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Abstract

Self-supervised contrastive learning is a popular
way to pre-train vision foundation models. So far,
it has mostly been studied with large pre-training
datasets, and it is most accessible to organizations
with massive computational resources. In this work
we evaluate the data-efficiency of one such method,
Momentum Contrast (MoCo), and investigate how
to make it work better when less data is available.
We pre-train a Vision Transformer with MoCo on
subsets of Tiny-ImageNet ranging from 1,000 to
100,000 images, and evaluate the learned represen-
tations on a diverse set of downstream tasks us-
ing linear probing. We investigate how the train-
ing parameters of MoCo should be chosen for a
given amount of data, how the downstream accu-
racy scales with the amount of pre-training data,
and how this scaling differs across types of down-
stream tasks. We find that the best parameters de-
pend on the amount of data: the optimal number of
negatives used for the contrastive objective grows
with the size of the dataset, while the momentum
coefficient has no single best value. We also find
that pre-training is beneficial even with very lit-
tle data, the downstream accuracy grows approxi-
mately log-linearly with the size of the pre-training
set, and the data-efficiency growth rate is larger for
tasks that are similar to the pre-training data.

1 Introduction

Deep neural networks are at the core of modern computer vi-
sion. They are being actively developed and drive much of
the progress in automatic image understanding tasks. Tra-
ditionally, these networks are trained on carefully curated
datasets designed for a specific task, such as object detec-
tion or per-pixel prediction. The current dominant approach
moves beyond this by first pre-training a foundation model
[1] on large-scale broad data. This foundation model is then
used as a backbone in a second step, where it is adapted on
task-specific data.

A lot of the current research on foundation models focuses
on improving computational efficiency [15; 16], expanding
the range of tasks they can handle [8; 14], and scaling them
up by training on even more data [3; 5; 17]. However, rel-
atively little attention has been given to how these models
can be trained with less data. As a result, developing such
models is mostly limited to a small number of, often com-
mercial, organizations that have more resources to work with
massive datasets. This creates a fragile dependency, where
access to important models for downstream tasks may be re-
stricted by commercial interests. At the same time, the lack of
transparency about the data used to train these models raises
concerns about bias, copyright, and privacy.

A popular approach for training foundation models is self-
supervised learning (SSL) [12]. It learns representations di-
rectly from the images themselves, without using external la-
bels. This is well suited to foundation models because it cap-

tures general features that transfer well to a wide range of
downstream tasks.

Contrastive learning is one of the main categories of SSL
methods [10], and Momentum Contrast (MoCo) [9] is one of
its representatives. At the time of publication, its latest ver-
sion, MoCo v3 [2], achieved some of the best results among
SSL methods when trained on ImageNet, a large dataset of
general images. However, the performance of MoCo has not
been studied in settings where only a small dataset is avail-
able.

The goal of this project is to close this gap and study the
data-efficiency of MoCo. We train it on subsets of Tiny-
ImageNet (a scaled-down version of ImageNet) of varying
sizes, and evaluate the resulting models on the Visual Task
Adaptation Benchmark (VTAB) [20]. More specifically, we
focus on the following research questions:

1. How should the parameters specific to training a foun-
dation model using MoCo be chosen to obtain the best
accuracy for different sizes of pre-training data?

2. How does the downstream accuracy of MoCo scale with
the amount of data used for pre-training?

3. How does this scaling vary across the different types of
downstream tasks?

We make the following contributions. First, we show that
the optimal parameters for MoCo depend on the amount of
training data, and differ from the values recommended for the
large-data setting in the original work. Second, we find that
pre-training is beneficial even with very little data, and that
the downstream accuracy grows approximately log-linearly
with the size of the pre-training set. Finally, we demonstrate
that the data-efficiency of pre-training varies across the dif-
ferent types of downstream tasks.

2 Background

2.1 Contrastive Learning

Contrastive learning is a self-supervised approach that learns
useful image representations without labels. The main idea is
to learn an embedding space in which different views of the
same image lie close together, while views of different images
are pushed apart [18]. The two views of an image are pro-
duced by applying random data augmentations, such as crop-
ping, color jittering, and blurring, to the same source image.
The two augmentations of one image form a positive pair,
while augmentations of all other images act as negatives. By
repeatedly pulling positives together and pushing negatives
apart, the model is forced to capture the semantic content that
is invariant to the augmentations rather than low-level pixel
statistics. The resulting backbone can then be transferred to
downstream tasks. Well-known contrastive learning methods
include SimCLR, InstDisc, MoCo [10]. MoCo is the latest
method that builds upon the previous work and improves their
results, which is why we chose it for our work.

