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Abstract
Open-vocabulary scene understanding based on 3DGaussian Splatting (3DGS) has shown promising potential for applications
such as embodied agents and object localization. By integrating open-vocabulary embeddings into spatial 3D gaussians, these
models enable a more comprehensive understanding of scenes. However, existing methods often suffer from misalignment
due to the gap between RGB and language modalities, leading to incorrect interpretations of similar-looking objects. To
address this issue, we propose a cross-modal integration approach that aligns multiple representations through spatial gaussian
positioning. We introduce Push-Pull alignment in Gaussian Splatting(PPGS), a novel bimodal framework that bridges RGB
and language modalities through cohesive representation fields. Leveraging the illumination-invariant properties of language
embeddings,we design the bridgemodule,which uses the geometrically-grounded positions for the gaussians as a direct bridge
between the two modalities. This module significantly enhances cross-modal alignment, improves high-fidelity rendering,
and ensures accurate language feature embeddings. Furthermore, our framework dynamically adjusts gradients based on the
distinct optimization requirements of RGB and language during joint learning, ensuring stable and efficient convergence.
Comprehensive experiments demonstrate that PPGS achieves superior language query accuracy and enhanced visual quality
compared to existing language-embedded representations, with Intersection over Union (mIoU) increasing by 6% and Peak
Signal-to-Noise Ratio (PSNR) showing gains over mainstream methods, all within only 50% of the training time.

Keywords Gaussian splatting · Open-vocabulary · Scene understanding · Novel view synthesis · Neural rendering

1 Introduction

Reconstructing 3D scenes and open-vocabulary scene under-
standing are challenging tasks in computer vision [1–6], with
massive applications in embodied intelligence [7–9] and aug-
mented/virtual reality [10–12]. Recent advancements in 3D
Gaussian Splatting (3DGS) [13] have greatly enhanced 3D
scene reconstruction and novel view synthesis from multi-
view images. By optimizing the positions, rotations, scales,
and spherical harmonic coefficients of gaussians, 3DGS
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achieves fast training time and rendering speeds. Consid-
ering the multi-view inconsistencies and the severe noise in
reconstruction caused by spatial misplacement in volumetric
3DGaussian representations, 2DGaussian Splatting (2DGS)
[14] replaces 3Dgaussianswith 2DGaussians. This approach
ensures precise spatial positioning of gaussians, leading to a
more accurate reconstruction of the scene and significantly
reduced noise.

Recent advances have explored leveraging language as a
powerful modality for efficient understanding and interac-
tion with 3D scenes. Language inherent ability to capture
high-level semantics enables applications like 3D scene
understanding and editing[15].However, a primary challenge
is the scarcity of datasets that provide diverse language anno-
tations for 3D scenes at a large scale. To overcome this, recent
methods[16–19] create language-embedded representations
by distilling latent features from pre-trained Vision Founda-
tionModels (VFMs) such as CLIP, SAM, andDINO[20–23].
These distilled features from multi-view 2D images are then
integrated into the 3D scene for open-vocabulary queries.
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Fig. 1 Visualizing the challenge
of cross-moda alignment and the
interactive applications by the
Push–Pull Gaussian Splatting
(PPGS). The left panel
illustrates the problem of noisy
and semantically misaligned
feature fields. The right panel
demonstrates the versatile
downstream tasks, such as
including language-guided
object deletion and extraction,
and prompt-based segmentation.
The implementation details for
these interactive tasks are
discussed in Section 4.2.5

Previous methods mainly perform open-vocabulary scene
understanding in a two-stage manner. In the first stage, the
positions, shapes, and opacities of the 3D gaussians are
optimized solely for photometric consistency. In the second
stage, language features are embedded onto these gaussian
positions, which are fixed after being optimized purely for
visual fidelity. This process incurs a fundamental misalign-
ment, as the semantic boundaries demanded by language
cannot conform to a spatial layout optimized purely for visual
fidelity. This problem is exemplified in Fig. 1, when recon-
structing visually ambiguous regions, the optimizer might
place Gaussians in ambiguous positions, blurring the bound-
ary between them (the highlights shared by ‘a stainless steel
bowl’ and ‘a glass cup’). For instance, Feature-3dgs [24]
attributes the issue to inherent ‘merging noisy or incon-
sistent 2D labels’ between the RGB and feature domains.
An alternative paradigm, exemplified by LEGaussians [18],
reconstructs bothfields simultaneously.This approach allows
the Gaussian positions to be influenced by both modal-
ities, offering the potential to mitigate the misalignment
issues of two-stage methods. However, this simultaneous
approach introduces a cross-modal conflict in the optimiza-
tion of individual Gaussians. During joint optimization,
a single gaussian receives competing gradients: the RGB
loss might pull it toward a position to better reconstruct a
visual texture, while the language loss simultaneously pulls
it toward a different position to better fit a semantic cate-
gory. This optimization conflict often results in the formation
of “noisy”, which are individual Gaussians settling in spa-
tial locations unable to satisfy either objective. Furthermore,
this simultaneous training approach introduces the addi-

