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Abstract

Vision Transformers (ViTs) have become ubiquitous in
computer vision. Despite their success, ViTs lack induc-
tive biases, which can make it difficult to train them with
limited data. To address this challenge, prior studies sug-
gest training ViTs with self-supervised learning (SSL) and
fine-tuning sequentially. However, we observe that jointly
optimizing ViTs for the primary task and a Self-Supervised
Auxiliary Task (SSAT) is surprisingly beneficial when the
amount of training data is limited. We explore the appropri-
ate SSL tasks that can be optimized alongside the primary
task, the training schemes for these tasks, and the data scale
at which they can be most effective. Our findings reveal that
SSAT is a powerful technique that enables ViTs to lever-
age the unique characteristics of both the self-supervised
and primary tasks, achieving better performance than typi-
cal ViTs pre-training with SSL and fine-tuning sequentially.
Our experiments, conducted on 10 datasets, demonstrate
that SSAT significantly improves ViT performance while re-
ducing carbon footprint. We also confirm the effective-
ness of SSAT in the video domain for deepfake detection,
showcasing its generalizability. Our code is available at
https://github.com/dominickrei/Limited-
data-vits.

1. Introduction
Vision Transformers (ViTs) have become a common

sight in computer vision owing to their success across var-
ious visual tasks, and are now considered a viable alterna-
tive to Convolutional Neural Networks (CNNs). Despite
this, ViTs are structurally deficient in inductive bias com-
pared to CNNs, which necessitates training them with large-
scale datasets to achieve acceptable visual representation,
as noted by Dosovitskiy et al. [13]. As a result, when deal-
ing with small-scale datasets, it is essential to utilize a ViT
pre-trained on a large-scale dataset such as ImageNet [12]
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Figure 1. Relative classification accuracy on three datasets with
different sizes: (i) Oxford Flower [38] (2K samples), (ii) CI-
FAR [25] (50K samples), and (iii) ImageNet-1K [12] (IN-1K,
1.2M samples). SSAT consistently outperforms others on all three
datasets with two backbones. On the other hand, given the same
SSL method, SSL+FT achieves a compromised performance than
SSAT, especially on the tiny Oxford Flower dataset (even worse
than training from scratch).

or JFT-300M [52]. However, in domains such as medi-
cal datasets, pre-training ViTs on ImageNet or JFT-300M
may not result in an optimal model for fine-tuning on those
datasets due to a significant domain gap. Thus, the aim of
this research is to address the following question: how can
ViTs be trained effectively in domains with limited data?

Following the introduction of ViTs, second-generation
vision transformers have emerged with two different ap-
proaches. The first approach is to use a hierarchical struc-
ture to introduce inductive bias in ViTs [18, 35, 56]. The
second approach involves using hybrid architectures, such
as introducing convolutional blocks within ViTs [40, 59].
However, both approaches primarily benefit medium-sized
datasets and not small-scale datasets. Several efforts have
been made to enhance their locality inductive bias, as re-
ported in literature [15, 28, 29, 34]. Among these methods,
SSL has demonstrated exceptional efficacy in training trans-
formers from scratch on small datasets [5, 6, 15, 24, 34, 51,
58]. These methods typically involve sequentially conduct-
ing SSL and fine-tuning on the same small dataset to en-
hance ViT performance.

Meanwhile, another straightforward approach that takes

This WACV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.

6878

https://github.com/dominickrei/Limited-data-vits
https://github.com/dominickrei/Limited-data-vits


advantage of SSL is to jointly optimize the self-supervised
task along with the primary task like classification or seg-
mentation. We name such SSL tasks as Self-Supervised
Auxiliary Task (SSAT). Although SSAT has been explored
in the vision community [29, 34, 43] and robotics commu-
nity [27, 30, 31, 44], there are still many open questions, es-
pecially when the size of the dataset is limited.

This paper empirically analyzes the aforementioned joint
learning approach with SSAT, as an alternative to sequen-
tially performing SSL and fine-tuning (SSL+FT) on the
same dataset. Through an extensive amount of experiments
on ten image classification datasets of various sizes as well
as two video classification datasets, surprisingly, we ob-
serve that SSAT works significantly better than other base-
lines like SSL+FT and training from scratch, especially for
ViT on small datasets (see Figure 1). Further experiments
empirically show that it is most effective when the auxiliary
task is image reconstruction from missing pixels among the
well known SSL methods we tested. Finally, we perform a
detailed model and feature analysis to highlight the unique
properties of SSAT-driven models in comparison to other
representative baselines. This distinction is particularly no-
table when comparing with the SSL+FT models which are
trained with similar loss functions. We reveal that the ad-
vantages of SSAT in a limited-data regime come from bet-
ter semantic richness, a distinct attention distribution, and
an increased capability for feature transformation, which re-
sults in higher feature variance.

