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Abstract

Self-supervised learning algorithms based on instance
discrimination train encoders to be invariant to pre-defined
transformations of the same instance. While most meth-
ods treat different views of the same image as positives
for a contrastive loss, we are interested in using positives
from other instances in the dataset. Our method, Nearest-
Neighbor Contrastive Learning of visual Representations
(NNCLR), samples the nearest neighbors from the dataset in
the latent space, and treats them as positives. This provides
more semantic variations than pre-defined transformations.

We find that using the nearest-neighbor as positive in
contrastive losses improves performance significantly on
ImageNet classification using ResNet-50 under the linear
evaluation protocol, from 71.7% to 75.6%, outperform-
ing previous state-of-the-art methods. On semi-supervised
learning benchmarks we improve performance significantly
when only 1% ImageNet labels are available, from 53.8%
to 56.5%. On transfer learning benchmarks our method
outperforms state-of-the-art methods (including supervised
learning with ImageNet) on 8 out of 12 downstream
datasets. Furthermore, we demonstrate empirically that our
method is less reliant on complex data augmentations. We
see a relative reduction of only 2.1% ImageNet Top-1 accu-
racy when we train using only random crops.

1. Introduction

How does one make sense of a novel sensory experi-
ence? What might be going through someone’s head when
they are shown a picture of something new, say a dodo?
Even without being told explicitly what a dodo is, they will
likely form associations between the dodo and other simi-
lar semantic classes; for instance a dodo is more similar to
a chicken or a duck than an elephant or a tiger. This act
of contrasting and comparing new sensory inputs with what
one has already experienced happens subconsciously and
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Figure 1: NNCLR Training. We propose a simple self-
supervised learning method that uses similar examples from
a support set as positives in a contrastive loss.

might play a key role [22] in how humans are able to ac-
quire concepts quickly. In this work, we show how an abil-
ity to find similarities across items within previously seen
examples improves the performance of self-supervised rep-
resentation learning.

A particular kind of self-supervised training — known as
instance discrimination [9, 30, 54] — has become popular
recently. Models are encouraged to be invariant to multi-
ple transformations of a single sample. This approach has
been impressively successful [9, 25] at bridging the perfor-
mance gap between self-supervised and supervised models.
In the instance discrimination setup, when a model is shown
a picture of a dodo, it learns representations by being trained
to differentiate between what makes that specific dodo im-
age different from everything else in the training set. In this
work, we ask the question: if we empower the model to also
find other image samples similar to the given dodo image,
does it lead to better learning?

Current state-of-the-art instance discrimination methods
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generate positive samples using data augmentation, random
image transformations (e.g. random crops) applied to the
same sample to obtain multiple views of the same image.
These multiple views are assumed to be positives, and the
representation is learned by encouraging the positives to be
as close as possible in the embedding space, without col-
lapsing to a trivial solution. However random augmenta-
tions, such as random crops or color changes, can not pro-
vide positive pairs for different viewpoints, or deformations
of the same object, or even for other similar instances within
a semantic class. The onus of generalization lies heavily on
the data augmentation pipeline, which cannot cover all the
variances in a given class.

In this work, we are interested in going beyond single
instance positives, i.e. the instance discrimination task. We
expect by doing so we can learn better features that are
invariant to different viewpoints, deformations, and even
intra-class variations. The benefits of going beyond sin-
gle instance positives have been established in [27, 36],
though these works require class labels or multiple modal-
ities (RGB frames and flow) to obtain the positives which
are not applicable to our domain. Clustering-based meth-
ods [5, 7, 60] also offer an approach to go beyond single
instance positives, but assuming the entire cluster (or its
prototype) to be positive samples could hurt performance
due to early over-generalization. Instead we propose us-
ing nearest neighbors in the learned representation space as
positives.

We learn our representation by encouraging proximity
between different views of the same sample and their near-
est neighbors in the latent space. Through our approach,
Nearest-Neighbour Contrastive Learning of visual Repre-
sentations (NNCLR), the model is encouraged to general-
ize to new data-points that may not be covered by the data
augmentation scheme at hand. In other words, nearest-
neighbors of a sample in the embedding space act as small
semantic perturbations that are not imaginary i.e. they are
representative of actual semantic samples in the dataset. We
implement our method in a contrastive learning setting sim-
ilar to [9, 10].

