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Figure 1: Feature spaces learned with different losses given an imbalanced dataset. The supervised cross-
entropy (CE) learns a space biased to the dominant class. The space learned by unsupervised contrastive loss is
balanced but less semantically discriminative. Our proposed k-positive contrastive loss learns a balanced and
discriminative feature space. The shadow area ( ) indicates the decision boundary of each class.
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Figure 2: Classification accuracy (left) and bal-
ancedness (right) of the representations learned from
cross-entropy (CE) loss and contrastive loss (CL) on
datasets (LTO to LT) with increasine imbalance.
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