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Abstract

Contrastive learning approaches have achieved great success in learning visual
representations with few labels of the target classes. That implies a tantalizing
possibility of scaling them up beyond a curated “seed" benchmark, to incorporating
more unlabeled images from the internet-scale external sources to enhance its
performance. However, in practice, larger amount of unlabeled data will require
more computing resources due to the bigger model size and longer training needed.
Moreover, open-world unlabeled data usually follows an implicit long-tail class
or attribute distribution, many of which also do not belong to the target classes.
Blindly leveraging all unlabeled data hence can lead to the data imbalance as well
as distraction issues. This motivates us to seek a principled approach to strategi-
cally select unlabeled data from an external source, in order to learn generalizable,
balanced and diverse representations for relevant classes. In this work, we present
an open-world unlabeled data sampling framework called Model-Aware K-center
(MAK), which follows three simple principles: (1) tailness, which encourages
sampling of examples from tail classes, by sorting the empirical contrastive loss
expectation (ECLE) of samples over random data augmentations; (2) proximity,
which rejects the out-of-distribution outliers that may distract training; and (3)
diversity, which ensures diversity in the set of sampled examples. Empirically,
using ImageNet-100-LT (without labels) as the seed dataset and two “noisy” ex-
ternal data sources, we demonstrate that MAK can consistently improve both the
overall representation quality and the class balancedness of the learned features, as
evaluated via linear classifier evaluation on full-shot and few-shot settings. The
code is available at: https://github.com/VITA-Group/MAK.

1 Introduction

Contrastive learning has been successfully applied to learning strong visual representations in an
unsupervised manner [1–5]. The promise of label-free learning makes it appealing to scale up
contrastive learning with massive unannotated data, e.g., from internet-scale sources [6]. However,
training with a larger amount of unlabeled data is not cheap. As shown in [1, 2], contrastive learning
needs a bigger model and longer training compared to supervised counterparts. With a larger amount
of data, it also requires more compute resources (for bigger model and longer training). With a
limited computing budget, it is likely that the out-of-distribution data in the wild would suppress the
learning of relevant features.

Moreover, different from standard benchmarks that are carefully curated and well balanced across
classes (e.g., ImageNet), the data distribution in the open world are extremely diverse and always
exhibits long tails [7, 8]. A few very recent works [9–11] have studied whether contrastive learning
can still generalize well in those long-tail scenarios. And they found that while contrastive learning
learns more balanced feature space than its supervised counterpart , it still exhibits certain vulnerability
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to the long-tailed data [11]. Therefore, blindly gathering unlabeled data in the wild may exacerbate
the imbalancedness issue of the training data.

Here we consider the problem of sampling open-world unlabeled data for improving the representation
learning, not just for the head classes but also for the tailed classes. To make it clear, we describe the
problem setting in more detail.

Problem Setting: Assume that we start from a relatively small (“seed”) set of unlabeled training
data, where the data distribution could be highly skewed yet unspecified. We aim to retrieve an extra
set, with a given sampling budget, of freely available images from some external sources (e.g., the
Web), to enhance self-supervised representation learning for targeted distribution (of seed set). It is
worth noting that in our setup, we do not use labels for data sampling or training (e.g. [12]), but only
use labels as a way to evaluate the representation. By training on the retrieved unlabeled examples,
our goal is to learn “stronger and fairer” visual representations that improve not only the overall
quality but also the balancedness across various class attributes.

It is worth pointing out some unique challenges in our problem setup. 1) We may start from a skewed
set, and the actual class imbalancedness is unknown to us due to label unavailability, making the most
approaches handling imbalance in the (semi-)supervised setting like pseudo-labeling, re-sampling, or
loss re-weighting [13–18] inapplicable. 2) Adopting a pre-trained backbone trained on imbalanced
seed data with tail classes under-learned may amplify unfairness, as it is harder to retrieve images for
poorly learned tail classes. 3) Widely existing irrelevant outlier samples in the open world are harder
to detect given the lack of label information.

In this work, we conduct the first systematic study on leveraging additional unlabeled data from
external sources when performing contrastive learning on a long-tail seed training set. We observe
that, while randomly sampling more unlabeled data can effectively help overall accuracy, it shows
only limited and unstable benefits to the balancedness. Thus we aim to seek a principled open-world
unlabeled data sampling strategy, and it follows three principles outlined below.

