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Abstract

3D open-vocabulary scene understanding, which accurately
perceives complex semantic properties of objects in space,
has gained significant attention in recent years. In this paper,
we propose GAGS, a framework that distills 2D CLIP fea-
tures into 3D Gaussian splatting, enabling open-vocabulary
queries for renderings on arbitrary viewpoints. The main
challenge of distilling 2D features for 3D fields lies in the
multiview inconsistency of extracted 2D features, which pro-
vides unstable supervision for the 3D feature field. GAGS ad-
dresses this challenge with two novel strategies. First, GAGS
associates the prompt point density of SAM with the cam-
era distances to scene objects, which significantly improves
the multiview consistency of segmentation results. Second,
GAGS further decodes a granularity factor to guide the distil-
lation process and this granularity factor can be learned in a
unsupervised manner to only select the multiview consistent
2D features in the distillation process. Experimental results
on two datasets show that GAGS improves visual grounding
accuracy by an average of 10.9% and semantic segmentation
accuracy by an average of 7.0%, with an inference speed 2 x
faster than baseline methods.

Code — https://github.com/WHU-USI3DV/GAGS

1 Introduction

3D scene understanding is a fundamental task in computer
vision and a critical challenge in fields like robotics (Huang
et al. 2023a; Shen et al. 2023; Wang et al. 2024) and au-
tonomous driving (Jatavallabhula et al. 2023; Zheng et al.
2024; Cao et al. 2025). Recent advances in artificial intel-
ligence and deep learning have driven research on open-
vocabulary scene understanding, enabling users to query
scene models using natural language (Peng et al. 2023; Ding
et al. 2023; Wu et al. 2024a). This enhances the efficiency
and intuitiveness of human-computer interaction, fostering
closer integration between intelligent systems and human
cognitive processes.

Due to the lack of large-scale, diverse 3D scene datasets
with language annotations, current efforts focus on extend-
ing the knowledge of 2D vision-language models to 3D
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Figure 1: Our granularity-select feature learning strategy
leverages the inherent consistency of 3D Gaussian splatting
to perform granularity-aware feature distillation, enhancing
the stability and accuracy of learned object features.

scenes. Early methods, such as OpenScene (Peng et al.
2023), compute pixel-level embeddings using pre-trained
segmentation models and project them onto 3D point clouds.
Recent approaches like LERF (Kerr et al. 2023) employ
NeRF (Mildenhall et al. 2021) to represent 3D scenes, di-
rectly integrating CLIP (Radford et al. 2021) features into
the scene modeling. Another recent work LangSplat (Qin
et al. 2024) extends the open-vocabulary CLIP feature learn-
ing to the 3D Gaussian Splatting (3DGS) (Kerbl et al. 2023),
which associates a learnable feature to each Gaussian ker-
nel, supervises the rendered feature maps to be the same as
the CLIP features extracted on each image.

A noticeable challenge of learning such open-vocabulary
features for 3D fields lies in the multiview inconsistency
of the extracted 2D features. Brute-force training a 3D fea-
ture field from inconsistent multiview 2D features leads to
blurred and degenerated 3D features. LangSplat (Qin et al.
2024) proposes to extract multi-view CLIP features by first
segmenting images with SAM and argues that different
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Figure 2: Given multiview images of a scene, GAGS learns a 3D Gaussian field associated with semantic features, which
enables accurate open-vocabulary 3D visual grounding in the scene.
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SAM segmentation granularities (i.e., whole, part, subpart)
offer complementary multi-view consistency for objects at
different scales. It thus extracts CLIP features from whole,
part, and subpart segments and distills them into three sepa-
rate feature fields to avoid missing consistent object features.
However, this significantly increases training cost and query
overhead, as each query must interact with all three fields.
FastLGS (Ji et al. 2024) speeds up queries by only distilling
multi-view feature indexes, yet still needs to store original
multi-view multi-ganularity CLIP features for retrieval.

