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Abstract

Visual foundation models based on Vision Trans-
formers often depend on large datasets and sub-
stantial computational resources, limiting their ac-
cessibility for resource-constrained research set-
tings. This paper investigates the data efficiency
of Masked Autoencoders (MAE) by studying how
pre-training dataset size and mask ratio affect
downstream representation quality. A MAE model
is pre-trained on nested subsets of the same dataset
ranging from 1k to 100k images, using differ-
ent mask ratios, and then evaluated on a different
downstream task dataset. The results show that
MAE learns transferable representations even from
small unlabeled datasets, with downstream accu-
racy increasing steadily as more pre-training data
is used. The experiments also show that the opti-
mal masking difficulty depends on the data regime:
lower masking improves validation accuracy for
the smallest subsets, while the original 75% MAE
mask ratio becomes stronger as the dataset size in-
creases. These findings suggest that mask ratio
should not be treated as a fixed default in MAE
training. Instead, reducing the mask ratio can im-
prove data efficiency when pre-training data is lim-
ited, while higher masking remains effective when
more visual variation is available.

1 Introduction

Training reusable vision models often requires more data
and compute than small research groups can realistically ac-
cess. This problem is especially visible in visual founda-
tion models, where a model is first trained on a broad im-
age dataset and later reused for several downstream tasks [1].
In computer vision, this development is strongly connected
to the Vision Transformer (ViT) architecture [2]. A Vision
Transformer divides an image into small patches and pro-
cesses these patches with a transformer, a neural network ar-
chitecture originally developed for sequence data. This ap-
proach has shown strong performance when trained at suffi-
cient scale, but it often depends on very large amounts of data
and compute.

This dependency on large datasets creates an important
problem for research. If competitive visual models can only
be trained using massive datasets and large computational re-
sources, then the development of state-of-the-art models be-
comes limited to highly resourced organizations. This makes
it more difficult for smaller institutions, students, and inde-
pendent researchers to study, reproduce, or adapt these mod-
els. It also creates ethical concerns, because large datasets
are often difficult to inspect fully and may contain bias, copy-
right issues, or unfair demographic distributions [1]. There-
fore, reducing the dependency on huge datasets is not only
a technical goal, but also a way to make visual Al research
more accessible and responsible.

Self-supervised learning offers one way to reduce the de-
pendency on large amounts of data. Instead of requiring a hu-
man label for every training image, self-supervised methods

create a training signal from the data itself. Masked Autoen-
coders (MAE) are a self-supervised method for Vision Trans-
formers in which a large fraction of image patches is hidden
and the model is trained to reconstruct the missing patches
[3]. After this pre-training stage, the encoder can be reused
as a representation model for downstream tasks. This makes
MAE a useful method for studying data efficiency, because
it allows visual representations to be learned from unlabeled
images.

However, the data efficiency of MAE may depend on more
than the number of available images. MAE has a method-
specific hyperparameter - the mask ratio, which controls
how many image patches are hidden during pre-training, and
therefore directly controls the difficulty of the reconstruction
task. This makes it different from general training choices
such as batch size or learning rate, because it changes the
learning signal produced by each image. A higher mask ratio
gives the model less visible context and forces it to recon-
struct more missing content. The original MAE setup uses
a 75% mask ratio, but this choice was developed for large-
scale pre-training [3]. When the amount of pre-training data
is small, the same masking difficulty may not be optimal. A
lower mask ratio may give the model more useful information
from each image and therefore improve learning in small-data
settings.

This paper studies how pre-training dataset size and mask
ratio affect MAE representation quality. The encoder is pre-
trained on nested subsets of the same dataset and evaluated
with linear probing. In linear probing, the pre-trained back-
bone is frozen and only a linear classifier is trained on the
downstream labels [4; 3], so the evaluation measures what
was learned during pre-training rather than how well the full
model can adapt during fine-tuning [5]. The experiments
therefore focus on the representation learned by MAE. Be-
cause different dataset sizes may require different numbers
of updates before the learned representation stops improving,
checkpoint selection is based on a plateau criterion rather than
on a fixed number of epochs.

The main research question is:

How do pre-training dataset size and mask ratio af-
fect the data efficiency of Masked Autoencoders?

