Motivation

> High demands of processing graph data using deep neural network
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allenges
> Lack of a translation structure, which N v
is the key of using convolution filters =/ p
and allowing weight sharing -
> 1t is not trivial to downsample a - .‘ ¢
graph, setting challenge for effective % v
multi-scale analysis. \ 4
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> Connectivity between different graphs
varies a lot. Filters learned for one graph
cannot easily generalize to new graphs.
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SyncSpecCNN: Synchronized Spectral CNN for 3D Shape Segmentation
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Spectral CNN [2] Revisited
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> Spatial convolution is equivalent

 Fourier :33\/\f to point wise multiplication in the
w¢ qr -Oi |
~ Transform |
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spectral domain according to
T convolution theorem.

> Difficult spatial convolution can be
replaced by easy multiplication.

spatial filter spectral filter
> Limitations:
* Fourier bases are independently defined for each shape graph,
making spectral filters not generalize well across graphs.
* There is not an effective multi scale info aggregation scheme.

Propose Approach

> Spectral Dilated Kernel Parameterization:
« Parameterize spectral filters as linear combinations of basis filters
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» Control the spatial support of spectral filters through adjusting the

basis filter bandwidth

IS, the less smoother the
filter i1s, the larger spatial
support it will have

spatial basis filter
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Propose Approach cont. canonical domain

> Domain Synchronization:
« Use linear maps to align
individual graph bases with
bases from a canomcal domaln
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spectral filters across domains ( \ T

« Use Spectral Transformer [/ oo
Network (SpecTN) to learn the
linear map. SpecTN Iis trained
together with the end task.

baseSIn‘}
canonical domaln

sd%‘{e(%‘trah bases i
« Network Architecture

Input J—» FT (SM [ ReLU » FT -.->(4%L FT [SM [~ ReLU —» FT --+é.» FT (SM @~ ReLU » FT --->(£)
|
v

<+— SpecTN <+— SpecTN

M| FT « ReLU <[ SM FT 1@4—.4-@4—.4—&4— FT <« ReLU 4—.4—@4—.4—&4— FT <—

4—(-?4—- SN

Output <— Ix1 Cony

Forward Transform @ Backward Transform * | Transpose

0 Spectral Multiplication Spectral Transformer Network 2 1x1 Conv
Experiment
Part Segmentation Part Segmentatlon
0 on ShapeNet [3 ‘ Key point Prediction
- N
82.5 o ?
3 80.0 N ‘f‘\‘ 9
2 ) -d| t"“

References
[1] Boscaini et al. Learning shape correspondence with anisotropic convolutional neural networks. NIPS 2016 =%

[2] Bruna et al. Spectral networks and deep locally connected networks on graphs. ICLR2014
[3] Chang et al. Shapenet: An information-rich 3d model repository. arXiv 2015
[4] Yi et al. A scalable active framework for region annotation in 3d shape collections. SIG GRAPH Asia 2016

'**“'



