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In the supplementary material, we provide more experimental results in Sec. A, more technical details
in Sec. B and discussions on potential extensions in Sec. C. For more qualitative results, please refer
to our video.

A Experiments results

A.1 More visual results on LeRF and ScanNetv2

We provide additional comparisons, including the state-of-the-art baselines and two implementations
of our COS3D method, on LeRF [1] dataset and ScanNetv2 [2] dataset, as shown in Fig.1, Fig.2,
Fig.3, Fig.4, and Fig. 5. In particular, in addition to common category queries, we test physical
properties and affordances as queries (i.e., “fleece” and “drinkable” in Fig. 1, and “sleep” and “music”
in Fig. 4). Moreover, for the LeRF dataset, we perform comparisons with multiple views in Fig. 3
and the supplementary video to verify the view consistency of our methods. All results demonstrate
that our method consistently and significantly outperforms existing approaches, providing accurate
text-aligned segmentation with fewer artifacts.

A.2 Comparisons with InstanceGaussian [3] and Dr. Splat [4] on ScanNetv2.

Considering the inconsistent evaluation protocols and input (i.e., segmentation mask) in these
baselines, we ran the official codes of InstanceGaussian [3] and Dr. Splat [4] on ScanNetv2 using
the same input and evaluation protocol as ours, following OpenGaussian, to ensure fair comparisons.
The results presented in Tab. 1 demonstrate that our methods outperforms Instance Gaussian and
Dr.Splat in all metrics.

Table 1: Comparison with the latest baselines on ScanNetv2. Our * are sourced from Table 2 in our
main paper.

Methods 19 classes 15 classes 10 classes
mIoU ↑ mAcc. ↑ mIoU ↑ mAcc. ↑ mIoU ↑ mAcc. ↑

InstanceGaussian [3] 30.21 47.88 33.77 51.63 42.32 59.78
Dr. Splat [4] 23.35 40.17 30.06 49.13 38.44 55.33
Ours (*) 32.47 49.05 35.95 54.35 44.32 63.66

A.3 Analysis between kernel regression and the MLP counterpart.

Both kernel regression and the MLP counterpart are means to achieve our instance-to-language
feature mapping function, and the improved performance achieved by these two strategies consistently
demonstrates the effectiveness of our feature mapping design. Moreover, we provide a discussion
from the perspectives of accuracy and memory efficiency:
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Algorithm 1 The adaptive language-to-instance prompt refinement with non-redundant access
Input: {gi} - Gaussian point, {oi} - opacity of Gaussian point, {Ri} - relevance of Gaussian point,

{Ii} - instance feature, dI - calculated mean distance of instance features, τ - relevance threshold.
Output: Accurate Gaussians point set St corresponding to the query text.

1: {T } = [0.8 ·dI , 0.6 ·dI , 0.4 ·dI , 0.2 ·dI ] ▷ Threshold list: balancing completeness and precision
2: St = empty() ▷ Initialize target set
3: S = high-relevance-point({Ri}, {gi}, τ) ▷ Extracting high relevance Gaussian points as prompt
4: S = sorted(S) ▷ Descending order based on the relevance score
5: V = empty() ▷ Visited set to avoid redundant access
6: for g′ in S do
7: if g′ ∈ V then ▷ Check if already visited
8: continue ▷ Skip to the next point
9: end if

10: for T in {T } do
11: Sg′ = neighboring(Ig′ , {Ii}, T ) ▷ Expansion region

12: RSg′ =

∑
w∈S

g′
ow·Rw∑

w∈S
g′

ow
▷ Region-level relevance

13: if RSg′ ≥ τ then
14: St = St ∪ Sg′

15: Break ▷ Stop at the first valid threshold
16: end if
17: end for
18: V = V ∪ Sg′ ▷ Mark all neighboring points as visited
19: end for
20: return St ▷ Return the final target set

1) Accuracy: We observe that the kernel regression version tends to achieve better performance
than the MLP counterpart in our experiments. We attribute this to the selection of discriminative
instance features as the source domain, which makes the mapping learning process inherently an
easy regression task, where the traditional kernel regression method is extremely suitable. Moreover,
kernel regression benefits from its training-free property, bypassing the unstable optimization process
required by the MLP counterpart.

