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ABSTRACT

Despite the impressive progress of self-supervised learning (SSL), its applicability
to low-compute networks has received limited attention. Reported performance
has trailed behind standard supervised pre-training by a large margin, barring self-
supervised learning from making an impact on models that are deployed on device.
Most prior works attribute this poor performance to the capacity bottleneck of the
low-compute networks and opt to bypass the problem through the use of knowledge
distillation (KD). In this work, we revisit SSL for efficient neural networks, taking a
closer look at what are the detrimental factors causing the practical limitations, and
whether they are intrinsic to the self-supervised low-compute setting. We find that,
contrary to accepted knowledge, there is no intrinsic architectural bottleneck, we
diagnose that the performance bottleneck is related to the model complexity vs reg-
ularization strength trade-off. In particular, we start by empirically observing that
the use of local views can have a dramatic impact on the effectiveness of the SSL
methods. This hints at view sampling being one of the performance bottlenecks for
SSL on low-capacity networks. We hypothesize that the view sampling strategy for
large neural networks, which requires matching views in very diverse spatial scales
and contexts, is too demanding for low-capacity architectures. We systematize
the design of the view sampling mechanism, leading to a new training method-
ology that consistently improves the performance across different SSL methods
(e.g. MoCo-v2, SwAV or DINO), different low-size networks (convolution-based
networks, e.g. MobileNetV2, ResNet18, ResNet34 and vision transformer, e.g.
ViT-Ti), and different tasks (linear probe, object detection, instance segmentation
and semi-supervised learning). Our best models establish new state-of-the-art for
SSL methods on low-compute networks despite not using a KD loss term. Code is
publicly available at github.com/saic-fi/SSLight.

1 INTRODUCTION

In this work, we revisit self-supervised learning (SSL) for low-compute neural networks. Previous
research has shown that applying SSL methods to low-compute architectures leads to comparatively
poor performance (Fang et al., 2021; Gao et al., 2022; Xu et al., 2022), i.e. there is a large performance
gap between fully-supervised and self-supervised pre-training on low-compute networks. For example,
the linear probe vs supervised gap of MoCo-v2 (Chen et al., 2020c) on ImageNet1K is 5.0% for
ResNet50 (71.1% vs 76.1%), while being 17.3% for ResNet18 (52.5% vs 69.8%) (Fang et al., 2021).
More importantly, while SSL pre-training for large models often exceeds supervised pre-training
on a variety of downstream tasks, that is not the case for low-compute networks. Most prior works
attribute the poor performance to the capacity bottleneck of the low-compute networks and resort
to the use of knowledge distillation (Koohpayegani et al., 2020; Fang et al., 2021; Gao et al., 2022;
Xu et al., 2022; Navaneet et al., 2021; Bhat et al., 2021). While achieving significant gains over
the stand-alone SSL models, distillation-based approaches mask the problem rather than resolve
it. The extra overhead of large teacher models also makes it difficult to deploy these methods in
resource-restricted scenarios, e.g. on-device. In this work, we re-examine the performance of SSL
low-compute pre-training, aiming to diagnose the potential bottleneck. We find that the performance
gap could be largely filled by the training recipe introduced in the recent self-supervised works (Caron
et al., 2020; 2021) that leverages multiple views of the images.

Comparing multiple views of the same image is the fundamental operation in the latest self-supervised
models. For example, SimCLR (Chen et al., 2020a) learns to distinguish the positive and negative
views by a contrastive loss. SwAV (Caron et al., 2020) learns to match the cluster assignments of
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the views. We revisit the process of creating and comparing the image views in prior works and
observe that the con�gurations for high-capacity neural networks, e.g. ResNet50/101/152 (He et al.,
2016) and ViT (Dosovitskiy et al., 2021), are sub-optimal for low-capacity models as they typically
lead to matching views in diverse spatialscalesandcontexts. For over-parameterized networks, this
may not be as challenging, as veri�ed in our experiments (sec. 4.3), but could even be considered as
a manner of regularization. For lightweight networks, it results in performance degradation. This
reveals a potentially overlooked issue for self-supervised learning: the trade-off between the model
complexity and the regularization strength. With these �ndings, we further perform a systematic
exploration of what aspects of the view-creation process lead to well-performing self-supervised
models in the context of low-compute networks. We benchmark and ablate our new training paradigm
in a variety of settings with different model architectures (MobileNet-V2 (Sandler et al., 2018),
ResNet18/34/50 (He et al., 2016), ViT-S/Ti (Dosovitskiy et al., 2021)), and different self-supervised
signals (MoCo-v2 (Chen et al., 2020c), SwAV (Caron et al., 2020), DINO (Caron et al., 2021)). We
report results on downstream visual recognition tasks, e.g. semi-supervised visual recognition, object
detection, instance segmentation. Our method outperforms the previous state-of-the-art approaches
despite not relying on knowledge distillation.