2.2 Vision Transformer

The Vision Transformer (ViT) [6] adapts the transformer ar-
chitecture, originally developed for natural language process-
ing, to images, and has become one of the most prominent



architectures in computer vision. ViTs also show strong re-
sults in self-supervised learning: in particular, the authors of
MoCo v3 [2] show that a ViT backbone gives stronger results
than a convolutional network. For this reason we use a ViT
as the backbone in this paper.

2.3 Visual Task Adaptation Benchmark

Foundation models trained with self-supervised learning are
usually evaluated on a diverse set of benchmarks, since
a good representation should transfer well to many differ-
ent tasks rather than to a single one [7]. An example of
such a benchmark is the Visual Task Adaptation Benchmark
(VTAB) [20], which collects a large number of image clas-
sification tasks and groups them into three categories. The
natural tasks consist of natural images captured with stan-
dard cameras, such as everyday objects, animals, and scenes.
The specialized tasks use images captured with specialized
equipment, for example medical images and remote-sensing
imagery. The structured tasks require an understanding of
the structure of a scene, such as counting objects or estimat-
ing distances. By covering these different categories, VTAB
gives a broad evaluation of the learned representations which
we find important for our research.

3 Methodology

3.1 Momentum Contrast

Momentum Contrast (MoCo) is a contrastive learning
method. We base our work on its latest version, MoCo v3
[2]. It uses two encoders, each built from a backbone that
maps an augmented image to an embedding. The query en-
coder f, processes the first view to produce a query embed-
ding ¢, and the key encoder fj, processes the second view to
produce the matching positive key k. The augmented views
are passed through projector and predictor heads. The key
encoder is not trained by backpropagation but is updated as
an exponential moving average of the query encoder, where
the rate of the updates is controlled by the momentum coeffi-
cient. This keeps the keys consistent across training steps and
stabilizes learning.

As negative keys {k~}, the embeddings that the query is
pushed away from, we use the other images in the current
batch.

Training minimizes the InfoNCE loss [18], which for a sin-
gle query is

exp(q-k*/7)
exp(q-kt/7)+> - exp(q-k= /1)

where 7 is a temperature hyper-parameter. Minimizing the
loss increases the similarity of the positive pair while decreas-
ing the similarity to the negatives, and it is applied symmetri-
cally by swapping the roles of the two views.

L, = —log (1)

3.2 Approach

The focus of this project is to analyze the quality of the repre-
sentations learned by MoCo when the training data is limited
to different degrees, and to find out how to adapt it in such
cases.

The two parameters of MoCo that most strongly affect the
results are the number of negative keys and the momentum
coefficient. The number of negatives matters because it de-
termines how many other images each image is contrasted
against in the loss, since we use in-batch negatives, it is set
by the batch size. The momentum coefficient is important
because it controls how quickly the key encoder follows the
query encoder, and therefore how fast the learned representa-
tions are allowed to change during training.

To answer the research questions we conduct the following
experiments:

1. We analyze how the number of negative keys used in
the contrastive objective affects the results, and find the
optimal value for different sizes of available data.

2. We analyze which momentum coefficient works best for
different sizes of the training data.

3. Using the best parameters found in the previous experi-
ments, we evaluate the model on the VTAB [20] bench-
mark of downstream tasks and analyze how the results
change with the amount of available pre-training data.

4 Experimental Setup

In this section we describe our experimental setup to make
the experiments reproducible. We first present the datasets,
then the model configuration, the training and early-stopping
protocol, and finally the linear-probing evaluation. The full
source code is available in our public repository [13].

4.1 Datasets

The original MoCo v3 paper [2] pre-trained on the full Im-
ageNet dataset. Because of the limited computational re-
sources available for this project, pre-training on full Ima-
geNet is infeasible, so we switched to Tiny-ImageNet. It is
a downscaled subset of ImageNet that contains broad natu-
ral images, such as animals, vehicles, and everyday objects,
grouped into 200 classes. The training set has 100,000 im-
ages, 500 per class, each of resolution 64 x 64 pixels. Despite
its smaller scale, Tiny-ImageNet still covers a diverse set of
general image categories.

