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Abstract

Masked Image Modeling (MIM) has emerged as a pow-
erful self-supervised learning paradigm for visual rep-
resentation learning, enabling models to acquire rich
visual representations by predicting masked portions of
images from their visible regions. While this approach
has shown promising results, we hypothesize that its
effectiveness may be limited by optimization challenges
during early training stages, where models are expected
to learn complex image distributions from partial obser-
vations before developing basic visual processing capabil-
ities. To address this limitation, we propose a prototype-
driven curriculum learning framework that structures
the learning process to progress from prototypical exam-
ples to more complex variations in the dataset. Our ap-
proach introduces a temperature-based annealing scheme
that gradually expands the training distribution, enabling
more stable and efficient learning trajectories. Through
extensive experiments on ImageNet-1K, we demonstrate
that our curriculum learning strategy significantly im-
proves both training efficiency and representation quality
while requiring substantially fewer training epochs com-
pared to standard Masked Auto-Encoding. Our findings
suggest that carefully controlling the order of training
examples plays a crucial role in self-supervised visual
learning, providing a practical solution to the early-stage
optimization challenges in MIM.

1. Introduction
Masked Image Modeling (MIM), initially explored
in [34, 44] and popularized in [16], has emerged as
a powerful self-supervised learning paradigm for visual
representation learning. By learning to predict masked
portions of images from their visible regions, these mod-
els can acquire rich visual representations without re-
quiring explicit labels. However, despite their success,
current MIM approaches face a fundamental challenge
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Figure 1. Our prototypical curriculum (red line) sig-
nificantly improves MAE downstream performance on
ImageNet-1k compared to the standard MAE training
strategy (purple line). We show both the nearest neigh-
bor (left) and linear probe (right) accuracy of models
trained for different numbers of epochs.

that has received limited attention: the optimization
difficulties during early training stages.

The core challenge lies in the immediate expectation
for models to learn a complex mapping from partial
observations to the full distribution of natural images,
even before developing basic visual processing capabil-
ities. This is analogous to expecting an art student
to reproduce complex masterpieces before mastering
fundamental sketching techniques. This difficulty is
compounded by the inherent complexity and high di-
mensionality of natural image distributions, making
the initial learning phase particularly challenging and
potentially inefficient.

In this paper, we propose a novel curriculum learning
framework for MIM that addresses these optimization
challenges while maintaining the core reconstruction
objective. Our approach is motivated by the observa-
tion that human visual learning often progresses from
simple to complex patterns [31, 38], and that certain
prototypical examples can serve as effective “templates”
for learning basic visual concepts. Rather than imme-
diately exposing the model to the full complexity of
natural image distributions, we structure the learning
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process to begin with a simplified distribution of proto-
typical examples that capture essential visual patterns
for each semantic category. Our key insight is that by
carefully controlling the expansion of the training dis-
tribution from prototypical examples to more complex
variations, we can create a more efficient and stable
learning trajectory, ultimately leading to more robust
representation learning.

Through extensive experiments on the ImageNet-
1K dataset, we demonstrate that incorporating a
prototype-driven curriculum strategy significantly im-
proves masked image modeling, both in terms of train-
ing efficiency and representation quality (Fig. 1). By
gradually transitioning from prototypical to diverse ex-
amples during training, our approach achieves superior
performance while requiring substantially fewer training
epochs compared to standard Masked Auto-Encoding
(MAE) [17]. Extensive ablation studies also reveal that
the success of our method stems from careful prototype
identification and a progressive learning schedule, sug-
gesting that the order in which examples are presented
plays a crucial role in self-supervised visual learning.

2. Related Work
Masked Image Modeling Masked Image Model-
ing has emerged from early self-supervised learning
approaches in computer vision, gaining prominence af-
ter the success of BERT in natural language processing.
While initial attempts at masking in vision were made
in [34, 44] using convolutional architectures for denois-
ing and inpainting tasks, modern MIM approaches took
shape with the advent of Vision Transformers. Two in-
fluential concurrent works, MAE [17] and SimMIM [49],
established the core framework by introducing high-
ratio random masking and transformer-based architec-
tures. This foundation sparked numerous innovations:
some methods focused on improving the masking strat-
egy through attention-guided [21] or semantically-driven
approaches [24], while others explored alternative learn-
ing objectives by combining reconstruction with con-
trastive learning [7] or incorporating knowledge distilla-
tion [19]. MIM has since evolved beyond static images
to handle various modalities including video [42, 46],
point clouds [32, 50], and multi-modal data [2, 18, 29],
demonstrating its versatility as a self-supervised learn-
ing paradigm. Our work builds on this foundation by
proposing a novel data selection strategy that acceler-
ates MIM training by emphasizing common data early
in the learning process.