The first principle we follow is tailness. Intuitively, we would like to sample more examples that
correspond to tail classes. Since neither labels nor class predictions are are unavailable, we seek
another proxy for tailness, using each sample’s training loss to identify “hard samples”. However,
compared to similar ideas adopted in supervised learning [19], our proxy signal is weaker (only
contrastive loss, and not directly compared to the class label) and much noisier due to the strong
random augmentations in contrastive learning. In view of that, we propose to instead use an empirical
expectation of sample loss over multiple random augmentations as the proxy. Our experiments verify
that this new proxy of empirical contrastive loss expectation (ECLE) can reliably and stably spotlight
more samples from tail classes.

We further complement the tailness principle with two other principles: proximity and diversity.
Without proximity to examples in the seed set, the large-loss samples could simply be outliers,
and training with those may hamper the model generalization on the target distribution. Thus we
incorporate a feature distance regularizer between new external samples and seed training samples to
reject too “far-away” samples from the former. Without diversity in the retrieved images, the benefits
of the additional data can be significantly lower. We hence include another diversity-promoting
term in sample selection. Eventually, our ideas could be mathematically unified into one framework
called Model-Aware K-center (MAK) (as shown in Figure 1), which could be viewed as a principled
extension of the core-set active learning [20], from supervised to unsupervised representation learning.

Our contributions are summarized below.

• New problem and insight: leveraging external unlabeled data could help contrastive learning on
imbalanced data, but needs strategic sampling to avoid backfiring on balancedness.

• New tail sample mining for contrastive learning: an empirical contrastive loss expectation (ECLE)
is proposed to adaptively mine under-learned samples (usually on the tail classes), while alleviating
the substantial impact of random data augmentations.

• New principled sampling framework: our unified formulation of Model-Aware K-center (MAK)
seamlessly integrates ECLE, Out-of-Distribution (OoD) rejection and diversity promotion. It also
extends the ideas of core-set active learning [20] to unsupervised representation learning.
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Figure 1: The overview of the proposed MAK sampling framework. MAK re-balances the long
tail distribution via sampling additional data from a sampling pool. MAK are composed by three
components:tailness, proximityanddiversity.

• Compelling empirical results: When training on ImageNet-100-LT, the MAK can consistently
yield accuracy and balancedness improvement over the competitive random sampling method
across different sampling datasets and budgets.

2 Our Method

2.1 Overview

Preliminary: In contrastive learning, the representation is learned via enforcing an anchor sample
vi to be similar to another positive sample while being different from negative samples. Among
various popular contrastive learning frameworks, SimCLR [1] is easy-to-implement while yielding
near state-of-the-art performance. It utilizes two augmented views of the same data as the positive
pairs while all other augmented samples in the same batch are treated as negative samples. Assuming
a random data augmentation functionA(�; � ) where� is the hyperparameter to be sampled from some
empirical distribution� each time. With� i; 1, � i; 2 � � , 8i . The SimCLR loss associated with the
i -th sample in the batch could be represented as:

L CL ;i = � log
s� (A(vi ; � i; 1); A(vi ; � i; 2))

s� (A(vi ; � i; 1); A(vi ; � i; 2)) +
P

v �
i 2 V � s�

�
A(vi ; � i; 1); v�

i

� (1)

wherev�
i denotes the negative samples sampled from distributionV � . s� represents the similarity

function with a temperature term of� de�ned ass� (a; b) = exp ( a � b=�). The overall term measures
the entropy for samplingA(vi ; � i; 2) among allA(vi ; � i; 2) andv�

i .

Hereinafter, we focus on SimCLR as the backbone to develop our framework. However, our idea
is rather plug-and-play and can be applied with other contrastive learning frameworks adopting the
two-branch design with data augmentation views [3, 4], which we will explore as our future work.

Principles: As demonstrated in Figure 1, the principles behind MAK are to ensuretailness, proximity
anddiversity. While tailnessis for sampling more tail class data,proximityensures the sampled data
is in-distribution. Besides,Diversity further enforce the diversity of the sampled data, preventing
sampling redundant similar samples.

2.2 Spotting Hard Samples from Tail Classes:A New Proxy for Tailness

In supervised learning, one can spot “hard examples" which yield the largest loss values and assign
higher weights for accelerated training [19], and for handling data imbalance [21]. However, such a
bene�t does not extend to contrastive learning straightforwardly. Importantly, the contrastive loss (1)
largely depends on the random augmentationsA(�; � ) and thus display high randomness. As observed
in experiments, the loss variations caused by selecting two similar/dissimilar augmentation views
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