To obtain nearest-neighbors, we utilize a support set that
keeps embeddings of a subset of the dataset in memory.
This support set also gets constantly replenished during
training. Note that our support set is different from memory
banks [50, 54] and queues [ 1], where the stored features
are used as negatives. We utilize the support set for nearest
neighbor search for retrieving cross-sample positives. Fig-
ure | gives an overview of the method.

We make the following contributions: (i) We introduce
NNCLR to learn self-supervised representations that go be-
yond single instance positives, without resorting to cluster-
ing; (ii) We demonstrate that NNCLR increases the perfor-
mance of contrastive learning methods (e.g. SimCLR [10])
by ~ 3.8% and achieves state of the art performance

on ImageNet classification for linear evaluation and semi-
supervised setup with limited labels; (iii) Our method out-
performs state of the art methods on self-supervised, and
even supervised features (learned via supervised ImageNet
pre-training), on 8 out of 12 transfer learning tasks; Finally,
(iv) We show that by using the NN as positive with only
random crop augmentations, we achieve 73.3% ImageNet
accuracy. This reduces the reliance of self-supervised meth-
ods on data augmentation strategies.

2. Related Work

Self-supervised Learning. Self-supervised representation
learning aims to obtain robust representations of samples
from raw data without expensive labels or annotations.
Early methods in this field focused on defining pre-text tasks
— which typically involves defining a surrogate task on a
domain with ample weak supervision labels, like predict-
ing the rotation of images [24], relative positions of patches
in an image [15], or tracking patches in a video [45, 52],
and using this task to learn invariant features that might be
useful for other downstream tasks requiring expensive an-
notations (e.g. image classification).

One broad category of self-supervised learning tech-
niques are those that use contrastive losses, which have been
used in a wide range of computer vision applications[&, 26,

]. These methods learn a latent space that draws positive
samples together (e.g. adjacent frames in a video sequence),
while pushing apart negative samples (e.g. frames from an-
other video). In some cases, this is also possible without ex-
plicit negatives [25]. More recently, a variant of contrastive
learning called instance discrimination [9, 11, 17, 54] has
seen considerable success and have achieved remarkable
performance [7, 9, 10, 11] on a wide variety of down-
stream tasks. They have closed the gap with supervised
learning to a large extent. Many techniques have proved
to be useful in this pursuit: data augmentation, contrastive
losses [9, 10, 30], momentum encoders [11, 25, 30] and
memory banks [11, 50, 54]. In this work, we extend in-
stance discrimination to include non-trivial positives, not
just between augmented samples of the same image, but
also from among different images. Methods that use pro-
totypes/clusters [1, 2, 5, 6, 7, 23, 33, 53, 56, 57, 58, 60]
also attempt to learn features by associating multiple sam-
ples with the same cluster. However, instead of clustering or
learning prototypes, we maintain a support set of image em-
beddings and using nearest neighbors from that set to define
positive samples.

Queues and Memory Banks. In our work, we use a sup-
port set as memory during training. It is implemented as a
queue similar to MoCo [30]. MoCo uses elements of the
queue as negatives, while this work uses nearest neighbors
in the queue to find positives in the context of contrastive
losses. [54] use a memory bank to keep a running average
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Figure 2: Overview of NNCLR Training

of embeddings of all the samples in the dataset. Likewise,
[60] maintains a clustered set of embeddings and uses near-
est neighbors to those aggregate embeddings as positives.
In our work, the size of the memory is fixed and indepen-
dent of the training dataset, nor do we perform any aggrega-
tion or clustering in our latent embedding space. Instead of
a memory bank, SWAV [7] stores prototype centers that it
uses for clustering embeddings. SwAV’s prototype centers
are learned via training with Sinkhorn clustering and persist
throughout pre-training. Unlike [7, 54, 60], our support set
is continually refreshed with new embeddings and we do
not maintain running averages of the embeddings.

Nearest Neighbors in Computer Vision. Nearest neigh-
bor search has been an important tool across a wide range of
computer vision applications [13, 16, 28, 29, 48, 53], from
image retrieval to unsupervised feature learning. Related to
our work, [27] uses nearest neighbor retrieval to define self-
supervision for video representation learning across differ-
ent modalities (e.g. RGB and optical flow). In contrast, in
this work we use nearest neighbor retrieval within a single
modality (RGB images), and we maintain an explicit sup-
port set of prior embeddings to increase diversity.

