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Figure 1. MMOne Overview. MMOne is a general framework designed to represent multiple modalities in one scene. By disentangling

multimodal information based on the inherent differences among modalities, we achieve enhanced performance across all modalities.

Abstract

Humans perceive the world through multimodal cues

to understand and interact with the environment. Learn-

ing a scene representation for multiple modalities enhances

comprehension of the physical world. However, modal-

ity conflicts, arising from inherent distinctions among dif-

ferent modalities, present two critical challenges: prop-

erty disparity and granularity disparity. To address these

challenges, we propose a general framework, MMOne, to

represent multiple modalities in one scene, which can be

readily extended to additional modalities. Specifically, a

modality modeling module with a novel modality indicator

is proposed to capture the unique properties of each modal-

ity. Additionally, we design a multimodal decomposition

mechanism to separate multi-modal Gaussians into single-

modal Gaussians based on modality differences. We ad-

dress the essential distinctions among modalities by disen-

tangling multimodal information into shared and modality-

specific components, resulting in a more compact and ef-

ficient multimodal scene representation. Extensive experi-

ments demonstrate that our method consistently enhances

the representation capability for each modality and is scal-

able to additional modalities. The code is available at

https://github.com/Neal2020GitHub/MMOne.

1. Introduction

The 3D physical world inherently comprises multiple

modalities, such as vision, thermal, and language. Humans

perceive these modalities to understand and interact with the

†: Corresponding author.

environment [46]. Scene representation is a fundamental

cognitive tool for humans to comprehend the world and is

crucial for spatial cognition [9, 17]. Integrating information

from different modalities into a multimodal scene represen-

tation enables better comprehension of the physical world,

especially in complex environments [7, 52].

Scene representation has evolved from explicit rep-

resentations [13] to implicit representations [42], owing

to their flexibility in geometry and appearance modeling

through continuous parameterization. Neural Radiance

Fields (NeRF) [27, 44] and 3D Gaussian Splatting (3DGS)

[19] have demonstrated significant potential in various real-

world applications, such as autonomous driving [50, 54]

and robotic manipulation [41], due to their capabilities for

high-fidelity scene reconstruction and real-time rendering.

Beyond RGB, modalities such as language [20, 23, 34,

40, 53] and thermal [15, 25] have been incorporated into

scene representation. Current works typically employ addi-

tional feature vectors to model modality-specific properties

and render these modalities similarly to RGB. Follow-up

studies incorporate modality-specific designs, such as learn-

ing distinctive features [30, 48], to improve the modality

representation ability. However, these approaches are lim-

ited to specific modalities and do not address the fundamen-

tal differences among different modalities. More critically,

they use the same set of Gaussians to represent all modal-

ities, which contradicts the varying levels of granularity of

different modalities. These factors motivate us to consider

a core problem: how to address the essential differences

among modalities when representing multiple modalities si-

multaneously? This is inherently challenging as different

modalities exhibit distinct properties and granularities.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Modality conflicts, which derived from the inherent dif-

ferences among modalities, lead to two critical challenges

when representing multiple modalities simultaneously. The

first challenge is property disparity, which refers to the in-

herent distinctions in the characteristics of data from var-

ious modalities. The dimensionality and physical proper-

ties of diverse modalities vary (e.g., language representa-

tion requires higher dimensionality than RGB), which re-

quires carefully designed modality representation to model.

The second challenge is granularity disparity, which de-

notes the differences in the level of granularity at which

information is represented across modalities (e.g., thermal

exhibits coarser-grained than RGB). This issue is exacer-

bated when different modalities share the same geometry,

resulting in redundant scene representations.

To tackle these challenges, we propose a general frame-

work, MMOne, to represent multiple modalities in one

scene, which can be readily extended to additional modal-

ities. Specifically, a modality modeling module with

modality-specific features and a novel modality indicator is

proposed to capture the unique properties of each modality.

The modality indicator also functions as a “switch” to selec-

tively deactivate certain modalities during rendering. Addi-

tionally, we design a multimodal decomposition mecha-

nism to separate multi-modal Gaussians into single-modal

Gaussians based on modality differences, accommodating

the varying levels of granularity of different modalities.