tional challenge of an imbalance problem. Previous methods
struggle to achieve satisfactory reconstruction quality when
concurrently learning RGB reconstruction (regression) and
language reconstruction (classification). Simply combining
the loss functions of these two tasks often degrades perfor-
mance in both areas. However, as they inherently share the
same spatial distribution, it is crucial to design a loss function
with adaptive weights that dynamically balance both objec-
tives while considering the overall optimization landscape.

In this paper, we propose PPGS, a bimodal framework
that reconstructs RGB and language fields through cross-
modal alignment, enabling precise open-vocabulary scene
understanding. To address the misalignment overlooked by
previous methods, we propose the bridge module. To estab-
lish a robust interface for cross-modal integration, we adopt
2Dgaussians and extend their primitiveswith latent language
parameters, enabling the simultaneous optimization of both
fields. This foundational design provides the precise spatial
positions that our bridge module leverages, which in turn
introduces a push–pull mechanism to effectively improve
alignment, reduce noise, and enhance reconstruction qual-
ity and query performance. Additionally, the imbalance in
weight optimization between the two fields hinders optimal
performance, as the bridging process requires maintaining
consistency across both modalities. We adopt a joint train-
ing strategy that dynamically balances the learning of RGB
and language fields, enhancing their coordination and overall
performance.

In summary, our contributions include:
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• We propose PPGS, a bimodal framework that leverages
the geometric prior from 2D gaussian to enable robust
cross-modal alignment, and adopts a joint training strat-
egy with dynamic gradient balancing to handle RGB and
language modality integration.

• We propose the bridge module, a push–pull mechanism
that synchronizes RGB and language modalities through
shared Gaussian spatial positions, enabling bidirectional
optimization to enhance language query accuracy and
maintain rendering quality.

• Extensive experiments demonstrate that our method sets
a new state-of-the-art in open-vocabulary scene under-
standing. It achieves significant improvements in both
visual reconstruction quality and open-vocabulary query
performance, which is supported by enhanced feature
alignment and spatial consistency.

2 Related work

2.1 Neural rendering and Gaussian splatting

NeRF [25] has demonstrated superior performance in novel
view synthesis compared to traditional methods [26–30].
However, NeRF and other related methods [31, 32] require
massive computational resources and long inference time.
3D Gaussian Splatting (3DGS) [13] has been proposed to
improve reconstruction quality and reduce training time. Dif-
ferent from NeRF, 3DGS reconstructs with a collection of
3D Gaussians in place of differentiable volume rendering.
Hence, faster rasterization is realized compared to NeRF-
based [33–37] methods. Subsequent works [38–43] have
been dedicated to achieving even higher fidelity and shorter
training timeon the taskof novel viewsynthesis. For instance,
SuGaR [44] compresses 3D Gaussians from meshes and 3D
point clouds. The strategy of constraining 3DGS with sur-
face reconstruction improves the accuracy and efficiency
of the approximation, enabling better handling of surface
details. However, the absence of geometric constraints in
SuGaR producesmuch gaussians noise. Therefore, 2DGaus-
sian is proposed to replace 3D Gaussian, and this method is
named “2D Gaussian Splatting" [14]. 2D Gaussian Splatting
(2DGS) aims to overcome the limitations posed by noise. It
is capable of providing more accurate geometric positions,
which can be used for a wider range of downstream tasks
[45, 46].

2.2 Open-vocabulary scene understanding

Open-vocabulary 3D scene understanding tasks have been
increasingly explored by transferring 2D Vision Foundation
Models (VFM) such as DINO [23], and SAM [22] into 3D
RGB fields. These approaches [15, 47] learn 3D-consistent

features by lifting2D representations into 3D.The2DVision-
Language Model (VLM) such as LSeg [20], CLIP [21] has
exhibited impressive performance in zero-shot image under-
standing tasks. Several methods [16, 48] leverage models
like SAM [22] or DINO [23] to extract clear boundaries,
which are then fed into CLIP to obtain high-quality lan-
guage features. These features are subsequently integrated
into RGB and language fields to enable open-vocabulary 3D
scene understanding.