3. Approach

We first describe constrastive learning (i.e. the InfoNCE
loss) in the context of instance discrimination, and dis-
cuss SimCLR [9] as one of the leading methods in this do-
main. Next we introduce our approach, Nearest-Neighbor
Contrastive Learning of visual Representations (NNCLR),
which proposes using nearest-neighbours (NN) as positives
to improve contrastive instance discrimination methods.

3.1. Contrastive instance discrimination

InfoNCE [43, 49, 54] loss (i.e. contrastive loss) is quite
commonly used in the instance discrimination [9, 30, 54]

setting. For any given embedded sample z;, we also have
another positive embedding z;~ (often a random augmenta-
tion of the sample), and many negative embeddings 2~ €
N;. Then the InfoNCE loss is defined as follows:

exp (2 - 2 /T)

InfoNCE

£ log exp (z; - 2 /7) + D-en, Xp (2 27 /7T)
ey

where (z;, zf ) is the positive pair, (z;, z7) is any negative
pair and 7 is the softmax temperature. The underlying idea
is learning a representation that pulls positive pairs together
in the embedding space, while separating negative pairs.
SimCLR uses two views of the same image as the positive
pair. These two views, which are produced using random
data augmentations, are fed through an encoder to obtain
the positive embedding pair z; and z;. The negative pairs
(2;, z7) are formed using all the other embeddings in the
given mini-batch.

Formally, given a mini-batch of images {z1,x2.., 2, },
two different random augmentations (or views) are gener-
ated for each image z;, and fed through the encoder ¢ to
obtain embeddings z; = ¢(aug(z;)) and 2~ = ¢(aug(x;)),
where aug(-) is the random augmentation function. The
encoder ¢ is typically a ResNet-50 with a non-linear pro-
jection head. Then the InfoNCE loss used in SimCLR is
defined as follows:

n
o (5 /) o
> exp (zi - 2 /7)

k=1

ﬁlsimCLR — _ IOg

Note that each embedding is [ normalized before the dot
product is computed in the loss. Then the overall loss for

n
the given mini-batch is £5MCIR — L §~ £SimCLR
n 1 (2
=

As SimCLR solely relies on transformations introduced
by pre-defined data augmentations on the same sample, it
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cannot link multiple samples potentially belonging to the
same semantic class, which in turn might decrease its ca-
pacity to be invariant to large intra-class variations. Next
we address this point by introducing our method.

3.2. Nearest-Neighbor CLR (NNCLR)

In order to increase the richness of our latent representa-
tion and go beyond single instance positives, we propose
using nearest-neighbours to obtain more diverse positive
pairs. This requires keeping a support set of embeddings
which is representative of the full data distribution.

SimCLR uses two augmentations (z;, zj' ) to form the
positive pair. Instead, we propose using z;’s nearest-
neighbor in the support set ) to form the positive pair. In
Figure 2 we visualize this process schematically. Similar to
SimCLR we obtain the negative pairs from the mini-batch
and utilize a variant of the InfoNCE loss (1) for contrastive
learning.

Building upon the SimCLR objective (2) we define
NNCLR loss as below:

exp (NN(z;, Q) Zj_/T)

L?NCLR — —log —
35 exp (NN(:4,Q) 7 /7

3)

where NN(z, Q) is the nearest neighbor operator as defined
below:
NN(z,Q) = argmin ||z — ¢||, 4)
qeQ

As in SimCLR, each embedding is [, normalized be-
fore the dot product is computed in the loss (3). Simi-
larly we apply [5 normalization before nearest-neighbor op-
eration in (4). We minimize the average loss over all el-
ements in the gnini-batch in order to obtain the final loss
LNNCLR _ % S LNNCLR

i=1

Implementation details. We make the loss sym-
metric [35, ] by adding the following term to
Eq. 3: —log(exp (NN(=;,Q) - 1 /7)/ kz exp (NN(zk, Q) - 27 /7)
Though, this does not affect performance emperically. Also,
inspired from BYOL [25], we pass z;r through a prediction
head ¢ to produce embeddings pf = g(zz+ ). Then we use
pj' instead of zj‘ in (3). Using a prediction MLP adds a
small boost to our performance as shown in Section 4.4.

