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Abstract
In self-supervised contrastive learning, negative
pairs are typically constructed using an anchor
image and a sample drawn from the entire dataset,
excluding the anchor. However, this approach can
result in the creation of negative pairs with similar
semantics, referred to as “false negatives”, leading
to their embeddings being falsely pushed apart.
To address this issue, we introduce GLOFND, an
optimization-based approach that automatically
learns on the fly the threshold for each anchor
data to identify its false negatives during train-
ing. In contrast to previous methods for false
negative discovery, our approach globally detects
false negatives across the entire dataset rather than
locally within the mini-batch. Moreover, its per-
iteration computation cost remains independent
of the dataset size. Experimental results on im-
age and image-text data demonstrate the effective-
ness of the proposed method. Our implementa-
tion is available at “https://github.com/
vibalcam/GloFND”.

1. Introduction
Representation learning is a fundamental problem in ma-
chine learning that aims to learn a good representation of
the data for downstream tasks. Conventional supervised ap-
proaches rely on large quantities of high-quality labeled data,
which is hard to collect. Recently, self-supervised learning
has achieved promising performance for image represen-
tation learning (Chen et al., 2020a; Grill et al., 2020). Its
success extends to bimodal learning (Radford et al., 2021)
and semi-supervised learning (Chen et al., 2020b). These
methods exploit unlabeled data to acquire general-purpose
representations that exhibit robust performance and transfer-
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Figure 1: Examples of false negative images seen during
training on ImageNet. The left column is the anchor image
and the rest are observed false negative samples.

ability across diverse downstream tasks.

Notably, many self-supervised learning approaches center
around contrastive learning. Contrastive learning operates
on a straightforward principle: it seeks to bring together the
embeddings of positive (similar) pairs while simultaneously
pushing apart those of negative (dissimilar) pairs. This prin-
ciple is combined with well-chosen data augmentations to
improve the model’s invariance to non-semantic variations.

In the absence of reliable labels to determine whether a
pair of data is positive or negative, many methods resort to
instance discrimination. To this end, positive pairs are de-
fined as distinct augmented views of the anchor data, while
negative pairs are generated by sampling from the whole
dataset excluding the anchor data, irrespective of their se-
mantics (Chen et al., 2020a; Yuan et al., 2022). However,
negative pairs produced through this method lack reliabil-
ity. Specifically, augmented views from images sharing
similar semantic meanings are incorrectly deemed negative,
leading to their embeddings being pushed apart. This inad-
vertently encourages the model to discard crucial semantic
information. We term these undesirable negative pairs as
false negatives (FN). Figure 1 illustrates examples of false
negatives encountered during training on ImageNet, where
the anchor images are different from their negative samples
yet semantically similar.

The presence of false negatives detrimentally impacts the
representations learned through contrastive learning (Saun-
shi et al., 2019), with this effect becoming more pro-
nounced in large-scale datasets featuring numerous semantic
concepts (Chen et al., 2022). For instance, during Sog-
CLR (Yuan et al., 2022) pretraining on ImageNet100 (100
classes), approximately 1% of all negative pairs are false
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