To study how downstream accuracy scales with the amount
of pre-training data, we construct nested splits of Tiny-
ImageNet of increasing size: 1,000, 2,000, 4,000, and so on
by doubling up to 64,000, plus the full 100,000 images. The
images within each class are shuffled once before the splits
are formed. Each split is balanced, containing an equal num-
ber of images from every class. The splits are nested, mean-
ing that every larger split contains all smaller splits as subsets.
This approach ensures that the only variable changing across
the splits is the dataset size, so differences in downstream ac-
curacy can be attributed to the amount of pre-training data
rather than to which particular images were sampled.

For downstream evaluation we use the Visual Task Adap-
tation Benchmark (VTAB) [20]. We evaluate on all of its
tasks, across all three categories: 7 natural, 4 specialized, and
8 structured. More specifically, we use VTAB-1K, the variant
in which each task provides 1,000 training images. Keeping
the amount of training data the same for every task makes the
comparison between tasks fair and representative.



4.2 Model Configuration

Across all experiments we use the same MoCo configura-
tion, changing only the parameters that a given experiment
requires such as the batch size and the momentum coefficient.

As the backbone we use a ViT-Tiny/8. We chose this vari-
ant because its patch size of 8 is well suited to the small
64 x 64 images we work with.

For the remaining settings we follow the recommendations
of the original MoCo v3 implementation [2]. We use the
AdamW optimizer with a base learning rate of 1.5e-4. This
learning rate is scaled linearly depending on the batch size
with the following rule:

Ir = 1.5e-4 x BatchSize /256, 2)

At the start of training the learning rate is warmed up linearly
over the first 40 epochs, which avoids large, destabilizing up-
dates while the weights are still close to their random initial-
ization.

To generate the two views of each image that the con-
trastive objective compares, we use the same data augmen-
tations as in the reference code: a random resized crop, color
jittering, random grayscaling, Gaussian blur, and a random
horizontal flip.

4.3 Training Duration and Early Stopping

Our setting differs from the original paper in two ways: we
train on Tiny-ImageNet rather than ImageNet, and we train
on subsets of different sizes. Because of this, the number of
epochs needed for a run to converge is not known in advance.
We therefore adopt a protocol with a dynamic training dura-
tion and early stopping, which lets each run train for as long
as it keeps improving.

Since the total number of epochs is not known in advance,
we keep the learning rate constant after the warm-up.

To track progress we use kNN monitoring [19], a tech-
nique that is widely used in self-supervised learning research.
Every 5 epochs, we evaluate the query encoder on the Tiny-
ImageNet validation set using a kNN classifier built from the
embeddings of the training data. Figure 1 shows the resulting
monitoring curve for one run.

Training history

T — kNN top-1
® best 39.39% @ 395

kNN top-1 accuracy (%)

T T T T T
o] 100 200 300 400
epoch

Figure 1: Example of kNN accuracy tracking for pre-training on
64000 images. The training protocol allows the model to achieve
the maximum result according to the monitoring metric.

We continue training each model as long as its kNN ac-
curacy keeps improving. To decide when to stop, we keep
track of the running maximum of the kNN accuracy and ter-
minate once this maximum has not improved during the last
15% of the epochs. We always let a model train for at least
350 epochs, since the early part of training tends to be noisier
and its measurements are less reliable.

We consider this approach fair across the different splits
because each model is allowed to train at its own pace until it
reaches its best monitoring value. As the patience criterion is
expressed in relative terms, the final shapes of the monitoring
curves follow the same structure.

Finally, the checkpoint that reaches the highest kNN accu-
racy is the one we keep and use for the next steps.

4.4 Linear Probing Evaluation

The contrastive objective trains the backbone without using
the labels. To measure how useful the learned representations
are, we use linear probing, a standard technique for evaluating
a pre-trained backbone. The projector and predictor heads are
discarded, and the backbone is frozen so that its weights are
not updated. A single linear classification layer is then trained
on top of the embeddings produced by the frozen backbone,
using a labeled dataset. The only parameters that are learned
are those of this linear layer, which maps an embedding to a
class.

Because the backbone is fixed, the accuracy of the linear
classifier depends only on how linearly separable the frozen
representations already are. A backbone that has learned se-
mantically meaningful features lets even a simple linear layer
separate the classes well, whereas a poor backbone does not.
This makes linear probing an inexpensive and widely used
proxy for the quality of the learned representations without
the large cost of fine-tuning the whole network.