2. Related Work
Vision Transformers. Several vision transformers [1, 2,

8, 13, 36, 45, 47, 56, 60, 64, 66] have been introduced in re-
cent times for a wide range of tasks. However, these mod-
els require large-scale pre-training to be effective on differ-
ent datasets. In an effort to reduce their reliance on exten-
sive training, DeiT [54] introduced extensive data augmen-
tation, regularization, and distillation tokens from convolu-
tions in ViTs. T2T [63], in a similar vein, employed a to-
kenization technique that flattened overlapping patches and
applied a transformer to allow for learning local structural
information around a token. Meanwhile, some ViT mod-
els [10,23,59] have introduced inductive bias into the trans-
formers through the use of convolutional filters. Hierarchi-
cal transformers [14, 33, 35, 57] have introduced inductive
bias by reducing the number of tokens through patch merg-
ing and thus operating at different scales. However, these
architectures do not overcome the limitation of ViTs, which
require at least a medium-sized dataset for pre-training [40].

Self-supervised Learning. Self-Supervised Learning
(SSL) aims to learn visual representations through pre-
text tasks. Contrastive methods, such as SimCLR [7] and
MoCo [21], minimize the distance between differently aug-
mented views of the same image (positive pairs) while max-

imizing it for dissimilar images (negative pairs). On the
other hand, non-contrastive methods like BYOL [17] and
DINO [4] only impose minimization between the positive
pairs. In contrast, reconstruction based methods [16, 20, 53,
61] have shown to be effective self-supervised learners for
various downstream computer vision tasks. In these meth-
ods, an encoder operates on a small portion of an image to
learn a latent representation, and a decoder decodes the la-
tent representation to reconstruct the original image in the
pixel space. These SSL methods are commonly used for
large-scale pre-training of ViTs to enhance their effective-
ness in various downstream tasks.

ViTs for small datasets. Liu et al. [34] proposed an
auxiliary self-supervised task that improves the robustness
of ViT training on smaller datasets. The task involves
predicting relative distances among tokens and is jointly
trained with primary tasks. On the other hand, Li et al. [29]
conducted distillation in the hidden layers of ViT from a
lightweight CNN-trained model. To address the lack of lo-
cality inductive bias, Lee et al. [28] introduced a ViT ar-
chitecture with shifted patch tokenization and locality self-
attention. Gani et al. [15] proposed an SSL+Fine-tuning
methodology where the SSL is similar to the pretext task in
DINO [4]. These methods eliminate the need for large-scale
pre-training and allow ViTs to learn meaningful representa-
tions with limited data. In contrast to these methods, we
propose SSAT akin to [34], but with an approach that com-
bines the functionality of self-attention and MLPs through
image reconstruction.

3. Preliminaries
ViT utilizes a non-overlapping grid of image patches to

process a given image X , where each patch is linearly pro-
jected into a set of input tokens. ViT consists of a stack of
multi-head attention and linear layers as in [13]. The trans-
former attention layers model the pairwise relationship be-
tween the input tokens [55]. For generalizability, We denote
the transformer encoder as f . For brevity, we have omitted
the parameters of the encoder. In practice, f operates on
an augmented version of the input image X to output a dis-
criminative representation f(A(X)) where A is the set of
image augmentation. This representation is subsequently
classified into class labels using a classifier h. A class-wise
cross-entropy loss Lcls is used to train the transformer en-
coder.

4. Self-supervised Auxiliary Task (SSAT)
Our objective is to improve the ViT training on the

dataset with limited samples. Consequently, we propose to
jointly train the primary classification task of ViT alongside
a self-supervised auxiliary task (SSAT). The joint optimiza-
tion of the SSAT and classification task allows the ViT to
capture inductive biases from the data without requiring any
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Figure 2. An overview of ViT training with SSAT. The input X to the ViT undergoes data augmentations, A(X) and Ã(X) = M(A(X)),
using a mask operation M. These augmented inputs are then fed to a Transformer Encoder f , resulting in two latent representations:
f(A(X)) and f(Ã(X)). These correspond to the masked and full image, respectively. The latent representation of the full image is
utilized for the image classification task, while the masked image’s representation is used for the image reconstruction task. ViT training
involves joint optimization of losses from both these tasks.

additional labels. An overview of our framework is depicted
in Figure 2.