Support set. We implement our support set as a queue (i.e.
first-in-first-out). The support set is initialized as a random
matrix with dimension [m, d], where m is the size of the
queue and d is the size of the embeddings. The size of the
support set is kept large enough so as to approximate the
full dataset distribution in the embedding space. We update
it at the end of each training step by taking the n (batch size)
embeddings from the current training step and concatenat-
ing them at the end of the queue. We discard the oldest n el-
ements from the queue. We only use embeddings from one

view to update the support set. Using both views’ embed-
dings to update does not lead to any significant difference
in downstream performance. In Section 4.4 we compare the
performance of multiple support set variants.

4. Experiments

In this section we compare NNCLR features with other
state of the art self-supervised image representations. First,
we provide details of our architecture and training pro-
cess. Next, following commonly used evaluation pro-
tocol [9, 10, 25, 30], we compare our approach with
other self-supervised features on linear evaluation and
semi-supervised learning on the ImageNet ILSVRC-2012
dataset. Finally we present results on transferring self-
supervised features to other downstream datasets and tasks.

4.1. Implementation details

Architecture. We use ResNet-50 [31] as our encoder to
be consistent with the existing literature [9, 25]. We spa-
tially average the output of ResNet-50 which makes the
output of the encoder a 2048-d embedding. The architec-
ture of the projection MLP is 3 fully connected layers of
sizes [2048,2048, d] where d is the embedding size used
to apply the loss. We set d = 256 in the default experi-
ments. All fully-connected layers are followed by batch-
normalization [34] and all the batch-norm layers except the
last one are followed by ReLU activation. The architec-
ture of the prediction MLP g is 2 fully-connected layers of
size [4096, d]. The hidden layer of the prediction MLP is
followed by batch-norm and ReLU. The last layer has no
batch-norm or activation.
Training. Following other self-supervised methods [9, 10,
, 30], we train our NNCLR representation on the Ima-
geNet2012 dataset which contains 1, 281, 167 images, with-
out using any annotation or class labels. We train for 1000
epochs with a warm-up of 10 epochs with cosine anneal-
ing schedule using the LARS optimizer [59]. Weight-decay
of 1079 is applied during training. As is common prac-
tice [10, 25], we don’t apply weight-decay to the bias terms.
We use the data augmentation scheme used in BYOL [25]
and we use a temperature 7 of 0.1 when applying the soft-
max during computation of the contrastive loss in Equa-
tion 3. The best results of NNCLR are achieved with
98, 304 queue size and base learning rate [25] of 0.3.

4.2. ImageNet evaluations

ImageNet linear evaluation. Following the standard lin-
ear evaluation procedure [9, 25] we train a linear classi-
fier for 90 epochs on the frozen 2048-d embeddings from
the ResNet-50 encoder using LARS with cosine annealed
learning rate of 1 with Nesterov momentum of 0.9 and batch
size of 4096.
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Comparison with state of the art methods is presented in
Table 1. First, NNCLR achieves the best performance com-
pared to all the other methods using a ResNet-50 encoder
trained with two views. NNCLR provides more than 3.6%
improvement over well known constrastive learning ap-
proaches such as MoCo v2 [1 1] and SimCLR v2 [10]. Even
compared to InfoMin Aug. [51], which explicitly studies
“good view” transformations to apply in contrastive learn-
ing, NNCLR achieves more than 2% improvement on top-
1 classification performance. We outperform BYOL[25]
(which is the state-of-the-art method among methods that
use two views) by more than 1%. We also achieve 3.6% im-
provement compared to the state of the art clustering based
method SwAV [7] in the same setting of using two views.
To compare with SWAV’s multi-crop models, we pre-train
for 800 epochs with 8 views (two 224 x 224 and six 96 x 96
views) using only the larger views to calculate the NNs. In
this setting our method outperforms SwAV by 0.3% in Top-
1 accuracy. Note that while multi-crop is responsible for
3.5% performance improvement for SwAYV, for our method
it provides a boost of only 0.2% . However, increasing the
number of crops quadratically increases the memory and
compute requirements, and is quite costly even when low-
resolution crops are used as in [7].

