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Abstract

Open-vocabulary 3D segmentation is a fundamental yet challenging task, requiring
a mutual understanding of both segmentation and language. However, existing
Gaussian-splatting-based methods rely either on a single 3D language field, leading
to inferior segmentation, or on pre-computed class-agnostic segmentations, suffer-
ing from error accumulation. To address these limitations, we present COS3D, a
new collaborative prompt-segmentation framework that contributes to effectively
integrating complementary language and segmentation cues throughout its entire
pipeline. We first introduce the new concept of collaborative field, comprising an
instance field and a language field, as the cornerstone for collaboration. During
training, to effectively construct the collaborative field, our key idea is to capture
the intrinsic relationship between the instance field and language field, through a
novel instance-to-language feature mapping and designing an efficient two-stage
training strategy. During inference, to bridge distinct characteristics of the two
fields, we further design an adaptive language-to-instance prompt refinement, pro-
moting high-quality prompt-segmentation inference. Extensive experiments not
only demonstrate COS3D’s leading performance over existing methods on two
widely-used benchmarks but also show its high potential to various applications, i.e.,
novel image-based 3D segmentation, hierarchical segmentation, and robotics.

1 Introduction

Open-vocabulary 3D segmentation (OV3DS) aims to predict 3D segmentation of scenes according to
given natural language queries. Beyond traditional 3D segmentation, which is often restricted to fixed
object categories [1–8], the OV3DS task supports flexible text queries, allowing for diverse semantic
categories, physical properties, affordance, and more. This flexibility is crucial to making OV3DS a
practical and valuable tool for applications in fields such as AR, VR, and robotics.

Recent efforts focus on transferring 2D vision-language models (VLMs) to 3D scenes represented
by learned radiance fields. These works can be roughly divided into two classes: language-based
and segmentation-based. Specifically, language-based methods [9–13] propose to distill language
features (e.g., CLIP [14]) from the 2D image space to a 3D language field by leveraging differentiable
rendering to support OV3DS; see Fig. 1 (a). However, directly learning language features through a
pixel-wise language distillation demonstrates limited distinctiveness, leading to severe artifacts and
errors around boundaries in the segmentation results.

On the other hand, segmentation-based methods, e.g., [15–17], directly decompose the OV3DS task
into two sub-tasks: (i) a class-agnostic 3D segmentation, followed by (ii) a post-selection of the
best-matched 3D segments, using a 2D vision-language model [14, 18]; see Fig. 1 (b). Though
this approach bypasses direct language distillation, it faces two major challenges, leading to limited
performance. First, without semantic cues, accurately segmenting all objects in a 3D scene is highly
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Figure 1: Comparing different paradigms. (a) Language-based methods [9–13] directly learn a 3D
language field for open-vocabulary segmentation. (b) Segmentation-based methods [15–17] perform
class-agnostic segmentation then post selection. (c) COS3D addresses existing limitations with a
new collaborative prompt-segmentation framework that connects knowledge from the language and
instance fields in the training and inference. The solid line (dotted line) indicates inference (training).
(d) COS3D clearly outperforms existing methods on both segmentation quality and training efficiency.
Note that “fast version” refers to a result of our approach under a short optimization time setting (see
Sec.4.3), while the time and performance of the baselines are sourced from their publications [12, 16].

challenging, so under- and over-segmentation errors often occur in the class-agnostic segmentation,
which further affects the post selection. Second, the hand-crafted matching strategies in the post
selection easily introduce additional inaccuracies that further degrade the performance.

Revisiting the existing methods, we attribute their limitations to the lack of integrating language
and segmentation information. In particular, these two types of information provide complementary
knowledge: segmentation information is typically discriminative and boundary-aware, whereas
language information facilitates high-level understanding of objects and scenes. Fundamentally, to
achieve OV3DS requires a mutual understanding of both language and segmentation.