Our method addresses the essential distinctions among

modalities by disentangling multimodal information into

shared and modality-specific components, resulting in a

more compact and efficient multimodal scene representa-

tion. Overall, our contributions are as follows:

• We propose MMOne, a general framework to represent

multiple modalities in one scene, which can be extended

to accommodate additional modalities.

• We design a modality modeling module to capture the

modality-specific properties and a multimodal decompo-

sition mechanism to separate multimodal information into

shared and modality-specific components.

• Extensive experimental evaluations on multiple bench-

marks and datasets demonstrate the effectiveness and

scalability of our method, consistently enhancing the rep-

resentation capability for each modality.

2. Related Work

2.1. Single­Modal Scene Representation

Single-modal scene representation models the RGB modal-

ity using Neural Radiance Fields (NeRF) [1, 12, 27, 44]

and 3D Gaussian Splatting (3DGS) [4, 19], which have

significantly enhanced image quality in novel view synthe-

sis. Notably, 3DGS has been applied to various domains,

such as dynamic scenes [47, 49], human avatars [32, 33],

and autonomous driving [50, 54], attributed to its explicit

nature and high rendering efficiency. Numerous enhance-

ments have been proposed to improve the rendering qual-

ity and efficiency of the RGB modality [10, 11, 24, 26].

Beyond the RGB modality, thermal image has growing re-

search potential and promising applications across various

domains [8, 14, 18, 28, 38]. Thermal3D-GS [5] represents

the thermal modality with 3DGS by introducing two neural

networks to model thermal infrared physical characteristics.

2.2. Dual­Modal Scene Representation

Dual-modal scene representation simultaneously represents

RGB with other modalities, including language, depth, ther-

mal, and tactility [6, 43]. For the language modality,

LERF [20] and 3D-OVS [23] build NeRF-based language

fields with vision language models [2, 37] to support open-

vocabulary queries. GS-based methods extend 3DGS to

jointly represent the RGB and language modalities, by in-

troducing an extra language feature vector to each Gaussian

[34, 36, 40, 48, 53]. Feature dimensionality reduction is

often applied to adapt the high-dimensional feature space

of the language modality [34, 40, 48] , and a smoothed se-

mantic indicator is introduced to disentangle the language

rasterization [30]. For the depth modality, depth or nor-

mal priors are incorporated to encourage the Gaussians to

align with object surfaces [3, 16, 45, 51], thus enhanc-

ing the accuracy of the scene geometry modeling. For the

thermal modality, NeRF-based [15, 29, 31] and GS-based

[25] methods have extended NeRF and 3DGS to represent

RGB and thermal modalities simultaneously, by applying

a thermal feature vector (e.g., spherical harmonics [25]).

However, these works typically use the same opacity and

the same set of Gaussians to represent different modali-

ties, which is suboptimal due to their distinct properties and

granularities. Additionally, their modality-specific designs

hinder their capability to accommodate more modalities.

2.3. Multi­Modal Scene Representation

Representing multiple (>2) modalities simultaneously is a

field that remains underexplored. Recently, GLS [35] and

LangSurf [22] utilize depth cues to align RGB-language

Gaussians with object surfaces, facilitating precise segmen-

tation with text queries. However, these methods are essen-

tially “dual-modal”, as they do not incorporate new prop-

erties into each Gaussian. Furthermore, they use the same

Gaussians to represent all modalities, which contradicts the

distinct properties and granularities among modalities, re-

sulting in suboptimal performance and redundant scene rep-

resentations. In contrast, we disentangle Gaussians into

shared and modality-specific components (i.e., multi-modal

and single-modal Gaussians), consistently enhancing the

representation capability for each modality and ensuring

scalability to accommodate additional modalities.
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Figure 2. The General Framework of MMOne. Given multi-view multimodal inputs of the scene, we progressively construct a multimodal

scene representation. Each modality is represented by our modality modeling module, which includes modality-specific features and a

modality indicator. The densification process is integrated with our multimodal decomposition mechanism, which disentangles multi-

modal information based on gradient difference among modalities. Multimodal losses are combined to jointly optimize all modalities.

