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Abstract

Vision Transformers (ViTs) emerge to achieve impres-
sive performance on many data-abundant computer vision
tasks by capturing long-range dependencies among local
features. However, under few-shot learning (FSL) settings
on small datasets with only a few labeled data, ViT tends
to overfit and suffers from severe performance degradation
due to its absence of CNN-alike inductive bias. Previous
works in FSL avoid such problem either through the help
of self-supervised auxiliary losses, or through the dextile
uses of label information under supervised settings. But
the gap between self-supervised and supervised few-shot
Transformers is still unfilled. Inspired by recent advances
in self-supervised knowledge distillation and masked image
modeling (MIM), we propose a novel Supervised Masked
Knowledge Distillation model (SMKD) for few-shot Trans-
formers which incorporates label information into self-
distillation frameworks. Compared with previous self-
supervised methods, we allow intra-class knowledge dis-
tillation on both class and patch tokens, and introduce
the challenging task of masked patch tokens reconstruc-
tion across intra-class images. Experimental results on
four few-shot classification benchmark datasets show that
our method with simple design outperforms previous meth-
ods by a large margin and achieves a new start-of-the-art.
Detailed ablation studies confirm the effectiveness of each
component of our model. Code for this paper is available
here: https://github.com/HL-hanlin/SMKD.

1. Introduction
Vision Transformers (ViTs) [16] have emerge as a

competitive alternative to Convolutional Neural Networks
(CNNs) [31] in recent years, and have achieved impressive
performance in many vision tasks including image classi-
fication [16, 38, 59, 66], object detection [3, 10, 26–28, 79],
and object segmentation [50, 55]. Compared with CNNs,
which introduce inductive bias through convolutional ker-
nels with fixed receptive fields [35], the attention layers in
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Figure 1. Comparison of the proposed idea and other exist-
ing methods for few-shot Transformers. Our model mitigates
the overfitting issue of few-shot Transformers, by extending the
masked knowledge distillation framework into the supervised set-
ting, and enforcing the alignment of [cls] and corresponding
[patch] tokens for intra-class images.

ViT allow it to model global token relations to capture long-
range token dependencies. However, such flexibility also
comes at a cost: ViT is data-hungry and it needs to learn
token dependencies purely from data. This property often
makes it easy to overfit to datasets with small training set
and suffer from severe generalization performance degra-
dation [36, 37]. Therefore, we are motivated to study how
to make ViTs generalize well on these small datasets, espe-
cially under the few-shot learning (FSL) setting [19, 39, 62]
which aims to recognize unseen new instances at test time
just from only a few (e.g. one or five) labeled samples from
each new categories.

Most of the existing methods mitigate the overfitting is-
sue of few-shot Transformers [14] using various regulariza-
tions. For instance, some works utilize label information
in a weaker [70], softer [42] way, or use label information
efficiently through patch-level supervision [14]. However,
these models usually design sophisticated learning targets.
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On the other hand, self-distillation techniques [4, 8], and
particularly, the recent masked self-distillation [29, 45, 77],
which distills knowledge learned from an uncorrupted im-
age to the knowledge predicted from a masked image, have
lead an emerging trend in self-supervised Transformers in
various fields [15, 68]. Inspired by such success, recent
works in FSL attempt to incorporate self-supervised pretext
tasks into the standard supervised learning through auxil-
iary losses [37, 43, 46], or to adopt a self-supervised pre-
training, supervised training two-stage framework to train
few-shot Transformers [18, 32]. Compared with traditional
supervised methods, self-supervision can learn less biased
representations towards base class, which usually leads to
better generalization ability for novel classes [40]. How-
ever, the two learning objectives of self-supervision and
supervision are conflicting and it is hard to balance them
during training. Therefore, how to efficiently leverage the
strengths of self-supervised learning to alleviate the overfit-
ting issue of supervised training remains a challenge.

In this work, we propose a novel supervised masked
knowledge distillation framework (SMKD) for few-shot
Transformers, which handles the aforementioned challenge
through a natural extension of the self-supervised masked
knowledge distillation framework into the supervised set-
ting (shown in Fig. 1). Different from supervised con-
trastive learning [33] which only utilizes global image fea-
tures for training, we leverage multi-scale information from
the images (both global [cls] token and local [patch]
tokens) to formulate the learning objectives, which has been
demonstrated to be effective in the recent self-supervised
Transformer methods [29, 77]. For global [cls] tokens,
we can simply maximize the similarity for intra-class im-
ages. However, it is non-trivial and challenging to formulate
the learning objectives for local [patch] tokens because
we do not have ground-truth patch-level annotations. To
address this problem, we propose to estimate the similarity
between [patch] tokens across intra-class images using
cross-attention, and enforce the alignment of correspond-
ing [patch] tokens. Particularly, reconstructing masked
[patch] tokens across intra-class images increases the
difficulty of model learning, thus encouraging learning gen-
eralizable few-shot Transformer models by jointly exploit-
ing the holistic knowledge of the image and the similarity of
intra-class images.

