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Abstract

Self-supervised learning (SSL) techniques have recently been
integrated into the few-shot learning (FSL) framework and
have shown promising results in improving the few-shot im-
age classification performance. However, existing SSL ap-
proaches used in FSL typically seek the supervision signals
from the global embedding of every single image. Therefore,
during the episodic training of FSL, these methods cannot
capture and fully utilize the local visual information in im-
age samples and the data structure information of the whole
episode, which are beneficial to FSL. To this end, we pro-
pose to augment the few-shot learning objective with a novel
self-supervised Episodic Spatial Pretext Task (ESPT). Specif-
ically, for each few-shot episode, we generate its correspond-
ing transformed episode by applying a random geometric
transformation to all the images in it. Based on these, our
ESPT objective is defined as maximizing the local spatial re-
lationship consistency between the original episode and the
transformed one. With this definition, the ESPT-augmented
FSL objective promotes learning more transferable feature
representations that capture the local spatial features of dif-
ferent images and their inter-relational structural information
in each input episode, thus enabling the model to general-
ize better to new categories with only a few samples. Exten-
sive experiments indicate that our ESPT method achieves new
state-of-the-art performance for few-shot image classification
on three mainstay benchmark datasets. The source code will
be available at: https://github.com/Whut-YiRong/ESPT.

Introduction
Deep learning (LeCun, Bengio, and Hinton 2015) based ap-
proaches have achieved impressive results in various image
classification tasks, such as face recognition (Meng et al.
2021), object recognition (Krizhevsky, Sutskever, and Hin-
ton 2012) and person re-identification (Li et al. 2021). How-
ever, the success of these methods relies heavily on the avail-
ability of massive training data with reliable annotations.
Unfortunately, in many practical image classification appli-
cations, collecting and manually labeling sufficient training
samples are not only expensive and time-consuming, but
also may not be feasible for some rare object categories
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due to the scarcity of data. Training deep neural networks
in such low-data regimes will inevitably lead to overfitting
problems, which can greatly reduce the generalization abil-
ity of the learned models and finally limit their applicability
in real-world scenarios. On the contrary, humans can rely on
past experience to accurately identify new objects by only
observing a small number of reference samples. By emulat-
ing such ability of human intelligence, few-shot learning has
recently shown promising results in learning novel concepts
from a few training images, and thus has become an effec-
tive approach to address the data scarcity problem in deep
learning fields.

Few-shot learning (FSL) (Li, Fergus, and Perona 2006;
Lake, Salakhutdinov, and Tenenbaum 2015; Koch et al.
2015; Vinyals et al. 2016; Snell, Swersky, and Zemel 2017;
Finn, Abbeel, and Levine 2017) aims to learn transferable
prior knowledge from a set of ”base classes” with sufficient
training samples, and then utilize such knowledge to rec-
ognize unseen ”novel classes” that only have a few refer-
ence images per class. For this purpose, the episodic learn-
ing strategy is often employed, which samples a series of
few-shot episodes from the base classes in the training phase
(Snell, Swersky, and Zemel 2017; Finn, Abbeel, and Levine
2017). Each episode consists of a small ”support set” and
a relatively large ”query set” that simulate the setup of the
target few-shot classification tasks encountered during the
evaluation procedure. Then with these episodes, a generic
deep model or a common optimization method (act as the
prior knowledge) is typically learned for fast adaptation to
the testing few-shot classification tasks with unseen cate-
gories. One of the main problems with most FSL methods
is that they usually only optimize a single categorical objec-
tive (e.g. cross-entropy loss). As a result, the learned models
will only capture the necessary knowledge for the classifica-
tion tasks over the training classes. Therefore, these models
tend to have excessive discriminability for the base classes
but limited transferability to unseen categories, which will
finally lead to a decrease of few-shot classification perfor-
mance on the novel classes.

To alleviate this problem, several recent studies (Gidaris
et al. 2019; Rajasegaran et al. 2021; Lee, Hwang, and Shin
2020; Su, Maji, and Hariharan 2020; Liu et al. 2021) pro-
pose to integrate self-supervised learning (SSL) techniques
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into the FSL framework. They augment traditional FSL opti-
mization objective with an annotation-free pretext task (e.g.
rotation prediction or jigsaw puzzle task), which acts as an
auxiliary regularization term and is jointly optimized with
the classification loss. Since solving these pretext tasks de-
pends only on the visual information present in images,
the learned feature representations will be more inclined
to capture low-level visual patterns in image samples, and
thus will be more generalizable that can transfer well to the
novel classes (Islam et al. 2021). However, existing SSL ap-
proaches typically process each input sample individually
and seek the supervision signals from every single image.
So the pretext task objective of these SSL methods cannot
fully exploit the interrelationships of multiple image sam-
ples within a few-shot episode, which will lead to the loss of
data structure information of the whole episode that may be
beneficial to the FSL training process. Moreover, most SSL
pretext tasks are constructed based on global image embed-
dings and tend to ignore the local spatial image features that
contain richer and more transferable low-level visual infor-
mation, which may limit their effectiveness in improving the
transferability of FSL models.

