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Abstract

Gaussian Splatting is a widely adopted approach for 3D scene representation, offer-
ing efficient, high-quality reconstruction and rendering. A key reason for its success is
the simplicity of representing scenes with sets of Gaussians, making it interpretable and
adaptable. To enhance understanding beyond visual representation, recent approaches
extend Gaussian Splatting with semantic vision-language features, enabling open-set
tasks. Typically, these language features are aggregated from multiple 2D views, how-
ever, existing methods rely on cumbersome techniques, resulting in high computational
costs and longer training times. In this work, we show that the complicated pipelines
for language 3D Gaussian Splatting are simply unnecessary. Instead, we follow a proba-
bilistic formulation of Language Gaussian Splatting and apply Occam’s razor to the task
at hand, leading to a highly efficient weighted multi-view feature aggregation technique.
Doing so offers us state-of-the-art results with a speed-up of two orders of magnitude
without any compression, allowing for easy scene manipulation.

1 Introduction

3D semantic understanding enables machines to interpret and reason about the physical
world, with applications spanning robotics [26], autonomous navigation [32, 41], and aug-
mented reality. While traditional approaches focused on extracting geometric structures us-
ing predefined categories [9], recent advances have integrated natural language capabilities.
This emerging field of 3D language understanding [4, 7, 10, 13, 17, 22, 31, 40] connects lin-
guistic expressions with 3D visual representations (point clouds, meshes, RGB-D images),
enabling more flexible and comprehensive scene interpretation.

Recent breakthroughs in 3D scene representation [12, 18, 30, 38], particularly 3D Gaus-
sian Splatting [12, 39], have revolutionized scene reconstruction and rendering by offering an
efficient and high-quality approach to modeling 3D environments. While 3D Gaussian Splat-
ting excels at geometric reconstruction and novel view synthesis, its potential for semantic
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Figure 1: Occam’s LGS performs training-free language feature aggregation in 3D by ac-
curately modeling rendering of Gaussian Splatting, avoiding expensive training in feature
space. This improves runtime by two orders of magnitude in comparison with 3DVLM [20],
GOI [24], and LangSplat [23], while achieving SOTA performance for open-set vision-
language tasks and allowing for downstream applications such as scene editing.

understanding remains largely unexplored. Recent research has started to address this lim-
itation by incorporating language features into the Gaussian representations and taken first
steps towards open-vocabulary scene understanding through natural language queries.

Vision-language models like CLIP [2] and LSeg [5] have demonstrated the power of
joint visual-linguistic understanding by training on vast image-text pairs, while foundation
models like Segment Anything (SAM) [14] and DINO-V2 [19] have shown the potential
of large-scale visual learning. Although these models have changed 2D image understand-
ing completely, extending their capabilities to 3D domains remains challenging [1, 20, 23,
29, 35, 36]: directly learning 3D-language representations lacks paired data and 2D vision-
language models typically produce expressive high-dimensional features, which poses an
often infeasible computational cost when integrated in complex 3D scenes.

Current approaches address this challenge through scene-specific feature autoencoders [23]
or quantization to create a compact 3D feature space [29]. However, these scene-specific
compression approaches fundamentally limit scalability and generalization. While effective
for individual environments, they create barriers for multi-scene applications by requiring
separate training for each scene, increasing both computational and storage overhead. More-
over, these scene-specific solutions make it difficult to transfer knowledge between environ-
ments and limit the potential for open-world understanding.

We take a fundamentally different approach by proposing a training-free method, that
avoids repeated iteration over views, as well as loss computation in the high-dimensional
feature space. Overall, our contribution can be summarized as follows:

* A training-free global optimization approach for Language 3D Gaussian Splatting,

improving speed by two orders of magnitude.

* A reasoning by rendering approach to avoiding expensive feature rendering by follow-
ing a probabilistic formulation of the Gaussian Splatting forward process.

» Compatibility with uncompressed and arbitrary dimensional language features.