This question is divided into two subquestions:

1. How does downstream linear-probe accuracy change as
the amount of pre-training data increases?

2. How does the MAE mask ratio affect validation accu-
racy at different pre-training dataset sizes?

The experiments show that MAE learns transferable rep-
resentations even with small pre-training subsets, and that
downstream accuracy increases as more unlabeled pre-
training data is used. They also show that the best mask ratio
depends on the data regime. Lower masking works better for
the smallest subsets, while the original 75% mask ratio be-
comes stronger when more pre-training data is available. The
main contribution of this paper is an empirical analysis of
MAE data efficiency that connects dataset size, masking diffi-
culty, and downstream representation quality in a constrained
training setting.



2 Related Work

Vision transformers can achieve high image-classification ac-
curacy, but this often depends on large training datasets. This
data requirement follows from the way vision transformers
process images with fewer built-in image assumptions than
convolutional models [2]. Training recipes for vision trans-
formers have reduced part of this data requirement, but such
recipes still depend on enough labeled or unlabeled data to
learn useful visual structure [6]. Large foundation-model
pipelines make the same problem more practical: when useful
models require large datasets, smaller research groups have
less ability to reproduce, inspect, and adapt them [1]. For this
reason, the amount of data needed for useful ViT representa-
tions is the main concern behind this paper.

Self-supervised pre-training reduces the need for labels by
learning from the images themselves. Masked image model-
ing is one form of self-supervised pre-training, where part of
an image is hidden and the model learns to predict the miss-
ing content [7; 8]. MAE follows this masked-reconstruction
approach with an encoder—decoder design: the encoder re-
ceives only the visible image patches, while the decoder re-
constructs the missing patches [3]. This design makes MAE
relevant for constrained training, because the encoder pro-
cesses fewer tokens during pre-training while still learning
from unlabeled images. The key question for this paper is
therefore not whether MAE can learn visual representations
in general, but how well MAE keeps learning when the pre-
training dataset becomes small.

Prior MAE studies show that masked reconstruction can be
effective, but the strongest evidence often comes from larger
or fixed pre-training settings. The original MAE work re-
ports strong results when the method is trained with a high
mask ratio and a large pre-training setup [3]. Small-scale
MAE studies show that the same idea can also be adapted to
smaller models and smaller image datasets, but their results
depend on choices such as patch size, reconstruction target,
and masking strategy [9; 10]. These studies are useful for
choosing MAE as the method to study, but they do not fully
answer how MAE accuracy changes across a controlled range
of pre-training dataset sizes. This paper addresses that gap
by measuring the learned representation after pre-training on
progressively smaller dataset fractions.

The mask ratio is closely tied to MAE data efficiency be-
cause the mask ratio changes the amount of information avail-
able during reconstruction. A high mask ratio leaves few visi-
ble patches, which can reduce encoder compute and force the
model to learn broader image structure [3]. A lower mask
ratio leaves more visible patches, which can make the re-
construction task easier and may give a more stable learn-
ing signal when few images are available. Prior masked-
reconstruction work often treats the mask ratio as a training
choice for a fixed data setting, rather than as a factor that
may interact with dataset size [3; 9]. This paper therefore
studies the mask ratio together with dataset size, while using
a shared checkpoint-selection protocol to account for differ-
ences in training length across dataset sizes.

Linear probing is a suitable evaluation protocol when the
goal is to compare learned representations under a limited

compute budget. Since only a linear classifier is trained on
the downstream labels, linear probing is much faster to com-
pute than full fine-tuning, because only a small number of pa-
rameters are updated [4]. Full fine-tuning can improve down-
stream accuracy, but it also updates the backbone and makes
the effect of pre-training harder to isolate [5]. Linear probing
therefore matches the goal of this paper, because it provides a
quick downstream evaluation while still showing how dataset
size and mask ratio affected the representation learned during
MAE pre-training.

3 Methodology

This section describes how MAE pre-training and linear prob-
ing are used to measure representation quality. The method
has two stages. First, an encoder is pre-trained without la-
bels by reconstructing missing image patches. Second, the
pre-trained encoder is frozen and evaluated with a linear clas-
sifier. This separation is important because the paper studies
the representation learned during pre-training, not the ability
of the full model to adapt during fine-tuning.