In our joint optimization framework for SSAT, we
have utilized the widely adopted Masked Autoencoder
(MAE) approach [19] for reconstructing the missing pixels.
Nonetheless, it is worth noting that any SSL method can
be integrated into our framework, given its generic nature.
Our decision to use MAE was based on its superior perfor-
mance, as evidenced by our experimental analysis (Table 4).

To the existing ViT frameworks, where the Transformer
encoder f and Classifier h process the full image patches
A(X) to compute the classification loss Lcls. we introduce
an augmentation set Ã = M(A(X)), where operation M
randomly masks out patches in the input image X . The
transformer encoder f also operates on the unmasked to-
kens, generating latent representation f(Ã(x)) for these to-
kens. In parallel to the classifier h , SSAT employs a shal-
low decoder g to reconstruct back the unseen image pixels
from the latent representation of the seen tokens f(Ã(x)).
Following [19], the decoder takes as input the latent rep-
resentation of the seen tokens f(Ã(x)) and a learnable
masked token. Each token representation at the decoder’s
output is linearly projected to a vector of pixel values repre-
senting a patch. The output g(f(Ã(X))) is reshaped to form
the reconstructed image, thereafter computing the normal-
ized Mean Square Error (MSE) loss LSSAT between the
original and reconstructed image. In practice, the MSE is
computed only for the masked patches as in [20].

Thus, the entire framework performs a primary task, i.e.
classification and a self-supervised auxiliary task, i.e. re-
construction. This framework can be jointly optimized us-
ing a convex combination of the losses from the primary
task and SSAT. Thus, the total loss is computed by

L = λ ∗ Lcls + (1− λ) ∗ LSSAT (1)

λ is the loss scaling factor. During inference, the decoder
is discarded and the encoder f processes all input patches

to generate the classification output only. Our framework
supports training of any ViT model and SSAT variants.

5. Experimental Analysis
In this section, we present the superiority of using

SSAT while training any vision transformer. Our ex-
periments are based on image and video classification
tasks. We use 12 different datasets: (i) 4 small sized
datasets: CIFAR-10 [25], CIFAR-100 [25], Oxford Flow-
ers102 [38] (Flowers) and SVHN [37], (ii) 1 medium
sized dataset: ImageNet-1K [12] (IN-1K), (iii) 2 medical
datasets: Chaoyang [65] and PMNIST [62], (iv) 3 datasets
of DomainNet [42]: ClipArt, Infograph, and Sketch, and
(v) 2 video datasets for deepfake detection: DFDC [48] and
FaceForensics++ [46].

Our experiments for image reconstruction in the context
of SSAT generally follow the procedure outlined in [20],
unless otherwise stated. In particular, we employ the de-
coder design from [20] for ViT and utilize the decoder de-
sign from ConvMAE [16] and SimMIM [61] for hierarchi-
cal encoders such as CVT and swin, respectively. To op-
timize hyper-parameters for the decoder, we conduct our
experiments with the ViT encoder. For augmentation Ã, we
use a random masking with 75% masking ratio. Our de-
coder has a depth of 2 (i.e. 2 transformer layers) and an
embedding dimension of 128. We provide ablations on the
choice of these hyper-parameters in Appendix C. It is worth
noting that our decoder is shallower than that in MAE [20].
The loss scaling factor λ is set to 0.1 for all the datasets.

Our ViT encoders (f ) are trained using the training
recipe of DeiT [54], unless otherwise specified. The con-
figuration of ViT-T, ViT-S, and ViT-B is identical to the
configuration described in [54]. We borrow the network ar-
chitecture for CVT-13, and Swin from the official code of
[59], and [35], respectively. Training is conducted for 100
epochs, unless otherwise specified, using 8 A5000 24GB
GPUs for IN-1K and one A5000 24 GB GPU for all other
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Table 1. Top-1 classification accuracy (%) of different ViT variants with and without SSAT on CIFAR-10, CIFAR-100, Flowers102, and
SVHN datasets. All models were trained for 100 epochs.

Method # params. (M) CIFAR-10 CIFAR-100 Flowers102 SVHN
ViT-T [54] 5.4 79.47 55.11 45.41 92.04

+SSAT 5.8 91.65 (+12.18) 69.64 (+14.53) 57.2 (+11.79) 97.52 (+5.48)
ViT-S [54] 21.4 79.93 54.08 56.17 94.45

+SSAT 21.8 94.05 (+14.12) 73.37 (+19.29) 61.15 (+4.98) 97.87 (+3.42)
CVT-13 [59] 20 89.02 73.50 54.29 91.47

+SSAT 20.3 95.93 (+6.91) 75.16 (+1.66) 68.82 (+14.53) 97 (+5.53)
Swin-T [35] 29 59.47 53.28 34.51 71.60

+SSAT 29.3 83.12 (+23.65) 60.68 (+7.4) 54.72 (+20.21) 85.83 (+14.23)
ResNet-50 [22] 25.6 91.78 72.80 46.92 96.45

datasets. Additional training details for each dataset can be
found in Appendix B.