As shown in Fig. 2, we compare our model with the
existing self-supervised/supervised learning methods. Our
model is a natural extension of the supervised contrastive
learning method [33] and self-supervised knowledge dis-
tillation methods [4, 77]. Thus our model inherits both
the advantage of method [33] for effectively leveraging la-
bel information, and the advantages of methods [4, 77] for
not needing large batch size and negative samples. Mean-
while, the newly-introduced challenging task of masked
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Figure 2. Comparison of other self-supervised/supervised
frameworks. Our method (d) is a natural extension of (b) and (c),
with the newly-introduced challenging task of masked [patch]
tokens reconstruction across intra-class images.

[patch] tokens reconstruction across intra-class images
makes our method more powerful for learning generalizable
few-shot Transformer models.

Compared with contemporary works on few-shot Trans-
formers [14, 32, 70], our framework enjoys several good
properties from a practical point of view. (1) Our method
does not introduce any additional learnable parameters be-
sides the ViT backbone and projection head, which makes it
easy to be combined with other methods [32,70,74]. (2) Our
method is both effective and training-efficient, with stronger
performance and less training time on four few-shot classi-
fication benchmarks, compared with [32, 70]. In a nutshell,
our main contributions can be summarized as follows:

• We propose a new supervised knowledge distillation
framework (SMKD) that incorporates class label in-
formation into self-distillation, thus filling the gap be-
tween self-supervised knowledge distillation and tra-
ditional supervised learning.
• Within the proposed framework, we design two

supervised-contrastive losses on both class and patch
levels, and introduce the challenging task of masked
patch tokens reconstruction across intra-class images.
• Given its simple design, we test our SMKD on four

few-shot datasets, and show that it achieves a new
SOTA on CIFAR-FS and FC100 by a large margin,
as well as competitive performance on mini-ImageNet
and tiered-ImageNet using the simple prototype clas-
sification method for few-shot evaluation.

2. Related Work
Few-shot Learning. Few-shot learning aims at fast knowl-
edge transfer from seen base classes to unseen novel classes
given only a few labeled samples from each novel class. The
meta-learning paradigm, which simulates few-shot tasks
episodically to mimic the human-learning process in the
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real world, once dominated FSL [22–25, 44, 53, 54, 56, 62].
Surprisingly, recent works [6, 21, 58, 72] have shown that
the state-of-the-art meta-learning methods can be outper-
formed by simple baseline methods using just a distance-
based classifier without the complicated design of meta-
learning strategies. Therefore, recent methods [17, 42, 70]
in FSL start to focus less on meta-learning, and more on
learning embeddings with good generalization ability. Our
paper follows this trend and proposes a knowledge distilla-
tion framework to learn generalizable embeddings.
Vision Transformers in FSL. Variants of Transformer [61]
have achieved great success in NLP [12, 49], computer vi-
sion [16, 59], and multimodal learning [48]. However, the
lack of inductive bias makes Transformer infamous for its
data-hungry property, which is especially significant in few-
shot settings when the amount of data is limited. A line
of works focuses on introducing inductive bias back to the
Transformer architecture, including methods using pyramid
structure [63,64], shifted windows [38], and explicit convo-
lutional token embeddings [66]. With this said, some recent
works [13, 24, 32, 71] still show that few-shot Transformers
have the potential of fast adaptation to novel classes. Our
work also studies few-shot Transformers, and we show that
our method can work well even on the vanilla ViT structure
without explicit incorporation of inductive bias.
Self-Supervision for FSL. Self-supervised learning (SSL)
has shown great potential in FSL due to its good generaliza-
tion ability to novel classes. Previous methods incorporate
SSL into FSL in various ways. Some works propose to in-
clude self-supervised pretext tasks into the standard super-
vised learning through auxiliary losses [37, 43, 46]. For ex-
ample, [37] proposed a regularization loss that extracts ad-
ditional information from images by predicting the geomet-
ric distance between patch tokens. [46] designed their loss
by discouraging spatially disordered attention maps based
on the idea that objects usually occupy connected regions,
and [43] derived their auxiliary loss from self-supervision
tasks of rotation and exemplar. Some other works [18, 32],
instead, adopt a two-stage procedure by pretraining a model
via self-supervision before supervised training. [32] takes
advantage of self-supervised training with iBOT [77] as a
pretext task, and then uses inner loop token importance
reweighting for supervised fine-tuning. [18] initializes its
model with a pre-trained self-supervised DINO [4], then
trained with supervised cross-entropy loss. Our work fol-
lows the second branch of work, but the difference is obvi-
ous from previous works. Instead of designing complicated
training pipeline or leveraging additional learnable mod-
ules at inference time, we use supervised training on self-
supervised pre-trained model, and focus mainly on bridging
the gap between self-supervised and supervised knowledge
distillation with minimum extra design.