2 Related works

3D Open Vocabulary Scene Understanding. Recent works [3, 6, 22, 33, 40] have ex-
plored 2D vision-language models such as CLIP [25], OpenSeg [5], and OVSeg [16], and
foundation models such as SAM [14] to ground 2D language-aligned features in 3D space.
Initial approaches [11, 13, 15] demonstrated the feasibility of distilling language features
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into NeRF-based representations, though at the cost of slow training and rendering. More
recent Gaussian-based methods have improved efficiency while following a common frame-
work: extracting language-aligned feature maps from 2D views and grounding them to 3D
space through multi-view optimization. LangSplat [23] employs SAM to obtain masks at
different granularity, then extracts CLIP image features for these regions. LEGaussians [29]
combines DINO [2] and CLIP features to obtain hybrid dense language feature maps and
FMGS [43] uses a similar combination to improve robustness. GOI [24] leverages APE [28]
to extract pixel-aligned features with fine boundaries.

However, incorporating the high-dimensional language features into 3D space presents
unique challenges. It not only increases memory requirements but also significantly ex-
tends training time. Different approaches have been proposed to address this challenge:
LangSplat [23] employs a scene-specific autoencoder for feature compression, LEGaus-
sians [29] uses quantization of semantic features, and Feature-3DGS [42] employs feature
compression with a lightweight decoder. FMGS [43] introduces multi-resolution encod-
ing for efficient semantic embedding and GOI [24] utilizes a trainable feature clustering
codebook. In contrast to these methods, our approach supports arbitrary-dimensional un-
compressed features without compromising training speed. Our method preserves seman-
tic meaning without requiring additional preprocessing steps or encoder-decoder structures.
This ensures open-vocabulary generalization to the same extent as the underlying feature
extractor and enables downstream applications using dynamic scenes or scene editing.

Uplifting 2D Features to 3D. While current methods [15, 20, 23, 29] focus on optimization-
based feature lifting, several approaches also explore direct back-projection of 2D features to
3D space using pixel rays and depth information. OpenGaussian [35] proposes an instance-
level 3D-2D feature association method that links 3D points to 2D masks. Semantic Gaus-
sians [8] utilizes depth to find corresponding 3D Gaussians along each pixel’s ray. PLGS [34]
initializes semantic anchor points by back-projecting pixels into 3D space using camera pa-
rameters. While not focusing on semantic understanding, FlashSplat [27] demonstrates that
2D mask rendering is essentially a linear function of Gaussian labels, enabling closed-form
optimization through linear programming. In contrast, our method accurately models Gaus-
sian Splatting forward rendering to lift 2D language features to 3D, while avoiding back-
projection limitations such as occlusion and incomplete depth information.

3 Method

The following section provides an overview of our method: 1) introduction of Gaussian
splatting rendering, 2) our formulation using maximum likelihood features uplifting, and 3)
its implementation via forward rendering and postprocessing by filtering. An overview of
the flow of our method is visually presented in Figure 2.

3.1 Gaussian Splatting Rendering

3D Gaussian Splatting [12] represents a scene as a collection of anisotropic Gaussians, where
each Gaussian is defined by its position x € R?, covariance ¥ € R®, color represented by ei-
ther a 3D color representation ¢ € R, or a viewpoint dependent representation as spherical
harmonics (SH) parameters, and opacity o € R: G(x) = e 2T X) | The primitive rep-
resentation of a Gaussian is defined as G = {x,X,¢,0}, and let G = {G;}Y, be the set of
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Figure 2: Overview of our method: Occam’s LGS consists of two main stages: (1) Forward
rendering process of 3D Gaussian Splatting to obtain alpha blending weights w, projected
positions x; for each Gaussian and their corresponding pixels p; in 2D views, followed by
weighted aggregation of multi-view semantic features (Sec. 3.3); and (2) Filtering of noisy
Gaussians that remain invisible throughout the rendering process (Sec. 3.4).
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Gaussians in a scene. For rendering, we first project each 3D Gaussian onto the image plane,
resulting in a 2D Gaussian G’ = {x/,¥’,¢,0}, with X' € R? as the projected 2D coordinates
and ¥’ € R?*? as the projected covariance matrix.