5.1. Main Results

SSAT on small-sized dataset: In Table 1, we present the
classification accuracy on the small-sized datasets with dif-
ferent variants of vision transformers: ViT-T, ViT-S, CVT-
13, and Swin-T. In this table, we demonstrate the impact
of using SSAT while training the transformers for learn-
ing the class labels. All the models have been trained for
100 epochs from scratch. Although the models with SSAT
have more training parameters, they have identical opera-
tions during inference. SSAT improves the classification ac-
curacy on all the datasets for all the transformer encoders.
It is worth noting that ViT-T with 5.4M parameters when
trained with SSAT outperforms ViT-S with 21.4M param-
eters. The highest classification accuracy is achieved with
CVT-13 (20M parameters) due to the introduction of convo-
lutions that infuse inductive bias into the transformers. Al-
though convolutions are generally more effective than trans-
formers on small datasets, our experiments demonstrate that
the most effective convolutional network (ResNet-50 [22])
for these datasets underperforms most of the transformers
when trained with SSAT, except for ViT-T on CIFAR-10
and CIFAR-100 datasets.
SSAT on medium-sized dataset: In Table 2, we present
the impact of SSAT on ViTs that were trained on a medium-
sized dataset, such as IN-1K [12]. Our results demonstrate
that SSAT consistently enhances the classification accuracy
of ViTs, even as the number of training samples increases.
Notably, this improvement is more pronounced for smaller
models, which have 5.4M parameters, than for larger ones.
Specifically, we observed a relative performance improve-
ment of 11.8% for ViT-T with SSAT, as compared to only
2.9% for ViT-S+SSAT. These findings suggest that SSAT
can be effectively utilized to train lighter transformers that
can be deployed on edge devices.
Does SSAT promotes overfitting? In Table 2, we also
analyse the robustness of ViTs to natural corruptions. Given
that we recommend the use of SSAT to enhance represen-

tation learning in transformer training, it is reasonable to
question whether this approach can lead to overfitting on
small training samples. To address this concern, we evalu-
ate the performance of our trained models on perturbed ver-
sions of the data, specifically, CIFAR-100-p and IN-1K-p,
which are obtained by applying random perspective trans-
formations to images following [50]. Our results demon-
strate that ViTs trained with SSAT exhibit greater robust-
ness to these natural corruptions compared to the baseline
ViTs. We observe notable improvements in performance
for tiny ViTs, as evidenced by the results for ViT-T+SSAT
in Table 2, as well as for smaller datasets such as CIFAR-
100-p.

Comparison of SSAT with SSL+FT: In Table 3, we
present the superiority of joint training of the SSL loss with
the classification loss over the two-step sequential train-
ing approach, where the model is first trained with SSL
and then fine-tuned (FT) for classification. Our empiri-
cal analysis is conducted on ViT-T, where we compare the
performance of ViT trained from scratch and ViT + SSAT,
which are trained for 100 epochs. To establish baselines for
our SSL+FT model, we conducted experiments using four
different training protocols: (1) 50 epochs of SSL train-
ing followed by 50 epochs of fine-tuning, (2) 50 epochs
of SSL training followed by 100 epochs of fine-tuning, (2)
100 epochs of SSL training followed by 50 epochs of fine-
tuning, and (4) 100 epochs of SSL training followed by 100
epochs of fine-tuning. Additionally, we quantify the car-
bon emission of the models trained using different meth-
ods with the help of a tool provided by [26]. Note that
the GFLOPs, training time, and Kg CO2 eq. are speci-
fied for the model trained on IN-1K for better generalizabil-
ity. Our empirical results show that all models incorporat-
ing SSL outperform those trained from scratch, highlight-
ing the importance of self-supervised learning when train-
ing transformers on small datasets. Moreover, even when
requiring an additional 4 hours of training time and result-
ing in approximately 0.6 Kg CO2 equivalent of additional
carbon emissions, our SSAT models demonstrate superior
performance compared to the SSL+FT model (50 epoch
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Table 2. Top-1 classification accuracy (%) on
ImageNet-1K (IN-1K), perturbed CIFAR-100 (CIFAR-
100-p), and perturbed ImageNet-1K (IN1K-p)

Method IN-1K CIFAR-100-p IN-1K-p
ViT-T 65.0 25.1 48.3

+SSAT 72.7 37.6 59.6
ViT-S 74.2 22.5 62.7

+SSAT 76.4 43.9 64.5

Table 3. Top-1 accuracy and efficiency of ViT-T trained from scratch, with
SSL+FT, and with SSAT. We provide the GFLOPs, training time (GPU hours),
and CO2 emissions (kg eq) for IN-1K.