2) Memory efficiency: On the other hand, the MLP counterpart, consisting of small layers, offers
better GPU memory efficiency. Specifically, the computational complexity of kernel regression
depends on the size of the training data, resulting in higher memory requirements.

To illustrate this, we report the accuracy and GPU memory usage of kernel regression and MLP using
an identical input batch size of 100K, as shown in Tab. 2

Table 2: Trade-off between accuracy and memory efficiency on LeRF.

Type mIoU mAcc GPU Memory

MLP 49.75 70.60 819M
Kernel regression 50.76 72.08 6863M

A.4 Real-world robotic application

We verify the applicability of COS3D in the real-world robotic application. Inspired by recent
progress in robotics [5–9], for a robotic command (i.e., “Grasp the headphone and place it into the
box”), we use a large vision-LLM model, i.e., Qwen2-vl [10] to decompose the task and output the
text of necessary objects or parts (i.e., “box” and “headband”) that need to be located. Next, our
COS3D is applied to infer the 3D Gaussian segmentation results according to the query text, which
are further used to determine the grasping [11] and manipulation parameters [8, 9]. For the robotic
application results, please refer to our video.
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A.5 Hyperparameter analysis

Kernel regression. For kernel regression, the bandwidth hyperparameter (σ) controls the smooth-
ness of the function. We set this hyperparameter to 0.1 across all experiments, and it performs well
without requiring additional tuning. Additionally, we conducted an ablation study on σ, with the
results presented in Tab. 3. Overall, the results remain stable under moderate changes to σ, and our
method consistently outperforms the latest state-of-the-art approach, InstanceGaussian [3].

Adaptive refinement. There are two hyperparameters in the adaptive refinement algorithm: the
region expansion threshold T and the widely used relevance threshold τ .

• The region expansion threshold T : Instead of using a fixed value for this hyperparameter,
we implement a hyperparameter generation strategy as described in Algorithm 1. In this
approach, the final expansion threshold is determined based on the calculated mean segmen-
tation feature distances. Additionally, we conducted experiments with different expansion
thresholds by applying permutations (ranging from -20% to 20%) to the mean feature dis-
tances. The results, shown in Tab. 4, demonstrate that COS3D achieves stable performance
within a reasonable range of region threshold values and consistently outperforms the latest
SOTA method (InstanceGaussian [12]).

• The relevance threshold τ : This hyperparameter has been widely used and proven to be
relatively robust in existing methods [13, 14, 4, 15]. Therefore, we simply set it to a fixed
value of 0.5 throughout our experiments.

Table 3: Quantitative comparisons for different σ values in kernel regression.

σ mIoU mAcc
0.05 51.00 71.38
0.08 50.55 70.59

0.10 (default) 50.76 72.08
0.15 50.55 71.23
0.20 50.58 71.25

InstanceGaussian [4] 45.30 58.44

Table 4: Quantitative comparisons of different region expansion threshold T values. We conduct the
experiments under different expansion thresholds by adding a moderate permutation (from -20% to
20%) to the mean feature distances.

Perturbation mIoU mAcc
-20% 49.96 72.44
-10% 49.90 72.44

0.0 (default) 50.76 72.08
+10% 49.68 71.28
+20% 49.87 72.18

InstanceGaussian [3] 45.30 58.44

B Implementation details

In COS3D, the proposed collaborative field utilizes 3D-GS as the underlying 3D representation
and comprises an instance field and a language field. For 3D-GS, we use the official 3D Gaussian
Splatting implementation from [16]. For the instance field, each Gaussian point is augmented with an
instance feature vector, with the dimension set to 16. For the language field, each Gaussian point is
augmented with a language feature vector, with the dimension set to 512. Additionally, to obtain the
2D segmentation, we use SAM ViT-H [17] for segmentation at the large granularity level, following
the practice in [14]. To extract CLIP features, we use OpenCLIP ViT-B/16 [18].
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B.1 Training details

During training, we pre-train the 3D-GS with a default of 30K training iterations to reconstruct the 3D
scene as the 3D representation, following [13, 14, 4]. Then, for our collaborative field learning, we
adopt a two-stage training solution. For stage one (instance filed learning), we employ the InfoNCE
loss (Eq. 2 in main paper) with a default of 30K training iterations using the Adam optimizer with
a learning rate of 0.0025. For stage two (instance-to-language mapping learning), we provide two
implementation strategies: 1) MLPs version and 2) a kernel regression version.