To reduce the storage and query overhead, N2F2 (Bhalgat
et al. 2024) propose merges multi-granularity features by se-
lecting the most activated ones based on predefined descrip-
tions, while the simple descriptions cannot guarantee multi-
view feature consistency. Other approaches (Ye et al. 2023;
Wu et al. 2024b; Cen et al. 2025a) first segment objects in
the Gaussian field, then detect target objects using ground-
ing model outputs or 2D CLIP features. However, due to
segmentation inaccuracies and conflicts among multi-view
features, the final results still exhibit blurriness or errors.

In this work, we introduce Granularity-Aware 3D Feature
Learning for Gaussian Splatting (GAGS), a framework to
learn a lightweight, unified, and highly consistent feature
field from multi-view, multi-granularity feature maps, en-
abling open-vocabulary queries as shown in Figure 2.

Our first intuition is that, for each granularity, consis-
tent multi-view SAM segmentation serves as the foundation.
SAM relies on the prompt points to determine the segmenta-
tion granularity. However, we find that naive SAM segmen-
tation with uniform or random prompt points leads to multi-
view inconsistencies. As shown Figure 1(a), we improve the
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consistency of SAM segmentation results among multiview
images by introducing a granularity-aware prompting strat-
egy. We associate the prompt point density with the camera
distance to the target object by utilizing the pre-trained 3D
GS. Distant views receive dense prompts while nearby views
use sparse prompts. We found that this adaptive prompting
effectively results in consistent segmentation across multi-
view images and further improves the CLIP feature consis-
tency.

Then, on each image, we can extract CLIP features of
three granularities, i.e. sub-parts, parts, and objects. Given
that different segmentation granularities are suited to objects
of different scales (Qin et al. 2024), the feature distillation
process should allow each object to adaptively select an ap-
propriate SAM granularity, i.e, its SAM segmentation and
corresponding CLIP feature are best consistent under this
granularity. To this end, we incorporate a granularity de-
coder on the learned Guassian Feature to decode a granu-
larity factor as shown in Figure 1(b). We use this factor in
supervision to help the distillation only learn the best granu-
larity, i.e., with multiview consistent CLIP features, for vari-
ous objects while neglecting inconsistent granularities. Note
that the granularity scale itself is automatically learned with-
out additional annotation or supervision.

We conduct experiments on an augmented LERF (Kerr
et al. 2023) dataset and a self-annotated Mip-NeRF360 (Bar-
ron et al. 2022) dataset for evaluation. Experimental results
demonstrate that our method outperforms baseline methods
in open-vocabulary localization and semantic segmentation
across all object granularities with a 2x improvement in
query speed.



2 Related Work
2.1 Point-based Radiance Field

Radiance fields have long been used for 3D scene represen-
tation (Gortler et al. 1996; Levoy and Hanrahan 1996). Neu-
ral radiance fields (NeRF)(Mildenhall et al. 2021) signifi-
cantly improved rendering quality by learning full scene rep-
resentations via deep networks, enabling high-fidelity novel
view synthesis. However, NeRF suffers from slow training
and inference due to ray sampling and large MLPs. Despite
efforts to improve efficiency(Miiller et al. 2022; Fridovich-
Keil et al. 2022), a trade-off between speed and quality re-
mains. More recently, 3D Gaussian Splatting (3DGS) (Kerbl
et al. 2023) proposes a point-based alternative, replacing
volumetric rendering with fast a-blending over discrete 3D
Gaussians, achieving real-time rendering and direct geome-
try access. Building on these advantages, we adopt 3DGS as
our base framework and extend it for open-vocabulary 3D
scene understanding.