To this end, we introduce COS3D, a new COllaborative approach for prompt-Segmentation of 3D
scenes, in which we collectively incorporate segmentation and language cues in our framework; see
Fig. 1 (c). There are three technical components in COS3D. First, we propose the new concept of
collaborative field, comprising an instance field and a language field, as the foundation in COS3D. To
effectively construct the two fields, our key insight lies in their intrinsic relationship: regions within
the same object segment should share similar semantics and exhibit similar language information.
Second, we propose modeling the intrinsic relationship through a feature mapping process from
a learned, boundary-aware instance field to the text-aligned language field. Here, we first train
the instance field to implicitly encode the segmentation information, then formulate an instance-
to-language mapping learning to facilitate the language-field construction. Third, at inference,
given a text query, we generate the segmentation from the text-aligned language field. Importantly,
considering the limited expressivity of the language feature, we leverage the distinct characteristics
of the instance field and introduce an adaptive language-to-instance prompt refinement to exploit the
intermediate 3D relevance map from the instance field as a prompt, then design a further refinement
on the boundary-aware instance field for prompt segmentation. With these new designs, COS3D is
able to arrive at a surprisingly effective and efficient solution; see Fig. 1 (d).

We evaluate COS3D on two standard benchmarks for OV3DS. Both quantitative and qualitative
results show that our method significantly outperforms existing approaches. Also, the ablation studies
validate the effectiveness of our designs for both training and inference stages. Furthermore, we
present three example applications of COS3D, including novel image-based 3D segmentation, explicit
hierarchical OV3DS, and robotics, demonstrating its potential and practical values.

Our major contributions are summarized as follows:
• We present COS3D, a new collaborative prompt-segmentation framework that integrates

segmentation and language cues, enabling top-quality open-vocabulary 3D segmentation.
• For training, we propose a novel instance-to-language mapping with two optional implemen-

tations that effectively and efficiently leverage the instance field to enhance the construction
of a semantically meaningful language field.

• For inference, we propose an adaptive language-to-instance prompt refinement that utilizes
the 3D relevance map from the language field to guide the refinement in the instance field.
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• Our method sets a new state-of-the-art performance on two standard benchmarks and shows
strong potential for image-based segmentation, hierarchical segmentation, and robotics.

2 Related work

Radiance �eld. Radiance �elds have emerged as a powerful representation for supporting 3D scene
reconstruction with diverse properties such as geometry, color, and semantics, from only 2D inputs
such as multi-view RGB images and extracted feature maps. Neural Radiance Fields (NeRF) [19]
model the radiance �eld using neural networks composed of MLPs, enabling photorealistic novel
view synthesis. Subsequent works focus on improving the ef�ciency of NeRF by introducing explicit
3D structures, such as voxel grids [20, 21] and hash grids [22]. More recently, 3D Gaussian Splatting
(3D-GS) [23–32] is proposed as an alternative representation by modeling the radiance �eld as a set of
explicit 3D Gaussian points. This approach supports splatting-based rendering [33], which is highly
ef�cient, signi�cantly enhancing its potential for real-time applications. Given these advantages, we
adopt 3D-GS as the backbone representation in our 3D segmentation framework.
Open-vocabulary 3D segmentation. Open-vocabulary 3D scene segmentation has made signi�-
cant progress in recent years, empowered by 2D foundation vision-language models (VLMs) (e.g.,
CLIP [14], LSeg [34], DINO [35]), together with 3D representations, ranging from point clouds to
radiance �elds. Early approaches [36–43] project 3D point clouds to 2D views to align them with
image-based features, enabling zero-shot open-vocabulary 3D segmentation. However, as discussed
in [44], point cloud representation suffers from the discrete structure and typically has a lower
resolution compared to images, limiting their effectiveness and applications.