3.1 MAE Pre-training

MAE pre-training learns visual representations by recon-
structing hidden parts of an image. An input image is first
divided into non-overlapping patches. A fixed fraction of
these patches is then masked. The remaining visible patches
are passed to the encoder, while the masked patches are re-
moved from the encoder input. The mask ratio controls how
much of the image is hidden, so the mask ratio also controls
the difficulty of the reconstruction task. Figure 1 shows the
MAE pre-training pipeline. The figure highlights the role
of the mask ratio: increasing the mask ratio removes more
patches from the encoder input, while decreasing the mask
ratio leaves more visible context for reconstruction.

encoder - decoder -

target

Figure 1: Masked Autoencoder pre-training pipeline, based on the
method from He et al. [3]. An input image is split into patches, a
subset of patches is masked, and only the visible patches are pro-
cessed by the encoder. A lightweight decoder then reconstructs the
missing patches from the encoded visible patches and learned mask
tokens. In this paper, the mask ratio is varied because it changes how
much context is available to the encoder during reconstruction.

The encoder produces a representation from only the visi-
ble patches. After the encoder, a lightweight decoder receives
the encoded visible patches together with learned mask to-
kens. The mask tokens mark the locations where patches
were removed. Positional embeddings are added so that the



decoder can use the original patch locations. The decoder
then predicts the pixel values of the missing patches. After
pre-training, the decoder is discarded and only the encoder is
kept for downstream evaluation.

The reconstruction loss compares the predicted patches
with the original image patches. Let x; be the original pixel
values of patch i, let Z; be the reconstructed pixel values of
the same patch, and let M be the set of masked patches. The
MAE reconstruction loss is

1 o2
L = Tr; —X; . 1
Equation 1 trains the model to predict the missing image
content from the visible context. This objective is useful for
this paper because the learning signal comes from the image
itself, which makes MAE suitable for studying unlabeled pre-
training under different data budgets.

3.2 Representation Evaluation

The quality of the pre-trained encoder is evaluated with linear
probing. Linear probing freezes the encoder and trains only a
linear classifier on top of the encoder representation. Freez-
ing the encoder prevents the downstream task from changing
the learned representation. The resulting accuracy therefore
gives a direct estimate of how useful the pre-trained repre-
sentation already is. Figure 2 illustrates the linear-probing
pipeline used to evaluate the frozen MAE encoder.
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-> a\ﬁ,ﬁ?,?e -> linear = | prediction
p g classifier truck

. cached 10 class
image features logits
tokens

Figure 2: Linear-probing evaluation pipeline. A downstream image
is passed through the frozen pre-trained encoder, producing patch-
level image tokens. These tokens are aggregated with average pool-
ing into a fixed feature vector, and only the linear classifier is trained
to predict the downstream class. This setup evaluates the representa-
tion learned during MAE pre-training without updating the encoder.

Let fp(x) be the frozen encoder representation of an input
image x. The encoder parameters 6 are fixed during linear
probing. Let W and b be the trainable weight matrix and bias
vector of the linear classifier. The classifier produces logits

z=Wfy(x)+0. 2)

In Equation 2, z contains one score for each downstream

class. Using these scores, the linear classifier is trained by

trying to minimize the cross-entropy loss. Let C' be the num-

ber of classes, let y. be the target label for class ¢, and let

p. be the predicted probability for class c after applying the
softmax function to z. The loss is

C
L‘CE = - Z Ye 10gpc- (3)

c=1

Only W and b are updated when minimizing Equation 3.
This evaluation protocol is therefore suitable for this paper,
since many pre-training settings must be compared under a
limited compute budget, which is more difficult when there
are more parameters that need to be updated.

3.3 Studied Factors

The method is used to study two factors that affect MAE data
efficiency. The first factor is the amount of pre-training data.
Changing the amount of pre-training data changes how many
images the MAE objective can learn from before downstream
evaluation. The second factor is the mask ratio. Changing
the mask ratio changes how much visual context is available
during reconstruction.

These two factors are connected. With more pre-training
data, the model can learn from more visual variation, so a
harder reconstruction task may still provide a useful learning
signal. With less pre-training data, a high mask ratio may
remove too much information from each image, which can
make the reconstruction task less helpful. For this reason,
the experiments evaluate dataset size and mask ratio together
rather than treating the mask ratio as a fixed setting.

4 Experimental Setup

This section describes the experimental choices needed to un-
derstand the results. Complete configuration tables for MAE
pre-training and downstream linear probing are provided in
Appendix A. Across the main experiments, only the pre-
training dataset size and mask ratio were varied.

4.1 Datasets

The dataset used for MAE pre-training was Tiny ImageNet. It
was chosen, because this dataset is small enough for repeated
pre-training runs on limited hardware, but large enough to
study how representation quality changes with dataset size.
Its 64 x 64 resolution also keeps the patch-based reconstruc-
tion task meaningful while being cheaper than full-resolution
ImageNet.