In order to address the above problems, in this paper,
we propose a novel self-supervised Episodic Spatial Pre-
text Task (ESPT) for few-shot image classification, where
the supervision information is derived from the relation-
ships between local spatial features of multiple image sam-
ples in each learning episode. Specifically, given a few-shot
episode, we first apply a random geometric transformation
to all the samples in it to generate its corresponding trans-
formed episode. These two episodes are then fed into a deep
network with two identical branches, one for the original
episode and the other for the transformed one. In addition
to outputting label predictions for the query samples, each
branch calculates the relationships between local features
extracted at different spatial locations of multiple images
in the input episode. After that, our ESPT objective is de-
fined as maximizing the local spatial relationship consis-
tency between the same images in the original and trans-
formed episodes. The intuition behind such definition is that
the transformation imposed on the images should not signif-
icantly change the local spatial relationships among them.
With this objective, the introduced self-supervised pretext
task is able to fully exploit the local spatial features of differ-
ent images and their inter-relational structural information in
the input episode. Finally, by jointly optimizing the few-shot
classification loss and the proposed ESPT objective, the re-
sulting model will benefit from the above self-supervision
information to learn the visual representations with stronger
transferability that can be well adapted to novel classes with
few training examples, which will effectively improve its
few-shot classification performance.

The main contributions of our method can be summarized
as: (1) To the best of our knowledge, the proposed ESPT
method is the first attempt to augment traditional few-shot
image classification model using the self-supervision infor-
mation obtained from the local spatial relationships among
multiple image samples in each learning episode. (2) The
proposed ESPT method does not introduce any additional

network structures and extra trainable parameters. Therefore
it does not increase the model complexity and the risk of
data overfitting, which is especially important for solving
few-shot learning problems with limited training samples.
(3) Extensive experiments on the miniImageNet, tieredIm-
ageNet and CUB-200-2011 datasets show that our method
outperforms several benchmark approaches and achieves the
state-of-the-art few-shot image classification performance.

Related Work
Few-shot Learning
Existing few-shot classification approaches can be roughly
divided into three categories: (1) Metric/Embedding-based
methods project input samples into a discriminative embed-
ding space and then calculate the distance between them and
the categories to be classified. MatchingNet (Vinyals et al.
2016) and ProtoNet (Snell, Swersky, and Zemel 2017) learn
an embedding space where a predefined metric (e.g., Eu-
clidean distance and cosine similarity) can be used as the
distance measurement. However, since a common embed-
ding space cannot be equally effective for all few-shot clas-
sification tasks, MetaOptNet (Lee et al. 2019), CTM (Li
et al. 2019) and FEAT (Ye et al. 2020) propose to learn
task-specific embeddings (or classifiers) to capture the most
discriminative information for each target task. Besides,
there are also some other FSL methods that design learn-
able distance metrics via nonlinear relation modules (Sung
et al. 2018; Doersch, Gupta, and Zisserman 2020; Kang
et al. 2021), ridge/logistic regression (Chen et al. 2019;
Bertinetto et al. 2019; Tian et al. 2020), and graph neural
networks (Satorras and Estrach 2018; Tang et al. 2021). (2)
Optimization-based methods typically meta-learn an opti-
mizer or a model that can quickly adapt to the unseen novel
classes. MAML (Finn, Abbeel, and Levine 2017) and some
of its variant methods (Rusu et al. 2019; Jamal and Qi 2019;
Hu et al. 2020; Liu, Schiele, and Sun 2020) attempt to learn a
good parameter initialization such that the adapted model of
each input task can be rapidly obtained by performing only a
few stochastic gradient descent (SGD) steps on support sam-
ples. In (Ravi and Larochelle 2017; Li et al. 2017), LSTM
based meta-learners are trained to generate update rules to
replace the SGD optimizer for model parameter training. (3)
Generation-based methods aim to increase the number of
training samples through data generation and augmentation.
(Hariharan and Girshick 2017) and (Wang et al. 2018) pro-
pose a hallucinator module that maps real training images
and randomly sampled noise to hallucinated samples. The
generated samples may not be realistic, but are useful to
refine the decision boundary of the learned FSL model. In
(Zhang et al. 2018; Schwartz et al. 2018; Park et al. 2020;
Yang, Liu, and Xu 2021), the intra-class variance and data
distribution of the base classes are transferred to the exam-
ples in novel classes to produce augmented data.