To overcome limitations of the point cloud representation, recent methods [9–13, 15–17, 45, 44, 46]
propose distilling dense VLM features into continuous radiance �eld representations, enabling high-
resolution novel-view synthesis for effective feature alignment and downstream tasks. Speci�cally,
LeRF [9] �rst introduced the concept of language �eld distillation into NeRF via a 2D CLIP
supervision. Besides, LangSplat [10], LEGGaussians [11], Dr.Splat [12], and FastLGS [13] adopt
3D-GS as an explicit scene representation, which integrates language features, for supporting open-
vocabulary 3D scene understanding. While these models achieve promising results, the segmentation
quality is still limited by the weak expressiveness of the directly learned language features. In
contrast, other methods [15–17] tackle the task sequentially by �rst performing class-agnostic
3D segmentation, followed by selecting the best-matched 3D segment using language queries.
For instance, OpenGaussian [16] and InstanceGaussian [17] propose to align 3D segmentations
with 2D segmentations produced by SAM to leverage 2D CLIP features to enable subsequent text
grounding. Besides, Gaussian Grouping [15] employs a 2D vision-language grounding model (i.e.,
GroundingDINO [18]) to associate 2D grounding result with 3D segments using handcrafted 2D
matching techniques. However, these methods suffer from error accumulation, which restricts overall
performance. To address these limitations, we introduce a novel 3D prompt-based segmentation
framework that collaboratively engage both segmentation cues and language cues, throughout both
the training and inference stages, to optimize for high-quality open-vocabulary segmentation.
Promptable segmentation. Promptable segmentation, which aims to generate segmentations based
on input prompts by specifying the target to be segmented within an image, was introduced by the
Segment Anything Model (SAM) [47]. Its effectiveness has been widely demonstrated through a
number of follow-up works [48–52]. To adopt it to 3D understanding, some recent methods [53–56]
propose to learn the discriminative instance �eld that encode 3D segmentation information. At the
inference, these methods leverage user-click prompts to specify the target, facilitating the production
of more accurate segmentation results. Though these methods achieve notable improvement, they
require additional manual interaction in screen space as prompt, thereby limiting their applicability in
autonomous 3D systems.

Going beyond the prior works, we realize a novel prompt-segmentation framework to directly support
open-vocabulary 3D queries as prompts for segmentation inference through innovations that actively
integrate the segmentation-aware instance �eld and text-aligned language �eld.

3 Method

Given a set of multi-view posed images, we utilize the 2D foundation models SAM [57] and CLIP [14]
to produce associated 2D instance segmentation masksfK I g and 2D language feature mapsfF L g.
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Figure 2: Overview of our proposed COS3D method. We �rst introduce collaborative �eld, compris-
ing an instance �eld and a language �eld (see Sec.3.1). During training, we �rst learn the instance
�eld to encode instance information and propose a novel instance-to-language (Ins2Lang) mapping
to construct the language �eld (see Sec.3.2). During inference, leveraging the 3D relevance map
from the language �eld, we design an adaptive language-to-instance (Lang2Ins) prompt re�nement to
further guide the instance �eld, enabling accurate segmentation (see Sec.3.3).

Based on reconstructed 3D Gaussian representations, our objective is to enrich these 3D Gaussians
with high-quality, text-guided segmentations that align with the open-vocabulary query. Fig. 2
illustrates the overview of our approach. First, to support effective open-vocabulary segmentation,
we propose the new concept of collaborative �eld, which comprise an instance �eld and a language
�eld, integrating both segmentation and language cues (see Sec. 3.1). Next, to enable collaboration
between the instance and language �elds throughout the whole pipeline, we further design a novel
instance-to-language mapping within a two-stage learning strategy in Sec. 3.2 and an adaptive
language-to-instance prompt re�nement for collaborative prompt-based inference in Sec. 3.3.

3.1 Collaborative �eld

3D-GS backbone. Speci�cally, our collaborative �eld utilize the explicit 3D Gaussian Splatting
(3D-GS) [23], as the underlying 3D scene representation. Speci�cally, the 3D-GS model represents
a 3D scene using a collection of explicit 3D Gaussians and leverages differentiable rasterization
for ef�cient rendering. Mathematically, 3D-GS represents a 3D scene as a set ofN Gaussians,
G = f gi gN

i =1 , where eachgi = ( p i ; si ; q i ; oi ; ci ) denotes the center, scale, orientation (quaternion),
opacity, and color coef�cients (in spherical harmonics) of thei -th Gaussian. Each 3D Gaussian is
projected to the image plane as a 2D GaussianG0

i via tile-based rasterization [23]. The color at a
query pixelu is computed using� -blending:

C u =
X

i 2N

ci � i

i � 1Y

t =1

(1 � � t ); � i = oi G
0
i (u); (1)

whereN is the set of sorted 2D Gaussians contributing to pixelu. The parametersf gi g are optimized
via photometric reconstruction loss.