To study data efficiency, the Tiny ImageNet training set
was split into nested subsets of 1k, 2k, 4k, 8k, 16k, 32k, 64k,
and 100k images. Each smaller subset was contained in all
larger subsets. This makes the comparison between dataset
sizes more controlled, because increasing the dataset size
only adds images instead of replacing earlier ones. The Tiny
ImageNet validation set was used only for monitoring and
checkpoint selection during pre-training, but was not used for
the pre-training itself.

CIFAR-10 was the dataset chosen for the final downstream
evaluation. This gives an out-of-domain test, because the en-
coder is pre-trained on Tiny ImageNet and evaluated on a
different classification dataset. All CIFAR-10 images were
resized to 64 x 64 and normalized with ImageNet statistics.



4.2 Model and Pre-training Configuration

All experiments used a ViT-Tiny/8 encoder with hidden size
192. The MAE decoder used hidden size 192, 4 transformer
layers, 3 attention heads, and intermediate size 768. These
values were chosen to keep the decoder lightweight while
matching the encoder representation size. The hidden size
and number of attention heads keep the decoder compatible
with the ViT-Tiny/8 encoder, while the smaller depth limits
the extra compute used only for reconstruction. This is impor-
tant in this study because the decoder is discarded before eval-
uation, so a large decoder would increase pre-training cost
without directly improving the downstream model.

The pre-training configuration mostly followed the origi-
nal MAE recipe [3]. The only difference in hyperparameter
values was the batch size, which was chosen to be 500, be-
cause it divides all Tiny ImageNet subset sizes exactly, while
being the largest value that fit the GPU on the local PC used
for testing.

The mask ratio was varied across three values: 62.5%,
75%, and 87.5%. The 75% setting matches the original MAE
setup and leaves 16 visible patches per image in this config-
uration [3]. The 62.5% setting leaves 24 visible patches and
tests whether smaller datasets benefit from an easier recon-
struction task. The 87.5% setting leaves 8 visible patches and
tests whether stronger masking remains useful when less vi-
sual context is available.

4.3 Plateau-based Training Protocol and
Checkpoint Selection

Pre-training used a warmup-stable—decay schedule for
plateau-based checkpoint selection [11]. This schedule was
chosen for the experimental protocol, not as a factor in the
research question. The goal of the schedule was to make runs
extendable: after warmup, the stable phase keeps the learn-
ing rate constant, so training can continue while the mon-
itored representation quality still improves. This is useful
when different pre-training dataset sizes may require differ-
ent numbers of updates before plateauing. In contrast, a co-
sine schedule requires the final training length to be fixed in
advance, which would make it harder to distinguish a true
representation-quality plateau from a plateau caused by a de-
cayed learning rate [12].

The schedule starts with a 40-epoch warmup, following the
original MAE setup [3]. After warmup, the learning rate stays
constant during the stable phase. This constant phase is use-
ful for this study because the run length is not fixed in ad-
vance: training can continue while the monitored representa-
tion still improves, which takes different time on the different
dataset splits. The stable phase ends when validation accu-
racy plateaus or when the run reaches the 100k-step compute
limit.

After the stable phase, the learning rate was decayed dur-
ing a cooldown phase. Different cooldown lengths have been
studied for constant learning-rate training, with useful values
reported around 10-20% of total steps [12]. The cooldown in
this paper was set to 10% of the total run length.

During the stable phase, a monitoring probe was trained
every 40 epochs. The monitoring probe used the current Tiny

ImageNet subset for training and the Tiny ImageNet valida-
tion set for evaluation. Training stopped when no new best
validation accuracy was found for 10 consecutive monitoring
probes, which corresponds to 400 epochs without improve-
ment. For final CIFAR-10 evaluation, the selected checkpoint
was the one with the highest Tiny ImageNet validation accu-
racy, not necessarily the last checkpoint of the run.

4.4 Downstream Linear-Probe Evaluation

The final representation was evaluated with a linear probe
on CIFAR-10. The probe input was produced with global
average pooling over the encoder patch tokens, follow-
ing the MAE linear-probing setup [3]. The probe head
used BatchNorm1d(192) with affine=false, followed by
Linear(192, 10). Batch normalization was introduced to nor-
malize activations during training [13], and the non-affine
version is used in MAE linear probing to normalize feature
magnitudes without adding trainable affine parameters [3].