Given the success of 3D Gaussian Splatting (3DGS) in
common 3D scene reconstruction tasks, it has been extended
to open-vocabulary 3D scene understanding. This advance-
ment has improved the efficiency and controllability of
integrating 3D scenes with language fields. We categorize
the approaches for open-vocabulary 3D scene understanding
into two types: two-stage and end-to-end methods. Two-
stage methods, such as LangSplat [17], GOI [49], and
OpenGaussian [50], achieve relatively satisfactory results
by separately training RGB and language fields, but strug-
gle to effectively balance the distinct optimization demands
of each. Furthermore, due to the time-consuming nature of
training in two-stage methods, end-to-end approaches have
gained prominence. LEGaussians [18] is one such end-to-
endmethod that simultaneously trains the RGB and language
fields. By enabling joint optimization, it fosters a tighter inte-
gration between the geometric layout and semantic content.

3 Methodology

Leveraging the 2D Gaussian Splatting technique, we recon-
struct a unified field integrating both RGB and language
features fromagiven set of 2D images. This approach enables
rendering RGB images from arbitrary viewpoints while
supporting precise understanding through open-vocabulary
language queries. An overview of our method is illustrated
in Fig. 2.

3.1 Recap: 3D Gaussian splatting

3DGS [13] involves projecting and rendering of 3Dgaussians
into 2D image space. It initializes gaussians using Structure-
from-Motion (SfM) [51] and constructs RGB fields from
multi-view images to achieve high rendering quality. 3DGS
explicitly parameterizes gaussian via 3D covariance matrix
� and 3D position pi ∈ R

3:

G3D(x) = exp(−1

2
(x − pi )

T�−1(x − pi )). (1)

The 3D covariance matrix � can be decomposed into a
rotationmatrixR and a scalingmatrixS.When 3DGaussians
are projected into 2D image space, this matrix is transformed
into �

′
as follows:
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Fig. 2 Overview of PPGS framework. The core bridge module pro-
cesses each gaussian based on its shared spatial position. Through a
push–pull alignment mechanism, it actively corrects feature misalign-
ment. The ‘push’ visualized by the purple arrow, enhances distinctive-
ness by pushing apart the features of visually similar but semantically
different objects. Conversely, the ‘pull’ shown by the green arrow,

encourages semantic consistency by pulling together the features of
gaussians that belong to the same object (floor). The resulting aligned
feature fields enable precise open-vocabulary querying. A text prompt
(“yellow wood floors”) is encoded via CLIP to generate a query vec-
tor, which is then used to produce a semantic heatmap on any novel
rendered view

� = RSSTRT, (2)

�
′ = JW�WTJT, (3)

where W is the transformation matrix from world coor-
dinates to camera coordinates, and J is the Jacobian matrix
for the affine approximation of the projective transforma-
tion. Thus, the i-th (i ∈ N ) 3D gaussian is described by
a group of learnable parameters {pi , ri , si , αi , shi }, which
combines 3D position p, rotation matrix r, scale matrix s,
opacity value α and spherical harmonics sh. To integrate the
alpha-weighted appearance from front to back, volumetric
alpha blending is applied with respect to index j :

C =
N∑

i=1

ciαiG3D
i

i−1∏

j=1

(1 − α jG3D
j ), (4)

3.2 2D Gaussian splatting for language fields

Different from 3D Gaussian Splatting, 2D Gaussian Splat-
ting (2DGS) [14] represents scenes using flat 2D gaussians
within the 3D field. This approach distributes densities of 2D
gaussians along surfaces, improving positionswith geometry
and significantly reducing erroneous gaussians.

In 2DGS, each 2D gaussian is defined by a central point
pi ∈ R

3 as in 3DGS, two principal tangential vectors
(tu, tv) ∈ R

3 and two scaling factors (su, sv) ∈ R. The 2D
gaussian is then parameterized using a local tangent plane as
follows, where H is a homogeneous transformation matrix
representing the geometry of the 2D gaussian:

P(u, v) = pi + su tuu + sv tvv = H(u, v, 1, 1)T, (5)

H(u, v, 1, 1)T = [RiSi , pi ], (6)

where Ri = [tu, tv, tu × tv] ∈ SO(3) represents rotation,
and tu × tv denotes normal orientation. The scale is from
diagonal matrix Sk = diag(su, sv, 0) ∈ R

3×3. For each point
u = (u, v) in uv space, the corresponding 2D gaussian value
can be computed as:

G2D(u) = exp(−u2 + v2

2
). (7)

Each 2D gaussian also carries an opacity value α and a
view-dependent appearance c same as 3DGS. The color C
at pixel x is obtained through volumetric rendering and is
expressed as:

C(x) =
N∑

i=1

ciαiG2D
i

i−1∏

j=1

(1 − α jG2D
j ). (8)