Dataset Selection Dataset selection refers to the
process of selecting a subset of the data that best rep-
resents the entire dataset, enabling efficient training

without sacrificing performance. Data selection tech-
niques in supervised learning focus on identifying key
subsets of training data that have the greatest impact
on model performance. One research avenue, most
related to our method, explores proxy models to lo-
cate informative subsets. For instance, studies such
as [3, 9, 14, 40] employ k-means clustering or uncer-
tainty estimates from proxy models to select data based
on feature space distance. Other methods leverage
sample difficulty and uncertainty. [41] found that fre-
quently forgotten examples during training are more
valuable for model refinement. Gradient-based selection
techniques have also been used in several studies, in-
cluding [22, 23, 28, 35, 36], to identify data points that
closely approximate the overall gradient, facilitating
efficient subset selection based on gradient insights. In
general, these methods show that to retain performance
in supervised learning, the selected subset must be rep-
resentative of the visual diversity in the dataset, often
undersampling easy to learn “prototypical” samples,
which we show are beneficial in the early phases of
MIM training to accelerate learning.

In self-supervised learning (SSL), dataset selection
has been less explored, though recent advances are ad-
dressing this gap. Geometry-based methods, such as
those proposed by [20], leverage augmentation similar-
ities among data points within a dataset to enhance
data efficiency in contrastive learning. However, this
method suffers from scalability issues and relies on a
strongly pre-trained model to extract fine-grained fea-
tures. In contrast, our proposed approach eliminates
this dependency, allowing for data selection based solely
on low-level features. Dynamic selection methods, such
as [43], adapt data selection dynamically during train-
ing by refining the selection process from coarse to
fine-grained as the model evolves. While effective for
contrastive learning, this approach necessitates frequent
and substantial computational overhead. Our method,
on the other hand, is tailored specifically for Masked
Image Modeling (MIM) and avoids additional compu-
tational demands during training.

Importance Sampling Techniques Importance
sampling has emerged as a promising technique for
data selection in stochastic optimization. Early meth-
ods by [1, 22, 26, 37] prioritized samples with higher
importance, often determined by large gradient norms
or high loss values. These techniques aim to reduce
variance in stochastic gradients, occasionally improving
convergence rates. However, they generally lack rig-
orous convergence guarantees or substantial speedups
when applied to overparameterized models, such as deep
neural networks. More recent work by [27] refines these
concepts by selecting non-noisy, non-redundant, and
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task-relevant examples that minimize loss on a holdout
validation set. While this approach accelerates train-
ing, it depends on a validation set and lacks theoretical
convergence guarantees for non-convex models, limiting
its utility in deep learning.

In gradient approximation, the CRAIG method [28]
selects sample subsets that approximate the total gradi-
ent sum by maximizing a submodular function. While
CRAIG guarantees convergence for strongly convex
models, its effectiveness declines in non-convex settings
like deep learning. GradMatch [23] and Glister [23]
further explore gradient-based subset selection. Grad-
Match uses orthogonal matching pursuit (OMP) to
select minimal training subsets, while Glister employs
a validation set for gradient alignment. Both methods
are effective in smaller scenarios but face scalability
challenges with large datasets.

3. Method

We propose a curriculum learning strategy to enhance
training of Masked Image Modeling methods, in partic-
ular, Masked Auto Encoders (MAE) [17]. An overview
of our strategy is illustrated in Figure 2.