Another emerging trend in SSL is Masked Image Mod-

eling (MIM) [1, 29, 45, 77], which aims at recovering the
patch-level target (e.g. image pixels, patch features) of the
masked content in a corrupted input image. In iBOT [77],
the class and patch tokens share the same projection head,
thus helping the ViT backbone to learn semantically mean-
ingful patch embeddings, which can be used as a supple-
ment to image-level global self-supervision.

3. Our Approach

We present our Supervised Masked Knowledge Distilla-
tion (SMKD) framework in this section. Fig. 3 shows an
overview of our model. Task definition for few-shot clas-
sification is presented in Sec. 3.1. We explain the formula-
tion of SSL knowledge distillation in Sec. 3.2, and how we
extend it into our supervised knowledge distillation frame-
work in Sec. 3.3. Training pipeline is given in Sec. 3.4.

3.1. Learning Task Definition

In few-shot classification, we are given two datasets
Dbase andDnovel with disjoint class labels Cbase and Cnovel
(Cbase ∩ Cnovel = ∅). The base dataset Dbase, which con-
tains abundant labeled samples, is used to train the fea-
ture extractor. And the novel dataset Dnovel is then used
to sample episodes for prototype estimation and few-shot
evaluation. In a standard N-way K-shot task, each episode
Depi = (DS ,DQ) covers N classes from Cnovel. The sup-
port datasetDS , which contains K samples from each class,
is used for class prototype estimation, and the query dataset
DQ is then used for evaluation. This task aims at correctly
classifying DQ into N classes from sampled episodes. And
the main focus of this paper is to train a feature extractor
with good generalization ability from Dbase.

3.2. Preliminary: SSL with Knowledge Distillation

Our work is inspired by the self-supervised knowledge
distillation frameworks proposed recently [4]. Specifically,
given an input image x uniformly sampled from the train-
ing set I, random data augmentations are applied to gen-
erate two augmented views x1 and x2 (we represent im-
age view indices as superscripts and patch indices as sub-
scripts), which are then fed into the teacher and student net-
works. The student network, parameterized by θs, consists
of an encoder with ViT backbone and a projection head
with a 3-layer multi-layer perceptron (MLP) followed by
l2-normalized bottleneck. The ViT backbone first generates
a [cls] token, which is then entered into the projection
head and outputs a probability distribution Ps

[cls] over K
dimensions. The teacher network, parameterized by θt, is
Exponentially Moving Averaged (EMA) updated by the stu-
dent network θs, which distills its knowledge to the student
by minimizing the cross-entropy loss over the outputs of the
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Figure 3. Overview of our SMKD framework. Two views are generated from a pair of images sampled (with replacement) from the
same class. The first view, applied with random blockwise masking, is passed to the student network, while the second unmasked view
is passed to the teacher network. Both networks consist of a ViT backbone and a projection head. The parameters of the teacher network
are Exponentially Moving Averaged (EMA) updated by the student network. SMKD distills knowledge between intra-class cross-views
on both class and patch levels. L[cls] distills knowledge from [cls] tokens, while L[patch] distills knowledge from [patch] tokens by
finding dense correspondence of matched token pairs (connected by red dashed lines) with highest similarities.

categorical distributions from their projection heads:

L[cls] = H(Pt
[cls](x1),Ps

[cls](x2)) (1)

whereH(x, y) = −x log y.
Masked Image Modeling (MIM) [1, 57] can be per-

formed via self-distillation as follows [77]. Given a ran-
domly sampled mask sequence m ∈ {0, 1}N over an im-
age with N [patch] tokens x = {xi}Ni=1, xi’s with
mi = 1 are then replaced by a learnable token embedding
e[MASK], which results in a corrupted image x̂ = {x̂i}Ni=1 =
{(1 −mi)xi +mie[MASK]}Ni=1. This corrupted image and
the original uncorrupted image are fed into the student and
teacher networks respectively. The objective of MIM is to
recover the masked tokens from the corrupted image, which
is equivalent to minimizing the cross-entropy loss between
the outputs of the categorical distributions of the student and
teacher networks on masked patches:

LMIM =
N∑
i=1

mi · H(Pt
[patch](x)i,Ps

[patch](x̂)i) (2)

3.3. Supervised Masked Knowledge Distillation

Distill the Class Tokens. Recent self-distillation frame-
works [4, 20, 77] distill knowledge on [cls] tokens from
cross-view images via Eq.(1). To incorporate label informa-
tion into such self-supervised frameworks, we further allow
knowledge on [cls] tokens to be distilled from intra-class
cross-views. This can be achieved by a small extension of
the way we sample images. Rather than sampling a sin-
gle image x ∼ I and generating two views, now we sam-
ple two images x,y ∼ Ic (with replacement) and generate
one view for each of them1. Ic ⊆ I here denotes the set

1For simplicity of illustration, we show our method with only one aug-
mented view from each image. We sample two views from an image in our
implementation. Loss is then averaged over all cross-view pairs.

of images with the same class label c in the training set I.
Specifically, we denote x′ and y′ as the augmented views
generated from image x and y respectively. We apply ad-
ditional random blockwise masking on x′ and denote the
resulting corrupted view as x̂′. Then the corrupted view x̂′

and uncorrupted view y′ are sent to the student and teacher
networks seperately. Now our supervised-contrastive loss
on [cls] tokens becomes:

L[cls] = H(Pt
[cls](y′),Ps

[cls](x̂′)) (3)

When x,y are sampled as the same image (x = y),
our loss performs masked self-distillation across two views
of the same image similar to Eq.(1). In the other situation
when x and y represent different images (x 6= y), our loss
then minimizes the cross-entropy loss of projected [cls]
tokens among all cross-view pairs between images x and y.

Such design has two major advantages. (1) It can be
implemented efficiently. Instead of intentionally sampling
image pairs from the same class, we just need to look
through the images in a mini-batch, find image pairs be-
longing to the same class, and then apply our loss in Eq.(3).
(2) Unlike previous works that use either supervised [42,76]
or self-supervised [5, 30] contrastive losses, our method
follows the recent trend in SSL works [4, 7, 20, 73] and
avoids the need for negative examples.

Distill the Patch Tokens. Beyond the knowledge distilla-
tion on the global [cls] tokens, we introduce the chal-
lenging task of masked patch tokens reconstruction across
intra-class images, to fully exploit the local details of the
image for training. Our main intuition here is based on the
following hypothesis: for intra-class images, even though
their semantic information can be vastly different at the
patch level, there should at least exist some patches that
share similar semantic meanings.
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For each patch k from an input view y′ sent to the
teacher network (with its corresponding token embedding
defined as f t

k), we need to first find the most similar patch
k+ from the masked view x̂′ of the student network (with its
corresponding token embedding defined as fs

k+ ), and then
perform knowledge distillation between these two matched
tokens. The token embedding fs

k+ represents either the
k+

th
[patch] token if patch k+ is unmasked, or the re-

constructed patch token if it is masked.
As we do not have any patch-level annotations, we use

cosine similarity to find the best-matched patch of k among
all the [patch] tokens in the student network:

k+ = arg max
l∈[N ]

f t
k

>
fs
l

‖f t
k‖‖f

s
l ‖

(4)

Our patch-level knowledge distillation loss now becomes:

L[patch] =

N∑
k=1

ωk+ · H(Pt
[patch](y′)k,Ps

[patch](x̂′)k+)

(5)

where ωk+ is a scalar representing the weight we give to
each loss term. We find that taking it as a constant value
is effective enough. The ablation study of more complex
designs of ωk+ is given in the appendix.

Our loss shares some similarities with DenseCL [65].
However, the differences are also obvious: (1) Our loss
serves as an extension of their self-supervised contrastive
loss into a supervised variant. (2) We further incorpo-
rate MIM into our design and allow masked patches to be
matched, which makes our task harder and leads to more
semantically meaningful patch embeddings.