3. Analysis of Multimodal Representation

3.1. Preliminaries

The vanilla Gaussian Splatting (3DGS) [19] models a scene

with a set of 3D Gaussians G = {gi|i = 1, · · · , N}. Each

Gaussian gi is defined by its opacity αi ∈ R, mean posi-

tion µi ∈ R
3, covariance matrix Σi ∈ R

3×3 as gi(x) =

e−
1

2
(x−µi)

TΣ−1

i
(x−µi). Each Gaussian is also associated

with color features ci ∈ R
dc (with dc = 3 color dimen-

sion), modeled by spherical harmonic (SH) coefficients.

To render other modalities such as thermal [25] and lan-

guage [34, 48, 53], new feature vectors are introduced to

model these modalities. The rendering process for these

modalities is similar to RGB rendering. 3DGS first splats

the Gaussians to the 2D image plane and then applies alpha-

blending to compute the modality value for each pixel. This

process can be generally formulated as:

M(x) =

N∑

i=1

Ti · αi · g
2D
i (x) ·mi,

where Ti =

i−1∏

j=1

(1− αj · g
2D
j (x)),

(1)

where M represents a specific modality, mi denotes the

modality feature vector (with dm feature dimension), and

g2Di (x) is the 2D projection of gi at pixel x. All attributes

of the 3D Gaussians, including the modality-specific fea-

tures, are learnable and optimized directly during training.

3.2. Challenges in Multimodal Representation

Modality conflicts arise when representing multiple modal-

ities with a single scene representation. This is due to the

intrinsic differences in properties and levels of granular-

ity among different modalities. For example, as shown in

Fig. 1, the thermal modality is relatively coarse, the color

modality is more detailed, and the language modality re-

mains constant within objects or parts. Addressing these

modality conflicts involves two main challenges.

Property Disparity. This refers to the inherent differences

in the characteristics and attributes of data from various

modalities. These disparities manifest in different forms,

such as dimensionality and physical properties. For ex-

ample, RGB representation requires three-dimensional fea-

tures, whereas language representation necessitates a much

higher dimensionality. Additionally, a piece of paper in

front of a cup of hot tea would obscure the tea in the RGB

and language modalities but not in the thermal modality.

Granularity Disparity. This denotes the inherent differ-

ences in the level of detail at which information is repre-

sented across various modalities. For example, the ther-

mal modality is relatively coarse-grained, while the color

modality is more fine-grained. Consequently, at the object

boundaries, the thermal modality may favor fewer but larger

Gaussians, whereas the color modality may require smaller

but more numerous Gaussians. This challenge is exacer-

bated when different modalities share the same Gaussians.

4. Proposed Method

4.1. Overview

We generally formulate the problem of representing multi-

ple modalities in one scene as learning a scene representa-

tion to simultaneously represent multiple modalities, which

can be readily extended to additional modalities.

Our framework, MMOne, as illustrated in Fig. 2, rep-

resents multiple modalities with one scene representation.

Given the multi-view multimodal inputs of the scene, we

progressively construct a multimodal scene representation

capable of accommodating one or more modalities. Each

modality is modeled by our modality modeling module,

which includes modality-specific features and a modality
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indicator, as detailed in Sec. 4.2. The densification process

is integrated with our multimodal decomposition mecha-

nism, which disentangles multimodal information based on

modality differences, as discussed in Sec. 4.3.

During training, each modality is rendered indepen-

dently (as described in Eq. (2)), and the loss for each modal-

ity is computed separately. The overall loss is the sum of

the individual losses for all modalities: L =
∑m

i=1 LMi
,

where Mi represents a modality and m denotes the num-

ber of modalities. The form of LMi
varies due to the unique

characteristics of each modality. All attributes of Gaussians,

including modality-specific features and modality indica-

tors, are optimized simultaneously through backpropaga-

tion. During inference, we can selectively render different

modalities to accommodate various application scenarios.

4.2. Representing Multiple Modalities

To address the property disparity, we propose a modality

modeling module to model each modality, which can rep-

resent the distinct properties of different modalities. The

module includes modality-specific features mi ∈ R
dm

(with dm feature dimension) and a modality indicator αm ∈
[0, 1] (denoting the modality indicator of modality M ). The

rendering process for this modality can be formulated as:

M(x) =
N∑

i=1

Tm
i · αm

i · g2Di (x) ·mi,

where Tm
i =

i−1∏

j=1

(1− αm
j · g2Dj (x)).

