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Abstract

Techniques for obtaining the abstract meaning of scenes as language embeddings at
arbitrary positions in time-varying 3D spaces, i.e., in 4D spaces, are now possible. These
techniques are expected to enable applications such as content search and prediction in
digital archives and digital twins. In this study, to acquire such a 4D language field, we
focus on two key challenges when applying existing methods designed for static scenes:
(1) expanding the previous techniques to 4D space and (2) leveraging video-level lan-
guage embeddings obtained from vision-language video foundation models. To address
these challenges simultaneously, we propose Lang4D, a novel method that models the
temporal changes of language embeddings in 3D space using video foundation models
in a data-driven manner. Lang4D employs a video foundation model that inputs virtual
viewpoint images, where recognition accuracy is stable, to obtain a common language
embedding across all times and pixels for each video. Subsequently, it weakly supervises
the learning of fluctuations in the language embeddings projected onto virtual viewpoints.
In our experiments, we constructed a dataset specifically to evaluate the novel 4D lan-
guage grounding and segmentation task. We verified the effectiveness of the proposed
method in addressing these two challenges through quantitative evaluations and ablation
studies.

(a) Projected 4D Gaussians. (b) 3D language field. (c) 4D language field.

Figure 1: Rendering results of the 4D language field estimated by the proposed method for
novel viewpoints. We set a query to detect pouring coffee. The cosine similarity between the
query and projected language embeddings varies over time in (c).
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1 Introduction
The technology of 4D reconstruction, which represents dynamically changing 3D scenes
as a 4D medium, has garnered significant attention for its role in the geometrically precise
recording and referencing of the real world as it evolves over time. Among existing ap-
proaches, 4D Gaussian splatting [25, 27] is particularly promising for representing content
such as digital archives and digital twins as 4D media, owing to its computational efficiency
and high-fidelity reconstruction of real-world geometry. As such 4D media become more
widespread, there is an increasing demand for techniques that enable retrieval and predic-
tion directly within 4D space via open-ended natural-language instructions and queries from
users—paralleling interaction paradigms already common for image and video media [1, 5].
Language models [12, 20, 23], now a mainstream technology in natural language processing,
can capture semantic relationships and similarities between sentences and words through
vector operations. Their language embeddings, produced from user-provided text, offer a
quantitative representation of a user’s abstract and complex intentions [3].

In the domain of language-based scene understanding, prior work in 3D language fields [8,
16] has distilled language embeddings into 3D space.1 This enables the direct matching of
user queries with individual objects for various tasks, such as 3D object detection and se-
mantic segmentation. Notably, LERF [8] and LangSplat [16] utilize novel view synthesis
techniques, such as NeRF [11] and 3D Gaussian splatting [7], to create language fields that
project language embeddings onto arbitrary viewpoints, akin to radiance fields. In principle,
a language field allows language embeddings to be computed at any point within 3D space.
By comparing these embeddings with user queries, open-vocabulary 3D object detection
becomes possible.

Motivated by these recent advancements, we address the challenge of modeling temporal
changes in 3D language fields, thereby creating 4D language fields. Fig. 1 illustrates the
4D language field estimated by our proposed method. By directly representing a scene in
4D space, we can localize continuous and seamless temporal changes in objects within 3D
space. This property has garnered significant attention. Recent studies have proposed novel
view synthesis methods that model temporal changes in a scene’s appearance within 4D
space [13, 15, 19, 25, 27], while other methods can generate objects and motion in 4D
space from user-input sentences [9]. Through data-driven modeling of temporal changes
in 3D scenes, these studies have achieved more diverse and visually seamless high-quality
representations than previous methods. Similarly, by extending the 3D language field to 4D,
evolving object properties and attributes can be computed simultaneously within a single
field, enabling the seamless analysis of 4D media in various applications.

In this study, we address two main challenges that emerge when extending conventional
3D language field methods [8, 16] to 4D space.

1. Modeling the temporal evolution of language embeddings in 3D space. Extending
conventional 3D language field methods to 4D space is not straightforward, as they
are based on deep neural networks (DNNs) and learning frameworks that assume 3D
scenes composed of static objects. Their core components, such as NeRF [8, 11] and
3D Gaussian splatting [7, 16], are inherently designed for static scenes (cf . Tab. 1).

