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Prior work: neural implicits for 3D shape reconstruction
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Prior work: neural implicits for 3D shape reconstruction
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Prior work: assembly-based modeling

A probabilistic model of Component-based Shape Synthesis [Kalogerakis et al. 2012]
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Prior work: assembly-based modellng
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Prior work: supervised composite shape modeling
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Composite Shape Modeling via Latent Space Factorization [Dubrovina et al. 2019]
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Prior work: supervised composite shape modeling
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Prior work: supervised composite shape modeling
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ANISE: Contributions
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ANISE: neural modules
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Structure prediction module
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Structure prediction module
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Structure prediction module
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Geometry prediction module
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Geometry prediction module
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Geometry prediction module
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ANISE: training
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Need dataset of segmented parts => PartNet
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Pre-training stage: learning part geometry codes



Pre-training stage: learning part geometry codes

® =

Part Geometry
Code ¢,

51



Pre-training stage: learning part geometry codes

Point p
v
~ [~
Part Geometry Part Implicit

Code ¢, f(o, ¥

52



Pre-training stage: learning part geometry codes

SDF (Ll) Ioss

Point p
Part Geometry Part Implicit

Code ¢, f(o, ¥

53



More pre-training: geometry & structure modules

N

)

ARY,

Part Geometr Part Implicits
Codes {3} L2 loss | fo, Y

Structure & Geometry
modules

Part Tra nsformatlon Part translation c,,
Codes {0,,} & scaling a,,

54



More pre-training: geometry & structure modules

N

)

ARY,

Part Geometr Part Implicits
Codes {3} L2 loss | fo, Y

Structure & Geometry
modules

i [L2los:]
Part Transformatlon Part translation c,,

Codes {0,,} & scaling a,,

55



)

Structure & Geometry
modules

More pre-training: geometry & structure modules

fiF=ver

\

\
{

Codes {3} L2 loss | fp, ¥n) ' \ '

J

i [L2los:]
Part Transformatlon Part translation c,,

Codes {0,,} & scaling a,,

56



)

Structure & Geometry
modules

More pre-training: geometry & structure modules

=57

N
Part Geometr Part ImpIicits\' ‘.‘

Codes {¥,,} f@ ¥ ' g ' ‘ )

= [L2ioss]
Part Transformation Part translation c,,

Codes {0,,} & scaling a,,

57



Final training stage
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Results
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ANISE vs other part-aware methods
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ANISE vs other part-aware methods
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ANISE vs other part-aware methods
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ANISE vs other part-aware methods
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ANISE vs other part-aware methods

Single-view reconstruction
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ANISE vs other part-aware methods

Single-view reconstruction

Chair Table
Method IOU (1) CD() F1(1) |IOU(1) CD(l) F1(1)
JLRD 31.1 5.09 48.1 29.4 4.92 58.0
PQ-Net 47.0 4.27 50.2 29.7 18.41 32.1
ANISE 56.7 2.99 67.0 S57.4 2.54 77.8
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Application:
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Application: Part-constrained shape assembly
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Ablation study: importance of full-shape supervision
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Ablation study
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Ablation study
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Summary

Assembly from reference shapes

* Neural architecture for part-aware implicit surface reconstruction
* SOTA performance compared to ptrior methods
* Enables part-based editing and part assembly from reference shapes
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Limitations

2 Part-aware reconstruction Assembly from reference shapes

* Needs part supervision & part-segmented datasets
* Transformations are limited to translation and uniform scaling -- no rotations

* Coarse-to-fine synthesis, yet no multiple levels of part hierarchies
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Thank you!
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