3.1. [Background] Masked Image Modeling

Masked Image Modeling (MIM) is a self-supervised
learning framework that seeks to reconstruct images
from partial observations. Given an input image x ∈
ℜH×W ×3, MIM procedures first divide it into N non-
overlapping patches, X = [x1, x2, . . . , xN ], each of size
xi ∈ ℜP ×P ×3. Then, given a pre-specified mask ratio
m (typically 75%), X is randomly partitioned into
two disjoint sets of visible V and masked patches M,
where |M| = Nm and |V| = N(1 − m). The visible
patches are processed by an encoder model E(·) to
encode them into visible latent representations ZV =
E(XV ; θE) ∈ ℜN(1−m)×d, where d denotes the feature
dimensionality and θE the encoder parameters. The
visible representations ZV together with the positions
of masked patches pM are then used to reconstruct
the full sequence of patches by a decoder model, Y =
D(ZV , pM; θD) ∈ ℜN×(P ×P ×3) parameterized by θD.
Both encoder and decoder are trained to minimize the
mean squared error between the predicted and actual
pixel values of masked patches

L = EX

[
∥XM − YM∥2

2

]
. (1)

After pre-training, only the encoder E is retained for
downstream tasks, while the decoder D is discarded.

3.2. Improving MIM through Prototypical Curricu-
lum Learning

Despite the success of MIM approaches in self-
supervised visual representation learning, these models
face significant optimization challenges during the early
stages of training. This challenge stems from attempt-
ing to learn the complex mapping from partial obser-
vations to the full distribution of natural images, even
before the model has developed basic visual process-
ing capabilities. This is analogous to asking a student
to reproduce complex artwork before mastering basic
sketching techniques. To address this limitation, we
propose a curriculum learning approach that, without
changing the MIM reconstruction objective, aids the
learning process by starting from a simplified distribu-
tion of training images, and gradually broadening the
training distribution to include more complex examples.

Our key insight is that the training process can be
made more efficient by initially focusing on prototypi-
cal examples that capture essential visual patterns for
each semantic category (Fig. 2). These prototypical
images serve as “templates” that are easier to recon-
struct, allowing the model to first learn basic visual
concepts before tackling more complex variations. As
training progresses, we gradually expand the distribu-
tion to include examples that deviate further from these
prototypes, eventually covering the full range of natu-
ral image variations. As we will show empirically, this
structured learning trajectory leads to more stable op-
timization, and improved training efficiency through
structured exploration of the data distribution.

3.2.1. Identifying Prototypical Examples
Prototypical images can be identified through cluster-
ing in feature space. Specifically, we cluster image
representations zi ∈ ℜd using the mini-batch K-means
clustering, and leverage the resulting K cluster cen-
troids µk ∈ ℜd to locate likely prototypical images,
i.e., images whose representations zi are close to each
centroid µk.

Choosing the Number of Clusters To automate
the choice of K, we vary it in the range 2 ≤ K ≤ Kmax,
and use the Davies-Bouldin index DB to assess the
clustering quality. DB measures both how compact
each cluster is and how well-separated they are from
other clusters [10].

Representation space The choice of representation
space can significantly impact the selection of proto-
typical images. To study its impact on the curriculum,
we investigate representations across different levels of
semantic abstraction, from low-level visual descriptors
such as traditional computer vision features (e.g., SIFT,
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Figure 2. Framework Overview. We introduce a curriculum learning framework for Masked Autoencoders
(MAE) that prioritizes sampling specific images early in training and progressively expands to cover the entire
dataset. K-means clustering is applied within a visual feature space to identify clusters that exhibit prototypical
visible semantics. The framework selects images near the cluster centers as prototypes, representing basic and
common visual features, while more challenging examples are sampled from the cluster boundaries. Additional
visualizations are provided in Fig.4.
HOG) to representations obtained from pretrained mod-
els like DINO [5] or MAE [17]. We find that while
prototype-driven curricula provide benefits regardless
of feature space, higher-level semantic features from
self-supervised models like DINO are the most effective.
3.2.2. Prototypical Curriculum
The proposed curriculum controls the emphasis on pro-
totypical examples through a temperature-based sam-
pling mechanism. For each data point zi, we first quan-
tify its “prototypicality” based on the distance to the
nearest centroid (µk).

d(zi, µk) = ∥zi − µk∥2 (2)

However, the divergence within each clusters may vary,
with some clusters being tightly packed around their
center (low divergence) and others more spread out
(high divergence). To prevent sampling from being
biased by variations in cluster divergences, we normal-
ize the distances within each cluster using min-max
normalization

d̂i = d(zi, µk) − dmin
dmax − dmin

, (3)

where dmax and dmin are the maximum and minimum
distances within cluster k. Training data is then sam-
pled from D with replacement according to the following

temperature-controlled softmax probabilities

P (xi, τ) = exp(−d̂i/τ)∑
j exp(−d̂j/τ)

, (4)

where τ is the temperature parameter that controls the
sharpness of the distribution. In the early stages of train-
ing, τ is low to concentrate the sampling distribution
around the cluster centers and prioritize prototypical ex-
amples. As training progresses, τ is gradually increased,
allowing the model to encounter more diverse exam-
ples while building on its foundational understanding
of prototypical patterns.