2. Leveraging video-level language embeddings from vision-language video founda-
tion models. Conventional methods learn a 3D language field by applying the vision-

1We refer to learning a field from videos that can compute embeddings at arbitrary positions as distillation.
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language foundation model CLIP [17] to every training image (or patch) and assigning
the resulting language embeddings to individual pixels. Following the same rationale,
it would be ideal to leverage state-of-the-art vision-language video foundation models
trained on large-scale datasets. Unfortunately, these models are optimized with vast
collections of video-sentence pairs and, at inference time, return just a single sparse
language embedding2 for the entire spatiotemporal volume. Consequently, they can-
not readily provide a separate language embedding for each pixel.

Building on the above concepts, we propose Lang4D, a novel framework that learns a
4D language field using vision-language video foundation models to simultaneously address
both challenges. The proposed method first visually models the appearance of scenes using
4D Gaussian splatting [25, 27]. To address the first challenge, we draw inspiration from
4D Gaussian splatting and introduce a new module named Language Dynamics Encoder
(LDE) to model the temporal changes in language embeddings in a data-driven manner. In
particular, the proposed method learns language embeddings in 3D space for each Gaussian
at a reference time, which can then be projected onto arbitrary viewpoints. Subsequently, the
LDE computes the variations in language embeddings from this reference time, efficiently
distilling the language embeddings into 4D space.

To address the second challenge, we propose a weakly supervised learning task. Our so-
lution uses a single-language embedding—common across all times and pixels of the input
video and obtained from the video foundation model—to supervise the learning of language
embeddings and their variations assigned to numerous Gaussians. Specifically, we exploit
the property of language embeddings that allows new meanings to be represented through
vector operations. This enables us to simultaneously align multiple embeddings in the lan-
guage field with the language embeddings of the input video. Furthermore, to stabilize the
estimation of language embeddings using a video foundation model, we propose a method
that synthesizes and learns input videos from virtual static viewpoints from which more ac-
curate language embeddings can be obtained.

In our experiments, we constructed a dataset to evaluate the novel 4D language ground-
ing and segmentation task by annotating the descriptions and 2D masks of target objects in
the publicly available HyperNeRF dataset [14]. Using this dataset, we performed quantita-
tive evaluations and ablation studies to verify the effectiveness of the proposed method in
addressing these two challenges.

In summary, our contributions are as follows: (i) We introduce the concept of a 4D lan-
guage field to represent temporal changes in 3D language fields. (ii) We propose the LDE,
which enables the modeling and learning of temporal changes in 3D language embeddings.
(iii) We propose a solution for weakly supervised learning of a 4D language field. This ap-
proach uses a single language embedding, obtained from a vision-language video foundation
model, which is shared across all times and pixels of virtual static viewpoint images.

For a detailed comparison between our method and prior work, please refer to the supple-
mentary material. In particular, we explain how our approach differs from concurrent work
by highlighting our second and third contributions.

2Although video foundation models extract multiple local features from the input video, these are not language
embeddings that are fully temporally and spatially aligned. Therefore, it is necessary to aggregate the embeddings
at the video level using methods such as feature pooling in the visual encoder.

Citation
Citation
{Radford, Kim, Hallacy, Ramesh, Goh, Agarwal, Sastry, Askell, Mishkin, Clark, Krueger, and Sutskever} 2021

Citation
Citation
{Wu, Yi, Fang, Xie, Zhang, Wei, Liu, Tian, and Wang} 2024

Citation
Citation
{Yang, Gao, Zhou, Jiao, Zhang, and Jin} 2024

Citation
Citation
{Park, Sinha, Hedman, Barron, Bouaziz, Goldman, Martin-Brualla, and Seitz} 2021{}



4 STUDENT, PROF, COLLABORATOR: BMVC AUTHOR GUIDELINES

2 Related Work

This section first focuses on 3D language field methods. We then provide an overview of
the vision-language video foundation models that use 2D videos as inputs for our approach.
For a comprehensive review of novel view synthesis in general, we refer the reader to the
literature [4].