Semi-supervised learning on ImageNet. We evaluate the
effectiveness of our features in a semi-supervised setting on
ImageNet 1% and 10% subsets following the standard eval-
uation protocol [10, 25]. We present these results in Table 2.
The first key result of Table 2 is that our method outper-
forms all the state of the art methods on semi-supervised
learning on ImageNet 1% subset, including SWAV’s [7]
multi-crop setting. This is a clear indication of good gener-
alization capacity of NNCLR features, particularly in low-
shot learning scenarios. Using the ImageNet 10% sub-
set, NNCLR outperforms SimCLR [9] and other methods.
However, SWAV’s [7] multi-crop setting outperforms our
method in ImageNet 10% subset.

4.3. Transfer learning evaluations

We show representations learned using NNCLR are ef-
fective for transfer learning on multiple downstream clas-
sification tasks on a wide range of datasets. We follow
the linear evaluation setup described in [25]. The datasets
used in this benchmark are as follows: Food101 [4], CI-
FARI10 [38], CIFAR100 [38], Birdsnap [3], Sun397 [55],
Cars [37], Aircraft [40], VOC2007 [19], DTD [14], Oxford-
III'T-Pets [44], Caltech-101 [20] and Oxford-Flowers [42].
Following the evaluation protocol outlined in [25], we first
train a linear classifier using the training set labels while
choosing the best regularization hyper-parameter on the re-
spective validation set. Then we combine the train and val-
idation set to create the final training set which is used to
train the linear classifier that is evaluated on the test set.

Method | Top-1 | Top-5
PIRL [41] 63.6 -
CPC v2 [32] 63.8 85.3
PCL [39] 65.9 -
CMC [50] 66.2 87.0
MoCo v2 [11] 71.1 -
SimSiam [12] 71.3 -
SimCLR v2 [10] 71.7 -
SwAV [7] 71.8 N/A
InfoMin Aug. [51] 73.0 91.1
BYOL [25] 74.3 91.6
NNCLR (ours) 75.4 923
SwAV (multi-crop) [7] 75.3 N/A
NNCLR (ours) (multi-crop) | 75.6 92.4

Table 1: ImageNet linear evaluation results. Comparison
with other self-supervised learning methods on ResNet-50
encoder. Methods on the top section use two views only.

ImageNet 1% | ImageNet 10%
Method Top-1 Top-5 | Top-1 Top-5
Supervised ‘ 254 48.4 ‘ 56.4 80.4
InstDisc [54] - 39.2 - 77.4
PIRL [41] - 57.2 - 83.8
PCL [39] - 75.6 - 86.2
SimCLR [9] 48.3 75.5 65.6 87.8
BYOL [25] 53.2 78.4 68.8 89.0
NNCLR (ours) 56.4 80.7 69.8 89.3

SwAV (multi-crop) [7] \ 53.9 785 \ 70.2 89.9
Table 2: Semi-supervised learning results on ImageNet.
Top-1 and top-5 performances are reported on fine-tuning
a pre-trained ResNet-50 with ImageNet 1% and 10%
datasets.

We present transfer learning results in Table 3. NNCLR
outperforms supervised features (ResNet-50 trained with
ImageNet labels) on 11 out of the 12 datasets. Moreover
our method improves over BYOL [25] and SimCLR [9] on
8 out of the 12 datasets. These results further validate the
generalization performance of NNCLR features.

4.4. Ablations

In this section we present a thorough analysis of
NNCLR. After discussing the default settings, we start by
demonstrating the effect of training with nearest-neighbors
in a variety of settings. Then, we present several design
choices such as support set size, varying k in top-k near-
est neighbors, type of nearest neighbors, different training
epochs, variations of batch size, and embedding size. We
also briefly discuss memory and computational overhead of
our method.