3.2.3. Annealing Temperature by Scheduling the Effec-
tive Data Size

While temperature-controlled sampling offers a flexible
mechanism to adjust the curriculum over time, defining
appropriate temperature values (τ) can be challenging
due to their strong dependence on dataset characteris-
tics. A more intuitive approach is to directly specify
“effective dataset sizes”, i.e., what portion of the dataset
the model should be exposed to at each training stage.

We define the effective dataset size |Dτ | as the num-
ber of unique samples drawn from D over one epoch
when sampling with replacement according to the dis-
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tribution P (·, τ), which can be expressed as

|Dτ | =
|D|∑
i=1

[
1 − (1 − P (xi, τ))|D|

]
. (5)

The curriculum is implemented by gradually increas-
ing |Dτ | during training using a cosine schedule. This
schedule spans from a pre-specified initial value to its
theoretical limit

|D| × lim
τ→∞

|D|→∞

|Dτ |
|D|

= |D| × (1 − 1/e). (6)

For any desired |Dτ |, we can determine the correspond-
ing temperature τ by solving Eq. 5. Although this
equation lacks a closed-form solution, we can efficiently
solve for τ using binary search, taking advantage of
the monotonic relationship between |Dτ | and τ . Fig. 3
illustrates this temperature annealing process.
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Figure 3. Temperature annealing schedule and
its effect on training distribution. The temperature
parameter τ gradually increases over training epochs,
controlling the breadth of the sampled distribution.
The effective dataset size, measured as |Dτ |/|D|, shows
the corresponding fraction of the training data that is
sampled in a single epoch at each temperature level.
As the temperature increases the effective dataset size
approaches the theoretical limit of 1 − 1/e.

4. Experiments
4.1. Experimental Setup
Pre-training All experiments are conducted on the
ImageNet-1K [11] dataset, using a ViT-Base as the
backbone architecture. Following the official MAE [17]
implementation, images are randomly cropped and re-
sized to 224×224 pixels, with random horizontal flipping
for data augmentation. The mask ratio is set to 75%,
and the temperature τ is annealed from 0.07 to 0.6
over the course of training. Models are optimized using
the AdamW optimizer with a batch size of 4096, base
learning rate of 1.5e-4, weight decay of 0.05. Linear
learning rate warm-up is applied over the first 40 epochs,
followed by a cosine learning rate decay schedule.

Curriculum Epochs NN LP FT

None (MAE) [17] 800 28.73 64.25 83.08
Hard-samples [40] 800 24.63 62.09 82.95

Prototypical (Ours) 800 47.40 68.84 83.31

Table 1. Comparison of MAE training strategies. Cur-
riculum based on “Hard-samples” is adapted from [40].
MAE baseline uses uniform sampling of the training
set. Results show NN, LP, and FT accuracy (%) on
ImageNet-1K.
Downstream Evaluation We assess the quality of
the learned representations through three complemen-
tary evaluation protocols. First, following standard
practice in self-supervised learning [5, 6, 15, 16, 25, 47],
we evaluate linear probing (LP) performance by train-
ing a supervised linear classifier on frozen features ex-
tracted from the [CLS] token. This provides a direct
measure of the linear separability of the learned repre-
sentations. Second, we perform full fine-tuning (FT)
of the pre-trained model, allowing all parameters to be
optimized end-to-end for the downstream classification
task. Finally, we evaluate nearest neighbor (NN) classi-
fication accuracy using cosine similarity in the feature
space, which provides a non-parametric assessment of
the learned representations’ ability to capture seman-
tic similarities between samples without any additional
training.