Collaborative �eld. To enable effective open-vocabulary 3D segmentation of the scene represented
by 3D-GS, we propose the collaborative �eld to fully exploit the complementary strengths of seg-
mentation and language information. Speci�cally, our collaborative �eld comprise two components:
an instance �eld� I and a language �eld� L . Mathematically, the instance �eld is obtained by
augmenting each Gaussiang with a feature vectorI 2 RdI , wheredI is the feature dimension (set
to 16 by default). Besides, the language �eld is encoded as a high-dimensional language feature
vectorL 2 RdL for each Gaussiang, wheredL is the dimension of language feature,i.e., 512 for
CLIP [14]. We refer to these representations as collaborative �eld because they interact during both
training and inference. During training, the instance �eld serves as a distinctive representation that
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simpli�es learning the language �eld, allowing us to construct it more effectively and ef�ciently. At
inference time, the language �eld provides an initial 3D relevance map in response to a text query,
which guides the instance �eld to re�ne and produce accurate open-vocabulary segmentation results.

3.2 Collaborative �eld learning

In our collaborative �eld learning, the key idea is to introduce the instance-to-language mapping to
model the intrinsic relationship of two �elds. To this end, we propose a two-stage training strategy.
First, we learn a segmentation-aware instance �eld supervised by the 2D SAM [47] segmentation.
Next, based on the learned instance �eld, we construct the language �eld by learning a mapping
function from paired instance and CLIP features extracted from multi-view images. Once trained,
this mapping function is applied to the instance �eld to generate a language �eld, completing the
construction of the collaborative �eld.

Stage 1: instance �eld learning. For the instance �eld� I , we adopt contrastive learning to
optimize the rendered features. Similar to color rendering, we apply differentiable rasterization to
ef�ciently render the instance featureI u at each pixelu as: I u =

P
i 2N I i � i

Q i � 1
t =1 (1 � � t ); � i =

oi G0
i (u): Then, we apply widely-used InfoNCE loss in existing works [54, 55, 58, 59] for supervision:

L ins = �
1

j
 j

X


 j 2 


X

u 2 
 j

log
exp

�
sim

�
I u ; I j

��

P

 I 2 
 exp

�
sim

�
I u ; I l

�� ; (2)

where similarity kernel functionsim uses the dot product operation here and
 is the set of pixel
samples. In speci�c,
 j ; 
 l denotes the pixel samples with the same instance IDj; l according to the
2D instance segmentationK I , I j andI l represent the mean instance features (centroids) for
 j and

 l , respectively. Notably, the instance segmentation maskK I is automatically generated using SAM
by creating a grid of point prompts across the image, following common practices [10, 16, 12, 11].
By minimizing this loss across training views, the instance �eld learns to produce discriminative and
view-consistent features that capture 3D instance-level information.

Stage 2: instance-to-language (Ins2Lang) mapping learning.Based on the learned discriminative
instance �eld, we introduce an Ins2Lang mapping to transfer the instance feature source domain to
the language feature target domain. Mathematically, the mapping function� is de�ned as

� : L = �( I ); I 2 � I ; (3)

whereI denotes the instance feature andL denotes the corresponding language feature. To learn
the mapping function� , we �rst construct training pairs between the instance features and their
corresponding language features. Speci�cally, for each individual view, we render the multi-view
consistent instance feature map, enabling us to directly use the 2D language feature mapFL from
CLIP as the corresponding pair. Moreover, since the CLIP features are inherently patch-wise, and
to reduce redundancy, we utilize the SAM mask to group rendered instance feature maps and CLIP
feature maps by averaging the features with the same 2D instance ID. This process results in segment-
wise training feature pairs, denoted as(I m ; L m )M

m =1 , whereM is the total number of pairs. Based on
the training pairs, we further provide two implementation strategies,i.e., shallow MLPs and kernel
regression for the mapping function.

i) Shallow MLPs. We can choose shallow MLPs, denoted as� network, to represent the instance-
to-language mapping. Then, we utilize the prepared mapping pair(I m ; L m )M

m =1 to supervise the
learning of� network. Speci�cally, we use the following mapping loss:L mapping= jL m � � network(I m )j.
Notably, the mapping learning is highly ef�cient, requiring less than three minutes on a single GPU.

ii) Kernel regression. We can also utilize traditional kernel regression, denoted as� kernel, to represent
the mapping function. In particular, we adopt the widely used Nadaraya-Watson estimator [60]
because of its simplicity and learning-free nature. Mathematically, the kernel regression function

is de�ned as:� kernel(I ) =
P M

m =1 (exp
�

� kI � I m k2

2� 2

�
L m )=

P M
m =1 exp

�
� kI � I m k2

2� 2

�
; where� is a

hyperparameter that controls the bandwidth of the kernel function, and is set to0:1 by default.