3.4. Training Pipeline

We train our model in two stages: self-supervised pre-
training and supervised training. In the first stage, we
use the recently proposed MIM framework [77] for self-
supervised pretraining. The self-supervised loss is the sum-
mation of L[cls] and LMIM in Eq.(1) and Eq.(2) with-
out scaling. In the second stage, we continue training the
pre-trained model using our supervised-contrastive losses
L[cls] and L[patch] from Eq.(3) and Eq.(5). We define
our training loss as: L = L[cls] + λL[patch], where λ
controls the relative scale of these two components. A rela-
tively large λ will make our model focus more on localiza-
tion and less on high-level semantics.

4. Experiment
4.1. Datasets

Our model is evaluated on four widely used and publicly
available few-shot classification datasets: mini-ImageNet
[62], tiered-ImageNet [51], CIFAR-FS [2], and FC100

[44]. mini-ImageNet and tiered-ImageNet are derived from
ImageNet [11], while CIFAR-FS and FC100 are derived
from CIFAR100 [34]. mini-ImageNet contains 100 classes,
which are randomly split into 64 base classes for training,
16 classes for few-shot validation, and 20 classes for few-
shot evaluation. There are 600 images in each class. tiered-
ImageNet contains 609 classes with 779165 images in total.
The class split for training, few-shot validation and few-shot
evaluation are 351, 97, and 160. CIFAR-FS contains 100
classes with class split as 64, 16, and 20. FC100 contains
100 classes with class split as 60, 20, and 20. For both of
these two datasets, each class has 600 images with smaller
resolutions (32 × 32) compared with ImageNet.

4.2. Implementation Details

Self-supervised pretraining. We pre-train our Vision
Transformer backbone and projection head following the
same pipeline in iBOT [77]. Most of the hyper-parameter
settings are kept unchanged without tuning. We use a batch
size of 640 and a learning rate of 0.0005 decayed with the
cosine schedule. mini-ImageNet and tiered-ImageNet are
pre-trained for 1200 epochs, and CIFAR-FS and FC100 are
pre-trained for 900 epochs. All models are trained on 8
Nvidia RTX 3090 GPUs. Detailed training parameter set-
tings are included in the appendix.

Supervised knowledge distillation After getting the
pre-trained model, we train it with our supervised-
contrastive losses. We find that the model with the best per-
formance can converge within 60 epochs in the validation
set. We use the same batch size and learning rate as in the
pretraining stage. Compared with the first stage, the only
extra hyper-parameter is the scaling parameter λ. We set
it to make the ratio between L[patch] and L[cls] roughly
around 2. Ablation over different λ is given in the appendix.

Few-shot Evaluation We use the simple prototype clas-
sification method (Prototype) [44, 54] and the linear classi-
fier (Classifier) used in S2M2 [43] as our default methods
for few-shot evaluation. For each sampled episode data in
an N-way K-shot task, Prototype first estimates each class
prototype using the averaged feature over K support sam-
ples. Then a new sampled query image is classified into
one of the N classes which has the highest cosine similarity
between its feature vector and the class prototype. Instead,
Classifier trains a linear classifier from the N×K support
samples, which is then used to classify new query sam-
ples. More complex evaluation methods (e.g. DeepEMD)
are also compatible with our framework. The feature we
used for evaluation is the concatenation of the [cls] token
with the weighted average [patch] token (weighted avg
pool). The weights of weighted avg pool is the average of
the self-attention values of the [cls] token with all heads
of the last attention layer. Ablation over different choices of
features for evaluation is studied in Sec. 4.4.
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Table 1. Results on mini-ImageNet and tiered-ImageNet. Top three methods are colored in red, blue and green respectively. A more
comprehensive version of this table is shown in the appendix.