SSL Augmented Few-shot Learning
To facilitate the transferability of learned feature represen-
tations, several recent works incorporate existing SSL tech-
niques into the FSL framework by introducing auxiliary pre-
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Figure 1: Illustration of our ESPT method in the 3-way 1-shot setting. Given an input episodeE, we first generate a transformed
episodeEt from it by using a random geometric transformation T (·). Then we feed the image samples within these two episodes
into a two-branch network to extract their local spatial features {FS , FQ} and {F tS , F tQ}. After that, we establish the local spatial
relationships between the support and query images from each of the two episodes by solving a ridge regression based feature
reconstruction problem. Finally, for model training, the few-shot classification loss Lclass and the proposed ESPT objective
Lpretext are defined based on the reconstruction residuals and reconstruction coefficients, respectively.

text task objectives, such as predicting image rotation an-
gles (Rajasegaran et al. 2021; Lee, Hwang, and Shin 2020),
solving image patch jigsaw puzzles (Su, Maji, and Hari-
haran 2020), estimating image patch relative locations (Gi-
daris et al. 2019), and completing contrastive learning tasks
(Rizve et al. 2021; Islam et al. 2021; Ouali, Hudelot, and
Tami 2021). However, since these pretext tasks are not spe-
cially designed for the few-shot classification problem, they
may not be able to capture and utilize the episode-specific
information during the episodic training process of FSL
models. To this end, IEPT (Zhang et al. 2021) designs an
episode-level pretext task based on the label prediction prob-
ability of each query sample. InforPatch (Liu et al. 2021)
proposes a new contrastive learning scheme that defines the
positive and negative sample pairs for each anchor query
image from the support samples. Different from these exist-
ing approaches, our ESPT method seeks the self-supervision
signals from the local spatial relationships among multiple
images in each episode. It therefore can capture and exploit
the low-level visual features of image samples and the data
structure information of the whole episode to learn more
generalizable feature representations.

Method
Preliminary
In this work, we follow a standard setup of the few-shot
classification problem, which is typically described as an
n-way k-shot task. That is, in each task, there are n cate-
gories to be classified and each category contains k train-
ing samples. With this setting, few-shot learning aims to
train a deep model on the data of the base classes Cb, with
the hope that the learned model can generalize well to the
few-shot classification tasks sampled from the novel classes
Cn that are not overlapped with Cb, i.e., Cb ∩ Cn = ∅.
For this purpose, the episodic learning strategy is employed,

which constructs a series of few-shot episodes for model
training. Each episode E = {S,Q} contains a support set
S = {(xs, ys)|ys ∈ Ce, s = 1, ..., n × k} and a query set
Q = {(xq, yq)|yq ∈ Ce, q = 1, ..., n × l} that are drawn
from the same label space to simulate the n-way k-shot set-
ting of the testing classification tasks. Here, S and Q are
totally disjoint, satisfying S ∩ Q = ∅, and Ce is a set of n
classes that are randomly sampled from Cb. At each train-
ing iteration, the model first adapts to the input episode by
performing an update using its support set S. Then the per-
formance of the resulting model is evaluated on the corre-
sponding query set Q to produce an optimization loss that is
used to update the global model parameters for all episodes.

The Proposed Two-Branch Network
The main purpose of our ESPT method is to augment FSL
by integrating an auxiliary self-supervised pretext task, so
that the learned model can benefit from class-agnostic self-
supervision information to learn more transferable feature
representations. To achieve this, as shown in Figure 1, we
construct a deep network with two identical branches that
share the same feature extractor fθ, which is implemented
as a convolutional neural network (e.g., ResNet, WRN). For
each input episode E = {S,Q}, we first apply a random ge-
ometric transformation T (·) to all the samples in it to gener-
ate its corresponding transformed episode Et = {St, Qt},
where St = {(T (xs), ys)|ys ∈ Ce, s = 1, ..., n × k} and
Qt = {(T (xq), yq)|yq ∈ Ce, q = 1, ..., n × l}. Then, we
feed E and Et into the two branches of our model respec-
tively, and obtain the convolutional feature maps of their im-
age samples through the feature extractor fθ as follows:

FS = {(fs, ys)} = {(T (fθ(xs)), ys)}, (1)

FQ = {(fq, yq)} = {(T (fθ(xq)), yq)}, (2)

F tS = {(f ts, ys)} = {(fθ(T (xs)), ys)}, (3)
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F tQ = {(f tq , yq)} = {(fθ(T (xq)), yq)}. (4)

Here we apply the same geometric transformation T (·) to
the feature map of each sample in the original episode E
(see equations (1), (2)), ensuring that the spatial locations in
the feature maps T (fθ(x)) and fθ(T (x)) of the same image
are aligned. The size of each image feature map is h×w×d,
i.e., {fs, fq, f ts, f tq} ∈ Rh×w×d, where h and w denote its
height and width respectively, and d is the dimension of its
local feature vector at each spatial location. With these local
image features, the objective function of our ESPT method
is defined in the following sections.