In our work, we extend each 2D Gaussian with language
embedding f . To generate language features, we follow
the same initial process as LangSplat [17], leveraging the
SAM [22] to produce features at three hierarchical levels:
“Whole”, “Part”, and “Subpart”. However, LangSplat is a
two-stage method that trains the language features indepen-
dently after an initial RGBfield is pre-trained. Adopting such
a multi-level, staged training scheme would disrupt the end-
to-end nature of our joint optimization. Consequently, we
employ a strategy that utilizes only the features from the
“Whole” semantic level. This approach provides a consis-
tent and stable semantic signal, which is beneficial for a
joint optimization model. A similar strategy is also adopted
by concurrent works like OpenGaussian [50]. The i-th 2D
gaussian is represented by a set of learnable parameters
{ fi , pi , ri , si , αi , shi , εi }.WhereN denotes the dynamically
changing number of 2D gaussians during training. Directly
embedding high-dimensional language features frommodels
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like CLIP (512 dimensions) into a large number of gaussian
primitives presents significant challenges in terms ofmemory
consumption and computational efficiency. To address this,
we adopt an effective strategy inspired by prior work such
as LangSplat: a lightweight, scene-specific autoencoder [52]
is pre-trained to compress the high-dimensional CLIP fea-
tures into a low-dimensional latent space (8 dimensions).
This dimensionality reduction is a critical step for achieving
amemory-efficient representation, the autoencoder is trained
using the following reconstruction loss Lae:

Lae =
y∑

x=1

dae(�(E(CLIP(x)),CLIP(x))), (9)

where � and E denote the decoder and encoder, and dae() is
the distance function of the autoencoder using both L1 loss
and cosine distance loss, y represents all pixels in a set of
2D images. Subsequently, the same tile-based rasterization
pipeline used in 3DGS is applied to language field to preserve
rendering efficiency:

F(x) =
N∑

i=1

fiαiG2D
i

i−1∏

j=1

(1 − α jG2D
j ). (10)

where F(x) represents the language embedding rendered at
pixel x . By embedding the language representation directly
into 2D gaussians, the language field effectively responds to
language-based queries.

3.3 Bridgemodule

The design of our bridge module is founded on a core prin-
ciple in neural rendering. NeRF [25] establishes that volume
density depends only on that position and is independent of
the viewing direction. Similarly, the semantic identity of a
spatial location, as represented by language embeddings, is
also an intrinsic property of its position and remains indepen-
dent of complex lighting conditions. This property makes
the precise structural position p a stable and fundamen-
tal attribute to serve as a shared bridge between the RGB
(visual appearance) and language (semantic meaning) fields.
By treating the spatial position as a shared anchor, we enable
supervision from both modalities to propagate back into 3D
space, where alignment is ultimately expressed as changes
in the distribution of gaussian centers.

Leveraging this principle, we design the bridge module as
a dual-branch network structure (MLPc for RGB and MLP f

for language features) that operates on a per-gaussian basis.
The sole input to the module is the central position pi of
an individual 2D Gaussian. This design choice inherently
accommodates the dynamic nature of Gaussian splatting,

where primitives are changed during optimization. The dual-
branch architecture enables a bidirectional information flow
and facilitates a “push–pull” optimization dynamic: the total
loss,with both visual and language components, is backprop-
agated to the position pi , since the language features are
generated as a differentiable function of this position. This
joint optimization corrects spatial misalignments, encourag-
ing gaussians to settle in positions that are coherent across
both modalities. Each input position pi undergoes positional
encoding (PE) as in NeRF, before being processed by the two
parallel branches:

1. RGB Branch (MLPc). The encoded gaussian position
pi is passed through four fully connected ReLU layers, each
with 96 channels. A skip connection concatenates the posi-
tion encoding with the activation of the fifth layer, yielding a
159-dimensional feature vector. A final fully connected layer
then outputs a three-dimensional RGB color representation:

ci = MLPc(PE(pi )), (11)

2. Language Branch (MLP f ). The same position encod-
ing is processed through an identical architecture but opti-
mized for language features. A final fully connected layer
outputs an d-dimensional latent language embedding:

fi = MLP f (PE(pi )). (12)

A key design choice is that the bridge module operates
on view-independent features. This is a deliberate strategy
to focus on achieving robust cross-modal alignment directly
in the 3D domain. View-dependent effects, such as spec-
ularities, are handled at the rendering stage. Higher-order
spherical harmonic (SH) coefficients, supervised by the final
L1 rendering loss, remain responsible for capturing view-
dependent effects at the rendering stage. MLPc and MLP f

share parameters in the first five layers to reduce memory
consumption while maintaining symmetry. The final layers
independently produce RGB color c ∈ R

3 and the latent
language embedding f ∈ R

d . This symmetric dual-branch
structure effectively balances computational efficiency and
feature expressiveness. Additionally, we introduce an opti-
mizable uncertainty ε for each 2D Gaussian following the
approach in LEGaussians:

β = βuncert (1 − ε) + ε, (13)

where ε ∈ [0, 1] represents the confidence of 2D Gaus-
sians. A higher ε indicates instability, leading to frequent
updates during optimization.3 We also set βuncert = 0.1,
which acts as a threshold to control the effective weights of
2D Gaussians input to the MLP. To train the bridge module,
two loss functions are designed:

123



38 Page 6 of 14 T. Chen et al.

Fig. 3 The bridge module’s
push–pull alignment
mechanism. A Gaussian’s
position (xyz) is input to parallel
branches to predict RGB and
language features (solid arrows).
Gradients from losses Lc and
L f backpropagate (dotted
arrows) to update both the
branches and the position itself,
correcting misalignment to
produce the “Aligned
Gaussians”

Lc =
N∑

i=0

(‖cMLPi − c∗
i ‖2 + β‖c∗

MLPi − ci‖2), (14)

L f =
N∑

i=0

(‖ fMLPi − f ∗
i ‖2 + β‖ f ∗

MLPi − fi‖2), (15)

where ci and fi represent the RGB and language parameters
of each 2DGaussian, respectively.We adapt the bidirectional
loss structure from spatial smoothness regularizer for our task
of multi-modal fusion. To ensure stable cross-modal learn-
ing, we employ an iterative optimization schedule where one
branch is updated while the other is frozen (*). For instance,
the RGB branch is trained for several iterations using Lc

while the language branch’s parameters are frozen, after
which the roles are reversed. This alternating process pre-
vents destructive interference between the two tasks. This
creates a push–pull dynamicwhere the bridgemodule and the
gaussian parameters are co-trained, effectively aligning and
fusing the two modalities. We introduce an adaptive weight-
ing mechanism to balance RGB and language reconstruction
tasks:

Lrec = L1 + Lc, (16)

Lr f = Lr + L f , (17)

where L1 represents the difference between the rendered
RGB images and the original images, andLr denotes the dif-
ference between the rendered language features and the latent
language features. With this loss function, both tasks benefit
from improvements, further enhancing the performance of
PPGS.

Following [53], this approach formulates homoscedastic
uncertainty, which can be learned using probabilistic deep
learning to estimate task-specific confidence levels. It mea-

sures the inherent uncertainty of the task itself, independent
of the input data:

L = Lrecσ̂
−2
rec + log σ̂ 2

rec + Lr f σ̂
−2
r f + log σ̂ 2

r f , (18)

where σ̂ 2
rec and σ̂ 2

r f dynamically adjust during backpropa-
gation. These uncertainties are free scalar values, not model
outputs, and represent the task noise. This loss L consists
of two components: the residual regression term logσ̂ 2 and
the uncertainty regularization term σ̂ 2. Once the variance of
σ̂ 2 becomes larger, it exerts a tempering effect on the resid-
ual regression term. Larger variances will result in a smaller
residual loss. The regularization term prevents the network
frompredicting infinite uncertainty, whichwould lead to zero
loss. This mechanism allows PPGS to adaptively balance
RGB and language tasks.

4 Experiments

4.1 Setting

Dataset.To assess the effectiveness of our approach, we con-
duct experiments on theMip-NeRF360dataset [55], adopting
the same settings as those used in LEGaussians [18]. The
Mip-NeRF360 dataset is a high-quality, real-world collection
for 3D reconstruction, featuring a diverse array of everyday
objects and intricate background textures. It comprises six
distinct scenes (bicycle, bonsai, counter, garden, kitchen, and
room) encompassing both indoor and outdoor settings. Each
scene comprises approximately 200 images captured from
diverse viewpoints and distances, thereby enhancing data
richness and increasing the complexity of the reconstruction
task. The dataset includes manually annotated segmentation
masks, using descriptive labels (e.g., “purple tablecloth") to
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Table 1 Quantitative comparison of our method with DFF [15], LERF
[16], 3DOVS [54], Feature-3dgs [24], LEGaussians [18] and LangSplat
[17] on the Mip-NeRF360 dataset [55]. To ensure a fair comparison,
results for Feature-3dgs, LEGaussians, and LangSplat are re-trained.
The results for LEGaussians∗ are the original scores reported in their

paper. For broader reference, the results for DFF, LERF, and 3DOVS
are cited from the LEGaussians paper. The first , second , and third
performance are highlighted. Our method shows overall superior per-
formance over baseline methods

identify the primary object or background in each scene. The
test set comprises novel view images, randomly selected to
constitute approximately 10%of each corresponding training
set.