2.2 SAM for 3D Scene Segmentation

As one of the most impressive foundational vision models,
Meta’s SAM (Kirillov et al. 2023) has demonstrated excep-
tional zero-shot 2D segmentation capabilities. SAM sup-
ports flexible prompts, allowing it to generate multi-level
masks for target objects based on inputs such as points,
bounding boxes, and masks. Additionally, SAM offers the
capability to automatically segment the entire image into
multi-granularity masks, including whole, part and sub-part.
Numerous methods have since emerged to extend SAM’s ca-
pabilities to 3D space. Anything-3D (Shen, Yang, and Wang
2023) elevates SAM’s segmentation to 3D, while Part123
(Liu et al. 2024) uses SAM’s segmentation masks to recon-
struct 3D models with high-quality segmented parts. Feature
3DGS (Zhou et al. 2024) and Gaussian Grouping (Ye et al.
2023) integrate SAM’s features and object segmentation re-
sults at pre-selected single-granularity into 3D Gaussians,
achieving high-quality segmentation of novel views and 3D
scenes. Semantic Gaussian (Guo et al. 2024) utilizes vari-
ous prompts to obtain instance-level segmentations for fea-
ture extraction. Considering that SAM can produce multi-
granularity masks focusing on objects at different scales,
some methods (Kim et al. 2024; Liang et al. 2024; Zhan
et al. 2025; Cen et al. 2025a) integrates these masks into
scene representations jointly or separately. Compared to the
above methods that directly use the vanilla SAM, we attempt
to enhance the consistency and reliability of multi-view seg-
ments in both mask generation and integration stage.

2.3 Open-vocabulary Scene Understanding

Scene understanding is a basic task in the field of computer
vision. With the rapid advancement of deep learning, nu-
merous methods (Wu et al. 2015; Chen, Chang, and Nie3ner
2020; Wang et al. 2021) have made significant progress
across various subtasks of scene understanding. However,
the limited availability of 3D training data has long posed
a challenge for achieving comprehensive 3D scene under-
standing. Some methods (Wu et al. 2024b; Ye et al. 2023)
attempt to align the outcomes of 2D grounding models (Ren
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et al. 2024) with 3D category-agnostic grouping approaches,
thereby indirectly achieving open-vocabulary understand-
ing. Vision foundation models like CLIP (Radford et al.
2021) have opened new avenues for open-vocabulary scene
understanding. Due to the image-aligned nature of CLIP fea-
tures, subsequent works such as CLIP2Scene (Chen et al.
2023) and Openscene (Peng et al. 2023) directly leverage
CLIP-based 2D scene understanding models (Dong et al.
2023; Li et al. 2022) to obtain dense features with CLIP se-
mantics. Approaches like (Zhang, Dong, and Ma 2023; Liu
etal. 2023a; Kerr et al. 2023; Zuo et al. 2024; Shi et al. 2024)
generate dense semantic features by performing multi-level
image cropping and feature fusion, while often incorporat-
ing pixel-aligned feature supervision, such as DINO (Caron
et al. 2021), to address the blurriness in semantic boundary.
Some other researches (Kobayashi, Matsumoto, and Sitz-
mann 2022; Hong et al. 2023; Huang et al. 2023b; Qin et al.
2024; Peng et al. 2024; Cheng et al. 2024; Cen et al. 2025b)
utilize pre-trained image segmentation model (Li et al. 2022;
Cheng et al. 2022; Kirillov et al. 2023) to obtain semanti-
cally meaningful object-level patches, enabling more accu-
rate scene understanding.

3 Method

Given multi-view images with camera poses, our goal is to
learn a 3D feature field represented by 3D Gaussians with
attached semantic features, enabling text-driven downstream
tasks such as object localization and semantic segmentation.

An overview of our method is provided in Figure 3. We
first train an RGB Gaussian field from the input images and
attach a trainable low-dimensional semantic feature to each
3D Gaussian. We aim to enforce the consistency between
multi-view rendering features and multi-view semantic fea-
tures extracted by CLIP. To obtain pixel-level CLIP fea-
tures for multi-view images, following LangSplat (Qin et al.
2024), we first segment each image with SAM and then ex-
tract CLIP features for each segmented region. The accuracy
of the Gaussian feature field is highly sensitive to incon-
sistencies in multi-view CLIP features. To address this, we
first propose GaS (Section 3.1), which corrects SAM prompt
points to ensure consistent multi-view segmentation. SAM
can provide three segmentation results with different gran-
ularities. To obtain a unified feature field, we need to select
one granularity for various objects to extract and distill CLIP
features. Therefore, we further propose GaD (Section 3.2),
which adaptively selects SAM mask granularity and CLIP
features with strong multi-view consistency during Gaussian
feature distillation.