Episodic Spatial Pretext Task
We construct our episodic spatial pretext task based on the
local spatial relationships among multiple image samples in
each training episode to effectively capture and exploit its
data structure information. To establish such relationships
for an input episode E, we propose to reconstruct the lo-
cal feature vectors of the query images by using the spatial
features of the support samples. Concretely, for each class
c ∈ Ce, we first rearrange the feature maps of its k sup-
port samples (ys = c) into a single spatial feature matrix
Xc ∈ Rkhw×d. Then, each local feature vector (fq)ij ∈ Rd
of the query image xq is reconstructed by solving the fol-
lowing linear least-squares problem:

min
(wq)cij

∥∥(fq)ij −XT
c (wq)

c
ij

∥∥2

2
+ λ

∥∥(wq)
c
ij

∥∥2

2
, (5)

where ‖ · ‖2 denotes the l2 norm of a vector and (·)T is the
transpose operator of a matrix. λ > 0 is a trade-off param-
eter that balances the importance of the regularization term.
Since the size of spatial feature matrix Xc changes depend-
ing on the number of support samples k , the feature map
size hw and the local feature vector dimensions d, we also
need to adaptively adjust the value of λ according these vari-
ables to guarantee the effectiveness of the reconstruction.
Therefore, the parameter λ can be formulated as:

λ =
khw

d
λ̄, (6)

we can control λ by setting different value of λ̄. (fq)ij(i =
1, ..., h, j = 1, ..., w) is the local feature vector at the (i, j)-
th spatial location of fq , and (wq)

c
ij ∈ Rkhw denotes its

reconstruction coefficients corresponding to Xc. Therefore,
(wq)

c
ij can be used to represent the local spatial relationships

between (fq)ij and the support images of the c-th class. The
above optimization problem in equation (5) is also known
as the ridge regression problem, which has a differentiable
closed-form solution that can be rapidly calculated as:

(wq)
c
ij = (XcX

T
c + λI)−1Xc(fq)ij . (7)

For the transformed episode Et, by applying the same
operations, we can also get the reconstruction coefficients
(wtq)

c
ij for the local feature vector (f tq)ij of the same query

image xq . With these coefficients, we promote the spatial
relationship consistency between each query image in the
origin episode and the transformed episode by minimizing

Algorithm 1: Training process of our ESPT method
Input: The training set of the base classes Cb, the transfor-
mation set U , the hyperparameters λ̄ and α
Output: The learned feature extractor fθ

1: Initialize all learnable parameters Φ = {γ, θ}
2: while Maximum number of iterations is not reached do
3: Randomly sample an episode E from the training set

and a geometric transformation T (·) from U
4: Generate the transformed episode Et by applying

T (·) to the image samples in E
5: Calculate the episodic spatial pretext task objective

Lpretext using equation (9)
6: Calculate the few-shot classification loss Lclass using

equation (12)
7: Calculate the total loss Ltotal = Lclass + αLpretext
8: Update the parameters Φ base on ∇ΦLtotal
9: end while

10: return The updated Φ

the distance between (wq)
c
ij and (wtq)

c
ij for all classes at dif-

ferent spatial locations in the input image, which can be for-
mulated as the following consistency loss:

Lqcons =
1

h× w

h∑
i=1

w∑
j=1

∑
c∈Ce

dis(sg[(wq)
c
ij ], (w

t
q)
c
ij), (8)

where dis(·, ·) denotes a distance function (the cosine dis-
tance is used in our implementation). We perform a stop gra-
dient operation sg[·] on (wq)

c
ij to prevent its discriminabil-

ity from being affected. By averaging the above loss over all
query images, the self-supervised objective function of the
propose episodic spatial pretext task is defined as:

Lpretext =
1

n× l

n×l∑
q=1

Lqcons. (9)

It can be seen that calculating and optimizing the above
objective do not require any additional network structures
and extra trainable parameters. This can make the proposed
ESPT method more flexible and more suitable for solving
few-shot classification problems, since it does not increase
the model complexity and the risk of data overfitting.

Few-Shot Classification Loss
For few-shot image classification, the main idea is that the
residual of reconstructing the query images of the c-th class
with support samples of the same class (ys = c) should
be much smaller than that using support images from other
classes (ys 6= c). Therefore, we utilize the reconstruction
error ‖(fq)ij − XT

c (wq)
c
ij‖22 (in equation (5)) over all fea-

ture map locations of each query image xq to compute its
prediction probability over all classes as follows:

〈fq, c〉 = − 1

h× w

h∑
i=1

w∑
j=1

‖(fq)ij −XT
c (wq)

c
ij‖22, (10)

p(y = c|xq) =
exp(γ〈fq, c〉)∑

ci∈Ce
exp(γ〈fq, ci〉)

, (11)
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where γ is a trainable temperature parameter that controls
the scale of probability logits. Based on these definitions,
the few-shot classification loss for all the query samples in
the input episode can be formulated as a cross-entropy loss:

Lclass = − 1

n× l

n×l∑
q=1

[logp(y = yq|xq)]. (12)

Total Loss and Full Algorithm
By linearly combining the episodic spatial pretext task ob-
jective and the few-shot classification loss in equations (9)
and (12), the total loss of the proposed ESPT method can be
defined as follow:

Ltotal = Lclass + αLpretext, (13)

where α > 0 is a trade-off parameter for weighing the
two objectives. The detailed training process of our ESPT
method is summarized in Algorithm 1. After training, since
the two branches of our model share the same parameters,
we drop the branch for the transformed episodes and use the
remaining one in the learned model for inference. During the
evaluation phase, given an n-way k-shot image classification
task, we calculate the prediction probability distribution for
each query sample using equation (11), and classify it into
the category with the highest probability value.