Our contributions are summarized as follows:

(1) We revisit SSL for low-compute pre-training and demonstrate that, contrary to prior belief,
ef�cient networks can learn high quality visual representations from self-supervised signals alone,
rather than relying on knowledge distillation;

(2) We experimentally show that SSL low-compute pre-training can bene�t from a weaker self-
supervised target that learns to matchviewsin more comparable spatial scales and contexts, suggesting
a potentially overlooked aspect in self-supervised learning that the pretext supervision should be
adaptive to the network capacity;

(3) With a systematic exploration of the view sampling mechanism, our new training recipe consis-
tently improves multiple self-supervised learning approaches (e.g. MoCo-v2, SwAV, DINO) on a wide
spectrum of low-size networks, including both convolutional neural networks (e.g. MobileNetV2,
ResNet18, ResNet34) and the vision transformer (e.g. ViT-Ti), even surpassing the state-of-the-arts
distillation-based approaches.

2 RELATED WORK

Self-supervised learning.The latest self-supervised models typically rely on contrastive learning,
consistency regularization, and masked image modeling. Contrastive approaches learn to pull together
different views of the same image (positive pairs) and push apart the ones that correspond to different
images (negative pairs). In practice, these methods require a large number of negative samples.
SimCLR (Chen et al., 2020a) uses negative samples coexisting in the current batch, thus requiring
large batches, and MoCo (He et al., 2020) maintains a queue of negative samples and a momentum
encoder to improve the consistency of the queue. Other attempts show that visual representations can
be learned without discriminating samples but instead matching different views of the same image.
BYOL (Grill et al., 2020) and DINO (Caron et al., 2021) start from an augmented view of an image and
train the online network (a.k.a student) to predict the representation of another augmented view of the
same image obtained from the target network (a.k.a teacher). In such approaches, the target (teacher)
network is updated with a slow-moving average of the online (student) network. SwAV (Caron
et al., 2020) introduces an online clustering-based approach that enforces the consistency between
cluster assignments produced from different views of the same sample. Most recently, masked token
prediction, originally developed for natural language processing, has been shown to be an effective
pretext task for vision transformers. BEiT (Bao et al., 2022) adapts BERT (Devlin et al., 2019)
for visual recognition by predicting the visual words (Ramesh et al., 2021) of the masked patches.
SimMIM (Xie et al., 2022) extends BEiT by reconstructing the masked pixels directly. MAE (He
et al., 2022) simpli�es the pre-training pipeline by only encoding a small set of visible patches.

Self-supervised learning for ef�cient networks.Recent works have shown that the performance of
self-supervised pre-training for low-compute network architectures trails behind standard supervised
pre-training by a large margin, barring self-supervised learning from making an impact on models
that are deployed on devices. One natural choice to address this problem is incorporating Knowledge
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Distillation (KD) (Hinton et al., 2015) to transfer knowledge from a larger network (teacher) to the
smaller architecture (student). SEED (Fang et al., 2021) and CompRess (Koohpayegani et al., 2020)
transfer knowledge from the teacher in terms of similarity distributions over a dynamically maintained
queue. SimReg (Navaneet et al., 2021) and DisCo Gao et al. (2022) utilize extra MLP heads to
transfer the knowledge from teacher model to student model by regression. BINGO Xu et al. (2022)
proposes to leverage the teacher to group similar samples into “bags”, which are then used to guide
the optimization of the student. While these are reasonable design choices to reduce the gap between
supervised and self-supervised learning for low-compute architectures, the reason behind this gap
is still poorly understood and largely unexplored. Recently, an empirical study (Shi et al., 2022)
seeks to interpret the behavior of self-supervised low-compute pre-training from the perspective of
over-clustering, along with examining a number of assumptions to alleviate this problem. Unlike Shi
et al. (2022), we study instead from the angle of view sampling and achieve superior performance
compared to the best methods with knowledge distillation.

3 REVISITING SELF-SUPERVISEDLOW-COMPUTETRAINING .

The main goal of this work is to diagnose the performance bottleneck of SSL methods when using
lightweight networks, and to offer a solution to alleviate the problem.