3.1 Granularity-aware Segmentation

The extracted CLIP features are strongly related to the re-
gion size of the segmentation results produced by SAM,
different segmentation granularity leads to totally different
CLIP features. However, since the SAM is applied to ev-
ery input image separately and the same object may show
different sizes on different viewpoints, the segmentation re-
sults of SAM are already multiview inconsistent, resulting in
inconsistent CLIP features. For example, the ramen bowl in
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Figure 3: GAGS pipeline. Left: GAGS utilizes the scene’s geometric representation to guide SAM and CLIP in producing multi-
view consistent semantic features. Right: GAGS introduces a self-supervised granularity optimization strategy during feature
distillation stage, which adaptively selects an appropriate feature granularity for each object in the scene.

Figure 1 corresponds to different segmentation granularities
across various viewpoints. We propose a granularity-aware
segmentation to improve the multiview consistency of seg-
mentation results.

Observations The segmentation granularity of SAM is
controlled by the prompt point density. In the ramen bowl re-
gion of Figure 1, dense prompt points usually lead to small
segmentation regions while sparse prompt points result in
large regions.

Another observation is that the apparent size of the same
object in the image changes with the camera distance: it ap-
pears smaller when farther away and larger when closer.
Consequently, the optimal prompt point density becomes
depth-dependent—denser sampling is needed when the ob-
ject appears smaller in distant views, while sparser sampling
suffices when the same object appears larger in closer views.

Granularity-aware prompt point density We compute
the prompt point density from the depth maps as follows.
Given an input image, we begin by dividing it into a grid
of patches and our target is to determine how many sample
points should lie in each patch. Since the rendered depth de-
termines the density, we first render a depth map D from the
3D Gaussian field.

Then, we back-project each depth map pixel to the 3D
Gaussians and find the minimum depth value of each Gaus-
sian after occlusion determination, denoted by M D, which
maps a pixel to the minimum visible depth of its corre-
sponding 3D position across all views. Then, the number of
prompt points np for a specific patch P is computed by

np = |P|ZMD2 -, ey

where | P| is the pixel number in the patch, p € P is a pixel,
M D?(p) is the squared minimum depth value of pixel p
while D?(p) is the squared depth value of pixel p, and n
is a predefined prompt point number.
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Explanation of Equation 1  The ratio 77 D(]Z) ) controls the

prompt point density on a specific view. When this view is
the one with the smallest viewing distance, the ratio is 1.0,
which means we sample n points on the nearest view. While,
for a far-away viewpoint, we use a larger prompt point den-
sity because the object would be smaller on these views,
which can be seen in Figure 1. In this way, Equation 1 en-
ables granularity-invariant prompting for the SAM model
when segmenting the same object from different viewpoints,
which increases the multi-view consistency of the segmen-
tation results.

Moreover, after determining the number of prompt points
per patch, the density distribution of visible gaussians is uti-
lized to guide local prompt point sampling.

3.2 Granularity-aware Distillation

The above granularity-aware segmentation improves the
consistency in SAM segmentations within each granularity.
Then, we further propose a novel granularity-aware distilla-
tion to autonomously select the granularity best suiting each
object, i.e., with the best multi-view CLIP consistency under
this granularity. We represent three levels of SAM segmenta-
tion results by m, m,, and m,,, corresponding to “subpart”,
“part”, and “whole”. We then extract CLIP feature maps
fs, fp and f,, on all three levels and design a strategy to
let the distillation automatically select the most multiview-
consistent features.

Decoding granularity factor Given the 3D Gaussian field
associated with trainable feature vectors, we apply the splat-
ting technique to render a feature map fienger for a training
viewpoint. We adopt a feature decoder to decode a granu-
larity factor and a predicted CLIP feature from the rendered
feature vectors by

fclip7 n D(frender)7 (2

where feip is the predicted CLIP feature, n € R3 is the pre-
dicted granularity factor, and D means the MLP-based de-



coder shared among all viewpoints.