Default settings. Unless otherwise stated our support set
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Method | Foodl01 | CIFARIO | CIFAR100 | Birdsnap | SUN397 | Cars | Aircraft | VOC2007 | DTD | Pets | Caltech-101 | Flowers
BYOL [25] 75.3 91.3 78.4 57.2 622 | 678 | 60.6 82.5 755 | 904 94.2 96.1
SimCLR [25] | 72.8 90.5 74.4 424 60.6 | 493 | 498 81.4 75.7 | 84.6 89.3 92.6
Sup-IN [9] 72.3 93.6 78.3 53.7 619 | 667 | 610 82.8 749 | 915 94.5 94.7
NNCLR 76.7 93.7 79.0 61.4 625 | 67.1 | 64.1 83.0 755 | 91.8 91.3 95.1

Table 3: Transfer learning performance using ResNet-50 pretrained with ImageNet. For all datasets we report Top-1
classification accuracy except Aircraft, Caltech-101, Pets and Flowers for which we report mean per-class accuracy and

VOC2007 for which we report 11-point MAP.

Mom. Enc. ‘ Positive ‘ Top-1 ‘ Top-5
View 1 714 | 904

NNof View1 | 74.5 | 91.9

v View 1 72.5 | 91.3

v NNof View1 | 749 | 92.1

Table 4: Effect of adding nearest-neighbors as positives
in various settings. Results are obtained for ImageNet linear
evaluation.

Method | SimCLR [9] | BYOL [25] | NNCLR

Full aug. | 67.9 72.5 72.9
Only crop | 40.3 (4 -27.6) | 59.4 (-13.1) | 68.2 (| -4.7)
Table 5: Performance with only crop augmentation. Im-
ageNet top-1 performance for linear evaluation is reported.

size during ablation experiments is 32,768 and our batch
size is 4096. We train for 1000 epochs with a warm-up of
10 epochs, base learning rate of 0.15 and cosine annealing
schedule using the LARS optimizer [59]. We also use the
prediction head by default. All the ablations are performed
using the ImageNet linear evaluation setting.
Nearest-neighbors as positives. Our core contribution in
this paper is using nearest-neighbors (NN) as positives in
the context of contrastive self-supervised learning. Here we
investigate how this particular change, using nearest neigh-
bors as positives, affects performance in various settings
with and without momentum encoders. This analysis is
presented in Table 4. First we show using the NNs in con-
trastive learning (row 2) is 3% better in Top-1 accuracy than
using view 1 embeddings (similar to SimCLR) shown in
row 1. We also explore using momentum encoder (similar
to MoCo [30]) in our contrastive setting. Here using NNs
also improves the top-1 performance by 2.4%.

Data Augmentation. Both SimCLR [9] and BYOL [25]
rely heavily on a well designed data augmentation pipeline
to get the best performance. However, NNCLR is less de-
pendent on complex augmentations as nearest-neighbors al-
ready provide richness in sample variations. In this ex-
periment, we remove all color augmentations and Gaussian
blur, and train with random crops as the only method of aug-
mentation for 300 epochs following the setup used in [25].
We present the results in Table 5. We notice NNCLR

Method | 100 | 200 | 400 | 800

SimCLR [9] 66.5 | 68.3 | 69.8 | 70.4
MoCov2 [11] | 674 | 699 | 71.0 | 72.2
BYOL [25] 66.5 | 70.6 | 73.2 | 74.3
SwAV [7] 66.5 | 69.1 | 70.7 | 71.8
SimSiam [12] | 68.1 | 70.0 | 70.8 | 71.3

NNCLR | 69.4 | 70.7 | 742 | 74.9
Table 6: Number of pre-training epochs vs. perfor-

mance. Results are obtained for ImageNet linear evalua-
tion.

achieves 68.2% top-1 performance on the ImageNet linear
evaluation task suffering a performance drop of only 4.7%.
On the other hand, SImCLR and BYOL suffer larger rela-
tive drops in performance, 27.6% and 13.1% respectively.
The gap in performance drop reduces as we train our ap-
proach longer. At 1000 pre-training epochs, NNCLR with
all augmentations achieves 74.9% while with only random
crops NNCLR manages to get 73.3%, further reducing the
gap to just 1.6%. While NNCLR also benefits from com-
plex data augmentation operations, the reliance on color jit-
ter and blurring operations is much less. This is encourag-
ing for adopting NNCLR for pre-training in domains where
data transformations used for ImageNet might not be suit-
able.