Method GFLOPs CIFAR-10 CIFAR-100 IN-1K Train Kg CO2

time eq.
Scratch 1.26 79.47 55.11 65.0 60 5.96

(1) SSL+FT 0.43+1.26 85.33 60.43 70.09 55 5.46
(2) SSL+FT 0.43+1.26 86.48 63.28 71.1 82 8.15
(3) SSL+FT 0.43+1.26 85.3 60.3 70.5 74 7.35
(4) SSL+FT 0.43+1.26 88.72 67.53 74.07 104 10.33

Ours 1.67 91.65 69.64 72.69 78 7.55

Table 4. Top-1 accuracy of existing SSL strategies used as SSAT.
MAE as the SSAT achieves the best result on both CIFAR-10 and
CIFAR-100.

SSAT (SSL) CIFAR-10 CIFAR-100

SimCLR [7] 55.21 36.49
DINO [4] 80.07 60.6
MAE [20] 91.65 69.64

SSL + 100 epoch FT). Although accuracy improves when
SSL+FT models are trained on CIFAR-10 and CIFAR-100
for 104 GPU hours, our SSAT approach remains superior,
requiring 26 GPU hours less training time and burning ap-
proximately 2.8 Kg CO2 equivalent. However, the SSL+FT
model outperforms SSAT when a large amount of training
data is available.
Appropriate SSL for joint training: Table 4 presents
a comparison of the performance of the SSAT approach,
implemented with different SSL strategies, namely, con-
trastive (SimCLR [7]), non-contrastive (DINO [4]), and re-
construction based (MAE [20]), on the ViT model. Our
analysis reveals that the use of SimCLR results in a de-
crease in the ViT’s performance, which can be attributed to
the conflicting losses that arise while optimizing the cross-
entropy loss to learn class labels and the contrastive loss.
However, DINO and MAE both enhance the ViT’s perfor-
mance when jointly trained with cross-entropy. Notably,
the improvement observed with MAE is more significant
than that with DINO. The superior performance of MAE
can be attributed to the centering and sharpening technique
employed in DINO, which impedes the learning of class la-
bels while only facilitating the SSL. On the other hand, as
mentioned in [41], MAE encourages MLPs in ViTs to be
more representative. While the cross-entropy loss primarily
contributes more to the self-attention blocks. Thus, SSAT
implemented with reconstruction based SSL harmonizes the
impact of both tasks, thus improving the ViT’s learning ca-
pabilities.
Superiority of SSAT over Large-scale pre-training: In
situations where training samples are limited and the data
distribution differs from that of natural images, large-scale
pretraining can be challenging. The main obstacle is the
lack of data that accurately represents the downstream data

Table 5. Top-1 accuracy on medical image datasets. All models
are trained for 100 epochs.

Method Chaoyang PMNIST

V
iT

-T Scratch 77.37 90.22
IN-1K pretrained + FT 78.78 91.99

Scratch + SSAT 82.52 93.11

V
iT

-S Scratch 80.04 91.19
IN-1K pretrained + FT 80.18 92.63

Scratch + SSAT 81.25 93.27

Table 6. Top-1 accuracy on DomainNet datasets. All models are
trained for 100 epochs