4.5 Compute Environment

All final experiments were run in a RunPod container with
one NVIDIA RTX A4500 GPU. The instance used 12 vC-
PUs from an AMD EPYC 7352 24-Core Processor, 62 GB
of system memory, and 20 GB of container disk. The
software environment was runpod/pytorch:2.4.0-py3.
11-cudal2.4.1-devel-ubuntu22.04. Each MAE pre-
training configuration was run with seeds 0 and 42. For each
selected pre-trained checkpoint, the downstream CIFAR-10
linear probe was trained with seed 0. The reported pre-
training results therefore average two MAE runs, while the
downstream probe uses a fixed probe seed to isolate the ef-
fect of the pre-trained encoder.

5 Results

This section presents the experimental results in two steps.
First, the mask-ratio experiment tests whether the best mask-
ing difficulty changes with pre-training dataset size. Second,
the downstream experiment evaluates how CIFAR-10 accu-
racy changes when MAE is trained with the selected mask-
ratio rule. The first experiment uses Tiny ImageNet validation
accuracy for checkpoint monitoring, while the second exper-
iment uses CIFAR-10 test accuracy after downstream linear
probing.

5.1 Experiment 1: Which mask ratio works best at
different dataset sizes?

Question. How does the MAE mask ratio affect validation
accuracy when the amount of pre-training data changes?

Figure 3 shows the effect of mask ratio on Tiny ImageNet
validation accuracy. The plot reports the absolute difference
in percentage points relative to the original MAE mask ratio
of 75%. This makes the comparison easier to read than raw
validation accuracy, because the validation accuracy changes
strongly with dataset size.

The lower mask ratio of 62.5% gives the best result on the
smallest subsets. At 1k images, it is slightly above the 75%
mask ratio, while the 87.5% mask ratio is clearly worse. The
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Figure 3: Effect of mask ratio on Tiny ImageNet validation accu-
racy. The y-axis shows the absolute difference in percentage points
compared with the original MAE mask ratio of 75% at the same
dataset size. Positive values mean that a mask ratio performs bet-
ter than 75%, while negative values mean that it performs worse.
Lower masking improves validation accuracy for the 1k and 4k sub-
sets, the mask ratios are close at 16k, and the original 75% mask
ratio is strongest at 64k.

difference becomes larger at 4k images: 62.5% masking im-
proves over 75% by about 1.3 percentage points, while 87.5%
masking is about 2.0 percentage points lower. At 16k im-
ages, 62.5% and 75% are almost tied, with the 75% mask ra-
tio being just 0.015 percentage points higher. At 64k images,
the 75% mask ratio becomes the best setting, with the 87.5%
mask ratio becoming better than the 62.5% one. This pattern
shows that smaller datasets benefit from a lower masking dif-
ficulty, while the original MAE mask ratio becomes stronger
once more pre-training data is available.

The mask-ratio experiment was therefore used to define
the setting for the final downstream experiment. For the
smaller dataset sizes below 16k, the 62.5% mask ratio was
used. For 16k images and larger, the original 75% mask ra-
tio was used. This rule follows the main trend in Figure 3:
smaller datasets benefit from an easier reconstruction task,
while larger datasets can use the original MAE masking dif-
ficulty.

5.2 Experiment 2: How does downstream
accuracy scale with dataset size?

Question. How does downstream CIFAR-10 accuracy
change as the amount of MAE pre-training data increases?

Figure 4 shows the downstream CIFAR-10 test accuracy
after MAE pre-training. The x-axis shows the number of Tiny
ImageNet images used for pre-training. The y-axis shows the
best CIFAR-10 top-1 test accuracy obtained by the down-
stream linear probe. The dashed line shows the random-
weight baseline, where the same encoder is evaluated without
MAE pre-training.

Downstream accuracy increases steadily as the amount of
pre-training data grows. The model reaches about 59.6%
CIFAR-10 accuracy after pre-training on 1k Tiny ImageNet
images. Accuracy then rises to about 63.3% at 4k images,
67.0% at 16k images, and 69.5% at 100k images. The im-
provement becomes smaller after 32k images. This flatten-
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Figure 4: MAE data-efficiency learning curve. The figure shows
CIFAR-10 top-1 test accuracy after MAE pre-training on different
Tiny ImageNet subset sizes. The selected mask-ratio rule from Fig-
ure 3 is used: lower masking for smaller subsets and the original
75% mask ratio for larger subsets. Accuracy increases as more pre-
training data is used, and all pre-trained models are well above the
random-weight baseline. The smaller gain after 32k images should
be interpreted together with the training limit, since the largest pre-
training runs reached the maximum update budget before plateauing.

ing should not necessarily be interpreted as full saturation
with respect to data size, because the larger pre-training runs
reached the 100k-step limit before satisfying the plateau cri-
terion. The high-data settings may therefore still be under-
trained compared with the smaller settings. All pre-trained
models are far above the random-weight baseline, which
shows that MAE learns useful transferable representations
even with the smallest pre-training subset. The curve also
shows that additional unlabeled data continues to improve the
representation throughout the evaluated range.

