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Priorwork: Point-based networks
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Priorwork: GCNs for non-Eucledian data
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Prior work: Volumetric networks
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Priorwork: Attention is All You Need

Output
Probabilities

' )
Add & Norm
Feed
Forward
- | ~\ | Add & Norm :
—LAdd&Nom ) Mutt-Head
Feed Attention
Forward 7 7 Nx
| —
Nix Add & Norm
r—>| Add & Norm | Masked
Multi-Head Multi-Head
Attention Attention
2 L
— y, \. —
Positional Positional
Encod P ¢ i
ncoding Encoding
Input Qutput
Embedding Embedding
Inputs Qutputs

(shifted right)

Transformer [Vaswani et al. 2017]

Point Transformer

PointTransformer v1/v2 [Zhao et al. 2021, 2022]



Why use attention for 3D representations?

Encode points such that their features capture relations wrt the rest of the shape

guery point



Why use attention for 3D representations?

Encode points such that their features capture relations wrt the rest of the shape

;:g,,y"}""’;.*"r ~':"&-: b -v

query point =



Why use attention for 3D representations?

Encode points such that their features capture relations wrt the rest of the shape

At N o B -y Yt A . Y
I AN TS ','A"o!o‘o'.'o?:':’r Sa s o200
il -~ )
e RS A "’:12"%‘-3:’.'.""-".
s o> ey R e aates B ety 004, 0 oy




Why use attention for 3D representations?

Encode points such that their features capture relations wrt the rest of the shape




Why use attention for 3D representations?

Encode points such that their features capture relations wrt the rest of the shape

attentio query key
scores representation representations
N S — - . an o
"HR ¥ &
_
|
|

<
. »

guery point



Why use attention for 3D representations?
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Why use attention for 3D representations?
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Why use attention for 3D representations?
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Motivation: Long-range interactions across shapes
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Cross-Shape Attention
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Cross-Shape Attention for multiple shapes
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Cross-Shape Attention for multiple shapes
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(55 Key shape retrieval
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Key shape retrieval: Examples
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PartNet dataset

Coarse » Fine-grained

[Moetal.2019]
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Examples of shape collections
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Training details: Backbones
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Results: Comparison with other methods

ResGCN-28 (Li et al. 2023) 45.1
CloserLook3D (Liu et al. 2020) 53.8
MinkResUNet (Choy et al. 2019) 46.8
MinkHRNetCSN-K1 (ours) 49.9
MID-FC (Wang et al. 2021) 60.8

MID-FC-CSN-K4 (ours) 62.1
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Shape Collection

Limitations:

* Increased computational cost due to shape retrieval

* Currently no support for multi-object scenes
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