Method ClipArt Infograph Sketch
ViT-T 29.66 11.77 18.95
+SSAT 47.95 16.37 46.22

CVT-13 60.34 19.39 56.98
+Ldrloc [34] 60.64 20.05 57.56

+SSAT 60.66 21.27 57.71

distribution. Consequently, we conducted experiments us-
ing ViTs on medical and domain adaptation datasets (Ta-
bles 5 and 6) where data is scarce. In Table 5, we
demonstrate how SSAT significantly enhances the classifi-
cation performance of ViT-T on the Chaoyang and PMNIST
datasets. The resulting model not only surpasses a compa-
rable ViT model that was pre-trained on ImageNet [12], but
also outperforms its larger ViT-S model when trained with-
out SSAT. We observed similar trends of improvement on
three datasets from DomainNet [42] in Table 6. It is worth
mentioning that our CVT model, when trained using SSAT,
outperforms Ldrloc [34], which is another state-of-the-art
self-supervised loss designed to enhance transformer per-
formance on small datasets.
Loss scaling factor: In Figure 3 we perform an empirical
analysis to determine the optimal value for the loss scaling
factor λ. Our analysis focused on CIFAR datasets show
that the choice of λ = 0.1 is an optimal choice when SSAT
positively impacts the primary classification task.
Extended training: In this experiment, we extend the train-
ing schedules of both the scratch and SSAT model as illus-
trated in Figure 4. Our findings indicate that the perfor-
mance enhancement of our SSAT model, relative to the ViT
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baseline, remains consistent throughout the entire training
period. These results suggest that the improvement in the
SSAT model’s performance is not due to a faster conver-
gence rate, but rather to superior optimization capabilities.
Training for different subsets of IN-1K: Figure 5 presents
our analysis of the performance of the ViT baseline and
SSAT model for varying training sample sizes, specifically
on subsets of IN-1K. Our results demonstrate that the per-
formance enhancement of the SSAT model, relative to the
baseline model, is consistent across all subsets (i.e., differ-
ent sizes of the training data). These findings substantiate
that models with low training parameters, such as ViT-T,
can benefit from SSAT at all scales of training data.

5.2. Diagnosis of features learned by SSAT

In this section, we differentiate the properties of ViTs
learned from scratch, SSL+FT, and our SSAT method. We
investigate the learned ViT properties by analyzing their at-
tention weights, token representation, feature transforma-
tion, and loss landscape. We answer the following key ques-
tions:
How are the attention weights distributed? The objective
of this experiment is to examine the mean attention weights
received from other tokens in a sample in the data distribu-
tion. As outlined in [55], the sum of all values in a column
of an n×n self-attention matrix, where n denotes the num-
ber of tokens, represents the aggregated attention associated
with a token. Figure 6 displays the attention weight distri-
bution across the n tokens for various ViT blocks on both
Flower (top row) and CIFAR-100 (bottom row) datasets.
The attention weights are uniformly distributed in the first
transformer block of the scratch model on both datasets, im-
plying an equal focus on all image regions. However, this
distribution changes slightly in the deeper layers. Intrigu-
ingly, SSL+FT and SSAT models display sharply peaked
attention distributions in the initial and middle transformer
layers, but the distributions do not necessarily align with
each other. Specifically, in the first transformer block, the
attention weight distributions of SSL+FT and SSAT mod-
els complement each other, indicating that lower-level fea-
tures learned by these models are complementary. More-
over, the SSL+FT models exhibit sharp peaks in the final
layers, whereas the peaks in SSAT models have a lower
magnitude, possibly because the latter model has a better
inductive bias. Therefore, although both models are trained

on the same set of losses, they use different mechanisms
to learn attention weights that differ in the initial layers,
and the attention weights learned by the SSAT model are
smoother in the final layers, indicating a better inductive
bias of the model.
What is the quality of the learned tokens? In this study,
we investigated the average distance between tokens within
a sample across different transformer blocks. Our analysis
involves plotting the average Euclidean distance between
tokens in images from the Flower and CIFAR-100 datasets
at the output of the transformer layers, as shown in Fig-
ure 7. Our results indicate that the scratch model yields
a lower inter-token distance than the other models, imply-
ing homogeneous token representation. We also observe
that SSL+FT models yield higher inter-token distances than
SSAT models at the middle transformer layers, but this dis-
tance diminishes as we go deeper into the ViTs. Conse-
quently, the SSL+FT models suffer from homogeneous to-
ken representation, which adversely affects the ViT train-
ing, leading to sub-optimal classification accuracy. In con-
trast, the inter-token distance of SSAT models increases
with ViT depth, indicating that the token representations are
discriminative and are semantically rich.
How are representations transformed? The aim of our
experiment is to showcase the variation in feature map evo-
lution between ViTs that are trained using different mecha-
nisms. We conducted feature variance measurements across
the ViT layers on Flower and CIFAR-100 datasets, and the
results are presented in Figure 8. Our analysis confirms the
findings of previous studies that the feature variance across
ViTs trained from scratch remains constant. However, we
observed that the SSL+FT models exhibit an increase in fea-
ture variance until a certain layer, after which the rate of an
increase either decreases (in Flower dataset) or begins to
fall (in CIFAR-100 dataset). Conversely, the feature vari-
ance in our SSAT models accumulates with each ViT layer
and tends to increase as the depth increases. Consequently,
as we go deeper in the SSAT models, the feature map uncer-
tainty decreases, which facilitates optimization through en-
sembling and stabilizing the transformed feature maps [39].
Why is SSAT better than SSL+FT? In this study, we in-
vestigated the loss landscapes of ViT models trained using
different training mechanisms. We follow [40] to display
the Eigenvalue Spectral Density of Hessian for the differ-
ent ViT models trained (see Figure 9). Our results indicate