Weighted distillation loss We convert the granularity fac-
tor into weight by applying the softmax operator between
three scores o = softmax(7n). Then, we will train with a
weighted L2 loss for distillation

Z O‘n||fclip_an%7

ne{s,puw}

3

Laisin =

where n means the name, s, p,w correspond to “subpart”,
“part”, and “whole” respectively, and o, € [0, 1] means the
weight for the current level. We do not directly supervise o,
but let the optimization process automatically select the best
weight to learn the granularity of the feature.

Entropy regularization To further encourage the weight
to converge to a single scale instead of learning an averaged
feature, we adopt an entropy regularization term

>

ne{s,p,w}

gemropy = - ay log an,, 4

which encourages the weight to be either 0 or 1. By adopting
the granularity-aware distillation, GAGS only learns one 3D
feature field instead of 3 feature fields in LangSplat (Qin
et al. 2024), resulting in a more compact representation.
The predicted granularity factor enables adaptively adjust-
ing the granularity for different views and selecting the most
multiview-consistent one.

Region-aware weighted distillation In our experiments,
we observed that due to perspective variations and intrin-
sic object scale differences, different objects occupy varying
proportions within the same image. During loss calculation,
objects with a larger region in the image contribute more sig-
nificantly to the loss, thereby dominating the optimization
direction of semantic features. This imbalance may hinder
feature learning for smaller objects. To address this issue,
we propose a region-aware distillation loss, normalizing the
loss by the region size of each object to ensure that all ob-
jects contribute equally to the total loss

iy S(Ri)

Ledgisin = Brlaisin, Br = o S(R)

&)

where (3, denotes the region-aware factor, with n, as the
number of objects in the image and S(R) as the area of each
region. However, region-aware strategy is non-trivial. The
core challenge here is constructing a mask that can simulta-
neously segment both large and small objects for balanced
supervision, where SAM masks at any single granularity
fails to achieve this as the whole scale mask m,, focuses
on large objects, while the part m,, and subpart my masks
emphasize small objects. Therefore, we propose integrating
SAM masks at multiple granularities to adaptively select the
appropriate scale for objects of different sizes. Specifically,
we construct 1m s, where each pixel selects the SAM granu-
larity with the highest weight, i.e., mf = M arg max (a;)- WE

i€{s,p,w}
then cluster pixels in m to objects for computing S(R).
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Feature consistency loss Inspired by the process of con-
trastive learning, we further introduce a feature consistency
loss to encourage the features inside the same segmentation
region to be consistent with each other

=3 %

i=1 peR;

le )?

clzp

(6)

where d ip and f? represent the f;p of pixel p and the av-
erage fup of the i-th region. By pulling together features of
the same object region across each viewpoint, we ultimately
enhance the feature consistency for the 3D Gaussians be-
longing to the same object.

In summary, the optimization loss L is

L= Er—distill + )\entropygentropy + /\consgcons (7)

4 Experiments
4.1 Experimental Protocol

Datasets We use an augmented LERF dataset and a
self-annotated Mip-NeRF360 dataset for evaluation. The
LERF (Kerr et al. 2023) dataset comprises 3700+ phone-
captured images from 14 different scenes. LangSplat (Qin
et al. 2024) provides text descriptions and corresponding
multi-view segmentation masks within four scenes: “ra-

”, “waldo_kitchen”, “teatime”, and “figurines”, aiming

9

men
to evaluate text-based object localization and segmentation.
To better assess each method’s performance on different
granularities, we report experimental results separately for
objects categorized by SAM segmentations as subpart, part,
and whole. The Mip-NeRF360 (Barron et al. 2022) dataset
offers multi-view images of 9 indoor and outdoor scenes
with complex foreground and detailed background objects.
We annotated four of the most complex scenes: “room” ,

“counters”, “garden” and “bonsai”’ using the same format as
the LERF dataset to evaluate model performance in chal-
lenging real-world scenarios.

Baselines We adopt recent relevant works including GS-
Grouping (Ye et al. 2023), LEGaussian (Shi et al. 2024),
GOI (Qu et al. 2024), and LangSplat (Qin et al. 2024) as
our baseline methods. We employ GSplat (Ye et al. 2024) to
construct initial Gaussian fields and evaluate all methods in
the same setting for fair comparisons.