Method Backbone #Params miniImageNet,5-way tieredImageNet,5-way
1-shot 5-shot 1-shot 5-shot

DeepEMD [74] ResNet-12 12.4M 65.91± 0.82 82.41± 0.56 71.16± 0.87 86.03± 0.58
IE [52] ResNet-12 12.4M 67.28± 0.80 84.78± 0.52 72.21± 0.90 87.08± 0.58

COSOC [41] ResNet-12 12.4M 69.28± 0.49 85.16± 0.42 73.57± 0.43 87.57± 0.10
Meta-QDA [75] WRN-28-10 36.5M 67.38± 0.55 84.27± 0.75 74.29± 0.66 89.41± 0.77

OM [47] WRN-28-10 36.5M 66.78± 0.30 85.29± 0.41 71.54± 0.29 87.79± 0.46
SUN [14] ViT 12.5M 67.80± 0.45 83.25± 0.30 72.99± 0.50 86.74± 0.33

FewTURE [32] Swin-Tiny 29.0M 72.40± 0.78 86.38± 0.49 76.32± 0.87 89.96± 0.55
HCTransformers [70] 3×ViT-S 63.0M 74.74± 0.17 89.19± 0.13 79.67± 0.20 91.72± 0.11

Ours (Prototype) ViT-S 21M 74.28± 0.18 88.82± 0.09 78.83± 0.20 91.02± 0.12
Ours (Classifier) ViT-S 21M 74.10± 0.17 88.89± 0.09 78.81± 0.21 91.21± 0.11
Ours + HCT [70] 3×ViT-S 63M 75.32± 0.18 89.57± 0.09 79.74± 0.20 91.68± 0.11

Table 2. Results on CIFAR-FS and FC100. A more comprehensive version of this table is shown in the appendix.

Method Backbone #Params CIFAR-FS,5-way FC100,5-way
1-shot 5-shot 1-shot 5-shot

BML [78] ResNet-12 12.4M 73.45± 0.47 88.04± 0.33 45.00± 0.41 63.03± 0.41
IE [52] ResNet-12 12.4M 77.87± 0.85 89.74± 0.57 47.76± 0.77 65.30± 0.76

TPMN [67] ResNet-12 12.4M 75.50± 0.90 87.20± 0.60 46.93± 0.71 63.26± 0.74
PSST [9] WRN-28-10 36.5M 77.02± 0.38 88.45± 0.35 - -

Meta-QDA [75] WRN-28-10 36.5M 75.95± 0.59 88.72± 0.79 - -
SUN [14] ViT 12.5M 78.37± 0.46 88.84± 0.32 - -

FewTURE [32] Swin-Tiny 29.0M 77.76± 0.81 88.90± 0.59 47.68± 0.78 63.81± 0.75
HCTransformers [70] 3×ViT-S 63.0M 78.89± 0.18 90.50± 0.09 48.27± 0.15 66.42± 0.16

Ours (Prototype) ViT-S 21M 80.08± 0.18 90.63± 0.13 50.38± 0.16 68.37± 0.16
Ours (Classifier) ViT-S 21M 79.82± 0.18 90.91± 0.13 50.28± 0.16 68.50± 0.16

4.3.Comparison With the State-of-the-arts (SOTAs)

We evaluate our proposed SMKD with the above-
mentioned evaluation methods on four few-shot classifica-
tion datasets. Our goal in this section is to prove the effec-
tiveness of our method given its simple training pipeline and
evaluation procedure. This being said, the performance of
our method can be further boosted by adopting strategies
from contemporary works (see the last row "Ours+HCT
[70]" in Table 1 and detailed results in Table 3).

Compared with traditional convolutional backbones,
Transformer-based models are still underdeveloped in few-
shot classification. Recent methods with Transformer back-
bones [14, 32, 70] differ a lot in their training pipelines and
evaluation procedures. SUN [14] first pre-trains a teacher
network with supervised loss, then uses it to generate patch-
level supervision for the student network as a supplement
to class-level supervision. HCTransformers [70] converts
class-level prediction into a latent prototype learning prob-
lem, and introduces spectral tokens pooling to merge neigh-
boring tokens with similar semantic meanings adaptively.
FewTURE [32], which adopts a similar two-stage training
pipeline as ours, shows the effectiveness of inner loop token
importance reweighting to avoid supervision collapse.

Despite the success of these works, our SMKD still
shows competitive performance given its simple design.
Table 1 contains the results of mini-ImageNet and tiered-
ImageNet. With Prototype and Classifier as the evalua-
tion method, our proposed SMKD outperforms all meth-
ods with ResNet and WRN backbones, and ranked second
among methods with Transformer backbones. By adopt-
ing the same strategies (patch size of 8 and spectral tokens
pooling) as in HCTransformers [70], our method achieves a
new SOTA on mini-ImageNet. The effect of each of these
two strategies is shown in Table 3. Furthermore, as dis-
played in Table 2, our method performs the best on the two
small-resolution datasets (CIFAR-FS and FC100), and out-
performs all previous results by great margins (0.93% for 1-
shot and 0.41% for 5-shot on CIFAR-FS, and over 2% for
both 1 and 5-shot on FC100). In conclusion, our method
grows more effective on datasets with smaller resolutions
and fewer training images.