Together, the two experiments answer the main empirical
question of the paper. The mask-ratio experiment shows that
the best masking difficulty is not fixed across dataset sizes.
The downstream experiment shows that, under the selected
mask-ratio rule, MAE representations improve as the amount
of pre-training data increases.

6 Discussion

6.1 Interpretation of the results

The results show that MAE data efficiency depends on both
dataset size and mask ratio. This is the main outcome of the
experiments. MAE does not behave as if one masking set-
ting is equally suitable for all data regimes. Instead, smaller
datasets benefit from a lower mask ratio, while larger datasets
can use the original 75% mask ratio more effectively. This
matters because it shows that mask ratio should not be treated
as a fixed MAE hyperparameter, but that it should be chosen
with the available data budget in mind.

The mask-ratio experiment gives a possible explanation for
this behavior. With a small pre-training dataset, each image
has to provide more useful training signal. A lower mask ratio
leaves more visible patches, so the model receives more con-
text from each image during reconstruction. This can make
the self-supervised task easier and more stable when there are



few images to learn from. A higher mask ratio removes more
context, which may be useful at scale, but can make the task
too difficult when the dataset is small. The improvement of
the 62.5% mask ratio at 1k and 4k images supports this inter-
pretation.

The result changes when more pre-training data is avail-
able. At 64k images, the 75% mask ratio gives the best val-
idation accuracy. This suggests that once the dataset con-
tains enough visual variation, the harder reconstruction task
becomes useful again. In that setting, hiding more patches
may encourage the encoder to learn broader image structure
instead of relying on local cues. The conclusion is that low-
ering the mask ratio can improve data efficiency in the small-
est data regimes, but the original MAE masking difficulty re-
mains a strong choice once the dataset is larger.

The downstream CIFAR-10 results show that the selected
MAE setup learns transferable representations across the
evaluated dataset sizes. Accuracy increases as more Tiny Im-
ageNet images are used for pre-training, and all pre-trained
models are above the random-weight baseline. This means
that MAE is useful even with limited pre-training data, but
the benefit grows with additional unlabeled images. For
resource-constrained training, the important point is not only
that more data helps. The important point is that the training
setup should also become easier when the dataset becomes
smaller, otherwise the model may not use the limited data as
effectively.

The stopping behavior gives an additional view of this
data-efficiency trade-off. Runs with 16k images or fewer
reached the plateau condition before the 100k-step limit.
Runs above 16k images reached the 100k-step limit before
plateauing. This suggests that smaller datasets stop providing
new useful signal earlier, while larger datasets can still benefit
from more gradient updates. In other words, larger datasets
are not only better because they contain more images; they
can also support longer useful training. This is important for
resource-constrained training, because the best use of com-
pute may depend on the dataset size. Small datasets may need
a lower mask ratio and fewer updates, while larger datasets
may need more updates before their full benefit is reached.

6.2 Limitations

The main limitation is that the largest dataset settings reached
the 100k-step training limit before the monitored validation
accuracy plateaued. The slower improvement after 32k im-
ages may therefore reflect the fixed update budget rather than
a true saturation of MAE data efficiency. With a larger train-
ing budget, the 32k, 64k, and 100k settings might reach
higher downstream accuracy, so the reported curve should be
interpreted as data scaling under the chosen training protocol
rather than as fully converged performance for each dataset
size.

The mask-ratio experiment is also limited to three mask ra-
tios and four dataset sizes. The results show a clear trend, but
they do not identify the optimal mask ratio for every dataset
size. For example, a value between 62.5% and 75% may work
better near the transition around 16k images. A denser mask-
ratio sweep would be needed to estimate the best masking
schedule more precisely.

The experiments use one model size, one pre-training
dataset, and one downstream dataset. All results are based on
ViT-Tiny/8 pre-training on Tiny ImageNet and downstream
evaluation on CIFAR-10. The same pattern may not hold
for larger ViT models, higher-resolution images, or different
downstream tasks. For this reason, the results should be read
as evidence for this constrained setting, not as a general rule
for all MAE training.