(2)

Our proposed modality indicator is designed to capture

the unique properties of each modality, rather than using a

shared opacity across different modalities. In addition to

the weighting mechanism described in Eq. (2), the modality

indicator also functions as a “switch” for specific modal-

ities, enabling selective deactivation during the rendering

process. When certain modalities are deactivated (i.e., in an

“off” state), the properties of the Gaussians (e.g., location,

size, and orientation) are influenced solely by the remaining

“active” modalities. This approach allows us to explicitly

model the varying granularities of different modalities, as

each modality requires a different number of Gaussians to

represent. This forms the basis of our multimodal decom-

position mechanism discussed in Sec. 4.3.

The modality “switch” function is implemented by se-

lectively skipping the rendering of certain modalities in the

CUDA rasterization process, thereby freezing updates for

those modalities. During training, our modality modeling

module and other attributes of Gaussians are optimized si-

multaneously to capture modality-specific properties and

distinguish information from different modalities.

As illustrated in Fig. 3, the dashed lines indicate the

distinct distributions of modality indicators for different

Modality

Modeling

Multimodal

Decomposition

D
en

si
ty

Modality Difference

Figure 3. Distribution differences among different modality in-

dicators using our modality modeling module (“dashed” line) and

multimodal decomposition mechanism (“solid” line). “R-T” refers

to α
R
− α

T in Gaussians, and so on.

modalities. These differences enable the proposed modality

modeling module to effectively capture and represent the

unique properties of each modality.

4.3. Multimodal Decomposition

To tackle the granularity disparity, we propose a simple yet

effective multimodal decomposition mechanism to separate

multi-modal Gaussians into single-modal Gaussians, ac-

commodating the varying granularities of different modali-

ties. This method disentangles multimodal information into

shared and modality-specific components, leading to a more

compact and efficient multimodal scene representation.

Multimodal Prune. 3DGS initializes Gaussians using a

sparse point cloud from Structure-from-Motion (SfM) and

employs an adaptive density control strategy to dynamically

add and remove Gaussians. Gaussians are pruned when they

exhibit low opacity or an overlarge screen space size. This

approach is feasible when Gaussians are associated with

one modality. However, conflicts arise when Gaussians are

associated with multiple modality indicators representing

different modalities. For example, if one modality indicator

is low while another is high, simply pruning the Gaussian

(i.e., “Hard Prune”) may adversely affect other modalities.

To address this, we propose “Soft Prune”, which refers

to pruning a specific modality rather than the entire Gaus-

sian, as shown in Fig. 4. This is achieved by setting the

corresponding modality indicator to an “off” state, thereby

excluding that modality from the rendering process.

However, simply “soft pruning” modalities can lead to

redundant single-modal Gaussians, which may negatively

impact the mutual improvement among multiple modal-

ities. Therefore, we increase the threshold for pruning

single-modal Gaussians to reduce the number of unimpor-

tant single-modal Gaussians, thereby encouraging the learn-

ing of the shared properties among different modalities.

Multimodal Decomposition. In the densification process

of 3DGS, Gaussians with gradients exceeding a certain

threshold are either cloned or split based on their scales.
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Figure 4. Multimodal Decomposition Mechanism. (a) Multi-

modal Prune: “Hard Prune” refers to directly pruning the Gaus-

sian, while “Soft Prune” involves pruning modality “A” but re-

taining modality “B”. (b) Multimodal Decomposition: Instead of

cloning the Gaussian, multimodal decomposition disentangles a

multi-modal Gaussian into multiple single-modal Gaussians.

During the learning of multimodal representation, gradients

from different modalities backpropagate to the same Gaus-

sian. Conflicts arise when these gradients cancel each other

out, leading to suboptimal results for all modalities.