Based on the learned Ins2Lang mapping� , we can obtain our language feature �eld� L by calculating
the corresponding language feature� (L ) for each Gaussian.

5



Discussion. We introduce the Ins2Lang mapping within a two-stage training strategy for language
�eld construction, offering the advantages of effectiveness and ef�ciency. (i)Effectiveness: In
contrast to existing approaches that directly learn language features from scratch, our method
constructs the language �eld via a mapping function from the learned instance �eld. This strategy
leverages the discriminative, segmentation-aware features already captured by the instance �eld,
enabling more semantically meaningful and spatially coherent language representations. As a
result, it signi�cantly improves the quality of open-vocabulary segmentation. (ii)Ef�ciency :
Unlike approaches that directly optimize language features for each Gaussian point, requiring
extensive supervision and per-point updates, our method employs a shared mapping function that
generalizes across all Gaussians. This signi�cantly reduces the number of parameters and the training
overhead. Moreover, instead of using dense pixel-level supervision, we construct training pairs at the
segment (patch) level using SAM masks, which further lowers redundancy and improves learning
ef�ciency. Together, these design choices result in a highly ef�cient training process. In addition,
the experimental comparisons with other alternatives are provided in our ablation (see Sec. 4.3).

3.3 Collaborative prompt-segmentation inference

During inference, we further design an adaptive language-to-instance prompt re�nement, enabling a
collaborative prompt-segmentation inference. As illustrated at the bottom of Fig. 2, given a query
text, we utilize the text-aligned language �eld to generate a 3D relevance map as a prompt and
introduce the adaptive prompt re�nement in the boundary-aware instance �eld for producing accurate
3D Gaussian segmentation.

3D relevance map in language �eld.Based on the text-aligned language �eld, for the text query
qtext, we �rst generate the 3D relevance map, which indicates the correspondence between the
input text and 3D regions. Speci�cally, we �rst utilize the CLIP [14] text encoder to obtain
the corresponding language featureL text. Then, we compute the 3D point-level relevanceR as:
R = min i

exp( L �L text)
exp( L �L text)+exp( L �L i

canon)
; whereL canon is the CLIP embedding of a prede�ned canonical

phrase [9]. Intuitively, we can obtain segmentation by identifying Gaussian pointsS with high rele-
vance, using a prede�ned threshold� (set to 0.5 by default), following common practices [9–12, 16].

Adaptive language-to-instance (Lang2Ins) prompt re�nement.Directly extracting the segmen-
tation by the above process easily produces inferior segmentation (see Fig. 3 (b)). To address this,
we treat the relevance map as a prompt to guide the instance �eld in re�ning segmentation via an
adaptive Lang2Ins prompt re�nement process. Particularly, starting from the initial high-relevance
Gaussian point setS, we aim to obtain a re�ned Gaussian point setSt that represents 3D Gaussian

Figure 3: Visual comparisons on LeRF [9].

segmentation results. Concretely, for each center
Gaussian pointg0 2 S, we leverage the learned instance
�eld to de�ne a local neighborhood setSg0, consisting
of points whose instance features have cosine similarity
above a thresholdT with that ofg0. Here, threshold
T is based on the statistical value from instance �eld.
Considering the presence of errors inS, and the risk
that expansion from noisy points may include undesired objects, we further perform an adaptive
�ltering operation forSg0 based on a region-level relevance. We de�ne this region-level relevance as
the opacity-weighted average of relevance scores inSg0: (

P
w2S g 0

ow � Rw )=(
P

w2S g 0
ow ); where

ow andRw are the opacity and relevance of pointw 2 Sg0. We process the regions in descending
order based on the relevance score of their center points. A region is included in the �nal segmentation
only if its region score exceeds the threshold� (as de�ned earlier). By applying this process to the
initial setS, we gradually aggregate retained expanded point sets, producing the �nal segmentation
St . More details on the algorithm and automatic threshold generation are provided in Supp.