4.2. Main Results
We first evaluate our prototype-driven curriculum strat-
egy against alternative approaches for MIM training
(Table 1). We compare our method against two base-
lines. The first is a hard-sample curriculum adapted
from [40], which prioritizes non-prototypical images dis-
tant from cluster centroids. As shown in [40], focusing
on non-prototypical examples is beneficial for dataset
distillation, enabling supervised training on smaller
datasets while minimizing performance degradation.
We also compare against the standard MAE training
regime without any curriculum. All experiments use a
ViT-B/16 architecture trained on ImageNet-1k.

The results demonstrate the clear advantages of a
prototype-driven curriculum. Most notably, our ap-
proach achieves 47.40% nearest neighbor classification
accuracy with 800 epochs of training, substantially out-
performing the 800-epoch (30.25%) MAE baseline.

Interestingly, while [40] found that non-prototypical
(hard) samples need to be preserved when reducing
dataset size in supervised learning, our results reveal
this strategy to be suboptimal for self-supervised MIM
training. The significant performance gap between hard-
sample curriculum (62.09% LP, 82.95% FT) and our
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Figure 4. Visualization of cluster samples arranged by their distances from their respective cluster centers, ranging
from nearest to farthest. Each row represents images from the same cluster, while each column indicates the
distance of images from their cluster’s centroid.

Curriculum Epoch NN LP FT

None (MAE [17])

200 24.88 59.31 82.46
400 28.73 62.08 82.91
800 30.25 64.25 83.08

Prototypical (Ours)
200 34.92 63.74 82.75
400 38.09 66.34 83.09
800 47.40 68.84 83.31

Table 2. Training efficiency comparison. Per-
formance evaluation of prototype-driven curriculum
against standard MAE across different training dura-
tions (200 to 800 epochs). The proposed method uses
temperature annealing for curriculum learning, while
the baseline follows standard uniform sampling. Results
show NN, LP, and FT accuracy (%) on ImageNet-1K.

prototypical approach (68.84% LP, 83.31% FT) suggests
that early exposure to prototypical examples plays a
crucial role in developing robust visual representations.
This aligns with our hypothesis that building from
prototypical to complex examples creates a more stable
optimization trajectory in the challenging MIM setting.

Training Efficiency To further investigate the effi-
ciency of our approach, we conducted analyzed model
performance across different training durations (Ta-
ble 2). We compare our prototypical curriculum against
the standard MAE training regime across epochs rang-
ing from 200 to 800, using a ViT-B/16 architecture.
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Figure 5. Training curve. Nearest-neighbor accu-
racy throughout training for an MAE model trained
with and without a prototype-driven curriculum.

The results reveal that our prototypical curriculum
consistently accelerates the learning process. At just
200 epochs, our method achieves 34.92% nearest neigh-
bor accuracy and 63.74% linear probing performance,
already surpassing the 800-epoch baseline (30.25% NN,
64.25% LP). This early advantage becomes more pro-
nounced with additional training: at 400 epochs, our
approach (38.09% NN, 66.34% LP) already exceeds the
performance of the 800-epoch baseline (30.25% NN,
67.77% LP).

Overall, prototype-driven curriculum learning en-
ables more efficient and effective representation learning
in the MIM framework.

Training Dynamics We also analyzed the training
dynamics using nearest-neighbor accuracy as a proxy
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for representation quality. We train two MAE models
with identical ViT-Base architectures on ImageNet-1k
for 800 epochs: one with our proposed curriculum and
one with the standard training procedure.

Our experiments demonstrate that incorporating a
prototype-driven curriculum significantly improves the
training dynamics of MAE models. As shown in Fig. 5,
the model trained with our curriculum exhibits notably
faster learning. The benefits become apparent very
early in training, with curriculum training achieving
the same level of performance of the baseline model
after only 100 epochs (8× faster), and outperforming it
by a large margin as the training progresses.

Few-shot Performance To further validate the qual-
ity and effectiveness of the representations learned by
our accelerated pretraining method, we perform linear
probing evaluations under a few-shot scenario. Specifi-
cally, we assess the performance of our pretrained mod-
els on eight fine-grained datasets, using a 5-shot setup
where only five labeled examples per class are available
for training the linear classifier. This evaluation tests
the generalization capabilities and data efficiency of
the learned representations. Results are summarized in
Table 3, which clearly demonstrate that our method,
even at significantly fewer training epochs (200 and 400
epochs), achieves comparable or superior performance
compared to the baseline trained for 1600 epochs, high-
lighting both efficiency and effectiveness with up to an
8× speedup.