To render the color at pixel p, we blend the contributions of all Gaussians along the
ray originating from the camera center, say G" = {Gk}le, where R is the total number of
Gaussians along the ray. To achieve efficient rendering in the Gaussian Splatting framework,
this rendering process is implemented through a tile-based sorting strategy, which utilizes the
approximation of Gaussians by a spatially truncated distribution. For this purpose, the image
is partitioned into tiles, typically spanning 16x16 pixels. Each 2D Gaussian is assigned to all
tiles intersecting with a bounding box placed at the 30 boundary. Within each tile, Gaussians
are sorted by depth from the camera center. These sorted Gaussians represent the collection
of Gaussians that potentially contribute to any pixel within that tile, which are then rendered
sequentially, starting closest to the camera.

For the i-th Gaussian G; in the sorted list, its contribution to a pixel p is defined as ¢; =
0;- ¢ 2®PX)TE'(P=X) representing its influence. When projecting all relevant Gaussians,
the color of the pixel p is computed through a weighted blending process given by

i—1

R
Cp) = ve(p,G) =Y aie; [J(1 - ), (1
i=1 1

j=

where, Y, (,.,) is the color rendering function.

With the goal of lifting multi-view 2D features into 3D space, we extend each Gaussian
representation to include a high-dimensional semantic feature vector f € R¢. Thus, each
augmented 3D Gaussian G; learns its own semantic feature fj. Similar to color blending, the
semantic feature at pixel p is computed through alpha-weighted blending

R
F(p)=vs(p.G) =Y wifi 2)
=1

where Y is the feature rendering function and w; = o; 3.;11

blending weight for Gaussian .

(1 — ;) represents the alpha
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It is important to note that explicit rendering of semantics according to Equation (2) is
expensive both in memory and computation when compared to the rendering of color in
Equation (1). This is due to the considerably higher dimensionality of the features d >> 3,
which prevents the GPU from fitting all required data in the shader L1 cache [23].

3.2 Maximum Likelihood Feature Uplifting

We deeply ground our approach to feature uplifting in the principles of 3DGS and prob-
abilistic modeling. While conventional semantic feature learning methods [8, 35] rely on
back-projection, where 2D pixel-space language features are projected back to 3D space
through ray-tracing, we leverage the underlying mathematical structure of Gaussian Splat-
ting’s forward rendering process to establish a more precise and theoretically sound feature
lifting mechanism and relate it to forward modeling.

We formulate the feature uplifting problem as a Maximum-a-Posteriori (MAP) estima-
tion problem. Given 2D feature maps F22, the MAP estimator of 3D features f is:

p(f)
p(F2P)

argmax p(f[F*°) = argmax p(F*"f) 3)

For language gaussian splatting with uniformly distributed language features p(f), which
we assume for the efficient feature space of CLIP, the estimator simplifies to the Maximum
Likelihood (ML) formulation arg max p(F2P|f).

Under a Gaussian noise model €, ,, for language features and conditional independence
of pixels, the rendered 2D feature at pixel p in view v is ff,ﬁ), = szl Wk pvfk +€p . This leads
to the weighted aggregation formula for the 3D feature of each Gaussian

S £S5
Y wif;
s€S;

x W

SES;

fi= “)

where S§; is the set of views where Gaussian i is visible, w} represents the contribution (alpha
blending weight) of Gaussian i at its center projection in view s, and f} is the 2D feature at
Gaussian i’s center projected pixel in view s. This formula emerges naturally from our proba-
bilistic framework and provides a solution that weights each view’s contribution according to
the Gaussian’s influence in that view. We simplify the framework to use only the single most
influential pixel’s feature rather than aggregating across all affected pixels for computational
speed and efficiency. This simplification is reasonable given that semantic features exhibit
spatial coherence—nearby pixels typically share similar semantic representations. Despite
this simplification, our experiments in Sec 4 demonstrate that this approach maintains strong
performance across all benchmarks. Views, where a Gaussian is more prominent (with a
higher alpha blending weight), contribute more significantly to its 3D feature, addressing
the challenge of noisy or partially occluded perspectives. We provide complete step-by-step
derivation in the supplementary material.