3.1 BACKGROUND

We study representative SSL methods for the contrastive loss, MoCo-v2 (Chen et al., 2020c),
clustering loss, SwAV (Caron et al., 2020) and feature matching loss, DINO (Caron et al., 2021), as
they all demonstrate strong performance on large neural networks. One of the key operations within
these approaches is to match multiple augmented views of the same image, involving global views
that cover broader contexts (i.e. sampled from a scale range of(0:14; 1:0)) and local views that focus
on smaller regions (i.e. sampled from a scale range of(0:05; 0:14)). The global and local views
are typically resized to different resolutions (i.e.2242 vs962). MoCo-v2 learns to align two global
views of the same image while distinguishing views of different images from a queue. SwAV and
DINO further make use of the local views by learning to match the cluster assignments (i.e. SwAV)
or latent features (i.e. DINO) of the global and local views of an image. We start by re-examining the
performance of these state-of-the-art SSL approaches in the absence of a knowledge distillation loss.

3.2 PILOT EXPERIMENTS

Method Top-1 Top-5

Supervised 71.9 90.3

with KD
SimReg 69.1 -

two views
MoCo-v2 53.8 77.6

multiple views
MoCo-v2? 60.6 83.3
SwAV 65.2 85.6
DINO 66.2 86.4

Table 1: Performance of differ-
ent self-supervised methods on Mo-
bileNetV2.

We pre-train these methods on ImageNet1K (Russakovsky et al.,
2015) using MobileNetV2 (Sandler et al., 2018) as the back-
bone. MoCo-v2 does not use multiple crops by default. Fol-
lowing (Gansbeke et al., 2021), we re-implement a variant of
MoCo-v2 with multiple crops, noted as MoCo-v2?. All models
are trained for 200 epochs with a batch size of 1024. In Ta-
ble 1, we compare the performance of the SSL methods against
the supervised pre-training, as well as the distillation-based
model SimReg (Navaneet et al., 2021), which is the current
state-of-the-art method. For the SSL models, we use the linear
evaluation protocol (He et al., 2020).

Discussion.State-of-the-art self-supervised methods consis-
tently underperform the supervised model and the distillation-
based model by a non-negligible margin. The performance
gap between MoCo-v2 and the supervised model is the largest.
This is also reported in previous literature (Fang et al., 2021;
Xu et al., 2022). Incorporating multiple crops largely �lls the
gap, improving MoCo-v2 by6:8% in the top-1 accuracy. While
using multiple crops is reported to also boost the performance of large networks, the improvement on
MobileNetV2 is more signi�cant. SwAV and DINO further reduce the self-supervised and super-
vised gap to6:7% and5:7% respectively. However, the distillation-based approach achieves a top-1
accuracy of69:1%, which is2:9% better than the best self-supervised model.
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Figure 1: Experiments on the scale ranges of the image crops.Left: performance of differentSg
whenSl is set to0:14, Right: performance of differentSl whenSg is set to0:3. The performance of
the default setting is circled in Red. The best performance in each experiment is circled in Plum.

We can draw the following conclusions. For self-supervised learning on low-compute networks
1) the use of multiple views has an oversized effect and 2) learning with knowledge distillation
still outperforms the best SSL method by a wide margin, showing that lightweight networks can
effectively learn the self-supervised knowledge given a suitable supervisory signal. These two facts
point tothe optimization signal being the cause of the performance bottleneck.

3.3 MODEL COMPLEXITY VS REGULARIZATION STRENGTH TRADE-OFF: FROM THE VIEW
SAMPLING PERSPECTIVE

In conventional supervised learning there is a well-known direct relation between the amount of
regularization required for optimal performance and the capacity of the network (Steiner et al., 2022).
Small networks require less aggressive regularization and typically perform optimally under weaker
data augmentation. In self-supervised learning, the regularization itself is the optimization target. This
poses the question of whether the underlying problem with self-supervised low-compute networks is
not a lack of capacity, but rather a lack of modulation of the augmentation strength. In the following
we study whether this is the case, concluding in the af�rmative.

We investigate the problem from the view sampling perspective as it is the fundamental operation in
the latest SSL methods and due to the large performance boost seen in Sec. 1 when using local views.
However, given the standard parametrization of the view generation, it is dif�cult to disentangle the
factors that make view matching challenging and, at the same time, interpretable. This is compounded
by the use of local views. It is thus not clear how to design experiments with a controlled and
progressive variation of the view-matching dif�culty. To unearth the underlying factors, we observe
that view matching becomes increasingly harder when (i) views sharing little support. This can
be caused by (i.a) views representing different parts of the image (e.g. head vs legs of a dog) or
(i.b) views having crop scale discrepancy (e.g. full dog vs head of dog); (ii) views having similar
support, but different pixel scales (e.g. a global and a local view of a dog at224� 224and96� 96
pixels respectively). Note here that previous research suggests that neural networks have dif�culties
modeling patterns at multiplepixel scales(Singh & Davis, 2018).