Pre-training epochs. In Table 6, we show how our method
compares to other methods when we have different pre-
training epoch budgets. NNCLR is better than other self-
supervised methods when pre-training budget is kept con-
stant. We find that base learning rate of 0.4 works for 100
epochs, and 0.3 works for 200, 400 and 800 epochs.
Support set size. Increasing the size of the support set in-
creases performance in general. We present results of this
experiment in Table 7a. By using a larger support set, we
increase the chance of getting a closer nearest-neighbour
from the full dataset. As also shown in Table 7b, getting the
closest (i.e. top-1) nearest-neighbour obtains the best per-
formance, even compared against top-2. We also find that
increasing the support set size beyond 98, 304 doesn’t lead
to any significant increase in performance possibly due to
an increase in the number of stale embeddings in the sup-
port set.

Nearest-neighbor selection strategy. Instead of using the
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nearest-neighbor, we also experiment with taking one of the
top-k NNs randomly. These results are presented in Ta-
ble 7b. Here we investigate whether increasing the diversity
of nearest-neighbors (i.e. increasing k) results in improved
performance. Although our method is somewhat robust to
changing the value of k, we find that increasing the top-k
beyond k£ = 1 always results in slight degradation in perfor-
mance. Inspired by recent work [18, 21] we also investigate
using a soft-nearest neighbor, a convex combination of em-
beddings in the support-set where each one is weighted by
its similarity to the embedding (see [18] for details). We
present results in Table 7e. We find that the soft nearest
neighbor can be used for training but results in worse per-
formance than using the hard NN.

Batch size. Batch size has shown to be an important fac-
tor that affects performance, particularly in the contrastive
learning setting. We vary the batch size and present the re-
sults in Table 7c. In general, larger batch sizes improve the
performance peaking at 4096.

Embedding size. Our method is robust to choice of the
embedding size as shown in Table 7d. We vary the embed-
ding size in powers of 2 from 128 to 2048 and find similar
performance over all settings.

Prediction head As shown in Table 7f, adding a prediction
head results in a modest 0.4% boost in the top-1 perfor-
mance.

Different implementations of support set. We also inves-
tigate some variants of how we can implement the support
set from which we sample the nearest neighbor. We present
results of this experiment in Table 8. In the first row, in-
stead of using a queue, we pass a random set of images
from the dataset through the current encoder and use the
nearest neighbor from that set of embeddings. This works
reasonably well but we are limited by how many examples
we can fit in accelerator memory. Hence, we cannot in-
crease the size of this set beyond 16384, which results in
sub-optimal performance. Also using a random set of size
16384 is about four times slower than using a queue (when
training with a batch size of 4096) as each forward pass re-
quires four times more samples through the encoder. This
experiment also shows that NNCLR does not need features
of past samples (akin to momentum encoders [30]) to learn
representations. We also experiment with updating the ele-
ments in the support set randomly as opposed to the default
FIFO manner. We find that FIFO results in more than 2%
better performance.

Compute overhead. We find increasing the size of the
queue results in improved performance but this improve-
ment comes at a cost of additional memory and compute
required while training. In Table 9 we show how queue
scaling with d = 256 affects memory required during train-
ing and number of training steps per second. With a support
size of about 98k elements we require a modest 100 MB
more in memory.

4.5. Discussion

Ground Truth Nearest Neighbor. We investigate two as-
pects of the NN: first, how often does the NN have the same
ImageNet label as the query; and second, if the NN is al-
ways picked to be from the same ImageNet class (with an
Oracle algorithm), then what is the effect on training and
the final performance? Figure 3, shows how the accuracy of
the NN picked from the queue varies as training proceeds.
We observe that towards the end of training the accuracy of
picking the right neighbor (i.e. from the same class) is about
57%. The reason that it is not higher is possibly due to ran-
dom crops being of the background, and thus not containing
the object described by the ImageNet label.