2.1 3D Language Fields

Following the developments in the novel view-rendering technologies, researchers have de-
veloped methods to distill scene image features into a 3D representation that can be projected
onto arbitrary viewpoints [21]. These features are obtained from vision encoders trained
on large datasets. Advancements in natural language processing have enabled the quanti-
tative extraction of abstract meanings from user-input sentences via language embedding
representations [3]. By leveraging these advancements, researchers have actively pursued
methods that directly distill the distribution of language embeddings into 3D space, which
can then be projected onto arbitrary viewpoints. Representative methods include LERF [8]
and LangSplat [16], which represent 3D language fields using NeRF [11] and Gaussian
splatting [7], respectively. These methods apply CLIP [17] to images captured from multi-
ple viewpoints of a scene to obtain language embeddings at the image patch or pixel level.
These embeddings are subsequently used to learn the language field. Inspired by LangSplat,
our proposed method learns a 4D language field in which the meanings of the language
embeddings change over time.

2.2 Vision-Language Video Foundation Models

With the advancements in natural language processing technologies discussed previously,
language models [3, 12, 20, 23] have been introduced into the field of video understanding.
This has led to significant progress in the development of vision-language video foundation
models. In previous research [24, 28], sentences used for supervision were annotated to each
video at various granularities, with sparse annotation of sentences at the video level used
as a common approach. Alternatively, methods have been proposed for localizing query
sentences temporally or spatiotemporally within videos by annotating sentences at specific
times or providing image regions that correspond to sentences [10, 29] (e.g., object bound-
ing boxes or segmentation masks). However, because pretraining video foundation mod-
els requires large datasets, finer annotation granularity increases the human cost of dataset
preparation.

In response, weakly supervised learning methods [22, 26] that perform the aforemen-
tioned localization using only sentences annotated at the video level have also been pro-
posed. However, their localization accuracy is significantly inferior to that of supervised
learning methods, making them unsuitable for learning language fields. Therefore, to re-
duce the annotation cost required for pretraining, we propose a weakly supervised learning
method that directly uses video-level language embeddings from video foundation models
trained with only video-level annotations.
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Figure 2: Overview of the proposed method. We introduce the novel LDE to estimate tem-
poral changes in language embeddings. The language embeddings used for training are com-
puted at the video level, rather than per pixel, using a vision-language foundation model.

3 Proposed Method
This section first introduces the 4D Gaussian splatting technique, which forms the basis
of our method. Then, it describes our proposed 4D language field model and its weakly
supervised learning approach.

3.1 4D Gaussian Splatting
We model a scene’s appearance using 4D Gaussian splatting, which represents it as a set of
time-varying anisotropic 3D Gaussians. Each 3D Gaussian is defined as

G(x,∆t) = exp
{
−1

2
(x− µ̂µµ)⊤Σ̂ΣΣ

−1
(x− µ̂µµ)

}
, (1)

where x ∈R3 denotes the input 3D coordinates, and ∆t represents the temporal displacement
from the reference time. The mean µ̂µµ ∈R3 and covariance matrix Σ̂ΣΣ are computed as follows:

µ̂µµ = µµµ +∆µµµ, (2)

Σ̂ΣΣ = R̂ŜŜ⊤R̂⊤, (3)

where ∆µµµ is the displacement of the mean due to temporal transitions. To enable differen-
tiable optimization of the covariance matrix, Σ̂ΣΣ is decomposed into a scaling matrix Ŝ and
rotation matrix R̂. Following prior work [27], Ŝ and R̂ are calculated using scale factors
s ∈ R3 and rotation factors r ∈ R4 at the reference time, along with their temporal displace-
ments ∆s and ∆r.

To optimize the parameters of these time-varying 3D Gaussians using the input videos,
we project them onto images at each time step and efficiently render them using a tile-based
rasterizer [16], as follows:

C(p,∆t) = ∑
i∈N

ciα̂i

i−1

∏
j=1

(1− α̂ j), (4)

where ci is the color of the i-th Gaussian, N denotes the set of Gaussians within a tile, and
C(p,∆t) is the rendered color at pixel p ∈ {1, . . . ,H}×{1, . . . ,W} after temporal displace-
ment ∆t from the reference time. The term α̂i is computed as

α̂i = oiG2D
i (p,∆t), (5)
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where oi is the opacity of the i-th Gaussian, and G2D
i (·, ·) is the projected function on the

image plane.
The parameters {µµµ,s,r,c,o} are used to model the scene’s appearance at the reference

time and can be optimized using conventional 3D Gaussian splatting methods [7]. In addi-
tion, previous 4D Gaussian splatting research learned the parameters {∆µµµ,∆s,∆r} to model
temporal changes in a scene’s appearance [25, 27].