Experiments
Datasets
We verify the effectiveness of our ESPT method on three
widely-used datasets for few-shot image classification, in-
cluding miniImageNet (Vinyals et al. 2016), tieredImageNet
(Ren et al. 2018) and CUB-200-2011 (Wah et al. 2011).

miniImageNet consists of 100 object classes randomly
selected from ILSVRC-12 dataset, with each class contain-
ing 600 image samples. Using the class split in (Ravi and
Larochelle 2017), we take 64, 16 and 20 classes to construct
the training set, validation set and testing set, respectively.

tieredImageNet is a much larger subset derived from
ILSVRC-12 dataset. It consists of over 779k images from
608 classes, where each class is drawn from one of 34 super-
categories according to the ImageNet category hierarchy.
We follow the settings in (Zhang et al. 2020; Kang et al.
2021) by dividing this dataset into 20/351, 6/97 and 8/160
super-categories/classes for training, validation and testing,
respectively. Performing few-shot image classification under
this setting will be more challenging and typically requires
stronger generalization ability of the classification model,
since the training and testing classes are sampled from dif-
ferent super-categories.

CUB-200-2011 (CUB) is a fine-grained image dataset of
different birds. It contains 11,788 image samples of 200 bird
species, which are partitioned into 100 training classes, 50
validation classes and 50 testing classes, as in (Chen et al.
2019; Wertheimer, Tang, and Hariharan 2021).

All the images used for our experiments in the above three
datasets are manually cropped and resized to 84 × 84 pixels
before input into the feature extractor.

Implementation Details
Backbone For a fair comparison, the ResNet-12 network
(He et al. 2016) with the same architecture as previous works
(Bertinetto et al. 2019; Ye et al. 2020) is used as the feature
extractor fθ of our model. This ResNet-12 network consists
of 4 residual blocks, each containing 3 convolutional layers
with the kernel size of 3 × 3. The number of filters in each
convolutional layer of the four blocks is set to 64, 160, 320,
and 640, respectively. Each residual block is followed by a 2
× 2 max-pooling layer for down-sampling the feature maps.
We remove the global average-pooling layer on top of the
network to preserve the local spatial features. Therefore, for
each input image with 84 × 84 pixels, the feature extractor
fθ will output a feature map with the size of 640 × 5 × 5,
i.e., h = 5, w = 5 and d = 640.

Image Transformation During the training of our ESPT
method, for each input episode, we randomly select a geo-
metric transformation T (·) from a predefined image trans-
formation set U . In this work, we define U as a collection
of 2D rotation transformations with one or more rotation de-
grees, i.e., U ⊂ {90◦, 180◦, 270◦}, since the spatial location
alignment between feature maps T (fθ(x)) and fθ(T (x))
(see equations (1),(3) and (2),(4)) can be easily achieved un-
der this definition. We will discuss the effect of U with dif-
ferent rotation transformations in subsequent ablation stud-
ies. It is worth noting that other image transformations (e.g.,
horizontal/vertical flipping, scaling and color jittering, etc.)
can also be used in the proposed ESPT method, only if they
do not change the alignment of feature map spatial locations
between the original input images and the transformed ones.

Training Details In order to stabilize the training process,
same as (Wertheimer, Tang, and Hariharan 2021), we rescale
the extracted ResNet-12 local spatial image features by a
factor of 1/

√
640, which is algebraically equivalent to the

prediction logit normalization technique used in existing ap-
proaches (Snell, Swersky, and Zemel 2017; Simon et al.
2020). The same stochastic gradient descent (SGD) opti-
mizer with Nesterov momentum of 0.9 and weight decay
of 5e-4 is utilized for model training on the three datasets,
except that the initial learning rate is set to different values.
For miniImageNet dataset, we first pre-train our models for
350 epochs with an initial learning rate of 0.1 and a mini-
batch size of 128. The learning rate is decayed by multiply-
ing 0.1 after 200 and 300 epochs. In the subsequent episodic
learning phase, the models are fine-tuned for 400 epochs
with each epoch containing 100 few-shot episodes. We ini-
tialize the learning rate as 0.001 and cut it by a factor of
10 at 200 and 300 epochs. For tieredImageNet dataset, the
pre-training process runs for 90 epochs, also using the ini-
tial learning rate of 0.1 and the mini-batch size of 128. Such
initial learning rate is decreased after every 30 epochs by a
factor of 10. Similar to miniImageNet, the episodic learn-
ing process runs for 450 epochs with 100 few-shot episodes
in each epoch. The learning rate is initialized as 0.001 and
reduced by multiplying 0.1 at 50 and 250 epochs. For CUB-
200-2011 dataset, we episodic-train our models from scratch
for 800 epochs, where each epoch consists of 100 few-shot
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miniImageNet 5-way tieredImageNet 5-way
Model Backbone 1-shot 5-shot 1-shot 5-shot