We next investigate if NNCLR can achieve better per-

formance if our top-1 NN is always from the same Ima-
geNet class. This is quite close to the supervised learning
setup except instead of training to predict classes directly,
we train using our self-supervised setup. A similar experi-
ment has also been described as UberNCE in [27]. This ex-
periment verifies if our training dynamics prevent the model
from converging to the performance of a supervised learn-
ing baseline even when the true NN is known. To do so,
we store the ImageNet labels of each element in the queue
and always pick a NN with the same ImageNet label as the
query view. We observe that with such a setting we achieve
75.8% accuracy in 300 epochs. With the Top-1 NN from the
support set, we manage to get 72.9% in 300 epochs. This
suggests that there is still a possibility of improving perfor-
mance with a better NN picking strategy, although it might
be hard to design one that works in a purely unsupervised
way.
Training curves. In Figure 4 we show direct comparison
between training using cross-entropy loss with an augmen-
tation of the same view as positive (SimCLR) and training
with NN as positive (NNCLR). The training loss curves
indicate NNCLR is a more difficult task as the training
needs to learn from hard positives from other samples in
the dataset. Linear evaluation on ImageNet classification
shows that it takes about 120 epochs for NNCLR to start
outperforming SimCLR, and remains higher until the end
of pre-traininig at 1000 epochs.

NNs in Support Set. In Fig. 5 we show a typical batch
of nearest neighbors retrieved from the support set towards
the end of training. Column 1 shows examples of view 1,
while the other elements in each row shows the retrieved
nearest neighbor from the support set. We hypothesize that
the improvement in performance is due to this diversity in-
troduced in the positives, something that is not covered by
pre-defined data augmentation schemes. We observe that
while many times the retrieved NNs are from the same class,
it is not uncommon for the retrieval to be based on other
similarities like texture. For example, in row 3 we observe
retrieved images are all of underwater images and row 4
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Queue Size | 8192 | 16384 | 32768 | 65536 | 98304  kinTop-kNN | 1 | 2 | 4 | 8 | 16 | 32
Top-1 | 73.6 | 742 | 749 | 750 | 754 Top-1 749 | 74.1 | 73.8 | 73.8 | 73.8 | 73.2
Top-5 | 912 | 917 | 921 | 922 | 923 Top-5 92.1 | 91.6 | 91.5 | 91.4 | 91.3 | 91.2

(a) Support set size
Batch size ‘ 256 ‘ 512 ‘ 1024 ‘ 2048 ‘ 4096 ‘ 8192

Top-1 68.7 | 71.7 | 729 | 73.5 | 749 | 743
Top-5 88.7 1 904 | 91.1 | 91.6 | 92.1 | 919
(c) Batch size.
Type of NN ‘ Top-1 ‘ Top-5
Soft nearest-neighbor | 71.4 90.4
Hard nearest-neighbor | 74.9 92.1

(e) Soft vs. hard nearest neighbors as positives.

(b) Varying k in Top-k NN
d ‘ 128 ‘ 256 ‘ 512 ‘ 1024 ‘ 2048

Top-1 | 74.9 | 749 | 748 | 749 | 74.6
Top-5 | 92.1 | 92.1 | 92.0 | 92.0 | 92.0

(d) Varying embedding size d
Prediction MLP ‘ Top-1 ‘ Top-5
74.5 92.0
v 74.9 92.1

(f) Effect of prediction head.

Table 7: NNCLR Ablation Experiments. Results are obtained for ImageNet linear evaluation.

Support set variant ‘ Size ‘ Top-1 ‘ Top-5 — NNCLR —— SimCLR
NN s from current encoder 16384 | 74.0 91.8 8 g 0.7
NN s from queue (older embeddings) | 16384 | 74.2 91.7 § . o6
. . . <
Table 8: Different implementations of the support set. t Bos
:E 4 S04
E EO,S
Queue Size | 8192 | 16384 | 32768 | 65536 | 98304 o2 %0,
So.
Memory (MB) 8.4 16.3 33.6 67.3 100.8 0 200 400 600 800 1000 0 200 400 600 800 1000
Steps persec | 6.41 | 633 | 6.14 | 595 | 5.68 Epochs Epochs

Table 9: Queue size computational overheads.
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Figure 3: NN Match Accuracy vs. Performance.

retrievals are not from a dog class but are all images with
cages in them.

5. Conclusion

We present an approach to increase the diversity of pos-
itives in contrastive self-supervised learning. We do so by
using the nearest-neighbors from a support set as positives.
NNCLR achieves state of the art performance on multiple
datasets. Our method also reduces the reliance on data aug-
mentation techniques drastically.

Figure 4: NNCLR vs SimCLR Training curves and linear
evaluation curves.

Figure 5: Nearest neighbors from support set show the
increased diversity of positives in NNCLR.
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