3.2 4D Language Field
An overview of the proposed method is presented in Fig. 2. In our proposed 4D language
field, we assign two types of language embeddings to each Gaussian: a static embedding
fs ∈ RD that captures time-invariant semantics such as object classes, and a dynamic em-
bedding fd ∈ RD that encapsulates semantics that change over time. The dynamic language
embedding fd is defined as

fd = fs +∆fs, (6)

where we model ∆fs in a data-driven manner using the LDE, denoted as ΦΦΦ(fs,∆t). This
model takes fs and ∆t as inputs, following the concept of residual blocks [6], to facilitate
learning:

fd = fs +ΦΦΦ(fs,∆t). (7)

Using a tile-based rasterizer, we render fs and fd onto pixel p as follows:

FFF l(p,∆t) = ∑
i∈N

fl
iα̂i

i−1

∏
j=1

(1− α̂ j), l ∈ {s,d}, (8)

where α̂i is calculated using Eq. (5).
We employ the method proposed by Yang et al. [27] to learn the 4D Gaussian splat-

ting parameters {µµµ,s,r,c,o} and {∆µµµ,∆s,∆r}, excluding the language embeddings. Sub-
sequently, we sequentially optimize the language embeddings fs and ΦΦΦ(·, ·). By applying
a vision-language foundation model (detailed in the next section) to the input images, we
obtain D-dimensional per-pixel language embeddings

{
LLLl

p,∆t |l ∈ {s,d}
}

. Using these em-
beddings, we compute the loss L as follows:

Ll =
1

T HW ∑
p,∆t

M
(

LLLl
p,∆t ,FFF

l(p,∆t)
)
, l ∈ {s,d}, (9)

where M(·, ·) denotes a distance function, defined in this study as the weighted sum of the
L1 norm and cosine distance.

Weakly Supervised Learning Using Vision-Language Video Foundation Models. As
discussed in the previous section, the fidelity of the language embeddings fs and fd that rep-
resent the 4D language field depends on the accuracy of the per-pixel language embeddings
LLLs

p,∆t and LLLd
p,∆t extracted from the input video. The embedding LLLs

p,∆t captures time-invariant
semantics such as object classes. If LLLd

p,∆t does not encode spatiotemporal features, it can be
computed using vision-language foundation models designed for static images, as in previ-
ous work [17]. However, if LLLd

p,∆t is intended to represent meanings that consider spatiotem-
poral features, it is preferable to compute it using video foundation models that can gener-
ate high-precision per-pixel language embeddings. Training such models typically requires
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dense annotations of sentences throughout space and time, which is resource intensive. In
contrast, recent state-of-the-art video foundation models are trained using video-level sen-
tences that can be sparsely annotated at a relatively low human cost. This enables them to
generate sentences or language embeddings for input videos.

Therefore, we perform weakly supervised learning of dynamic language embedding fd

by leveraging video-level embeddings obtained from pretrained video foundation models
with low annotation costs. Considering that vector operations between language embeddings
can represent new meanings, we reformulate the dynamic language embedding loss Ld in
Eq. (9) as follows:

Ld = M

(
ld ,

1
T HW ∑

p,∆t
FFFd(p,∆t)

)
, (10)

where ld denotes the video-level language embedding obtained by applying the video foun-
dation model to the input video. This formulation implies that we train the LDE under the
assumption that the average of the projected dynamic language embeddings from the 4D
language field matches the video-level embedding provided by the video foundation model.

Learning the 4D Language Field Using Virtual Static Viewpoint Videos. To accurately
learn 4D Gaussian splatting, it is beneficial to capture the target object from diverse camera
positions with varying parallaxes, thereby enhancing the precision of the camera pose esti-
mation. For example, the HyperNeRF dataset involves moving a camera in a circular path
around an object. However, the distillation accuracy of a 4D language field depends on the
language embeddings estimated using a video foundation model. Therefore, the input video
for the foundation model should capture the target object from a viewpoint that allows for
accurate language embedding estimation.

Temporal changes in the camera position and orientation, such as those in the HyperN-
eRF dataset, can hinder a video foundation model from accurately recognizing the dynamic
semantics of a target object, such as actions. To mitigate this, we use a video rendered from
the 4D Gaussian splatting model at a static virtual viewpoint as input to the video foundation
model, ensuring that its recognition accuracy is not compromised. In our experiments, we
randomly selected a static viewpoint from the camera perspectives of the input video.