For the linear probing implementation we follow the pro-
tocol of the official MoCo v3 paper [2], and take the hyper-
parameters, such as the learning rate, the number of epochs,
and the optimizer, from there.

To determine the optimal parameters of momentum con-
trastive learning, we run linear probing on the validation set
of Tiny-ImageNet, similarly to how it was done in the orig-
inal paper [2]. Since these parameters control the quality of
the pre-training itself, we find it most logical to evaluate them
on the validation set of the pre-training dataset, as this reflects
that quality most directly. For the downstream evaluation, we
run the same linear probing on VTAB.

S Experiment Results

5.1 Number of Negative Keys Analysis

As shown in previous work [2; 9], momentum contrastive
learning usually benefits from a larger number of negative
keys, since contrasting an image against more other images
provides deeper training signal. In this experiment we study
whether this still holds in the low-data regime. In our setup
the number of negatives corresponds to the batch size.
Training on all data splits would have been too computa-
tionally expensive, so we used every other split: 1k, 4k, 16k,
and 64k. For each of them we trained with batch sizes of 125,



250, 500, 1000, and 2000. Previous work usually compares
batch sizes that are powers of two, we followed the same ap-
proach, but adjusted the values slightly so that the batch size
divides the size of the training data. Two combinations were
left out: a batch size of 2000 is larger than the 1k split, and
a batch size of 125 would have taken too long to train on the
64k split with our hardware. The results of the linear-probing
evaluation on the Tiny-ImageNet validation set are presented
in Table 1.

Number of negatives

Split 125 250 500 1000 2000
1k 10.18 10.08 9.37 9.13 -
4k 19.71 18.64 18.13 17.12 17.92
16k  29.05 3191 3270 30.72 31.21
64k — 3942 42.82 4342 4334
Table 1: Linear-probe top-1 validation accuracy (%) on Tiny-

ImageNet at the final epoch, for each pre-training split and number
of negatives. The maximum value in each row is shown in bold. The
optimal number of negatives increases with the size of the training
data.

As the table shows, in our case a larger batch size does
not always lead to better results, and for the smaller splits
the best accuracy is in fact reached with the smallest batch
sizes. In general, the optimal batch size grows with the size
of the training data. A possible explanation is that smaller
batches produce noisier gradient estimates, which can act as
a regularizer and improve generalization [11]. This effect is
especially valuable when little data is available and overfitting
is the main risk.

When the batch size approaches the size of the whole
dataset, each image is contrasted against almost the same set
of negatives at every step. This lack of variety in the negatives
can lead to suboptimal convergence, which further reduces
the benefit of using very large batches on the small splits.

The difference from the original work can also be ex-
plained by our use of Tiny-ImageNet instead of the full Ima-
geNet. Tiny-ImageNet has only 200 classes instead of 1000,
so for the same batch size a larger fraction of the negatives
belong to the same class as the query. These false negatives
make large batches more harmful in our setting than in the
original one.

5.2 Momentum Coefficient Analysis

The momentum coefficient is the parameter that determines
how the key encoder is updated. In previous work the values
0.9, 0.99, and 0.999 are usually compared. The MoCo v3
paper found 0.99 to perform best [2].

We reused the splits and the optimal number of negatives
found in the previous subsection, and ran the same linear-
probing evaluation on the Tiny-ImageNet validation set for
these three momentum values, to see which one gives the best
results. The results are presented in Table 2.

In our case there is no single best value across all splits.
As the table shows, different momentum coefficients give the
best result for different splits, and we do not observe a clear

Momentum coefficient

Split 09 099 0.999
1k 9.83 10.18 8.82
4k 19.12  19.71 20.54
16k  30.33 32,70 31.27
64k  43.64 4342 3581

Table 2: Linear-probe top-1 validation accuracy (%) on Tiny-
ImageNet at the final epoch, for each pre-training split and mo-
mentum coefficient. The best momentum coefficient in each row
is shown in bold, there is no clear pattern explaining how to choose
the optimal value.

pattern. From this we conclude that there is no stable momen-
tum coefficient that is suitable for all data regimes, it should
be tuned carefully when training a MoCo model.

5.3 Pre-Training Across All Splits

After determining the best parameters for MoCo for different
training data sizes, we ran the full pre-training on all data
splits using these optimal values. For the splits that we did
not test directly, we used the parameters found for the closest
smaller split (for example, for the 8k split we used the values
found for 4k).