To address this, we propose multimodal decomposition,

which disentangles the gradients from different modalities

and decomposes multimodality when the gradient differ-

ence exceeds a certain threshold. Specifically, we accumu-

late the gradients from different modalities (i.e., gmi
and

gmj
) and the gradient difference gdij between modality mi

and modality mj is formulated as:

gdij = norm(gmi
− gmj

). (3)

We decompose the identified multi-modal Gaussians into

multiple single-modal Gaussians, as shown in Fig. 4. These

decomposed Gaussians are then optimized separately based

on their modality-specific losses. As illustrated in Fig. 3,

our multimodal decomposition mechanism preserves the

distinct distributions of different modality indicators and re-

moves redundant multi-modal Gaussians.

5. Experiments

To evaluate our approach, we select three representative

modalities for evaluation: RGB, thermal, and language. We

conducted experiments on RGB-Thermal, RGB-Language,

and RGB-Thermal-Language combinations to demonstrate

the effectiveness of the proposed method.

Datasets. We conduct experimental evaluation on two real-

world datasets. 1) RGBT-Scenes dataset [25], collected

using a handheld thermal-infrared camera FLIR E6 PRO,

comprises over 1000 aligned RGB and thermal images from

10 diverse scenes, including both indoor and outdoor envi-

ronments with various object sizes and temperature vari-

ations. 2) LERF dataset [20], captured using the Poly-

cam application of an iPhone, includes complex in-the-wild

scenes. We utilize the extended version from LangSplat

[34], which provides ground truth masks for text queries

and additional challenging localization samples.

Metrics. We evaluate the RGB and thermal modalities us-

ing standard image quality metrics: Peak Signal-to-Noise

Ratio (PSNR), Structural Similarity Index (SSIM), and

Learned Perceptual Image Patch Similarity (LPIPS). These

metrics assess the quality of the reconstructed images from

novel views. For the language modality, we report the mean

Intersection over Union (mIoU) and localization accuracy

(%) for open-vocabulary semantic segmentation and object

localization following LangSplat [34].

Implementation Details. Our method is implemented

based on the 3DGS framework [19] using PyTorch. All

experimental settings and default parameters are consistent

with 3DGS. We set the threshold for multimodal decom-

position to 0.0002. We modify the rasterization module of

3DGS to render thermal and language modalities similar to

[25, 34]. Ground-truth semantic features are obtained fol-

lowing LangSplat [34] using the SAM ViT-H model [21]

and the OpenCLIP ViT-B/16 model [37]. We train each

comparative experiment for 30K iterations. All experiments

are conducted on a single NVIDIA 4090 GPU.

5.1. Evaluation on RGB­Thermal

We compare our method with two baselines: 1) 3DGS [19],

which trains the original 3DGS using RGB and thermal im-

ages separately, and 2) ThermalGaussian [25], which trains

RGB and thermal jointly with a shared opacity. For a fair

comparison, we adopt the same experimental settings and

loss functions (e.g., smoothness loss on thermal images)

as used in [25]. All comparative experiments utilize the

same sparse point cloud and camera poses obtained from

COLMAP [39] results on RGB images.

The quantitative results of various methods are presented

in Table 1. Note that we reproduce results on the “Truck”

scene to align with the train/test split of other scenes and

3DGS. The table demonstrates that our method consistently

outperforms the strong baseline, ThermalGaussian [25],

across most scenarios. Despite approaching performance

saturation, our approach shows an average PSNR improve-

ment of 0.5dB in RGB rendering and 0.4dB in thermal ren-

dering, highlighting the effectiveness of our method to cap-

ture modality-specific properties and granularities. Notably,

our method employs one-third of the Gaussians used by

ThermalGaussian, yet achieves superior performance.

The rendered RGB and thermal images are presented in

Fig. 5. These qualitative results align with the quantitative

findings in Tab. 1. Our modality modeling module main-

tains the sharpness of the RGB modality and the smoothness

of the thermal modality, resulting in clearer colors and more
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Table 1. Quantitative evaluation of RGB-Thermal. “R” and “T” denote RGB and Thermal. ThermalGaussian [25] is shortened as “T-GS”.

M Metric Method Dim DS Ebk RB Trk RK Bldg II Pt LS Avg.

