
Existing methods ignore this characteristic, simply adopting 3D-GS to fit multi-
view 2D semantic features! Thus leading to sub-optimal results.

Cosine similarity of multi-view 
semantic features within the same 
object and across different objects:
A substantial overlap between the 
inter- and intra-object distributions, 
suggesting inconsistent multi-view 
semantics of each object.

Using single view semantics to 
retrieve the corresponding object:

More than a half of semantic features 
can not completely retrieve its 
corresponding object.
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Qualitative Results

‘2D’ denotes conducting segmentation on rendered feature 
map. ‘3D’ denotes conduct 3D segmentation then rendering 
the results to different views

Under the same 
experiment setting, 
LaGa surpasses 
previous method for 
+18.7% mIoU.
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Integrating vision-language 
features into 3D-GS is a 

common practice for 
open-vocabulary 

perception.

But why?

However, existing methods 
typically operate on 

rendered 2D feature maps 
and lack direct point-level 

understanding in 3D 
space.

“横看成岭侧成峰
						远近高低各不同”

Consider a book, we can only 
recognize its name from limited 

viewpoints, indicating its 
semantics is view-dependent. 

Conclusion
Please refer to our paper and project page for more visualization!

 This paper investigate the view-dependency of multi-view semantics in 
3D objects—an issue ignored by prior methods. We propose LaGa, which 
decomposes scenes into 3D objects and gathers their multi-view 
semantics adaptively. Extensive experiments demonstrate its effectiveness.

LaGa first assign an affinity feature to each 
3D Gaussian. During training, it renders the 
feature map

LaGa conducts clustering on the learned 
mask prototypes     . The masks of each 3D 
object will be grouped into a same cluster 

To decompose the 3D scene, LaGa derives 
classifier     from the mask clusters. The 3D 
Gaussian with    belongs to the   -th object.

For each 3D object, LaGa uses CLIP to 
extract its multi-view semantics:

Adaptive K-Means
(Alg. A1)

The multi-view semantics of different 3D 
objects exhibit varying levels of complexity.

To account for this, LaGa employs an 
adaptive K-Means algorithm (Alg. A1) on 
each object’s semantic features to 
adaptively extract a set of descriptors:

Note:     denotes the number of channels of affinity 
features and     for the CLIP semantic features.

After assigning a set of descriptors to each 
3D object, LaGa adjust the importance of 
descriptors according to two metrics:

1. Directional Consistency: reliable 
descriptors should have higher cosine 
similarity with the objects global feature.
2. Internal Compactness: good 
descriptors should be generated by 
compact multi-view l2-normalized features. 
Its l2-norm indicates this compactness.

During inference, given the text prompt    , 
the highest weighted relevance score of the 
object is regarded as its final score:
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