Metrics We follow LERF (Kerr et al. 2023) and
LangSplat (Qin et al. 2024) to evaluate text-based 3D lo-
calization and segmentation accuracy on multi-view images.
For localization, we evaluate the mean accuracy (mAcc)
of the predicted locations falling within the ground truth
bounding boxes. For segmentation, we assess the mean In-
tersection over Union (mloU) between the predicted and the
ground truth masks. All metrics are additionally reported
with statistics divided by sample level (subpart, part, whole).

Implementation Details We utilized the SAM ViT-
H (Dosovitskiy 2020) and OpenCLIP ViT-B/16 (Cherti et al.
2023) for segmentation and feature extraction. All experi-
ments are conducted on a single RTX-4090 GPU.
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Figure 4: The relevance visualization results for open-vocabulary queries. Each row from top to bottom represents Ground
Truth, Gaussian Grouping, GOI, Langsplat, and our method. Below each column is the corresponding input text description.

Method LERF Mip-NeRF360

Subpart  Part Whole  Overall | Subpart  Part Whole  Overall
GS-Grouping 11.67 27.97 58.77 36.08 17.5 57.47  80.44 57.09
LEGaussian 38.58 66.92  70.85 61.90 39.17 6198 87.33 66.03
GOI 26.45 49.51 65.19 50.08 42.50 68.65 87.12 68.55
Langsplat 49.84 73.82  80.30 70.49 63.33 69.52  92.73 75.48
GAGS(Ours) 51.39 87.93 88.17 79.14 78.97 95.83 100.00 88.67

Table 1: Quantitative comparisons (mAcc, %7) of 3D object location on the LERF and Mip-NeRF 360 dataset.

4.2 Comparison with Baseline Methods

Figure 4 shows segmentation results of baseline and our
method. Table 1 and 2 report localization and segmentation
accuracy on the LERF and Mip-NeRF360 datasets.

As shown in Figure 4, GS Grouping (Ye et al. 2023)
and GOI (Qu et al. 2024) struggle to detect component-
level and long-tail objects, which mainly due to ambiguities
in feature field learning and the instability of 2D ground-
ing model (Liu et al. 2023b) outputs. LangSplat (Qin et al.
2024) embeds multi-level CLIP features within 3 individual
Gaussian fields, achieving better performance by avoiding
erroneous feature average. However, querying across three
Gaussian feature fields introduces more potential distractors,
which can lead to incorrect retrievals.

In contrast, GAGS avoids the impact of both inconsistent
multi-view features and features from inappropriate SAM
segments by extracting and distilling consistent features into
a unified Gaussian field. This results in improvements of
8.7% localization mAcc and 6.1% segmentation mloU on
the LERF dataset, and 13.2% mAcc and 7.9% mloU on the
Mip-NeRF360 dataset. Notably, GAGS shows larger gains
at finer part levels on Mip-NeRF360 scenes, as small ob-
jects are more susceptible to severe occlusions in these com-
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plex scenes, making them particularly vulnerable to incon-
sistency or omission in multi-view SAM segmentation. Our
GAGS, via GaS and GaD, can segments them more accu-
rately while selecting effective and consistent CLIP features.

Runtime analysis We report the runtime of baselines and
GAGS in Table 3. Although GOI (Qu et al. 2024) achieved
the shortest training time, it requires fine-tuning a high-
dimensional hyperplane during testing to segment the tar-
get, resulting in an inference time nearly 100 times that
of GAGS. When comparing with LangSplat (Qin et al.
2024), GAGS achieves a similar training speed. However,
LangSplat requires rendering multi-granularity feature maps
to compare and segment the target, while GAGS adaptively
fuses multi-granularity features, necessitating only a single
feature map rendering and comparison. Thus, GAGS is two
times faster than LangSplat in inference.

4.3 Ablation Studies

Table 4 presents ablation results on the Mip-NeRF360
dataset. Model 1, the baseline, using uniform prompt points
for SAM and averaging CLIP features as ( fs+ fp+ fw)/3 for
feature distillation. Incorporating Granularity-aware Distil-
lation (GaD) in Model 2 boosts mAcc/mloU by 9.4%/7.2%.