FSL methods w/o SSL
MatchingNet (Vinyals et al. 2016) ResNet-12 65.64±0.20 78.72±0.15 68.50±0.92 80.60±0.71
ProtoNet (Snell, Swersky, and Zemel 2017) ResNet-12 62.39±0.21 80.53±0.14 68.23±0.23 84.03±0.16
MetaOptNet (Lee et al. 2019) ResNet-12 62.64±0.61 78.63±0.46 65.99±0.72 81.56±0.53
Baseline (Chen et al. 2019) ResNet-18 51.75±0.80 74.24±0.63 - -
Baseline++ (Chen et al. 2019) ResNet-18 51.87±0.77 75.68±0.63 - -
Neg-Cosine (Liu et al. 2020) ResNet-12 63.85±0.81 81.57±0.56 - -
E3BM (Liu, Schiele, and Sun 2020) ResNet-12 64.09±0.37 80.29±0.25 71.34±0.41 85.82±0.29
FEAT (Ye et al. 2020) ResNet-12 66.78±0.20 82.05±0.14 70.80±0.23 84.79±0.16
RFS-simple (Tian et al. 2020) ResNet-12 62.02±0.63 79.64±0.44 69.74±0.72 84.41±0.55
RFS-distill (Tian et al. 2020) ResNet-12 64.82±0.60 82.14±0.43 71.52±0.69 86.03±0.49
Meta-Baseline (Chen et al. 2021) ResNet-12 63.17±0.23 79.26±0.17 68.62±0.27 83.29±0.18
DeepEMD† (Zhang et al. 2020) ResNet-12 65.91±0.82 82.41±0.56 71.16±0.87 86.03±0.58
FRN† (Wertheimer, Tang, and Hariharan 2021) ResNet-12 66.45±0.19 82.83±0.13 72.06±0.22 86.89±0.14
RENet† (Kang et al. 2021) ResNet-12 67.60±0.44 82.58±0.30 71.61±0.51 85.28±0.35
TPMN† (Wu et al. 2021) ResNet-12 67.64±0.63 83.44±0.43 72.24±0.70 86.55±0.63

SSL augmented FSL methods
CC+rot (Gidaris et al. 2019) WRN-28-10 62.93±0.45 79.87±0.33 70.53±0.51 84.98±0.36
SLA (Lee, Hwang, and Shin 2020) ResNet-12 62.93±0.63 79.63±0.47 - -
SCL (Ouali, Hudelot, and Tami 2021) ResNet-12 65.69±0.81 83.10±0.52 71.48±0.89 86.88±0.53
SKD (Rajasegaran et al. 2021) ResNet-12 67.04±0.85 83.54±0.54 72.03±0.91 86.50±0.58
CPLAE (Gao et al. 2021) ResNet-12 67.46±0.44 83.22±0.29 72.23±0.50 87.35±0.34
IEPT (Zhang et al. 2021) ResNet-12 67.05±0.44 82.90±0.30 72.24±0.50 86.73±0.34
InfoPatch (Liu et al. 2021) ResNet-12 67.67±0.45 82.44±0.31 71.51±0.52 85.44±0.35

ESPT† (Ours) ResNet-12 68.36±0.19 84.11±0.12 72.68±0.22 87.49±0.14

Table 1: Performance comparison on miniImageNet and tieredImageNet. The mean 5-way few-shot classification accuracies
(%, top-1) with the 95% confidence intervals are reported. † denotes the methods using local image representations.

episodes as well. The initial learning rate is set as 0.05 and
decreased by a factor of 10 at 500 and 650 epochs. During
training on the above three datasets, we evaluate the classi-
fication performance of learned models on the validation set
after every 10 epochs, and select the best-performing model
throughout the training process as our final result model.

Evaluation Metric Same as (Zhang et al. 2021; Ouali,
Hudelot, and Tami 2021), we take the top-1 classification
accuracy as the evaluation metric, and evaluate the perfor-
mance of our method under standard 5-way 1-shot and 5-
way 5-shot settings. For each experiment, we randomly sam-
ple 10,000 few-shot image classification tasks from the test-
ing split of the dataset used, where each category to be clas-
sified contains 16 query samples. The mean top-1 accuracy
and the 95% confidence intervals over these sampled tasks
are calculated and reported.

Experimental Environment The Pytorch framework is
used for our programming implementation and all the exper-
iments are conducted in the following environment: Intel(R)
Xeon(R) Gold 5117 @2.00GHz CPU, NVIDIA A100 Ten-
sor Core GPU, and Ubuntu 18.04.6 LTS operation system.
Under the above environment settings, our method takes
about 162 ms for training on each 5-way 5-shot episode

and such training iteration costs about 84 ms for FRN
(Wertheimer, Tang, and Hariharan 2021), 97 ms for RENet
(Kang et al. 2021) and over 240000 ms for DeepEMD
(Zhang et al. 2020). But for each test iteration, since Eq.
(5) is only applied on original image features, the computa-
tional cost of our method is reduced to be similar to that of
FRN and RENet, all around 30 ms. Our model typically con-
verges after 75000 iterations on CUB and 35000 iterations
on miniImageNet and tieredImageNet.