The final limitation is the checkpoint selection rule. Check-
points were selected using Tiny ImageNet validation accu-
racy, while the final result is measured on CIFAR-10. This
choice was made to avoid using the downstream task during
pre-training. If CIFAR-10 accuracy were used for checkpoint
selection, the training procedure could indirectly overfit to the
downstream evaluation. Using Tiny ImageNet validation ac-
curacy keeps the downstream task separate, but it also means
that the selected checkpoint is not guaranteed to be the check-
point with the best CIFAR-10 accuracy. Future work could
test whether different task-independent checkpoint selection
rules change the downstream scaling curve.

7 Responsible Research

This section reflects on the responsible research aspects of the
study. The main goal of the project is to understand whether
MAE can learn useful visual representations with less pre-
training data. This goal is relevant beyond accuracy, because
smaller data and compute requirements can make visual Al
research more accessible. At the same time, reducing these
requirements also raises ethical and environmental questions.

7.1 Ethical Considerations

This work studies data-efficient pre-training for vision mod-
els. A possible benefit is that smaller research groups can ex-
periment with self-supervised visual learning without need-
ing very large datasets or multi-GPU training. This can make
research easier to reproduce and can reduce the gap between
well-resourced and less-resourced institutions. In this sense,
improving data efficiency can support more open and acces-
sible visual Al research.

The same accessibility can also create risks. If useful visual
models become easier to train, they may also become easier to
use in harmful applications, such as unwanted surveillance or
automated image analysis without consent. This paper does
not develop such an application, but the method studied here
could be used as part of one. For this reason, the results
should be understood as a study of representation learning,
not as a recommendation to deploy visual models without
considering the application context.

The use of smaller datasets also has ethical limits. A
smaller dataset can reduce compute cost, but it can also be
less representative of the data seen in real applications. If a
model is trained on a limited or biased subset, the learned rep-
resentation may work worse for underrepresented groups or
uncommon visual settings. This paper does not make fairness
claims about the trained models. The results only show how
MAE behaves under the tested dataset sizes and evaluation
protocol.



7.2 Environmental Considerations

The experiments were designed to fit within a constrained
compute budget. The model was small, the input resolution
was limited to 64 x 64, and each run used a single GPU.
These choices reduce the environmental cost compared with
large-scale pre-training. The study also uses early stopping
and checkpoint selection to avoid training longer than needed
when the monitored representation no longer improves.

Despite those things, the total running cost was still non-
negligible. Several MAE models were trained across mul-
tiple dataset sizes, mask ratios, and random seeds. The re-
peated runs were necessary to answer the research questions,
but they increase the total compute used by the project. For
this reason, the experimental design tries to balance scientific
value with compute cost: the experiments are broad enough
to study the main effects, but not expanded into a full hyper-
parameter search.

7.3 Reproducibility

The experimental setup was documented to make the results
reproducible. Section 4 reports the datasets, subset construc-
tion, model configuration, training protocol, checkpoint se-
lection rule, compute environment, and downstream evalua-
tion protocol. These details define the full procedure needed
to repeat the experiments.

The code used for the experiments is available at https:
/Igithub.com/DDTerzievO4/reducing-data-in-visual-ai. The
repository includes the training scripts, configuration files,
and dataset split definitions. Together, the reported setup and
the released code should allow the experiments to be repro-
duced under the same conditions.

7.4 Use of Generative Al

Generative Al tools were used to support the writing pro-
cess. They were used for drafting, restructuring, and improv-
ing clarity. The experimental design, implementation, results,
and final claims were checked and edited by the author. The
author remains responsible for the content of the paper.

8 Conclusion and Future Work

This paper studied how pre-training dataset size and mask ra-
tio affect the data efficiency of Masked Autoencoders under
constrained compute. The experiments show that MAE can
learn useful transferable representations even from small un-
labeled datasets. CIFAR-10 linear-probe accuracy increased
as more Tiny ImageNet images were used for pre-training,
which shows that additional unlabeled data improves the
learned representation. At the same time, the mask-ratio ex-
periment shows that the best masking difficulty depends on
the amount of available pre-training data.