Method LERF Mip-NeRF360

Subpart  Part  Whole Overall | Subpart  Part  Whole Overall
GS-Grouping 7.94 25.54  52.66 31.67 1577  47.13  70.51 49.22
LEGaussian 12.07 1545 3092 21.29 1526 3273 47.16 30.07
GOI 16.37 30.17 53.84 34.63 2624 5799 77.86 56.70
Langsplat 3292 4842 53.50 46.12 41.49 51.07 7391 57.19
GAGS(Ours) 3589 55.09 59.52 52.21 56.07 57.63  79.6 65.09

Table 2: Quantitative comparisons (mloU, %7) of 3D semantic segmentation on the LERF and Mip-NeRF 360 dataset.

Training (min)

Inference (s)

Method Prep. GS Lang. Total | [IE Rend. Pred. OSH Total
GS-Grouping 20 10 40 70 66 ~1 ~1 - 68
GOI 10 10 10 30 - ~1 ~1 2342 2344
Langsplat 50 10 30 90 - 15 34 - 49
GAGS(Ours) 25 10 50 85 - 13 11 - 24

Table 3: Time evaluation on the scene “ramen” of the LERF dataset. During training, “Prep.” refers to the preprocessing stage,
while “GS” and “Lang.” represent the training stage of RGB and feature Gaussian fields, respectively. During inference, “IE”
and “OSH” denotes obtaining the target’s Identity Encoding and the optimization process of the Optimizable Semantic-space
Hyperplane, while “Rend.” and “Pred.” refer to rendering features and predicting target mask.

SAM

Vanilla

Our
GaS

Figure 6: Visualization of learned granularity weights a.

Model 3 with Granularity-aware Segmentation (GaS) yield-
ing further gains of 2.4%/4.1% mAcc/mloU. As shown in
Figure 5, GaS achieves better multiview segmentation con-
sistency by prompting SAM with fewer but proper seeds.
Models 4-6 distill CLIP features using single-granularity
SAM segmentation. Among them, the part granularity per-
forms best, while subpart performs worst due to the un-
reliable features and multi-view conflicts caused by over-
segmentation of large objects. Model 7, which simply av-
erages the CLIP features from all three SAM granularities,
shows no improvement. In contrast, Model 3 with GaD can
adaptively select reliable and multi-view consistent features.
Finally, Model 3 achieves optimal performance, demonstrat-
ing the effectiveness of our proposed GaS and GaD modules.

5 Conclusion

Summary. We presented GAGS, a granularity-aware
3D Gaussian Splatting framework for efficient, accurate
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Setting Performance
ID GaS Distill. | mIoU(%) mAcc(%)
1 Avg. 53.72 76.84
2 GaD 60.99 86.27
3 v GaD 65.09 88.67
4 v fs 47.78 77.32
5 v fr 61.68 85.74
6 v fuw 58.63 78.51
7 v Avg. 59.45 84.88

Table 4: Ablation Studies on the Mip-NeRF360 dataset.
“Distill.” denotes the feature distillation strategy. In addition
to distilling the averaged features across all granularities, we
also conducted experiments for each individual granularity
feature. All other settings are kept the same.

“rubber duck with red hat” “piano pedal” “frog pattern on the cup”

Figure 7: Visualization of failure cases. White boxes: ground
truth; Red boxes: erroneous activation regions.

open-vocabulary scene understanding. By introducing a
granularity-aware segmentation and feature distillation strat-
egy, GAGS is able to learn clear and multi-view consistent
semantics features. It avoids the high query cost of rendering
multiple language fields and mitigates the impact of outliers.
Experiments on several datasets demonstrate notable gains
of GAGS in both accuracy and speed over prior methods.

Limitation. As Figure 7 shows, while self-supervised gran-
ularity optimization alleviates inference-time outlier issues,
it may introduce information loss that limits component-
level recognition in complex scenes. Future work will focus
on mitigating this trade-off to further improve performance.
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