To make the evaluation more objective, we performed sev-
eral training runs with different random seeds. Each run used
a unique pair of seeds, one for generating the data subset and
one for the random number generators used during training:
(42,1205), (43,1206), and (44, 1207).

One aspect we would like to highlight is the number
of epochs needed to reach the best result under our kNN-
monitoring protocol, which is reported in Table 3.

Training data size ~Number of epochs

1k 4865
2k 3645
4k 3280
8k 1440
16k 1405
32k 840
64k 395
100k 380

Table 3: Number of pre-training epochs required to reach the early-
stopping criterion for each training data size. The optimal number
of epochs is decreasing with the growth of the training dataset size.

The original MoCo v3 paper [2] trained for 300 epochs
and also tested 600 epochs, which did not give much im-
provement at their full ImageNet scale. In our setting, the
number of epochs is higher for the small splits and generally
decreases as the size of the training data grows. A possible
explanation is that for smaller splits one epoch corresponds to
fewer gradient updates, so more epochs are needed for con-
vergence.

This result can be helpful in a scenario where kNN mon-
itoring is not available: it is important to remember that the



required number of epochs changes with the size of the train-
ing data, so it is worth trying to extend the training runs.

5.4 Downstream Evaluation

We ran linear probing on all tasks of the VTAB benchmark
[20] for the downstream evaluation. As a baseline, we also
evaluated a backbone with randomly initialized weights. Fig-
ure 2 shows the accuracy averaged over all tasks, together
with this random baseline.

VTAB linear-probing accuracy vs. training data size

—&— mean over VTAB tasks
+1 std across the seeds
40 1 —-- random init (21.43%)

354

30 4

Mean top-1 accuracy (%)

1k % & 8k 16k ER 64k 100k
Training data size
Figure 2: Mean VTAB linear-probing top-1 accuracy as a function of

the pre-training data size. The accuracy growth rate is approximately
linear on the logarithmic scale.

The results are quite stable: the highest standard devia-
tion across the seeds is 0.56, reached on the 16k split, which
is small at our scale, so the results are representative. Pre-
training even on the smallest data split already gives a notable
improvement over the random initialization, 33.29% (40.33)
versus 21.43%. From there, the accuracy increases across all
data splits at an approximately linear rate on the logarithmic
scale. Each doubling of the dataset size improves the accu-
racy by 1.33% on average.

Figure 3 shows how the accuracy changes for each of the
three VTAB task categories. For reference, the random-
initialization accuracy of each category is:

e natural: 6.19%,
* specialized: 52.10%,
« structured: 19.44%.

The natural category shows the highest growth, which can
be explained by the fact that Tiny-ImageNet, used for pre-
training, contains images of a similar kind. The special-
ized tasks also improve noticeably, but by a smaller amount.
The structured tasks, in contrast, stay almost flat: from the
random-initialization value of 19.44%, the 1k split reaches
only 27.17% (£0.29) and the 100k split 29.31% (£0.62).
There are several possible explanations for this. First, the
structured category contains challenging tasks, such as object
counting and distance estimation, for which features learned
from general images are less useful. Second, our models are
trained on 64 x 64 images, and this resolution may be too low
for such complex tasks.

VTAB linear-probing accuracy by category vs. training data size
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60+

category
—e— natural
specialized
—e— structured

50 4

40

Mean top-1 accuracy (%)

304

1k 2% ak ak 16k 37k 64k 100k
Training data size
Figure 3: VTAB linear-probing top-1 accuracy for different cate-
gories of tasks. The natural tasks have the highest growth, accuracy

on the specialized ones increases moderately, structured have almost
no improvement.

6 Discussion

6.1 MoCo Parameters for Data-Efficiency

We investigated two parameters of momentum contrastive
learning, the number of negative keys and the momentum co-
efficient, across different amounts of training data, and found
that their optimal values differ across dataset sizes. They also
differ from those reported in the original work [2], and some
of its observations do not hold for small data splits. For ex-
ample, increasing the number of negatives is not always bene-
ficial when only little data is available. The main takeaway is
that, to achieve the best data-efficiency, the parameters have
to be adapted: the default values from the original work can-
not simply be reused.

6.2 Downstream Accuracy Scaling

After analyzing how the downstream accuracy scales with the
size of the training data, we found that even a small amount of
pre-training data is already beneficial, and the accuracy grows
approximately log-linearly with the dataset size.