Main Results

To evaluate the effectiveness of the proposed ESPT ap-
proach, we compare its performance with several represen-
tative and state-of-the-art FSL methods (Snell, Swersky, and
Zemel 2017; Zhang et al. 2020; Wertheimer, Tang, and Har-
iharan 2021; Kang et al. 2021) as well as some recently pro-
posed SSL augmented FSL models (Gidaris et al. 2019; Lee,
Hwang, and Shin 2020; Zhang et al. 2021; Liu et al. 2021).
The experiments are conducted on three different few-shot
learning tasks: (1) the general image classification task on
miniImageNet and tieredImageNet datasets, (2) the fine-
grained image classification task on CUB-200-2011 dataset,
and (3) the cross-domain miniImageNet→CUB few-shot
image classification task.
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CUB-200-2011 5-way
Model Backbone 1-shot 5-shot

MatchingNet ResNet-18 73.49±0.89 84.45±0.58
ProtoNet ResNet-18 72.99±0.88 86.64±0.51
MAML ResNet-18 68.42±1.07 83.47±0.62
Baseline ResNet-18 65.51±0.87 82.85±0.55
Baseline++ ResNet-18 67.02±0.90 83.58±0.54
RelationNet ResNet-18 68.58±0.94 84.05±0.56
Neg-Cosine ResNet-18 72.66±0.85 89.40±0.43

FEAT Conv4-64 68.87±0.22 82.90±0.15
CPLAE Conv4-64 69.77±0.50 84.57±0.33
IEPT Conv4-64 69.97±0.49 84.33±0.33

ProtoNet ResNet-12 78.60±0.22 89.73±0.12
RFS-simple ResNet-12 72.78±0.86 87.24±0.50
FEAT ResNet-12 73.27±0.22 85.77±0.14
DeepEMD† ResNet-12 75.65±0.83 88.69±0.50
RENet† ResNet-12 79.49±0.44 91.11±0.24
FRN† ResNet-12 83.55±0.19 92.92±0.10

ESPT† (Ours) ResNet-12 85.45±0.18 94.02±0.09

Table 2: Performance comparison on CUB-200-2011. † de-
notes the methods using local image representations.

General Few-Shot Image Classification To speed up the
training process, we pre-train the feature extractor fθ of
our method before the episodic learning, as in (Wertheimer,
Tang, and Hariharan 2021). From the experimental results
reported in Table 1, we can obtain the following observa-
tions: (1) Among all FSL methods w/o SSL, the approaches
using local image representations outperform the others,
demonstrating the importance of capturing the local spatial
information for FSL. (2) The SSL augmented FSL meth-
ods generally achieve better classification performance than
the FSL methods w/o SSL, suggesting that SSL can pro-
mote FSL to learn more transferable feature representations.
(3) The proposed ESPT method achieves the highest 1-
shot and 5-shot classification accuracies of 68.36%, 84.11%
on miniImageNet dataset and 72.66%, 87.49% on tiered-
ImageNet dataset. Compared with the competing methods,
ESPT obtains performance gains of at least 0.69%, 0.44%
in 1-shot setting and 0.57%, 0.14% in 5-shot setting for the
two datasets, respectively. Note that ESPT achieves such
improvements without using any extra network structures
(e.g., the attention module used in FEAT, RENet, SCL,
IEPT or the rotation classifier used in CC+rot, SLA, SKD)
or technical tricks (e.g., training with larger-way episodes
or higher resolution input images). Therefore, these exper-
imental results can show the effectiveness of our ESPT
method, and also demonstrate the superiority of construct-
ing self-supervised pretext task based on the local spatial re-
lationships among multiple image samples in each episode.

Fine-Grained Few-Shot Image Classification For a fair
comparison, we follow the prior works (Chen et al. 2019;
Kang et al. 2021; Wertheimer, Tang, and Hariharan 2021)
and directly episodic-train our model from scratch without

miniImageNet→CUB
Model Backbone 1-shot 5-shot

MatchingNet ResNet-10 35.89±0.51 51.37±0.77
RelationNet ResNet-10 42.44±0.77 57.77±0.69

ProtoNet ResNet-18 - 62.02±0.70
MAML ResNet-18 - 51.34±0.72
Baseline ResNet-18 - 65.57±0.70
Baseline++ ResNet-18 - 62.04±0.76
Neg-Softmax ResNet-18 - 69.30±0.73

ProtoNet ResNet-12 47.51±0.72 67.96±0.70
MetaOptNet ResNet-12 44.79±0.75 64.98±0.68
FEAT ResNet-12 50.67±0.78 71.08±0.73
SCL ResNet-12 49.58±0.70 67.64±0.70
SCL-Distill ResNet-12 50.09±0.70 68.81±0.60
FRN† ResNet-12 51.60±0.21 72.97±0.18
TPMN† ResNet-12 52.83±0.65 72.69±0.52

ESPT† (Ours) ResNet-12 54.14±0.21 74.91±0.18

Table 3: Performance comparison on the cross-domain
miniImageNet→CUB setting. † denotes the methods using
local image representations.

using pre-training techniques. The fine-grained classifica-
tion results on CUB-200-2011 dataset are presented in Ta-
ble 2. It can be observed that (1) The local representation
based-approaches once again achieve higher accuracies than
other benchmark methods, which indicates that fine-grained
FSL can also benefit from the local spatial image features.
(2) Our proposed ESPT method obtains the best classifica-
tion results of 85.45% and 94.02% for the 1-shot and 5-shot
settings, respectively, outperforming the second best FRN
method by a significant margin of 1.90 % and 1.10 %, and
is far superior to other competing methods. This shows that
our ESPT can also be effective on the fine-grained few-shot
image classification tasks.