BaselineMethods andMetrics.We compare our method
through a comparative analysis against several mainstream
approaches: DFF [15], LERF [25], 3DOVS [54], Feature-
3dgs [24], LangSplat [17] andLEGaussians [18]. To establish
a fair and rigorous comparison against key contemporary
methods, we retrained Feature-3dgs, LangSplat, and our core
baseline, LEGaussian, within a unified experimental setup.
This ensures all comparisons are based on a consistent bench-
mark. For a broader context, results for earliermethods (DFF,
LERF, 3DOVS) are cited from the LEGaussians paper [18].
The results for LEGaussians∗ are the original scores reported
in their paper. Among these, LangSplat exemplifies the lead-
ing two-stage approach, whereas LEGaussians represents the
leading end-to-endmethod.We evaluate thesemethods using
the following criteria. Visual quality is quantified by PSNR,
SSIM, and LPIPS [56], measuring the fidelity of novel view
renderings. Language query accuracy is measured by mean
Intersection over Union (mIoU) andmean Average Precision
(mAP), based on annotated labels in the test set. Rendering
speed is reported in frames per second (FPS), evaluated for
images incorporating language features at a fixed resolution.

ImplementationDetails.We implement ourmethodwith
PyTorch [57] and incorporate the CUDA kernel from 2D
Gaussian Splatting [14] to accelerate the rasterization render-
ing process. Our approach employs joint learning to optimize
both the RGB and language fields. For extracting latent lan-
guage features, we follow the same process as LangSplat
[17], but we utilize only the whole level embedding, and
omit the “tire" label in the scene “bicycle" as it represents a
hierarchical structure. The same operation is also performed
in the method proposed by [50]. The model is trained on
a single RTX3090 GPU for approximately 1h, with 30,000
iterations. We use the Adam optimizer with a learning rate

of 0.001 and betas of (0.9, 0.999). The bridge module and
joint learning were optimized with a weight of 0.001. The
reported results are the averages of five independent trials, the
standard deviations were consistently low across all metrics
(typically within ±0.05 for PSNR), confirming the stability
of our findings and are thus omitted for brevity.

4.2 Comparison

4.2.1 Quantitative results

Our method surpasses other methods in both rendering qual-
ity and language query accuracy as shown in Table 1. It
achieves a notable mIoU of “0.632", although this perfor-
mance is inherently constrained by the dataset’s limitations.
Although query objects may be accurately recognized, they
still exhibit lower mIoU scores, reflecting an upper bound
on accuracy due to ambiguities in human labeling. 3DOVS
and DFF require significant memory and storage due to the
use of raw language features during training. LERF exhibits
the slowest rendering speed, attributable to its MLP architec-
ture, and shows poor language query accuracy. Feature-3dgs
[24] employs LSeg [20] as a 2D semantic segmentation
model for feature extraction.However, it struggleswith open-
vocabulary queries, often retrieving all objects related to the
prompt and failing to distinguish complex cases. Feature-
3dgs incurs significant resource costs due to the construction
of a speed-module network and the dimensionality compres-
sion of LSeg. This results in a fivefold increase in training
time and a reduction to one-seventh of the original FPS, ren-
dering it impractical. Furthermore, end-to-end frameworks
like LEGaussians introduce an imbalance issue between the
RGB and language modalities. The “garden" and “kitchen"
scenes suffer the most from imbalance. LangSplat halts RGB
reconstruction during language embedding, resulting in a
PSNR equivalent to the original 3DGS reconstruction. In
contrast, our method enhances precision through two key
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Fig. 4 Comparison of novel
view synthesis and query
relevance visualization. From
left to right: Ground truth novel
view synthesis, novel view
images with relevance
visualization from our method,
LEGaussians [18], LangSplat
[17], and LERF [16]. From top
to bottom: Query words “silver
oak tree" in the “bicycle" scene,
“purple table cloth" in “bonsai"
scene, “plants" in the “counter"
scene, “green plant" in the
“garden" scene, “red oven
gloves" in the “kitchen" scene,
and “piano keyboard" in the
“room" scene

components. First, 2DGS provides a robust geometric foun-
dation. Second, the bridgemodule facilitates field integration
and joint learning, which in turn mitigates the imbalance
issue. Experiments clearly demonstrate the effectiveness of
our approach, with an increase in PSNR and improvements
in language query accuracy, with detailed results for each
individual scene provided in Table 5.