The main finding is that smaller datasets benefit from a
lower mask ratio. For the 1k and 4k subsets, 62.5% mask-
ing gave better Tiny ImageNet validation accuracy than the
original 75% MAE mask ratio. At 16k images, the two set-
tings were almost equal. At 64k images, the original 75%
mask ratio became the best setting. This suggests that small
datasets need an easier reconstruction task, because each im-
age must provide more useful training signal. Larger datasets

can support a harder reconstruction task, because the model
sees more visual variation and can still learn from less visible
context.

These results answer the main research question by show-
ing that MAE data efficiency is controlled by both dataset
size and masking difficulty. The conclusion is that the mask
ratio should not always be treated as a fixed default. When
the amount of pre-training data is small, reducing the mask
ratio can improve how effectively the model uses each im-
age. When the dataset is larger, the original MAE masking
difficulty becomes stronger again. This makes mask ratio an
important part of designing data-efficient MAE training under
limited compute.

Future work could first extend the experiments to larger
datasets and longer training runs. In the current results, the
87.5% mask ratio becomes closer to the 75% mask ratio at
larger dataset sizes. This suggests that the optimal mask ratio
may continue to increase when even more pre-training data
is available. A larger-scale study could test whether the best
mask ratio eventually becomes higher than the original 75%
setting. This would help determine whether the transition ob-
served in this paper is part of a broader scaling pattern.

Future work could also study dynamic mask-ratio sched-
ules instead of fixed mask ratios. One example is R2ZMAE,
which samples the mask ratio during training rather than us-
ing one constant value [14]. Such a method could expose the
model to both easier and harder reconstruction tasks during
pre-training. Another example is curriculum masking, where
the masking task changes during training. CL-MAE follows
this idea by using a learnable masking module that gradu-
ally increases the complexity of the reconstruction task [15].
These approaches could be useful for data efficiency because
the model would not have to rely on one fixed masking diffi-
culty for the whole run.

Another direction is to replace random masking with adap-
tive patch selection. The original MAE masks patches uni-
formly at random, so it does not consider whether a patch
contains important image content. Methods such as Au-
toMAE learn where to mask by using a mask generator
that gives higher masking probability to informative patches
while still controlling reconstruction difficulty [16]. Such ap-
proaches could be especially useful in small-data regimes,
where each image has to provide as much useful learning sig-
nal as possible.

Finally, future work could test whether the same pattern
holds for other models, datasets, and downstream tasks. This
paper used ViT-Tiny/8, Tiny ImageNet, and CIFAR-10 to
keep the experiments feasible under constrained compute.
Larger Vision Transformers, higher-resolution datasets, and
different downstream tasks may change the relation between
dataset size and mask ratio. Testing these settings would
show whether the findings are specific to this constrained
setup or reflect a more general property of masked image
modeling.
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A Experimental Configuration

Table 1:

MAE pre-training configuration. The setup follows the

original MAE recipe. The batch size is changed to 500 because
larger batches did not fit in GPU memory and because 500 divides
all subset sizes exactly. The mask ratio is varied to test how masking
difficulty interacts with dataset size.

Setting Value
Encoder ViT-Tiny/8
Decoder hidden size 192
Decoder layers 4

Decoder attention heads 3

Decoder intermediate 768

size

Pre-training data
Subset sizes

Subset construction
Objective
Optimizer

Batch size (B)
Base learning
(nbase)
Learning-rate scaling
Weight decay
AdamW betas

Mask ratios
Augmentations

rate

Random seeds

Tiny ImageNet training subsets
1k, 2k, 4k, 8k, 16k, 32k, 64Kk,
100k

Nested subsets

MAE pixel reconstruction
AdamW

500

1.5 x 107*

Thase B/256

0.05

(0.9,0.95)

62.5%, 75%, 87.5%

Random crop, random horizontal
flip

0 and 42

Table 2: Downstream linear-probe configuration on CIFAR-10. The
encoder is frozen, and only the probe head is trained. The reported
metric is the best top-1 test accuracy across probe epochs.

Setting

Value

Downstream data
Evaluation type
Frozen model
Pooling

Feature normalization
Classifier

Probe epochs
Optimizer
Momentum

Weight decay

Base learning rate
Probe batch size
Effective learning rate
Learning-rate schedule
Train transform

Test transform

Reported metric
Random seed

CIFAR-10

Linear probing

ViT-Tiny/8 encoder

Global average pooling
BatchNorm1d(192), affine=false
Linear(192,10)

1000

SGD

0.9

0

0.1

128

0.05

Cosine annealing to 0

Resize to 64 x 64, ImageNet nor-
malization

Resize to 64 x 64, ImageNet nor-
malization

Best top-1 test accuracy

0
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