PSNR ↑
3DGS 23.91 20.43 26.77 27.80 23.00 20.79 20.95 23.96 24.91 20.20 23.27
T-GS 24.38 21.76 26.85 28.12 23.66 23.14 24.19 24.55 25.48 21.71 24.38

MMOne 24.65 22.05 27.43 29.03 23.96 24.12 24.16 25.65 26.01 21.81 24.89

R SSIM ↑
3DGS 0.847 0.748 0.901 0.910 0.815 0.772 0.791 0.872 0.859 0.696 0.821
T-GS 0.858 0.797 0.900 0.920 0.832 0.822 0.849 0.884 0.855 0.739 0.846

MMOne 0.862 0.810 0.918 0.916 0.845 0.842 0.847 0.897 0.876 0.727 0.854

LPIPS ↓
3DGS 0.194 0.299 0.171 0.201 0.238 0.217 0.228 0.188 0.183 0.280 0.220
T-GS 0.194 0.253 0.169 0.199 0.224 0.184 0.170 0.186 0.195 0.268 0.204

MMOne 0.203 0.254 0.160 0.235 0.226 0.178 0.184 0.183 0.178 0.291 0.209

PSNR ↑
3DGS 26.21 20.28 20.78 26.46 23.93 27.17 25.39 29.90 22.33 18.68 24.11
T-GS 26.46 22.28 23.31 27.17 24.57 26.33 26.72 29.86 26.16 22.27 25.51

MMOne 26.90 21.81 23.79 27.39 25.44 27.65 27.06 30.27 26.05 22.52 25.89

T SSIM ↑
3DGS 0.890 0.816 0.814 0.914 0.853 0.928 0.873 0.897 0.842 0.760 0.859
T-GS 0.886 0.835 0.862 0.919 0.849 0.922 0.888 0.896 0.883 0.850 0.879

MMOne 0.894 0.840 0.874 0.926 0.870 0.933 0.902 0.906 0.895 0.861 0.890

LPIPS ↓
3DGS 0.126 0.240 0.314 0.213 0.160 0.126 0.223 0.088 0.265 0.383 0.214
T-GS 0.129 0.210 0.203 0.198 0.155 0.124 0.177 0.091 0.181 0.248 0.172

MMOne 0.125 0.194 0.201 0.213 0.142 0.127 0.198 0.083 0.205 0.272 0.176

defined boundaries. Furthermore, our multimodal decom-

position mechanism mitigates modality conflicts, enhancing

the consistency of both modalities with reduced noise.

Table 2. Quantitative evaluation of RGB-Language. “R” and “L”

denote RGB and Language. LangSplat [34] is shortened as “LS*”

and “LS-J” denotes the joint training baseline based on LangSplat.

M Metric Method Figurines Ramen Teatime Kitchen Avg.

PSNR ↑
LS* 24.31 24.45 23.79 23.52 24.02

LS-J 22.43 24.29 23.14 23.06 23.23

MMOne 24.07 24.71 24.03 24.58 24.35

R SSIM ↑
LS* 0.844 0.858 0.821 0.893 0.854

LS-J 0.818 0.849 0.802 0.880 0.837

MMOne 0.837 0.854 0.817 0.896 0.851

LPIPS ↓
LS* 0.215 0.194 0.273 0.196 0.220

LS-J 0.259 0.222 0.320 0.225 0.257

MMOne 0.242 0.222 0.307 0.203 0.244

L

mIoU ↑
LS* 45.2 46.1 53.0 46.2 47.6

LS-J 58.6 47.8 60.0 54.6 55.3

MMOne 58.9 48.0 62.0 57.5 56.6

acc ↑
LS* 71.4 60.6 84.8 72.7 72.4

LS-J 71.4 60.6 84.8 77.3 73.5

MMOne 80.4 62.0 86.4 77.3 76.5

5.2. Evaluation on RGB­Language

We evaluate our method against 2 baselines: 1) LangSplat

[34], which first reconstructs the scene geometry using

RGB and then registers language features to the Gaus-

sians, and 2) “LS-J”, a RGB-language joint training base-

line modified from LangSplat, which trains RGB and Lan-

guage jointly using a shared opacity. Note that we repro-

duce LangSplat [34] after splitting the train/test set to eval-

uate both the RGB rendering and open-vocabulary queries.

