glares) should be excluded from semantic rasterization by
enforcing their� -blending weight close to zero.

To address this problem, we propose a novel� -blending strategy speci�cally designed for explor-
ing semantic information. We introduce a new learnable attribute for our multi-modal Gaussians: a
smoothed semantic indicatorl i 2 [0; 1], which is applied to the rasterization of language embed-
dings, effectively replacing the color opacity parameter for this modality:

U(v) =
NX

i =1

ui
1: d c

oi P i
i � 1Y

j =1

(1 � oj P j )

| {z }
color modality (channels 1 todc )

�
NX

i =1

ui
d c +1: d c + d f

l i P i
i � 1Y

j =1

(1 � l j P j )

| {z }
language modality (channelsdc +1 to dc + df )

: (6)

Note that these two processes are conducted simultaneously in the rasterizer.By disentangling the
semantic rasterization from the opacity-based control and letting the overall model learns an inde-
pendent per-Gaussian semantic indicator, we allow the model to better �t the semantic information
of the scene. This is highlighted in Fig. 3, which shows how much the distribution of semantic
indicator values differs from the color opacity after optimization. This is especially notable for
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