Discussion.Unlike the existing methods [10–12] that solely rely on the relevance map, bounded
by the limited expressivity of language features, our adaptive Lang2Ins prompt re�nement further
leverages the discriminative instance �eld to aggregate neighboring points with spatial and semantic
coherence, thus enabling boundary-aware segmentation. Further, it helps adaptively �lter noisy points
using robust region-wise relevance. As shown in Fig. 3 (c), this algorithm signi�cantly enhances the
Gaussian segmentation quality, enabling clean object rendering. Moreover, the proposed adaptive
Lang2Ins prompt re�nement is ef�cient, adding small overhead to the query time (see Sec. 4.3).
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3.4 Implementation details

We adopt the of�cial implementation of 3D-GS [23] with a default of 30K training iterations as our
base architecture. For the instance �eld and instance-to-language mapping (e.g., MLPs version), we
also set the training iterations to 30K by default, following common practice as in [10]. For kernel
regression version in mapping, the function is directly formulated without requiring training. All
experiments are conducted on a single RTX-4090 GPU. More details are provided in Supp.

4 Experiments

4.1 Results on LeRF dataset

Settings. (i) Task: For open-vocabulary text queries, we �rst select the corresponding Gaussians
and render them into multi-view 2D images.(ii) Dataset and metrics: Following OpenGaussian [16]
and LangSplat [10], we evaluate our method on the LeRF dataset [9]. After rendering the selected 3D
objects into 2D views, we compute mean Intersection over Union (mIoU) and mean Accuracy (mAcc).
(iii) Baselines: As this task requires explicit 3D point-level segmentation, we compare our method
with other explicit Gaussian-based methods, including language-based methods LangSplat [61],
LEGaussians [11], and segmentation-based method OpenGaussian [16]. Moreover, we provide the
quantitative comparison with the most recent works,i.e., InstanceGaussian [17] and Dr. Splat [12].

Results. Quantitative results are presented in Tab. 1, demonstrating that our proposed method
achieves signi�cantly improved results compared to all existing language-based and segmentation-
based baselines. The qualitative results in Fig. 4 further show that the rendered objects using our
method contain more complete boundaries and signi�cantly fewer artifacts. Note that Instance-
Gaussian [17] and Dr. Splat [12] are not open-sourced, which prevents further visual comparisons.

Table 1: Performance of Gaussian segmentation in 3D space from text query on LeRF [9]. Follow-
ing [16], we report mIoU and mAcc. The performance of all prior works is sourced from [16, 17, 12].

mean �gurines teatime ramen waldo_kitchen
Method Venue Type mIoU " mAcc " mIoU " mAcc " mIoU " mAcc " mIoU " mAcc " mIoU " mAcc "

LangSplat [10] CVPR'24 Language 9.66 12.41 10.16 8.93 11.38 20.34 7.92 11.27 9.18 9.09
LEGaussians [11] CVPR'24 Language 16.21 23.82 17.99 23.21 19.27 27.12 15.79 26.76 11.78 18.18
Dr.Splat [12] CVPR'25 Language 43.58 63.87 53.36 80.36 57.20 76.27 24.70 35.21 39.07 63.64

OpenGaussian [16] NeurIPS'24 Segmentation 38.36 51.43 39.29 55.36 60.44 76.27 31.01 42.25 22.70 31.82
IntanceGaussian [17] CVPR'25 Segmentation 45.30 58.44 - - - - - - - -

Ours (shallow MLPs) - Collaborative prompt 49.75 70.60 53.90 76.79 66.91 88.14 36.61 49.30 41.56 68.18
Ours (kernel regression) - Collaborative prompt 50.76 72.08 60.03 82.14 65.07 91.53 35.86 46.48 42.10 68.18

Figure 4: Open-vocabulary 3D Gaussian segmentation on the LeRF dataset. Our method outperforms
previous open-sourced SOTA methods (i.e., LangSplat, OpenGaussian) in accurately identifying the
3D objects corresponding to text queries with fewer artifacts. Here, we present our results using
kernel regression for visual comparison, and more results are provided in Supp.
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