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Optimizing Articulated Shapes from Sparse Images

Prior works

* Rely on statistical shape model, human annotations on images, or temporal

correspondence in videos
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Optimizing Articulated Shapes from Sparse Images

Prior works

* Rely on statistical shape model, human annotations on images, or temporal
correspondence in videos

LASSIE

* Inputs: 10-30 in-the-wild images of an animal class
* Outputs: camera viewpoint, pose articulation, and deformable shape
* No pre-defined shape model, per-image annotations, or temporal information



Discovering 3D Neural Parts

Why reconstruct 3D parts?
e Simple geometry and rigid motion
* Semantic consistency across instances, articulation, viewpoints




Discovering 3D Neural Parts

Why reconstruct 3D parts?
e Simple geometry and rigid motion
* Semantic consistency across instances, articulation, viewpoints

Self-supervised part discovery
* 3D shape and part annotations are hard to obtain
* Part discovery by learning to reconstruct



Representation: Skeleton-based Neural Part Surfaces



Representation: Skeleton-based Neural Part Surfaces

(u,v) o
Unit sphere
Latent p r:a encodings Prlmltlve MLP
(x,y z)
ﬁ }
Res tng Camer p

artic 1 atio Primitive parts



Representation: Skeleton-based Neural Part Surfaces
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Learning Latent Part Prior with 3D Primitives
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Learning Latent Part Prior with 3D Primitives
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LASSIE Optimization Framework
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LASSIE Optimization Framework
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LASSIE Optimization Framework
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Datasets

Pascal-part [1]: horse, cow, sheep

Images

Part masks

Image &
keypoints

[1] Chen, Xianjie, et al. "Detect what you can: Detecting and representing objects using holistic models and body parts." CVPR. 2014.
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Qualitative Comparisons — 3D reconstruction
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Qualitative Comparisons — 2D (part) segmentation
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Applications - animation
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Applications — pose/motion transfer
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LASSIE: Learning Articulated Shape from Sparse
Image Ensemble via 3D Part Discovery

First approach for articulated shape reconstruction from sparse image
ensemble in-the-wild

Key advantages

In-the-wild images

Self-supervised

SOTA reconstruction accuracy

Semantically consistent part discovery

Main technical contributions

» Skeleton-based neural part surfaces
e Latent part prior learning

* Semantic consistency loss based on self-supervised ViT features