4 Experimental Results
Datasets. We constructed a dataset to evaluate the 4D language grounding and segmentation
task based on the HyperNeRF dataset. The HyperNeRF dataset comprises videos captured
in real-world environments, featuring objects whose motions and shapes change over time.
From this dataset, we selected six scenes in which the types and meanings of the object
movements or shape changes switched at certain time points: americano, espresso,
split-cookie, chickchicken, cut-lemon, and torchocolate. These scenes
are suitable for verifying the temporal changes in language embeddings in the 4D language
field. Each scene comprises a 15 FPS video of approximately 30–60 s, and the camera poses
for every frame were calibrated using COLMAP [18].

We quantitatively evaluated the 4D language grounding and segmentation task by pro-
jecting the 4D language field onto the evaluation camera viewpoints and comparing the es-
timated 2D masks of the target objects with the ground truth (GT). We generated 2D seg-
mentation masks for the target objects by applying object segmentation methods [2] to the
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selected scene videos. Each mask was manually corrected and its frames were annotated
with sentences describing the target object. These sentences were created by visually iden-
tifying the interval from the moment an object’s state begins to change until it transitions to
the next state. As described in Tab. 4, we investigated how different ways of phrasing these
annotations affect the distillation accuracy of the proposed 4D language field.
Evaluation Protocol. As an evaluation protocol for the new 4D language grounding and
segmentation task, we projected the 4D language field onto images from evaluation camera
viewpoints. By thresholding the cosine similarity between the projected embeddings and
language embedding of the query, we estimated the 2D segmentation masks corresponding
to the query. Following previous studies [16], we compared the distillation accuracy of the
4D language field of each method using the mean intersection over union (mIoU) between
the estimated masks and GT. For each scene, frames were alternately selected in a 1:1 ratio
for the training and evaluation of the 4D language field.

As the implementation of a weakly supervised learning method for the 4D language field
is not publicly available, we implemented three variants. In selecting the baselines, we aimed
to train the 4D language field by combining all plausible techniques from prior work.

• CLIP-based method: For each frame, we estimate per-pixel language embeddings
LLLd

p,∆t (Sec. 3.2) using CLIP and distill them directly in 4D Gaussian splatting. Specif-
ically, we predict a CLIP embedding for the object mask in each frame, assign this
embedding to every pixel inside the mask to obtain LLLd

p,∆t , and then minimize its dis-
tance to the dynamic feature fd .

• LangSplat-based method: Analogous to LangSplat, this variant distills a constructed
GT embedding, L̄LLd

p,∆t (described below), with the static language embeddings fs. We

generate L̄LLd
p,∆t from the ground-truth masks and captions and minimize its distance to

fs.

• GT-based method: We directly model the GT embeddings L̄LLd
p,∆t , obtained from the

masks and captions, within 4D Gaussian splatting and optimize the loss in Eq. (9)
using L̄LLd

p,∆t .

For both the LangSplat-based and GT-based methods, we convert the annotated sentences
into language embeddings using the ViCLIP text encoder. Subsequently, we assign these
embeddings to all pixels inside the corresponding masks to obtain the per-pixel GT language
embeddings L̄LLd

p,∆t .
Implementation. The training of the 4D Gaussian splatting in our proposed method fol-
lowed the approach of previous work. Training was conducted for approximately 100 epochs,
resulting in each scene being composed of more than 1.0×105 Gaussians. We first trained
the 4D Gaussian splatting, and then sequentially learned the static language embeddings fs

and dynamic language embeddings fd for the 4D language field. At each stage, we fixed the
previously learned parameters and did not update them in subsequent steps. We obtained the
video-level embeddings ld described in Eq. (10) using the video foundation model ViCLIP
(ViCLIP-L-14) [24]. For the architecture of the LDE, we adopted the deformation MLP
from previous studies [27] and set both fs and fd as 768-dimensional vectors. The other
hyperparameters related to the LDE are listed in the supplementary material.
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Method mIoU

CLIP-based [17] 71.3
LangSplat-based [16] 16.6
GT-Based 89.4

Ours 80.5

Table 1: Accuracy comparison
of 4D language grounding and
segmentation.

Method mIoU

Original 75.1
Virtual 80.5

Table 2: Impact of differ-
ent camera viewpoint sampling
methods.