4.2.2 Qualitative results

To illustrate the effectiveness of our method in language-
based scene understanding, we present a qualitative com-
parison in Fig. 4, where our approach successfully identifies
complex objects in diverse environments. LERF successfully
locates queried objects due to its grid-based representation
but struggles with defining precise boundaries, as seen with
the “green plants" in the “garden" scene. LEGaussians fails to
identify the “red oven gloves" in the “kitchen" scene due to its
reliance on DINO [23], which struggles with detecting small
objects in sparse views and complex backgrounds. LangSplat
suffers fromnoise in the reconstruction due to the lack of geo-
metric constraints, as demonstrated by the hollow section of
the “piano keyboard" in the “room" scene. In contrast, our

approach benefits from2Dgaussians, which provide geomet-
rically constrained positions that minimize noise. The bridge
module further enhances bothRGBand language by combin-
ing information from both fields, thereby suppressing noise
generation. For example, the “silver oak tree" in the “bicycle"
scene shows almost no noise at the edges, as the RGB and
language constraints work together effectively. Similarly, a
more compact language distribution for “plants" is obtained
in the “counter" scene. Further qualitative results are shown,
including the mask visualization of open-vocabulary queries
(Fig. 6) and a visual quality comparison with other methods
(Fig. 5). These results demonstrate that our method recon-
structs higher-quality RGB and significantly enhances the
performance of open-vocabulary scene understanding.

4.2.3 Ablation study

We conducted ablation experiments to analyze variability
across different scenarios. Similar to its performance in the
“room" scenario, our method demonstrates excellent results
in the “kitchen" scenario. The results of the ablation stud-
ies for the language query are presented in Tab .2. 2DGS
with its inherent multi-view geometric consistency reduces
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Fig. 5 Visual quality
comparison of novel view
synthesis results. Our method is
able to recover more detailed
texture and appearance
compared to LEGaussians [18]
and LangSplat [17]. From top to
bottom: “bicycle" scene,
“bonsai" scene, “counter" scene,
“garden" scene, “kitchen" scene,
and “room" scene

the noise in the field and mitigates the impact of erroneous
language embeddings. 2DGS experiences a slight drop in
mIoU with “kitchen" for complex scenes, while maintain-
ing high mAP performance. This disparity arises because
the “kitchen" scene contains more occlusions and complex
objects, which can degrade performance when overly rigid
structural constraints are applied during reconstruction. By
leveraging the bridge module’s dual-branch architecture, the
system adapts to the complexities of the scene, ensuring that
occlusions and intricate object structures are better handled.
The bridge module facilitates mutual learning between the
RGB field and gaussian positions, as well as between the lan-
guage field and gaussian positions. This mutual interaction
allows the gaussian representations to positively influence
the reconstruction of both fields. Our results demonstrate
that the bridge module is crucial for language query per-
formance, as it improves the mIoU and mAP. We further

validate the effectiveness of the bridge module, experimen-
tal results show that in the “room" scenario, introducing the
bridge module improves the mIoU from “0.501" to “0.563",
demonstrating a significant performance gain. Similarly, a
comparable trend is observed in the “kitchen" scenario, fur-
ther confirming that the bridge module effectively facilitates
mutual learning between different fields and enhances fea-
ture fusion. The PSNRmetrics in Table 1 clearly demonstrate
the imbalance problem. The introduction of joint learning in
our framework effectivelymitigates this imbalance, resulting
in better performance .

4.2.4 Discussions

Bridge Module.We delve deeper into the functional impact
of the bridgemodule. As shown in Table 3, themodel without
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Fig. 6 A comparison of novel view synthesis and the mask visualiza-
tion, which determines the value of mIoU. Left to right: Ground truth,
GT mask, mask from our method, LEGaussians [18], LangSplat [17].
Our method produces clearer and more complete boundaries, improv-
ing the overall quality of open-vocabulary queries. From top to bottom:

Query words “bench" in scene “bicycle", “piano keyboard" in scene
“bonsai", “jar of coconut oil" in scene “counter", “green plant" in scene
“garden", “basket weave cloth" in scene “kitchen", and “yellow books"
in scene “room"

Table 2 Quantitative results of
ablation experiments (“room"
and “kitchen" scenes). The
first , second , and third
performance are highlighted
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the bridge module results in the lowest performance for both
RGB reconstruction and language query tasks.

Retaining only the language branch in bridge significantly
improves language query performance. Similarly, keeping
only the RGB branch in bridge enhances RGB reconstruc-
tion performance. However, this single-branch configuration
shifts the loss function, adversely affecting the other task and
reducing overall performance. The dual-branch architecture
is able to merge the information from two different fields
in a way that improves the performance of each task at the
same time and outperforms the single-branch architecture.
The dual-branch structure effectively reduces ambiguity and
significantly enhances open-vocabulary scene understanding
mIoU from “0.532" to “0.572".