As shown in Tab. 2, LangSplat [34] relies on the orig-

inal 3DGS for RGB reconstruction, limiting its language

understanding to this fixed RGB geometry. “LS-J” demon-

strates strong performance in open-vocabulary localization

and semantic segmentation, surpassing LangSplat by 7.7

in mIoU. However, due to the modality conflicts intro-

duced by the language modality, its RGB results decline

across all scenes. In contrast, our method excels in open-

vocabulary queries while maintaining high RGB rendering

performance. Notably, our PSNR even exceeds LangSplat,

highlighting the mutual enhancements between modalities

and the effectiveness of disentangling multimodality.

Both RGB and Language qualitative results are pre-

sented in Fig. 6. Our method preserves the high RGB ren-

dering quality of 3DGS, with sharper object boundaries due

to the integration of the language modality. With our modal-

ity modeling module and multimodal decomposition mech-

anism, the semantic masks generated from text queries are

more accurately aligned with object surfaces and exhibit

greater consistency within objects.

5.3. Evaluation on RGB­Thermal­Language

To evaluate our method on more than two modalities, we

conduct experiments to learn the RGB-thermal-language

representation. Since no existing RGB-thermal-language

dataset is available, we select four scenes from the RGBT-

Scenes dataset [25], which include multiple objects with

aligned RGB and thermal images. We manually anno-

tate the ground-truth semantic masks for open-vocabulary

queries following LangSplat [34]. Specifically, we obtain

ground-truth language features with CLIP [37] and SAM

[21]. We only employ the medium level of SAM masks

for the language modality learning as they best align with

object-level granularity. Given the absence of established

methods for representing RGB-thermal-language scenes,

we compare our method with a self-implemented RGB-

thermal-language joint training baseline that trains RGB,
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Figure 5. Qualitative results of RGB-Thermal among our MMOne, 3DGS, and ThermalGaussian (abbreviated as “T-GS”).
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Figure 6. Qualitative results of RGB-Language among our MMOne, LangSplat (“LS*”), and joint training version of LangSplat (“LS-J”).

The first row presents RGB renderings from novel views and the second row shows the open-vocabulary semantic segmentation results.

thermal, and language jointly using a shared opacity. Our

experimental settings and loss functions are consistent with

[25, 34] without additional modifications.

The quantitative results are presented in Tab. 3. Our

method achieves superior results across all three modalities,

indicating the effectiveness of our modality modeling mod-

ule in modeling modality-specific properties and our mul-

timodal decomposition mechanism that disentangle multi-

modality to mitigate modality conflicts. As shown in Fig. 7,

the qualitative results demonstrate that our method consis-

tently improves the rendering quality of RGB and thermal.

Additionally, the masks generated from text queries are bet-

ter aligned with object surfaces.

Notably, as shown in Tab. 4, the RGB and thermal ren-

dering quality significantly degrades when incorporating

language into the joint training baselines (i.e., “T-GS” and

“MM-J”), underscoring the impact of modality conflicts as

the number of modalities increases. In contrast, our method

not only surpasses baselines with a large margin, but also

slightly enhances RGB and thermal rendering quality with

the language modality. This demonstrates the effectiveness

of our method to handle multiple modalities and scalability

to accommodate more modalities by decomposing multi-

modality into shared and modality-specific components.

5.4. Ablation Studies

To evaluate the effectiveness of each component, we

conduct ablation studies on representing RGB-thermal-

language scenes, as modality conflicts are amplified when

the number of modalities increases. As shown in Tab. 5, we

begin by evaluating the impact of our modality modeling

module. With the proposed modality indicator, this mod-
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Table 3. Quantitative evaluation of RGB-Thermal-Language. “R”,

“T” and “L” denote RGB, Thermal and Language, respectively.

“MM-J” represents our joint training baseline.

M Metric Method Dimsum DS LS Truck Avg.