6883



0 25 50 75 100 125 150 175 200
Token

0.0035

0.0040

0.0045

0.0050

0.0055

0.0060

0.0065

0.0070

0.0075

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

0 25 50 75 100 125 150 175 200
Token

0.0045

0.0050

0.0055

0.0060

0.0065

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

0 25 50 75 100 125 150 175 200
Token

0.003

0.004

0.005

0.006

0.007

0.008

0.009

0.010

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

0 50 100 150 200 250
Token

0.002

0.003

0.004

0.005

0.006

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

0 50 100 150 200 250
Token

0.0025

0.0050

0.0075

0.0100

0.0125

0.0150

0.0175

0.0200

0.0225

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

0 50 100 150 200 250
Token

0.000

0.005

0.010

0.015

0.020

0.025

0.030

0.035

M
ea

n 
At

te
nt

io
n

Scratch
SSL+FT
SSAT

Figure 6. The distribution of attention weights across the n tokens for different ViT-T blocks on two datasets: Oxford Flower (top row)
and CIFAR-100 (bottom row). The first, second, and third columns correspond to the attention distributions of the first, sixth, and twelfth
ViT-T blocks, respectively.
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Figure 7. Average Euclidean Inter-token Distance of ViTs
trained from scratch, using SSL+FT and using SSAT, for two dif-
ferent datasets: Oxford Flowers (on the left) and CIFAR-100 (on
the right).
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Figure 8. Feature Map Variance of ViTs trained from scratch,
using SSL+FT and using SSAT, for two different datasets: Oxford
Flowers (on the left) and CIFAR-100 (on the right).

that the scratch ViT model exhibits a wide range of negative
Hessian eigenvalues, implying non-convex loss landscapes.
Interestingly, the number of negative Hessian eigenvalues
is slightly higher in the SSL+FT ViT model than in the
scratch model (9622 vs 9667). However, the lower mag-
nitude of some of the negative Hessian eigenvalues in the
SSL+FT model makes their qualitative visualization diffi-
cult. In contrast, SSAT reduces the number of negative
Hessian eigenvalues by 12% in comparison to the SSL+FT
model. This finding suggests that the SSL approach convex-
ifies losses and suppresses negative eigenvalues in the small
data regime. Additionally, the SSAT ViT model reduces the
average magnitude of negative Hessian eigenvalues by 70%
compared to the SSL+FT models. Therefore, SSAT effec-
tively reduces the magnitude of large Hessian eigenvalues
and enhances the ViTs’ ability to learn better representa-

Table 7. Comparison of our SSAT to existing state-of-the-art ap-
proaches on small datasets. † indicates that [15] is replicated with
300 epochs. Results of [29] is not reported on CIFAR-10.

Method # enc. params. epochs CIFAR-10 CIFAR-100
CVT-13+Ldrloc [34] 20M 100 90.30 74.51

CVT-13+ SSAT 95.93 75.16
ViT (scratch)

2.8M 300

93.58 73.81
SL-ViT [28] 94.53 76.92

ViT† (SSL+FT) [15] 94.2 76.08
ViT + SSAT 95.1 77.8

DeiT-Ti+Lguidance [29] 6M 300 - 78.15
DeiT-Ti+Lguidance + SSAT - 79.46

tions.

5.3. Comparison with the state-of-the-art

Table 7 presents a comparison of SSAT with state-of-
the-art (SOTA) methods. To ensure a fair evaluation, we
implemented SSAT with the ViT encoder used in the re-
spective methods. We find that MAE as SSAT outperforms
Drloc [34] which takes predicting relative distance between
patches as SSAT. This shows that the choice of SSAT plays
a crucial role in the effective training of ViTs. Moreover,
we find that SSAT outperforms SL-ViT [28] and [15] when
trained for an equal number of epochs. This indicates that
SSAT, without any architectural modifications, can surpass
SOTA methods through its joint training strategy. Addition-
ally, we trained a ViT with SSAT and feature-level distil-
lation from a light-weight CNN as described in [29]. The
improvement over the baseline [29], which involves train-
ing ViT with feature-level distillation only, demonstrates the
complementary nature of the representations learned by ViT
when trained with SSAT.