Method mIoU

Ours w/o fs 4.9
Ours w/ fs 80.5

Table 3: Effect of
dynamic language em-
bedding design.

Query type Class Temporal change Long text Multiple classes

mIoU 74.1 78.2 79.5 78.5

Table 4: Ablation study on query sentence formulations. We employ four types of queries:
describing the object class (Class), describing the object’s change over time (Temporal
change), providing a detailed object description (Long text), and describing a single
object in the context of relationships among multiple objects (Multiple classes).

To minimize experimental uncertainties, we selected virtual static camera viewpoints
using a simple method. At each iteration of video training, we randomly sampled a viewpoint
from the camera viewpoints of the training videos. We performed data augmentation on
the virtual viewpoint videos by creating sub-videos and randomly altering their scale and
start/end times.
Comparative Experiments Against Baselines. Tab. 1 summarizes the mean accuracy of
our method and the baseline approaches for the 4D language grounding and segmentation
task. Our method attains substantially higher accuracy than baselines that do not rely on
GT masks and sentences, and it closes the gap to the GT-based method to within a few per-
centage points. These findings indicate that the weakly supervised learning of the dynamic
language embedding fd successfully captures the temporal evolution of scene-level language
embeddings.
Effect of Virtual Viewpoints in Input Videos. We investigated the impact of different cam-
era viewpoint selection methods on the learning of the 4D language field. Tab. 2 presents
the distillation accuracy when camera viewpoints were sampled using different patterns,
evaluated on the same 4D language grounding and segmentation task as in Tab. 1. The
compared methods included using the original video viewpoints (Original) and sampling all
camera viewpoints from virtual static viewpoints (Virtual). The accuracy of the 4D language
field learned using the original viewpoints is significantly lower than that of our proposed
method, which uses virtual viewpoints. This demonstrates that incorporating virtual static
viewpoints is effective for obtaining high-precision language embeddings from a video foun-
dation model and learning an accurate 4D language field.
Design of Dynamic Language Embeddings. We examined how different designs of the
dynamic language embeddings fd affect the distillation accuracy of the 4D language field.
As shown in Tab. 3 and Fig. 3, modeling fd as variations relative to the static embeddings fs

(Ours w/ fs) yields higher accuracy than modeling fd directly without fs (Ours w/o fs). This
suggests that utilizing static embeddings to model dynamic embeddings is effective, likely
because it better captures the inherent relationship between static and dynamic features.
Analysis of the 4D Language Field Representation. In the 4D language grounding and
segmentation task, we analyzed the 4D language field representations learned by the pro-
posed method by evaluating its accuracy while varying the query formulation. Tab. 4 displays
the distillation accuracy of the 4D language field for different query descriptions obtained us-
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Figure 3: Visual results illustrating the
impact of our dynamic embedding design.
The proposed dynamic language embedding
demonstrates improved distillation accuracy
for the 4D language field.

Iteration

Figure 4: Projection results for novel view-
points during the learning process of the 4D
language field by the proposed method. The
temporal accuracy of the projected language
embeddings improved as training progressed.

ing our method. As indicated, the learned representation is robust, maintaining its distillation
accuracy with only a few percentage points of fluctuation across different queries.
Qualitative Results. Fig. 1 shows the visualization results of the 4D language field learned
by the proposed method. Our method successfully segmented the target object region, both
temporally and spatially. Fig. 4 illustrates the learning progression of the 4D language field
using the proposed method.

5 Conclusion

In this study, we aimed to construct a 4D language field in which the meanings of language
embeddings change over time at arbitrary positions in 3D space. We focused on two chal-
lenges that arise when applying conventional 3D language field methods: (1) extending them
to model language embeddings in 4D space and (2) leveraging video-level language embed-
dings obtained from vision-language video foundation models. To address these challenges
simultaneously, we proposed Lang4D, which is a framework that learns a 4D language field
based on 4D Gaussian splatting using video foundation models. Specifically, we introduced
the LDE for the data-driven modeling of temporal changes in language embeddings in 3D
space. We also proposed a weakly supervised learning method that uses input videos from
virtual viewpoints, where the recognition accuracy is stable, to obtain video-level language
embeddings common to all times and pixels. This approach enables us to assign language
embeddings to numerous Gaussians and learn their variations. Through quantitative evalua-
tions and ablation studies, we verified the effectiveness of our proposed method in addressing
these two challenges.
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