The top competitor to our model is HCTransformer [70].
However, their method is more complex compared with
ours in the following two aspects: (1) Their method uses
a smaller patch size of 8 rather than 16 (which is used in
most other methods as well as ours). As shown in Table
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Table 3. Results for small patch size and spectral tokens pool-
ing. Results are evaluated on mini-ImageNet with Prototype and
Classifier methods, and the best is reported.

Method Patch 8 Spec. Pool 1-shot 5-shot

HCT [70] X 71.27± 0.17 84.68± 0.10
HCT [70] X X 74.62± 0.20 89.19± 0.13

Ours 74.28± 0.18 88.82± 0.09
Ours X 74.00± 0.17 89.57± 0.09
Ours X X 75.32± 0.18 89.23± 0.18

4, this makes their training procedure 4× slower than ours
in each epoch. (2) Their method contains three sets of cas-
caded transformers, each corresponding to a set of teacher-
student network with ViT-S backbone. This triples the total
number of learnable parameters (63M versus 21M in ours)
and incurs much longer inference time.

Table 4. Training clock time comparison on mini-ImageNet.
For HCT, we report the result provided in their paper. All experi-
ments are conducted on 8 Nvidia RTX 3090 GPUs.

Stage1 Stage2 Stage3
HCT [70] 21.1h (400 epoch) 0.58h (2 epoch) 0.21h (2 epoch)

Self-Supervised Pre-train Supervised Training
Ours 15.0h (1200 epoch) 1.08h (60 epoch)

For a fair comparison, we compare few-shot classifica-
tion results of methods with the same ViT-S backbone (21M
parameters) on mini-ImageNet in Table 5. The results for
HCT [70] and FewTURE [32] are copy-pasted from their
paper. Our model outperforms them by a large margin when
the number of trainable parameters is comparable.

Visualizations of the multi-head self-attention and patch
token correspondence are shown in Fig. 4 and Fig. 5.

Table 5. Comparison results with the same ViT-S backbone on
mini-ImageNet. For HCT, we report their result of the first student
transformer (training time shown in Stage 1 of Table 4).

Method Backbone 1-shot 5-shot

HCT [70] ViT-S 71.27± 0.17 84.68± 0.10
FewTURE [32] ViT-S 68.02± 0.88 84.51± 0.53

Ours ViT-S 74.28± 0.18 88.82± 0.09

4.4. Ablation Study

Self-Supervised MIM Pretraining Helps. Our training
pipeline contains two stages. A natural question is whether
the first self-supervised pretraining stage is necessary. We
can see from Table 6 that the classification accuracy of our
method drops a lot without pretraining. If we train in a
single stage, with the combination of the self-supervised
learning losses and supervised contrastive learning losses,
the model is still hard to converge without a good initializa-
tion (1-shot: 43.71 vs. our 74.28. 5-shot: 60.27 vs. our
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Figure 4. Visualization of multi-head self-attention maps. The
self-attention of the [cls] tokens with different heads in the last
attention layer of ViT are visualized in different colors. iBOT+CE
represents the model first pre-trained with iBOT, then trained with
CE loss. Our SMKD pays more attention to the foreground ob-
jects, especially the most discriminative parts.

Figure 5. Visualization of dense correspondence. We use the
patches with the highest self-attention of the [cls] token on each
attention head (6 in total) of the last layer of ViT-S as queries. Best
matched patches with highest similarities are connected with lines.

88.82 on mini-ImageNet). An explanation is that it will
be hard for our patch-level knowledge distillation to find
matched patches if the ViT backbone is initialized with ran-
dom weights. What we observe is that our model finds some
shortcut solution that prohibits it from proper training. Ad-
ditionally, we also test the traditional CE loss with and with-
out self-supervised pretraining. The model pre-trained with
self-supervision and then trained with supervised CE loss
works surprisingly well and even outperforms most of the
methods in Table 1 on mini-ImageNet. This further supports
the usefulness of our two-stage training procedure. For the
masking strategy in the first pretraining stage, our ablation
study over three masking types (blockwise, random, and no
mask) in the appendix shows that blockwise masking bal-
ances the best between 1 and 5-shots classification accuracy.
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Table 6.Few-shot evaluation w/wo self-supervised pretraining.
For models with pretraining stage, we pre-train with iBOT for
1200 epochs, then train with CE or our loss for 60 epochs. For
models without pretraining stage, we train with supervised losses
for 60 epochs directly. Results are evaluated by Prototype classifi-
cation method on mini-ImageNet.