Cross-Domain Few-Shot Image Classification Follow-
ing the setup in (Chen et al. 2019; Wu et al. 2021), we
evaluate the proposed ESPT method in a more challeng-
ing cross-domain miniImageNet→CUB setting. Concretely,
the model is trained on all 100 classes in the miniImageNet
dataset, but validated and evaluated on 50 validation classes
and 50 testing classes from the CUB-200-2011 dataset, re-
spectively. The obtained cross-domain few-shot image clas-
sification results are shown in Table 3. We can see that our
ESPT method outperforms all benchmark approaches by a
large margin. Specifically, the improvements achieved by
ESPT over other competing methods range from 1.31% (vs.
TPMN) to 18.25% (vs. MatchingNet) in 5-way 1-shot set-
ting and from 1.94% (vs. FRN) to 23.57% (vs. MAML)
in 5-way 5-shot setting. These experimental results indi-
cate that augmenting FSL with our proposed ESPT objective
promotes learning more transferable feature representations,
which can generalize well to novel unseen categories even
under domain shift.
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(c) 5-way 1-shot results on CUB-200-2011 dataset (d) 5-way 5-shot results on CUB-200-2011 dataset

(a) 5-way 1-shot results on miniImageNet dataset (b) 5-way 5-shot results on miniImageNet dataset

Figure 2: Effect of the proposed ESPT objective on the performance of our method on miniImageNet and CUB-200-2011.

Transformation miniImageNet CUB-200-2011
90◦ 180◦ 270◦ 1-shot 5-shot 1-shot 5-shot

X 68.02 83.86 84.92 93.76
X 68.19 84.03 85.06 93.88

X 68.05 83.83 84.88 93.78

X X 68.32 84.10 85.22 93.97
X X 68.18 84.03 85.45 94.02

X X 68.36 84.11 85.24 93.95

X X X 68.36 84.07 85.41 94.02

Table 4: Effect of different choices of the transformation set
U on the performance of our method.

Ablation Studies

Effect of the Proposed ESPT Objective We analyze the
effect of the proposed ESPT objective by comparing the
few-shot image classification performance of our method
with different loss weight (i.e., α in equation (13)) values
on miniImageNet and CUB-200-2011 datasets, as shown
in Figure 2. It can be seen that, with the value of α in-
creases from zero, the accuracy curves of our method on
both datasets rise gradually at first, then reach their peak
values and remain relatively stable at a high level when α
is within the range of [0.1, 0.5]. This shows that the pro-
posed ESPT objective can effectively and steadily improve
the few-shot classification performance of our method. In
addition, it can also be found that the best models of our
full approach significantly outperform our method without
the ESPT objective (i.e., α = 0). The improvements on the
5-way 1-shot and 5-way 5-shot tasks are 1.63%, 0.90% on
miniImageNet dataset and 1.29%, 0.76% on CUB-200-2011
dataset, respectively. These results can further demonstrate

the effectiveness of the proposed ESPT objective.

Effect of the Transformation Set The 5-way classifica-
tion results obtained with different transformation sets U on
miniImageNet and CUB-200-2011 datasets are summarized
in Table 4. As shown, it can be seen that the transformation
sets with multiple rotation transformations typically pro-
duce better classification results than those containing only
a single rotation transformation. It is mainly because that
more transformations will bring more different data variants,
which will benefit our ESPT method to learn feature rep-
resentations with stronger generalization ability. Moreover,
we can also observe that the models trained with the trans-
formation sets U = {180◦, 270◦} and {90◦, 270◦} have the
highest classification accuracies on the two datasets, respec-
tively. We analyze the reason why U = {90◦, 180◦, 270◦}
cannot lead to the best results is because that these three rota-
tion transformations may introduce some redundant variant
information that is not useful for FSL.

Conclusion
In this paper, we augment the few-shot classification objec-
tive with a newly proposed Episodic Spatial Pretext Task
(ESPT) to learn more transferable image representations. By
leveraging the local spatial relationships between the sup-
port and query samples in each learning episode, ESPT can
effectively capture the low-level visual information in differ-
ent images and the data structure information of the whole
episode, which will bring significant benefits to FSL. Exten-
sive experiments on three widely used benchmark datasets
demonstrate the effectiveness and the superiority of our
ESPT method. And importantly, while achieving the state-
of-the-art classification performance, the proposed ESPT
method does not increase the model complexity and the risk
of data overfitting, which makes ESPT more suitable for
solving FSL problems with limited training data.
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