PSNR ↑
MM-J 23.99 20.99 20.98 23.32 22.32

MMOne 24.74 22.15 21.85 24.01 23.19

R SSIM ↑
MM-J 0.854 0.782 0.721 0.827 0.796

MMOne 0.863 0.814 0.723 0.846 0.812

LPIPS ↓
MM-J 0.199 0.277 0.281 0.232 0.247

MMOne 0.204 0.251 0.296 0.228 0.245

PSNR ↑
MM-J 26.18 21.55 21.65 24.13 23.38

MMOne 26.82 22.11 22.57 25.46 24.24

T SSIM ↑
MM-J 0.886 0.828 0.840 0.842 0.849

MMOne 0.893 0.848 0.860 0.868 0.867

LPIPS ↓
MM-J 0.130 0.227 0.274 0.168 0.200

MMOne 0.131 0.190 0.279 0.147 0.187

L mIoU ↑
MM-J 56.0 26.9 44.9 52.4 45.1

MMOne 61.1 30.6 46.1 54.7 48.1

Table 4. Quantitative analysis of modality conflicts. “R/T” refers

to training with RGB and thermal, while “R/T/L” indicates training

with RGB, thermal, and language. The bolded values highlight the

changes in RGB and thermal with the introduction of language.

Methods
RGB Thermal

PSNR SSIM PSNR SSIM

T-GS (R/T) 22.88 0.807 23.90 0.855

MMOne (R/T) 23.12 0.811 24.17 0.866

MM-J (R/T/L) 22.32 (-0.56) 0.796 (-0.011) 23.38 (-0.52) 0.849 (-0.006)

MMOne (R/T/L) 23.19 (+0.07) 0.812 (+0.001) 24.24 (+0.07) 0.867 (+0.001)

Table 5. Ablation Studies. We conduct ablation studies on RGB-

Thermal-Language by gradually adding components to our joint

training baseline, “MM-J”. “MM” refers to our modality modeling

module. “H” and “S” denote “Hard” and “Soft”, respectively.

Methods
RGB Thermal Lang Num

×10
4

PSNR SSIM LPIPS PSNR SSIM LPIPS mIoU

MM-J 22.32 0.796 0.247 23.38 0.849 0.200 45.1 32.9

+ MM 22.38 0.797 0.240 23.73 0.856 0.208 45.3 29.0

Prune (H) 22.67 0.801 0.247 23.86 0.863 0.184 46.9 13.4

Prune (S) 22.98 0.808 0.248 23.99 0.865 0.188 47.0 10.6

Decomp. 23.19 0.812 0.245 24.24 0.867 0.187 48.1 9.9

ule enhances the capability to represent modality-specific

properties, resulting in consistent improvements across the

RGB, thermal and language modalities.

Next, we evaluate the impact of multimodal prune, com-

paring “Hard Prune” and “Soft Prune”. Our proposed “Soft

Prune” achieves better results across all modalities, demon-

strating its effectiveness in mitigating the adverse effects

on other modalities during pruning. It also significantly re-

duces the number of Gaussians, leading to a more compact

scene representation. Finally, by incorporating our multi-

modal decomposition mechanism, which disentangles mul-

timodality based on the gradient differences among modal-

ities, we achieve exceptional results across all metrics. This

GT MM-J MMOne

Chicken

Green 
Vegetable

Shrimp
Dumpling

Figure 7. Qualitative results of RGB-Thermal-Language between

our MMOne and the joint training baseline (“MM-J”). The first

two rows present RGB and thermal renderings from novel views,

the third row shows the reference images for text queries, and the

fourth row displays the open-vocabulary query results.

indicates that employing different numbers of Gaussians to

represent each modality can enhance overall performance,

aligning with the varying levels of granularity of different

modalities. Notably, our method results in a compact and

efficient multimodal scene representation, using less than

one-third of the number of Gaussians of the baseline while

achieving superior performance.

6. Conclusion

In this work, we propose MMOne, a general framework for

representing multiple modalities in one scene, which can

be readily extended to additional modalities. Our method

includes a modality modeling module and a multimodal

decomposition mechanism, designed to capture modality-

specific properties of different modalities and disentangle

multimodal information into shared and modality-specific

components. Extensive experiments across various modal-

ity combinations demonstrate the effectiveness and scalabil-

ity of our method. Future work will focus on incorporating

camera poses into the learning process and extending mul-

timodal scene representation to dynamic scenes.
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