We continue our analysis of the network structure of the
bridge module. The position encoding layer serves a similar
purpose to that in NeRF [25], ensuring the preservation of
high-frequency details to prevent information loss. As shown
in Table 4, the absence of the position encoding layer results
in a noticeable degradation in performance. Similarly, remov-
ing the skip connection negatively impacts performance, as
it weakens the transmission of critical information, requiring
additional reinforcement. Performance exhibits consistent
improvement with an increase in the number of layers, as
deeper architectures enhance the network’s capacity to learn
complex patterns and capture finer details. Additionally,
increasing the dimensionality of theMLP from “96" to “128"
enhances performance but comes with a higher parameter
count. To maintain a balance between performance and effi-
ciency, we adopt a dimensionality of “96" in this study.

Visualization Results. As shown in Fig. 5, language sig-
nificantly boosts RGB visual quality. Objects with similar
language features pull cluster gaussians closer, improving
RGB reconstruction, while dissimilar features push them
apart. Ourmethod performs best in the “bonsai" scene, where
the floor is clearly reconstructed. LEGaussians suffers the
most from the imbalance between language and RGB. In
contrast, the LangSplat method experiences no imbalance
interference, but its performance still lags behind ours in
terms of visual quality due to the lack of language assistance.
The mask visualization of open-vocabulary queries (Fig. 6)
showcases ourmodel’s ability to generate precise and seman-
ticallymeaningful segmentations, highlighting its robustness
in handling diverse and unseen categories. Furthermore, a
visual quality comparison with other methods underscores
our method’s superior RGB reconstruction, which signifi-
cantly enhances the performance of open-vocabulary scene
understanding (Table 5).

4.2.5 Downstream tasks

Our PPGS framework supports a range of powerful down-
stream tasks for interactive 3D scene editing and understand-

Table 3 Discuss the impact of each branch of bridge in the “room"
scene. The first , second , and third performance are highlighted

Table 4 A comprehensive analysis of the network structure of the
bridge module in the “room" scene. The first , second , and third
performance are highlighted

Table 5 The specificity values of our approach in each scene are pro-
vided

Scene PSNR↑ SSIM↑ LPIPS↓ mIoU↑ mAP↑
bicycle 24.186 0.732 0.245 0.535 0.848

bonsai 31.981 0.957 0.077 0.715 0.921

counter 29.776 0.936 0.074 0.651 0.808

garden 27.792 0.867 0.104 0.486 0.685

kitchen 31.768 0.961 0.043 0.761 0.953

room 33.285 0.964 0.062 0.589 0.776

Average 29.798 0.903 0.101 0.623 0.832

Specifically, PSNR, SSIM, and LPIPS are related to RGB reconstruc-
tion, while mIoU and mAP are associated with open-vocabulary query
performance

ing. These applications all stem from the model’s ability to
accurately ground language and prompts within its learned
feature fields. Fig. 1 provides a visual summary of these
key applications, demonstrating object deletion, extraction,
and segmentation via both click and language prompts. The
implementation for each is as follows:
Delete Anything:The ‘Delete Anything’ panel shows object
removal via language. For the command “Please delete the
brown shoes”, the system generates a 3D selection mask for
all gaussians whose language features exceed a similarity
threshold with the text query. During rendering, gaussians
within this mask are skipped, resulting in their seamless
removal as shown.
Extract Anything: The ‘Extract Anything’ panel visual-
izes object isolation. Using the prompt “the brown shoes”,
a similar 3D mask is generated based on a feature simi-
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larity threshold. The rendering logic is then inverted: only
gaussians included in the mask are processed, presenting the
object against a black background.
Click Segment Anything: The ‘Click Segment Anything’
panel showcases interactive segmentation from a spatial
prompt. A user’s click, for instance on the chair, is used to
predict segmentation scores across the chair scene. A final
selection mask is then generated by applying a threshold to
these scores, which instructs the renderer to highlight the
entire object instance with the overlay shown.
Language Segment Anything: The ‘Language Segment
Anything’ panel shows direct segmentation from a text
command. For the prompt “Piano”, the system generates a
selection mask based on a feature similarity threshold. This
mask then instructs the renderer to visually distinguish the
selected Gaussians, resulting in the highlighted piano in the
image.

5 Conclusion

In this paper, we propose a novel language-embedded frame-
work named PPGS, which enhances open-vocabulary scene
understanding by simultaneously reconstructing RGB and
language fields. Our method addresses the critical issue of
misalignment between RGB and language representations
through a push–pull mechanism within the bridge module.
This mechanism improves cross-modal alignment and pro-
motes effective fusion between RGB and language fields.
Furthermore, to ensure stable and efficient convergence of
these distinct fields during joint learning, we optimize joint
learning by modulating gradients to accommodate the dis-
tinct optimization requirements of RGB and language fields,
thereby ensuring efficient and stable convergence. These
results demonstrate the effectiveness of our approach in
achieving high-quality RGB reconstruction and improved
language query accuracy.
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