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Tasks

3D Modelling and Understanding
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Single-view Reconstruction
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Multi-view Reconstruction
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Semantic Segmentation of Point Clouds
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Semantic Segmentation of Point Clouds
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Fully-supervised Methods

Instance Segmentation of Point Clouds
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This module is only used for training.
It is discarded in testing.
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Fully-supervised Methods

Instance Segmentation of Point Clouds
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Key Challenges
» Hard/Infeasible to collect 3D labels for supervision;

» Hard to generalize well to novel 3D scenarios;

Learning geometries and semantics from fewer supervision signals?
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Semantic Segmentation of Point Clouds
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Figure 2: Benchmark results of three baselines in the Area-

5 of the S3DIS [2] dataset. Different amount of points are Input Point Cloud
randomly annotated for weak supervision. (The horizontal
axis uses a logarithmic scale).
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Semantic Segmentation of Point Clouds
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Unsupervised Methods



Unsupervised Methods
Multi-view Reconstruction
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Unsupervised Methods
Multi-view Reconstruction

1. SRNs

» Requires optimization on every new scene;
» Global conditioning yields blurriness;

2. NeRF

» Requires retraining on every new scene,
» Relies only on pixelwise supervision;

&

SRNs Rendering

S
e d i

NeRF Rendering Early in Training




Unsupervised Methods @

Multi-view Reconstruction
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A Trevithick, B Yang, “GRF: Learning a General Radiance Field for 3D Representation and Rendering”, ICCV, 2021
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Multi-view Reconstruction
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Multi-view Reconstruction
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Multi-view Reconstruction
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Figure 8: Qualitative results of our GRF for novel scene generalization.

Better Generalization
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Multi-view Reconstruction
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Can Handle Visual Occlusion



Unsupervised Methods
Multi-view Reconstruction

Predicted Novel Views of an Unseen Object

Ground Truth h‘ e w @Q é & E

Robust to an Arbitrary Number of Input Views
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Multi-view Reconstruction b




Summary

» Dense human annotations may not be necessary.

» Geometric constraints and prior knowledge is the key.



Future Work

» Generalization to unseen objects, classes, and scenes.

» Unsupervised learning from geometric constraints.
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