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Figure 1. We propose CF? for constructing a compact and fast 3D feature field from 3D Gaussians. The previous method (Feature-3DGS)
jointly optimizes features with colors, resulting in excessive Gaussians for rendering the feature field. CF® effectively compresses and
sparsifies the 3D feature field while maintaining sufficient details as shown in the rendered feature maps.

Abstract

3D Gaussian Splatting (3DGS) has begun incorporating rich
information from 2D foundation models. However, most
approaches rely on a bottom-up optimization process that
treats raw 2D features as ground truth, incurring increased
computational costs. We propose a top-down pipeline for
constructing compact and fast 3D Gaussian feature fields,
namely, CF3. We first perform a fast weighted fusion of
multi-view 2D features with pre-trained Gaussians. This
approach enables training a per-Gaussian autoencoder di-
rectly on the lifted features, instead of training autoencoders
in the 2D domain. As a result, the autoencoder better aligns
with the feature distribution. More importantly, we intro-
duce an adaptive sparsification method that optimizes the
Gaussian attributes of the feature field while pruning and
merging the redundant Gaussians, constructing an efficient
representation with preserved geometric details. Our ap-
proach achieves a competitive 3D feature field using as little
as 5% of the Gaussians compared to Feature-3DGS.

*Corresponding author.

1. Introduction

Recent advances in 3D scene reconstruction have achieved
significant progress in rendering high-fidelity images and
precise 3D models, as exemplified by methods such as
NeRF [31] and 3DGS [18]. With these advances, modern
methods have aimed to integrate rich information from 2D
foundation models, like CLIP [36], LSeg [25], and SAM [20]
into 3D representations. These methods extract patch-level
or pixel-level features from multi-view images, including
those designed for semantic understanding. In the case of
semantic features, the extracted representations are distilled
into the 3D space, forming a language or semantic 3D field
capable of handling open-vocabulary queries, e.g., ‘wall’,
‘sofa’, ‘chair’, in real-time.

Prior works in this category [35, 56] typically optimize
the embedding of semantic features, akin to learning color
via photometric loss, across all Gaussians using multi-view
raw visual feature maps. Since this joint color and feature
learning strategy forces the recovery of color details with an
excessive number of Gaussians, the resulting feature fields
are often heavy and redundant. Furthermore, directly embed-
ding high-dimensional language features into 3D Gaussians
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Figure 2. Overview of our CF® pipeline. We utilize pre-trained 3D Gaussians to construct a 3D feature field. We adopt a weighted-sum
strategy to lift features extracted from a visual foundation model into 3D. Subsequently, a per-Gaussian autoencoder compresses high-
dimensional features into lower-dimensional embeddings, effectively removing noisy features through a variance filtering step. Afterward,
adaptive sparsification merges redundant Gaussians, efficiently reducing the total Gaussian count and resulting in a compact 3D feature field.

incurs significant storage and computational costs. Several
methods have been proposed to address these issues. For
example, feature compression using autoencoders [35] or
decoder-only reconstruction [56], as well as hash-grid tech-
niques [57] and vector quantization [40], have been explored.
However, these methods [35, 40, 56, 57] do not explicitly
consider that Gaussians optimized for color may be redun-
dant for expressing a feature field. In addition, previous
feature embedding methods [26, 35, 40, 48, 56, 57] rely on
raw features from 2D foundation models, which often lack
multi-view consistency [5, 9].

We propose an approach to eliminate redundant Gaus-
sians and achieve high-quality feature fields. An overview of
the compactness of our method is shown in Fig. 1. Figure 2
provides an overview of our pipeline, illustrating the stages
of feature lifting, compression, and adaptive sparsification.

Similar to 3D-aware training in FiT3D [50] and CON-
DENSE [52], we first compute a weighted combination of
2D features in 3D, namely feature lifting, with a pre-trained
3DGS. This scheme quickly achieves feature quality compa-
rable to results from approaches that jointly optimize images
and features. We employ these spatially coherent and view-
consistent rendered features as reference features.

Moreover, unlike Feature-3DGS [56] and LangSplat [35]
that learn a per-pixel decoder, we suggest lifting the feature
first (to get reference features) and then compressing it using
a per-Gaussian autoencoder. Since each Gaussian is directly
assigned a fused and view-consistent reference feature, our
method avoids the need for pre-compression of 2D feature
maps, enabling direct training of the autoencoder for each

Gaussian. Combined with variance filtering, this approach

effectively removes inaccurate features that may arise during

the lifting process, ensuring more reliable feature extraction.

Building on this compression, we propose an adaptive
sparsification process to optimize the Gaussian feature field
even further. This step optimizes Gaussian attributes and
merges redundant Gaussians in stable regions. Here, stable
regions refer to areas with a small gradient that already repre-
sent the scene well, making further refinement unnecessary.

We summarize our main contributions below:

* We build a compact 3D feature field by lifting features
via a pre-trained 3DGS and compressing them with a per-
Gaussian autoencoder. This ensures robustness across
downstream tasks since each Gaussian directly encodes
view-consistent reference features.

* Qur adaptive sparsification step optimizes the Gaussian
feature field even further, which involves pruning and
merging redundant Gaussians, while preserving essential
details. As a result, our method achieves competitive
performance while using as little as 5% of the original
number of Gaussians, improving storage efficiency and
rendering speed.

2. Related Work

2.1. Visual feature embedding with NeRF

Neural Radiance Fields (NeRF)-based approach pioneered
beyond basic scene reconstruction by incorporating high-
dimensional features extracted from 2D vision foundation
models into 3D representations. By embedding features in
NeRF, tasks such as semantic segmentation, object decom-






