4.3. Impact of Temperature Annealing
Temperature annealing enables the model to transition
from prototypical to diverse examples during training.
To examine its role in our curriculum strategy, we com-
pared it against fixed temperature τ schedules, with
temperatures ranging from 0.01 to infinity in Table 4.
Constant temperature effectively creates static training
distributions, with lower temperatures prioritizing more
prototypical examples.

The results demonstrate that static temperature
choices face an inherent trade-off. At very low tem-
peratures (τ = 0.01), the model sees only the most
prototypical examples but achieves poor performance
(5.69% NN, 18.22% LP), likely due to limited exposure
to variations in the data. As temperature increases,
performance improves up to an optimal point around τ
= 0.2 (41.57% NN, 67.71% LP), before gradually declin-
ing at higher temperatures. Interestingly, the optimal
static temperature of τ = 0.2 outperforms the baseline
MAE model which is trained under uniform sampling
(i.e., τ = ∞). This demonstrates that even a static
bias towards prototypical examples outperforms stan-
dard uniform sampling, suggesting that prototypical

examples play a crucial role in MIM training.
However, the optimal static temperature still under-

performs temperature annealing (47.40% NN, 68.80%
LP). These findings show that a curriculum transition-
ing from prototypical to diverse examples is beneficial
for effective MIM training. Rather than settling for a
fixed compromise between prototypicality and diversity,
temperature annealing allows the model to first estab-
lish robust representations from clear prototypes before
gradually incorporating more challenging variations.

4.4. Impact of Prototype Identification
To study the impact of prototype identification on our
curriculum learning approach, we conducted a compre-
hensive study examining three key aspects: the choice
of feature space, backbone architecture, and cluster-
ing granularity. All experiments were conducted on
ImageNet-1k using a ViT-B/16 backbone architecture.

First, we investigated the impact of different rep-
resentation spaces (Table 4a). Prototypes selected
from DiNO features yielded superior performance (NN:
40.15%, LP: 68.73%) compared to prototypes obtained
from both an untrained model (NN: 32.63%, LP:
65.65%) and an MAE-pretrained model (NN: 34.14%,
LP: 66.60%). Interestingly, DINO prototypes even
slightly outperformed supervised pre-training (NN:
39.70%, LP: 68.09%), showing that supervised pre-
training is not required for effective prototype identifica-
tion. In fact, even curricula derived from clustering in a
low-level feature space, such as SIFT, already performed
well (NN: 36.85%, LP: 69.17%). Large pre-trained mod-
els, which might be expensive to train, are not required
to establish the curriculum.

Table 4b shows that the size of the backbone architec-
ture is not a critical factor in prototype identification. In
fact, slightly better downstream performance is achieved
with the smaller ViT-Small model (NN: 41.05%, LP:
69.23%) compared to the larger ViT-Base/16 model
(NN: 40.15%, LP: 68.73%).

Finally, our study of clustering granularity (Table 4c)
reveals an optimal range for the number of centroids.
Performance peaks at 1000 clusters (NN: 41.05%, LP:
69.23%), with degradation observed at both lower (500
clusters) and higher (2000 clusters) granularities. No-
tably, the data-driven approach to determining clus-
ter count through the Davies-Bouldin index (978 clus-
ters) achieves comparable performance to the manu-
ally tuned optimum. Interestingly, comparing our self-
supervised clustering approach to an oracle baseline
using ground truth labels for centroid definition shows
that our method actually outperforms the oracle in near-
est neighbor classification (41.05% vs 37.83%). This
surprising result suggests that our prototype identifica-
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CUB-200 [45] SUN397 [48] OxfordPets [33] Caltech101 [13] UCF101 [39] DTD [8] Flowers102 [30] Food101 [4] AVG
Baseline (1600 epoch) 14.42 ±0.38 30.20 ±0.61 39.76 ±2.43 74.81 ±2.11 49.06 ±0.67 44.47 ±1.89 64.48 ±0.85 16.97 ±0.42 41.77
Ours (200 epoch) 14.35 ±0.41 30.15 ±1.03 43.79 ±1.75 77.42 ±1.51 48.15 ±1.05 42.81 ±1.79 64.13 ±0.71 16.64 ±0.05 42.18
Ours (400 epoch) 18.46 ±0.40 34.33 ±1.24 56.97 ±2.20 82.02 ±1.86 52.35 ±1.47 45.59 ±1.20 68.99 ±0.53 19.11 ±0.36 47.23

