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Most semantic segmentation rely on costly
point-wise human annotation. Instead, we

Constrative learning training
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e An architecture-agnostic framework for
weakly-supervised 3D semantic segmentation.

e A prototype memory bank that captures
per-class dataset information with an
entropy-driven sampling technique to sample
more confident pixels as anchors.

e Results on 3 baseline architectures and 3
datasets demonstrate the effectiveness.
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e Contrastive learning pipeline: architecture-agnostic plug-in in training.

e Prototype memory bank: cluster pixel-wise features into compact prototypes
as keys at each iteration.

e Entropy-driven anchors sampling: select the most appropriate pixels as
anchors among the abundant pseudo-labels predictions.

[ Entropy-driven sampling

Using information theory we sample relevant pseudo-labels
predictions to serve as anchors. The sampling writes:
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[ Contrastive learning

Pixel-prototype-based contrastive loss with InfoNCE
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[ Prototype memory bank

Our prototypes memory bank avoid greedy pixels storage. We apply online prototype clustering, to compute pixel-prototypes
mapping framed as an optimal transport problem using Sinhorn algorithm. A momentum update (¢ = 0.999) is applied to

prototypes.
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m(x;) : prototype mapping of pixel X;
{P.},; : j-th prototype of class k

[ Experiments

SemanticKITTI (val set)

0.1% annotation

We evaluate COARSE3D on 3 datasets and 3 projection-based
backbones.
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