1) For the MLPs version, the network consists of six layers with hidden sizes of (32, 64, 128, 256,
256) to map the input instance feature vector of 16 dimensions to a language feature vector of 512
dimensions. We train the MLPs using the L1 loss function, with the loss weight set to 1 and a default
of 30K training iterations. Additionally, we use the Adam optimizer with a learning rate of 1e-3.

2) For the Kernel regression version, we adopt the widely-used Nadaraya-Watson estimator [19],
allowing us to directly construct the mapping functions without requiring training. Note that the
standard Nadaraya-Watson estimator [19] considers all data points for calculation, resulting in high
computational costs. In practice, we accelerate the process by dynamically ignoring points with larger
distances and only considering the influence of the top 25 closest points based on the input features.

B.2 Inference details

During inference, for a given text query, we first: (1) generate the 3D relevance map and (2) perform
an adaptive language-to-instance prompt refinement.

1) For the 3D relevance map generation, we use the CLIP [18] text encoder to process the query text
and extract the corresponding language feature Ltext. Then, we compute the 3D point-level relevance
R as: R = mini

exp(L·Ltext)
exp(L·Ltext)+exp(L·Li

canon)
, where Lcanon is the CLIP embedding of a predefined

canonical phrase [1] chosen from “object”, “things”, “stuff”, and “texture”.

2) For the adaptive language-to-instance prompt refinement, we provide detailed pseudo-code in
Alg. 1 to better illustrate the process. As introduced in the main paper, our adaptive language-to-
instance prompt refinement includes two key steps, i.e., region expansion and adaptive filtering. Note
that, directly expanding all prompt points requires computation and storage of a distance matrix of
size N ′ ×N , where N ′ is the number of prompt points in S , and N is the total number of Gaussian
points in the scene. However, since N ′ ×N can be extremely large (e.g., exceeding 1 billion), this
approach leads to excessive computations and can cause inefficiencies or out-of-memory (OOM)
issues. To address this, we optimize the process by reducing redundant computations. Specifically, we
process regions in descending order of their center points’ relevance scores, ensuring that any prompt
points already covered in previously calculated regions are excluded from further neighborhood
expansions.

Hyperparamter generation: To automatically determine the hyperparameter T for region expansion,
we first compute the average feature distance dI of the rendered instance features belonging to
the same instance ID, based on the SAM mask within each view. To ensure that the expansion
region is semantically and spatially coherent, the threshold T should be smaller than the average
distance dI . Intuitively, T can be determined by scaling dI with a factor between 0 to 1. A larger
factor (e.g., 0.8) results in broader expansion with complete segmentation but may also introduce
undesired targets. In contrast, a smaller factor (e.g., 0.2) leads to more precise expansion but may
result in incomplete segmentation. To address this trade-off, we generate a candidate threshold list:
[0.8 · dI , 0.6 · dI , 0.4 · dI , 0.2 · dI ]. Then, we iteratively test the candidate thresholds in descending
order and select the largest threshold that satisfies the region-level relevance condition, as illustrated
in Alg. 1.

B.3 Evaluation

We conduct the main experiments on two standard benchmarks, i.e., the LeRF [1] dataset and the
ScanNetv2 [2] dataset, to verify the effectiveness of our method.

For the LeRF [1] dataset, we follow the official 3D-aware evaluation protocol established by Open-
Gaussian [14] to report the metrics of mIoU and mAcc for comparison with baselines. Specifically,
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we conduct experiments on its four scenes (i.e., “figures”, “ramen”,“ teatime”, and “waldo_kitchen”)
with pairs of query text and 2D segmentation annotations released by Langsplat [13].