We design four different axes to explore the parametric space. In Sec.3.3.1, we focus on the relative
crop scaleto explore the impact of view support. In Sec.3.3.2, we focus on the relativepixel scaleto
explore the impact of the discrepancy inpixel-size. In Sec.3.3.3, we study the impact of the number
of views, as more views mean higher likelihood of some pairs having good intersection and thus
result in healthier supervisory signals. In Sec.3.3.4, we further examine ways to lower the impact of
pairs without shared support through the modulation of the SSL loss function.

Setting. We use DINO as it provides the best performance in Sec. 3.2. All models are pretrained
on ImageNet1K with MobileNetV2 as the backbone. We follow the same setting as in Sec. 3.2 (see
also Appendix Sec. A). For the evaluation, we reserve a random subset of 50,000 images from the
training set of ImageNet1K, i.e. 50 per category, and report the linear accuracy on this subset to avoid
over-�tting, only using the ImageNet1K validation set in the �nal experiments in Sec. 4.

3.3.1 RELATIVE CROP SCALE

We �rst examine the ranges of the random scales for the global and local views. The global and local
crops are created by sampling image regions from the scale ranges of(Sg; 1:0) and(0:05; Sl ). The
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Figure 2: Left:Pixel Scale, i.e., the relative area between the crop in the original image and its resized
area. Right: different settings and resulting performance. It is clear from the graph that optimal
performance is achieved when both local and global crops have similarPSs (mean(PSg=PSl ) � 1:0).

crops are then resized to224 and96. We hypothesize that view-matching dif�culty depends on an
interplay between these two scales. To explore this, we examine the impact of the scale range for the
global views by varyingSg while �xing Sl to 0:14, the default value, and then searchingSl with the
obtainedSg. Here we decouple the search forSg andSl for simplicity.

Fig. 1 con�rms that training is sensitive to the relative crop scale. MakingSg too large or too small
hurts performance. A largerSg reduces the variance of the global crops. This makes the matching
of global views trivial and increases the discrepancy between global and local views, making their
matching challenging. On the other hand, values ofSg smaller thanSl may lead to the mismatch in
pixel-scalebetween views: the two views of the same scale are resized to different resolutions (see
Sec. 3.3.2). The best performance is achieved by setting bothSg andSl to [0:3; 0:4].

3.3.2 RELATIVE PIXEL SCALE

Even if two views have similar semantic meanings, they might not correspond to the samepixel scale.
We de�ne thepixel scaleof a view asPS= final size

cropped size , which can be considered an indication of the
“size of the pixel”. For each image, the global viewsf gi g and local viewsf l i g are resized to different
resolutions (GC= 224 andLC= 96 respectively). Thus, thepixel scaleof a global viewg (PSg) and
a local viewl (PSl ) are:

PSg =
GC� GC
Area(g)

; PSl =
LC� LC
Area(l)

(1)

Fig. 2(A) provides an example.

The ratioPSg=PSl indicates the discrepancy inpixel scalebetween the global and local views. We
investigate if such discrepancy has any impact on the self-supervised training. To do this, we control
PSg=PSl by varying the �nal resolution of the local view,LC. To avoid resizing views of the same
scale to different resolutions, we keepSg = Sl = S. We perform experiments withSequals to0:14,
which is the default value, and0:3, the optimal value we obtain in Sec.3.3.1.

Fig. 2(B) shows that matching views of differentpixel scalesresults in inferior performance. Here,
the optimal resolution for the local views (LC) is not a golden value but depends onmean(PSg=PSl ),
which is the mean ratio of thepixel scalesbetween the global and local views over the training set.
With S set to either0:14 or 0:3, the best accuracy is achieved whenmean(PSg=PSl ) � 1:0, i.e.
LC= 103 whenS= 0:14, LC= 128 whenS= 0:3.

3.3.3 NUMBER OF LOCAL VIEWS

The relative crop and pixel scales play a fundamental role, yet they are randomly sampled at every
iteration. Intuitively, one could increase the number of views sampled to improve the likelihood of
each image having at least some good pairs that would keep the supervisory signal healthy.

We perform experiments in different settings with differentLCandS. However, as shown in Fig.3
(left), increasing the number of local views leads to marginal improvements which also saturate
quickly. We posit that randomly sampling local views may include redundant crops that provide no
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