3.3 Implementation via Forward Rendering

Our weighted aggregation formula directly maps to the forward rendering process, enabling
an efficient implementation that avoids complex back-projection or iterative optimization.
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Figure 3: Qualitative comparison of relevancy score visualization.

Given a trained visual Gaussian model, for each Gaussian G; we perform the following steps:
1) Identify the set of views S; where the Gaussian G; is visible (within the view frustum). 2)
Determine the Gaussian’s center projected pixel location p{ = |x}| in each view s. 3) Record
the alpha blending weight wy and extract the 2D feature f] at each center projected pixel. 4)
Compute the weighted average following Equation 4.

This implementation leverages the existing tile-based rendering architecture, allowing
us to record projection locations and alpha values during the optimized standard rendering
pass. The forward feature collection approach offers several key advantages; First, the fea-
ture uplifting requires only a single forward pass through the views, making it computation-
ally efficient. Second, view frustum culling and tile-based sorting naturally handle occluded
Gaussians, ensuring we only process visible features. Finally, by explicitly recording pro-
jection locations during rendering, we establish direct and precise correspondence between
2D features and 3D Gaussians, eliminating the need for iterative optimization methods.

3.4 Filtering Noisy Gaussians

After the forward rendering pass, we identify and filter out Gaussians that have no contribu-
tions across all views. This filtering effectively reduces noise while significantly reducing the
number of Gaussians. This statistical outlier elimination is consistent with our probabilistic
framework, as Gaussians with minimal visibility have high uncertainty in their feature esti—
mates. Through this process, we obtain a refined set of semantic Gaussians G* = {G‘ =1
where M < N, representing only the Gaussians that meaningfully contribute to the scene’s
semantic representation.

4 Experiments

Waldo
Teatime

B LN
Figurines -
e

a) RGB Rendering  b) Semantic Rendering ¢) Ground Truth a) RGB Rendering  b) Semantic Rendering ¢) Ground Truth

Figure 4: PCA visualization of semantic features on LERF Dataset. (a) Original RGB ren-
dering. (b) PCA visualization of our rendered semantic feature maps. (c) Initial semantic
feature maps extracted using CLIP from SAM segmentations.
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4.1 Dataset

To assess the effectiveness of our method, we evaluate it on two widely used datasets:
LEREF [13] and 3D-OVS [17]. The LERF dataset features everyday indoor scenes with di-
verse objects and we perform quantitative evaluations on the commonly used scenes Ramen,
Figurines, Teatime, and Waldo Kitchen according to the LERF evaluation protocol [13]. For
these scenes, we evaluate both open-vocabulary segmentation (mIoU) and localization accu-
racy. The 3D-OVS dataset contains long-tail objects in diverse backgrounds, and we evaluate
segmentation performance on five scenes: sofa, lawn, bed, room, and bench. For evaluation,
we utilize the annotations provided by [23] for both datasets. On this data, we further show
object insertion as a downstream application enabled by our method.

4.2 Implementation Details

Our implementation of Occam’s LGS is built on gsplat [37], a CUDA-accelerated Gaussian
rendering library that supports high-dimensional feature rendering. For each scene, we train
a 3D Gaussian Splatt for 30,000 iterations using the common Gaussian Splatting [12] pa-
rameters. To ensure a fair comparison, we follow the 2D language feature map generation
method from [23], leveraging OpenCLIP ViT-B/16 [25] and SAM ViT-H [14]. Following
the feature extraction, we use our method to uplift the 2D language features to 3D scenes
using training views only, and evaluate the results on separate testing views, withheld during
training of the semantic representation. More details can be found in the supplementary.
For the LERF dataset, we follow the LERF [13] evaluation protocol, computing rele-
vancy scores between query text and rendered 2D feature maps with a mask threshold of 0.5.
For 3D-OVS, we first normalize the rendered feature maps to ensure comparable relevancy
scores across classes, then apply dynamic thresholding detailed in the supplementary.