This is similar to the findings of "When Does Contrastive
Visual Representation Learning Work?” [4], which evaluated
an older contrastive method SimCLR with a CNN backbone
on larger datasets. Our result therefore extends what was pre-
viously known in the field, and possibly indicates a more gen-
eral relation that holds in contrastive learning.

6.3 Data-Efficiency and Downstream Domains

The rate at which the accuracy grows differs between dif-
ferent categories of downstream tasks. This means that the
effectiveness of MoCo for training a foundation model may
depend on the domains of the target tasks. In particular, when
the expected downstream tasks differ significantly from the
pre-training data, the data-efficiency is worse, and more data
is needed to reach a comparable level of results.

6.4 Limitations

Our experiments have several limitations, so very general
claims should not be drawn from our results. First, we con-
sidered only one pre-training dataset, Tiny-ImageNet, and the



results may differ for other datasets. Second, the set of down-
stream tasks from VTAB that we used is not fully exhaustive,
so the behavior may change for other tasks. Third, because
of our limited computational resources, we considered only
one model variant, ViT-Tiny/8, with images at a resolution of
only 64 x 64 pixels, so the results may change for a different
backbone or a higher resolution. Finally, because of the same
compute constraints, the first two experiments, on the num-
ber of negatives and the momentum coefficient, were each
run with a single random seed rather than averaged over sev-
eral. Repeating them with multiple seeds would make their
results more statistically sound.

7 Conclusions and Future Work

In this project we studied the data-efficiency of Momentum
Contrast (MoCo) [2], a self-supervised method that learns
image representations from data without using labels. Such
methods are normally trained on very large datasets, and it is
not well understood how they behave when much less data
is available. We therefore asked how the training parameters
of MoCo should be chosen for different dataset sizes, how its
downstream accuracy scales with the size of the pre-training
data, and how this scaling differs across types of downstream
tasks. To answer these questions, we pre-trained MoCo mod-
els with a Vision Transformer [6] backbone on subsets of
Tiny-ImageNet of increasing size. We evaluated the learned
representations on the downstream tasks of the Visual Task
Adaptation Benchmark (VTAB) [20], which covers several
different categories. For this we used linear probing, where a
simple linear classifier is trained on top of the frozen features.

We found that the parameters of MoCo that work best de-
pend on the amount of available data. The number of negative
keys that each image is compared against has an optimum that
grows with the size of the dataset. For the momentum coef-
ficient, which controls how quickly the model updates one of
its encoders, we did not find a single value that is best for all
dataset sizes, and there was no clear pattern in the measure-
ments. We therefore conclude that these parameters cannot
be chosen once and reused, but have to be adapted to each
size of the available training data.

We also found that pre-training is useful even with a very
small amount of data. The smallest pre-training set we used
already outperformed a randomly initialized model. The
downstream accuracy grows approximately log-linearly with
the size of the pre-training set, so that each doubling of the
data adds a similar amount of accuracy. This improvement is
not the same for every task. Tasks with images that are sim-
ilar to the pre-training data improve the most as more data is
added, whereas tasks that are very different from it improve
only slightly. In other words, the data-efficiency of MoCo
also depends on how close the downstream task is to the data
used for pre-training.

This work can be extended in several directions. One of
the possible next steps is to extend the analysis with a dif-
ferent backbone, such as a convolutional neural network like
a ResNet, to see whether the same data-efficiency behavior
holds beyond transformers. Another promising direction is to
compare MoCo with other self-supervised learning methods

under the same limited data conditions, to find out whether
our conclusions also apply to self-supervised learning more
broadly.

8 Responsible Research

8.1 Ethical Considerations

Our research focuses on an important problem that con-
tributes to democratizing the training of foundation mod-
els. Today, training such models requires very large datasets,
which means that it is mostly accessible to a small number of,
often private, organizations. By investigating the behavior of
the Momentum Contrast method in the low-data regime, we
make it easier for future researchers to train a model when
only little data is available. In this way, our work helps make
this kind of research more open and accessible.

8.2 Reproducibility

We have described our experimental setup in full detail in
the corresponding section, including the datasets, the model
configuration, the training and early-stopping protocol, and
the evaluation procedure. In addition, we make the source
code of our implementation publicly available [13], so that
our experiments and results can be reproduced.
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