Method Pre-train 1-shot 5-shot

CE 48.98± 0.16 67.62± 0.14
CE X 71.02± 0.18 87.25± 0.10

Ours 33.14± 0.13 45.02± 0.14
Ours X 74.28± 0.18 88.82± 0.09

Table 7. Ablation of different losses in the supervised training
stage. All losses are trained for 60 epochs initialized with the pre-
trained iBOT model. The first row represents the pre-trained iBOT
without additional supervised training. LCE + L[patch] stands
for the combination of CE loss and our patch-level loss. Results
are evaluated by Prototype method on mini-ImageNet.

Loss 1-shot 5-shot

- 60.93± 0.17 80.38± 0.12
LCE 71.02± 0.18 87.25± 0.10
L[cls] 70.21± 0.17 87.03± 0.10
L[patch] 70.84± 0.18 85.90± 0.11

LCE + L[patch] 70.70± 0.18 86.77± 0.10
L[cls] + L[patch] 74.28± 0.18 88.82± 0.09

Class and Patch-Level Distillation Complement Each
Other. Our SMKD uses the combination of class-level
and patch-level supervised-contrastive losses as the final
objective. Here we study several different combinations
of supervised losses to confirm our proposed method
performs the best. Results in Table 7 show that combining
L[cls] with L[patch] achieves 13.35% improvement over
baseline for 1-shot and 8.44% for 5-shot classification,
which outperforms each of its components. Sharing the
parameters of projection heads for class and patch tokens
allows the semantics obtained from their distillation to
complement each other, which leads to much better perfor-
mance. This can also be seen from the comparison between
LCE + L[patch] and L[cls] + L[patch]. LCE alone
achieves stronger performance than L[cls], but combining
it with L[patch] does not provide additional benefits with
separate classification heads.

Weighted Average Pooling Boosts Performance. Some
recent works [60,69] find that using average pooling instead
of the [cls] token during evaluation can encourage token-
level tasks (e.g. localization, segmentation). Inspired by
such findings, we evaluate our model with different tokens
as well as their combinations. Results from Table 8 show
that the performance of the [cls] token can be boosted by
3.02% for 1-shot and 0.79% for 5-shot by just concatenat-
ing with the weighted average pooling token. This shows

that our proposed method can learn meaningful represen-
tations for both [cls] and [patch] tokens. Moreover,
weighted average pooling and average pooling tokens share
similar information, but the former performs better because
it gives less weight to the background.

Table 8. Ablation of different tokens for few-shot evaluation.
"cls" stands for the [cls] token, "avg pool" stands for using aver-
age pooling as token, "weighted avg pool" stands for weighted av-
erage [patch] token with weights from the self-attention mod-
ule from the last block of ViT. The last four rows represent con-
catenation of these three tokens. All tokens are normalized to unit
length. Results are evaluated by Prototype classification method.

Embedding 1-shot 5-shot

1© cls 71.26± 0.17 88.03± 0.10
2© avg pool 71.65± 0.19 86.40± 0.11

3© weighted avg pool 71.83± 0.19 86.38± 0.11
1© + 2© 73.83± 0.18 88.58± 0.10
1© + 3© 74.28± 0.18 88.82± 0.09
2© + 3© 71.86± 0.19 86.47± 0.11

1© + 2© + 3© 73.80± 0.18 88.26± 0.10

5. Conclusion
In this work, we propose a novel supervised knowledge

distillation framework (SMKD) for few-shot Transformers,
which extends the self-supervised masked knowledge distil-
lation framework into the supervised setting. With our de-
sign of supervised-contrastive losses, we incorporate super-
vision into both class and patch-level knowledge distillation
while still enjoy the benefits of not needing large batch size
and negative samples. Evaluation results together with abla-
tion studies demonstrate the superiority of our method given
its simple design compared with contemporary works. Our
two-stage training is a special case of curriculum learning
from the easy samples to the hard ones. We can unify the
learning objectives of self-supervised learning and super-
vised contrastive learning, using a carefully designed cur-
riculum learning strategy for future works. We hope our
work can bridge the gap between self-supervised and su-
pervised knowledge distillation, and inspire more works on
supervised few-shot learning methods.
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