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• Compute and resource (GPUs) efficient.

• Outperforms all methods with similar compute on both self- and semi-supervised setups.
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• Relatively robust to label noise in supervised setting

Results

Goal: Learn rich representations through self- and 

semi-supervised learning for image classification.

• Recent works [MSF, NNCLR] pull embeddings 

of images towards their nearest neighbors (NN)

• However, by definition, NNs are close to the 

original image, so they may not provide a 

strong training signal.

• We want to find far away image embeddings 

that are semantically close to the original 

image.

• Our idea: constrain the NN search space using 

some extra knowledge so that NNs are far

o Self-supervised: Augmentations from 

previous epoch

o Semi-supervised: Pseudo-labels

o Noisy Supervised: Ground-truth labels

o Cross-modal learning: NNs in other 

modalities

We show the rank of constrained NNs in 

unconstrained set. Nearby samples in unconstrained 

set (rank-1) are not semantically related.

Self-supervised:

• First, find NNs of another augmentation, use corresponding new augmentations to define set C.

• Second, limit NN search space to images in set C only.

• For efficient implementation, cache the augmentation from the previous epoch in a new memory 

bank M’.

Semi- and Noisy Supervised:

• Define constrained set C as only those images 

that share the same ground-truth or pseudo-label 

as the original image

• Since we still search for NNs in C, we are robust 

to noise in set C

• It better preserves latent structure of categories.

• Simply increasing number of NNs reduces purity

• While our method preserves high purity with far away NNs