Table 3. 5-shot linear probing accuracy (%) on eight fine-grained datasets. Mean and standard deviation reported
over three runs. Our accelerated method (200 and 400 epochs) achieves comparable or improved performance
compared to the baseline method (1600 epochs), highlighting a training speedup of up to 8×.

τ |Dτ |/|D| NN LP

0.01 0.004 5.69 18.22
0.05 0.122 29.51 46.38
0.08 0.236 39.67 61.86
0.2 0.495 41.57 67.71
0.4 0.592 36.86 67.15
0.6 0.614 35.17 66.45
inf 0.632 31.70 64.94

Annealed 47.40 68.84

Table 4. Impact of temperature
on training. Comparison between
fixed and annealed temperature sam-
pling. Lower temperatures (τ) favor pro-
totypical examples; τ = ∞ represents
uniform sampling. |Dτ |/|D| denotes ef-
fective dataset size. Annealed sampling
adjusts τ from 0.07 to 0.6.

Representation Space NN LP

SIFT [10] 36.85 69.17
VIT-B/16 Untrained 32.63 65.65
VIT-B/16 MAE [16] 34.14 66.60
VIT-B/16 DiNO [5] 40.15 68.73
VIT-B/16 Supervised [12] 39.70 68.09

(a) Feature space.

Architecture NN LP

ViT B/16 40.15 68.73
ViT S/16 41.10 69.00
ViT S/8 41.05 69.23

(b) DiNO Backbone.

# Clusters NN LP

100 38.64 68.54
500 40.76 68.51
1000 41.05 69.23
1500 39.65 68.35
2000 38.90 68.27

978 41.05 69.00

Oracle (1000) 37.83 68.49

(c) Number of clusters. 978 is
computed via DB 3.2.1.

Table 5. Empirical study on prototype identification. We evaluate
the impact of (a) feature space, (b) model architectures, and (c)
number of clusters. We further compare self-supervised DiNO clusters
against “Oracle” clusters which use ground truth labels to define the
centroids. Unless otherwise specified, experiments use DiNO features
from a ViT-Base/16 backbone with 1000 clusters. All models are
trained for 800 epochs on ImageNet-1K.

tion method captures underlying visual patterns that
may be more fundamental than human-defined cate-
gorical boundaries, potentially offering a more nuanced
representation of visual similarities.

These ablation studies collectively demonstrate the
robustness of our approach and provide practical in-
sights for implementation. The results support our
hypothesis that prototype-driven curriculum learning
benefits from (1) self-supervised feature spaces that
capture rich semantic relationships, (2) architectures
that preserve fine-grained spatial information, and (3)
careful optimization of prototype granularity.

5. Conclusion

In this work, we introduced a prototype-driven cur-
riculum learning approach for Masked Image Modeling
that structures the learning process to progress from
prototypical to more complex examples. As the compu-
tational demands of training large vision models con-
tinue to grow, improving training efficiency becomes
increasingly critical for sustainable AI development.
Through extensive experiments, we demonstrated that

our method substantially outperforms standard MAE
training and alternative curriculum strategies with sig-
nificantly reduced training time. These improvements
stem from our carefully designed temperature anneal-
ing strategy, which enables the model to first estab-
lish robust representations from clear prototypes before
gradually incorporating more challenging variations.

While we focused our evaluation on ImageNet-
1K, our findings have promising implications for
scaling MAE methods to larger and more complex
datasets. The demonstrated efficiency gains suggest
that prototype-driven curricula could be particularly
valuable in scenarios where computational resources are
constrained or dataset complexity poses training chal-
lenges. Future work could explore the application of our
approach to massive-scale datasets, where the benefits
of structured learning from prototypical examples may
be even more pronounced. Additionally, investigating
how prototype selection strategies could be adapted
for diverse visual domains could further broaden the
impact of this approach.
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