4.3 Open Vocabulary Semantic Segmentation

Open vocabulary semantic segmentation is the task to identify and mask all regions in a 3D
scene that match a given language query, without being limited to predefined categories. We
evaluate our approach against existing methods on two datasets: LERF and 3D-OVS, with
quantitative results shown in Table 1 respectively and qualitative results shown in Figure 3
and 4. On the LERF dataset, under identical experimental settings as LangSplat, our ap-
proach demonstrates a substantial improvement of 9.9% mloU. Notably, our method shows
advantages, especially in complex scenes with sparse view coverage. An example of this is
Waldo Kitchen, where the camera captures an entire room rather than focusing on a specific
area that is fully surrounded by camera views.

On 3D-0OVS, our method achieves state-of-the-art results, with an improvement of 1.6%
mloU over the current SOTA LangSplat [23]. Performance gains of 3D-OVS are less pro-
nounced compared to LERF [13], likely since this dataset contains simpler scenes, focused
on a single region with good view coverage and fewer objects, where existing methods have
already saturated in performance.

4.4 Localization

We further evaluate on the language-guided localization task, where, given a language query,
the pixel with the highest relevancy score is selected, following [13]. Benchmarking against
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| LERF Dataset | 3D-OVS Dataset
S . Waldo
Method Ramen Figurines Teatime Kitchen Overall | Bed Bench Room Sofa Lawn Overall
LSeg 7.0 7.6 21.7 29.9 16.6 56.0 6.0 192 45 175 206
LERF 28.2 38.6 45.0 37.9 374 73.5 532 46.6 27.0 73.7 54.8

GS-Grouping 45.5 60.9 40.0 38.7 46.3 83.0 915 859 873 90.6 877
Feature-3DGS 43.7 58.8 40.5 39.6 45.7 83.5 90.7 84.7 869 934 878
LEGaussians 46.0 60.3 40.8 39.4 46.9 849 91.1 86.0 87.8 925 885

GOI 52.6 63.7 44.5 414 50.6 89.4 928 913 856 94.1 90.6
LangSplat 51.2 44.7 65.1 44.5 514 92.5 942 94.1x 90.0 96.1 934
Ours 51.0 58.6 70.2 65.3 61.3 96.8 958 96.5+ 88.8 97.0 95.0

Table 1: Comparison of average IoU on LERF and 3D-OVS Datasets. For the 3D-OVS
Dataset, the utilized image resolution is 1440 x 1080. Methods with * are evaluated on
testing-data that has an annotation error in the 3D-OVS testset corrected.

Method Ramen Figurines Teatime Waldo Feature Ramen Figurines Teatime Waldo

K Dimensions
Language Segmentation  14.1 8.9 339 27.3
LERF 62.0 75.0 84.8 72.7 16-Dim 48.4 57.7 759 59.9
GS-Grouping 68.6 75.0 74.3 88.2 32-Dim 53.6 61.8 78.6 62.6
Feature-3DGS 69.8 712 73.4 87.6 64-Dim 51.7 634 79.0 63.7
Language Gaussians 67.5 75.6 752 90.3 128-Dim 52.1 62.4 74.3 62.6
GOI 755 88.6 82.9 90.4 256-Dim 53.0 62.6 74.3 61.1
Language Splatting 73.2 80.4 88.1 95.5 512-Dim 51.0 58.6 70.2 65.3
Our Method 74.7 80.4 93.2 81.8 N

Table 3: Average mean Intersection over

Table 2: Comparison of localization ac- Union (mloU) with varying feature di-
curacy on LERF Datasets. mensions.

existing methods, our approach achieves competitive localization accuracy, as shown by
Table 2. Adding feature compression, as in existing methods, increases the localization
accuracy of our approach to 84.1. This is due to the metric only measuring the closest
matching pixel while ignoring the feature distribution and object shape, making it prone to
noise. We provide detailed experiments in this setting in the supplementary material.

4.5 Robustness to Feature Dimension Variations

In the following, we demonstrate the advantages of different feature dimensions that Oc-
cam’s LGS enables and assess the respective scalability and performance. For these exper-
iments, we 1) used an autoencoder to compress the CLIP features, 2) uplifted them to 3D
using our method, 3) rendered the compressed features, and 4) decompressed the features
to 512D using the autoencoder. Table 3 shows the IoU across different feature dimensions
on LERF datasets. Notably, segmentation performance improves to 64.5 %mloU with 64D
features, outperforming the LangSplat [23] baseline by 13.1% mloU. This confirms that fea-
ture compression filters noise by limiting the feature space to objects present in the 3d scene,
at the cost of limited scene editing capability. Since our method supports arbitrary feature
dimensions, selecting this operating point is straightforward and can be used depending on
the task at hand.