For the ScanNetv2 dataset, we follow the well-established evaluation protocol from OpenGaus-
sian [14] to report the metrics of mIoU and mAcc for comparison. Specifically, we use the
same 10 scenes (i.e., scene0000_00, scene0062_00, scene0070_00, scene0097_00, scene0140_00,
scene0200_00, scene0347_00, scene0400_00, scene0590_00, scene0645_00) as OpenGaussian [14]
to conduct experiments. Moreover, the 19/15/10 categories defined by ScanNet are used for text
query: 1) The 19 categories include: wall, floor, cabinet, bed, chair, sofa, table, door, window,
bookshelf, picture, counter, desk, curtain, refrigerator, shower curtain, toilet, sink, and bathtub. 2)
The 15 categories exclude: picture, refrigerator, shower curtain, and bathtub. 3) The 10 categories
further exclude: cabinet, counter, desk, curtain, and sink.

C Future work

Potential extension to relational or multi-object queries. We plan to explore relational reasoning
or multi-object queries in future work. Firstly, COS3D already provides a solid foundation. For
instance, the recent study [20] demonstrates that reasoning 3D segmentation (e.g., querying “the
red chair next to the table”) can be achieved to some extent by employing an LLM as an agent in
combination with an OV3DS approach as a tool. Futhermore, incorporating reasoning abilities using
advanced LLM models is a promising direction. Specifically, it is technically feasible to replace the
CLIP [18] feature with the vision encoder feature from a V-LLM model, such as Qwen-vl2.5 [21].
However, how to effectively integrate the learned 3D Qwen feature fields with the LLM backbone
to handle the reasoning queries and enhance segmentation quality remains an open question, as the
relevance between the 3D Qwen feature fields and the text queries cannot be directly modeled using
feature distance (e.g., cosine similarity) as in CLIP-style models (e.g., CLIP [18], SigLIP [22]). One
possible solution is to render the 3D Qwen feature field into a 2D feature map based on a reference
view, allowing it to be fed into the LLM backbone along with reasoning queries. It is an interesting
research problem to design comprehension solutions that enable interaction between 3D LLM-style
feature fields and reasoning queries.

Potential extension to online setting. Following recent approaches [13, 14, 4, 15], Our
COS3D adopts the offline setting. It is an interesting direction to incorporate an online setting.
To do so, one possible solution is to integrate our COS3D with existing online Gaussian reconstruc-
tion methods [23–26] to update our collaborative fields incrementally. We acknowledge that efficient
online OV3DS requires additional research efforts, and we leave this for future work.

Potential extension to other 3D representations. In this paper, our COS3D adopts 3DGS as the
advanced 3D representation. We believe our methods have the potential to generalize to other 3D
representations, such as point clouds. For instance, recent advancements (e.g., VGGT [27]) can
connect the original 2D image with 3D representations (e.g., point (cloud) maps), enabling the use
of 2D foundation models to provide open-vocabulary segmentation for 3D point clouds. We leave
further explorations in future work.
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Figure 1: Open-vocabulary 3D Gaussian segmentation on the LeRF [1] dataset. In addition to
common category text, we test physical properties and affordances as queries, i.e., “fleece” and
“drinkable”.
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Figure 2: Open-vocabulary 3D Gaussian segmentation on the LeRF [1] 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.
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Figure 3: Multi-view visual comparisons on the LeRF [1] dataset.
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Figure 4: Open-vocabulary Gaussian segmentation on ScanNetv2 [2] dataset. Here, we test
affordances as queries, i.e., “sleep” and “music”. Both implementations (i.e., kernel regression and
MLPs) of our method outperform the previous open-sourced SOTA approach (i.e., OpenGaussian) in
accurately identifying 3D objects for various text queries.
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Figure 5: Open-vocabulary Gaussian segmentation on ScanNetv2 [2] dataset. Both implementations
(i.e., kernel regression and MLPs) of our method outperform the previous open-sourced SOTA
approach (i.e., OpenGaussian) in accurately identifying 3D objects for various text queries.
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