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Self-supervised → Semi-supervised Results

[Background]  Clustering-based self-supervision (e.g. SwAV & DINO): contrast predicted 
cluster assignments of correlated views of an image. Cluster prototypes are learned 
without supervision and might not be aligned with the actual classes.

[Framework] Our semi-supervised learning framework: use a small labeled set to 
encourage prototypes to align with the underlying classes. In practice, we multi-task a 
supervised cross-entropy loss with a clustering-based self-supervised loss. 

[Methods] Two clustering-based semi-supervised models fit into our framework:
○ Suave (inspired by SwAV), uses Sinkhorn-Knopp to equipartition the batch
○ Daino (inspired by DINO), uses a momentum encoder, centering and sharpening

Architecture overview & pseudo-code

Prediction Context Temperature

Suave and Daino match or outperform SOTA, despite being simpler.

Suave and Daino are efficient and work well with small batch sizes

Simple multi-tasking:
supervised learning + self-supervised clustering



Unsupervised learning
With self-supervised models 
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Semi-supervised learning
With pre-trained self-supervised models
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Semi-supervised learning
With pre-trained self-supervised models
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Semi-supervised learning
With pre-trained self-supervised models
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Self-supervised → Semi-supervised

5S4L - Zhai et al (2019); PAWS - Assran et al (2021)



Clustering-based
Self-supervised
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Clustering-based
Self-supervised
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Clustering-based
Semi-supervised
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Clustering-based
Semi-supervised
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Suave (SwAV) and Daino (DINO)
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Suave
Semi-supervised SwAV

ŷ1 = δ(p̂1, c, ϵ)
Clustering

[p̂2, . . . , p̂B]

Ŷ = max
Y∈Γ

Tr(YP̂) + ϵ H(Y)
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Daino
Semi-supervised DINO
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Clustering
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CIFAR100
Experiments

400 (0.8%), 2500 (5%), 1000 (20%)
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CIFAR100
Experiments

400 (0.8%), 2500 (5%), 1000 (20%)

SwAV and DINO w/ 100% labels 64.9% and 66.8%
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ImageNet
Experiments
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Suave Daino



Efficiency
Batch size and # of epochs

12



Efficiency
Batch size and # of epochs
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