In Figure 10, we present the Grad-CAM visualiza-
tions [49]. SSL+FT (3rd col) focuses on few specific pix-
elwise regions, while our method (4th col) focuses on areas
corresponding to the entire primary object. We also provide
the attention visualization of ViTs trained using different
strategies in Appendix E (see Figure 12).
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Figure 9. Hessian max eigenvalues spectra of ViTs trained from scratch (on the left), SSL + FT (in the middle), and SSAT (on the right).

Table 8. Cross training evaluation and zero-shot transfer results of DeepFake detection on FaceForensics++ with SSAT. [9] is trained on
both DFDC and FaceForensics++, thus zero-shot transfer results have not been provided.

Method cross-training evaluation zero-shot transfer
Deepfakes Face2Face FaceSwap NeuralTextures Deepfakes Face2Face FaceSwap NeuralTextures

Scratch 84.48 79.21 56.63 82.08 - - - -
Cross-efficient-vit [9] 82.67 69.89 79.93 64.87 - - - -

DFDC winner [48] 96.43 73.93 86.07 58.57 88.57 57.50 80.36 54.64
VideoMAE SSL (0.95) 82.67 64.16 58.42 63.44 86.28 49.82 69.18 51.97
VideoMAE SSL (0.75) 78.34 65.59 57.35 61.65 82.67 48.39 65.23 51.97

VideoMAE (0.95) + SSAT 92.42 79.21 89.61 81.36 92.42 61.65 92.83 62.37
VideoMAE (0.75) + SSAT 96.75 80.65 91.40 72.76 87.73 60.57 88.17 61.65

SSL+FTSCRATCH OURSORIGINAL IMAGE

Figure 10. GradCAM visualizations of our SSAT model and the
representative baselines.

5.4. Performance of SSAT in video domain

We have also assessed the efficacy of the SSAT within
the video domain for the task of deepfake detection. In
this experiment, the model’s generalization capabilities for
deepfake detection is validated, as presented in Table 8. For
video encoding, we employ ViT as in [53]. Our VideoMAE
+ SSAT model is a direct extension of the MAE+SSAT
model designed for image data; the only modification lies
in the choice of encoder. The primary task involves binary
classification to distinguish between real and manipulated
videos. Notably, we experimented with two masking ratios,
0.75 and 0.95, during the training of VideoMAE + SSAT.

To assess model generalizability, we conducted cross-
manipulation training based on the FaceForensics++
dataset [11]. We trained the model using videos generated
by all possible combinations of three manipulation tech-
niques (Deepfakes, Face2Face, FaceSwap, and NeuralTex-
tures) plus original videos, and then evaluated its perfor-
mance on the videos generated by the remaining technique.
This approach simulates real-world scenarios where mul-
tiple manipulation techniques might be encountered post-
training. All models, except the scratch model, are pre-
trained on the DFDC dataset [48] before being evaluated
on the FaceForensics++ dataset. To enable a fair compari-
son with VideoMAE + SSAT, the baseline VideoMAE SSL
models are first pretrained and fine-tuned on DFDC, and
are subsequently employed for deepfake classification task.
The evaluation involved both (1) cross-dataset fine-tuning
on FaceForensics++ and (2) zero-shot transfer assessment
where pre-trained models are evaluated on FaceForensics++

without additional training.
Our findings, as detailed in Table 8, reveal that the

VideoMAE+SSAT models demonstrate a superior general-
ized capability than the other baselines to distinguish be-
tween real and manipulated videos. Note that the scratch
model outperforms all models on detecting videos gener-
ated using NeuralTextures without any pretraining but it is
not suitable for zeros-shot transfer. Interestingly, the Video-
MAE models exhibit complementary behavior when sub-
jected to different masking ratios, which warrants a future
investigation. More details including implementation and
training details of these experiments can be found in Ap-
pendix D.

6. Conclusion
The main focus of this paper was on the use of self-

supervised learning (SSL) to effectively train ViTs on do-
mains with limited data. We demonstrate that by jointly
optimizing the primary task of a ViT encoder with SSL
as an auxiliary task, we can achieve discriminative rep-
resentations for the primary task. This simple and easy-
to-implement method called SSAT outperforms the tradi-
tional approach of sequentially training with SSL followed
by fine-tuning on the same data. Our joint training frame-
work learns features that are different from those learned
by the dissociated framework, even when using the same
losses. These results highlight the potential of SSAT as an
effective training strategy with a lower carbon footprint. We
anticipate that SSAT will become a standard norm for train-
ing vision transformers on small datasets.
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