4.6 Computational Efficiency

We evaluate our method’s computational efficiency against existing approaches in Figure 1.
While LangSplat [23], GOI [24], and 3DVLM [21] require 60-67 minutes to uplift three
levels of features, our approach completes the same task in just 16.4-31.9 seconds. This
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Figure 5: Comprehensive analysis of computational efficiency metrics across different fea-
ture dimensions, showing rendering speed (FPS), storage size, GPU memory usage, and
runtime performance as Gaussian size and frame numbers vary.

Method Ramen Figurines Teatime Waldo Kitchen Overall
Ours 51.0 58.6 70.2 65.3 61.3
(w/o) wtd. agg 453 56.7 70.0 64.8 59.9
(w/o) filter 47.9 57.1 67.7 62.3 58.8
(w/o) wtd. agg + filter ~ 44.1 54.9 69.9 59.6 57.1

Table 4: Ablation study on the impact of filtering and weighted aggregation on feature learn-
ing. Evaluate on LERF dataset and use average IoU as the metric for comparison.

represents a two orders of magnitude improvement in processing speed while delivering
superior performance across test datasets without feature compression.

We assess our method’s scalability across scene complexity and feature dimensions, fo-
cusing on runtime, storage, rendering speed, and GPU memory requirements. As shown in
Figure 5, our approach maintains high training efficiency even with scenes containing up to
4 million Gaussians (d), while keeping memory requirements below 14GB for 512D CLIP
features (a) - within the capabilities of most modern GPUs. Our method’s flexibility supports
arbitrary feature dimensions, presenting clear trade-offs: higher dimensions reduce render-
ing speed (c) and increase storage requirements (b). These findings enable users to balance
quality and performance based on available resources and application needs.

4.7 Ablation Study

Our ablation study in Table 4 validates two key components of our method. First, accu-
rately modeling the forward rendering process via weighted feature aggregation (w/o wtd.
agg) significantly improves multi-view fusion by accurately modeling how features should
blend based on Gaussian visibility. Second, filtering inactive Gaussians (w/o filter) enhances
performance by eliminating occluded Gaussians that create semantic inconsistencies—these
problematic Gaussians (with influence w} < 10~%) may minimally affect neighboring pixels
during rendering without receiving proper feature updates, causing visual noise. Removing
both components reduces performance by 4.2%, confirming that each element meaningfully
contributes to our method’s effectiveness through their complementary improvements to fea-
ture consistency and computational efficiency.

5 Discussion and Conclusion

In this work, we presented a theoretically grounded and optimization-free approach for effi-
cient Language Gaussian Splatting. The proposed method shows state-of-the-art results with
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a single iteration over all views and avoids rendering and loss computation in the feature
space. Beyond the immediate performance gains, our approach opens up new possibilities for
how we approach 3D scene understanding and manipulation. The ability to reason directly
in language feature space, without compression, enables practical applications like object
insertion and scene registration that were previously computationally prohibitive. Overall,
we demonstrated that: 1) High-dimensional language features can directly be used in Gaus-
sian splatting by utilizing a training-free optimization approach. 2) Accurate modeling of
the rendering process enables the uplift of highly relevant features from 2D to 3D.

6 Limitation

Our method relies on several simplifying assumptions that may limit its applicability in cer-
tain scenarios. First, we assume that semantic features exhibit spatial coherence and that
alpha-blending weights provide a reasonable proxy for semantic visibility, which may not
hold in highly cluttered scenes with complex occlusions or significant semantic disconti-
nuities. Second, as a training-free approach, our method’s performance is fundamentally
bounded by the quality of the underlying 2D feature extractor (e.g., CLIP) and cannot adapt
or refine semantics for scene-specific content. Future work could explore incorporating a
lightweight learning component to fine-tune features for specific 3D scenes while maintain-
ing computational efficiency
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