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Abstract: Few-shot fine-grained image classification (FSFGIC) methods refer to machine learning
methods which aim to classify images (e.g., bird species, flowers, and airplanes) belonging to
subordinate object categories of the same entry-level category with only a few samples. It is worth to
note that feature representation learning is used not only to represent training samples, but also to
construct classifiers for performing various FSFGIC tasks. In this paper, starting from the definition
of FSFGIC, a taxonomy of feature representation learning for FSFGIC is proposed. According to this
taxonomy, we discuss key issues on FSFGIC (including data augmentation, local or/and global deep
feature representation learning, class representation learning, and task specific feature representation
learning). The existing popular datasets and evaluation standards are introduced. Furthermore, a
novel classification performance evaluation mechanism is designed with a 0.95 confidence interval
for judging whether the classification accuracy obtained by a certain specified method is good or
bad. Moreover, current challenges and future trends of feature representation learning on FSFGIC are
elaborated.

Keywords: few-shot fine-grained image classification; feature representation learning; meta-learning;
metric-learning

1. Introduction

Few-shot fine-grained image classification (FSFGIC) methods [1] refer to machine learning
methods which aim to classify images (e.g., birds [2], flowers [3], and airplanes [4]) belonging to
subordinate object categories of the same entry-level category with only a few samples. As illustrated
in Figure 1, The researchers indicated that a two-year-old child can classify different categories of
objects after looking at a few images, but the child may be confused about fine-grained categories with a
limited number of samples [5,6], due to the following reasons: (1) Objects for FSFGIC are obtained from
sub-categories of one category, making them visually very similar; (2) The fine-grained characteristics
also bring small inter-class changes caused by highly similar sub-categories, as well as large intra-class
changes in pose, scale, and rotation of object. Since the objects in different sub-categories of the same
entry-level category are very similar to each other, a key consideration in FSFGIC is how to effectively
learn discriminative features from extremely limited training samples, which makes FSFGIC a very
challenging research problem. Furthermore, the labelling of fine-grained images is time-consuming
and expensive, because fine-grained objects have to be accurately labeled by domain experts.

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.
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Figure 1. Comparison of few-shot image classification and few-shot fine-grained image classification.

Recently, with the growing attention on FSFGIC, various FSFGIC methods have been proposed.
Many few-shot learning methods have also been applied to handle FSFGIC tasks with impressive
results. Currently, there lacks a survey about FSFGIC. This paper aims to fill this gap. It is worth to
note that the quality of feature representation learning directly affects the classification performance
on FSFGIC. The reason is that feature representation learning is used not only to represent training
samples, but also to construct classifiers for performing FSFGIC tasks. In this way, a taxonomy of
feature representation learning for FSFGIC is proposed. According to this classification, we discuss
different types of FSFGIC methods in depth. It is worth to note that those few-shot image classification
algorithms (e.g., [7,8]) that have achieved good classification performance in some FSFGIC datasets
are also introduced in this survey.

The contributions of this survey comprise following aspects. This is the first work to review
FSFGIC under a taxonomy of feature representation learning. And then different types of feature
representation learning techniques for FSFGIC are reviewed. Meanwhile, the relationships among
different FSFGIC methods are presented. Furthermore, a novel classification performance evaluation
mechanism is designed for judging whether the classification accuracy obtained by a certain specified
method is good or bad. Combining with representative existing FSFGIC techniques, the main
unresolved issues on FSFGIC are discussed.

2. Problem, datasets, and categorization of FSFGIC methods

In this section, the problem formulation of FSFGIC, categorization of FSFGIC methods, and
representative benchmark datasets for FSFGIC are presented.

2.1. Problem formulation

For a FSFGIC task, the target dataset D contains two parts: a support set S and a query set Q. The
small support set S includes C unseen classes, and each of which has K labeled samples. The query set
Q contains | unlabeled samples.

D= {8 = {(xy) U Q= {1}, 1)
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where § N Q = @, x; and x; denote fine-grained samples and (x;, x;) € C, and y; € C represents the
ground truth label of x;. The goal of FSFGIC is to successfully classify x; into its corresponding class in
C from S. Thus, the problem is denoted as a C-way K-shot task.

It is worth to note that the training samples of each class in FSFGIC are too limited to
effectively learn transferable knowledge [8,9] for performing FSFGIC tasks. Then, an episodic training
paradigm [10] with an auxiliary set .A, which has similar data distribution with D, is applied for
tackling the aforementioned problem as follows

A= A€ = {(ui,v) L }UF = {(w;, 01 1}, ©)

where u; and u; are fine-grained images, v; and v; are their corresponding labels; ENF =@, DNA =
@. The auxiliary set A contains plenty of classes and labeled samples which are far larger than C and
K respectively.

In each round of training, A is randomly separated into two parts: an auxiliary support set
G = {(u, vi)iC:XlK} and an auxiliary query set H = {(u}, vj)]lzl}. Since N > C x K, £ can mimic the
composition of S in each iteration. Then A is employed to learn prior knowledge for training S.

2.2. A taxonomy of the existing feature representation learning for FSFGIC

According to the difference of contents and representations of learned features, the existing
feature representation learning techniques for FSFGIC can be divided into three categories: local
or/and global deep feature representation learning based FSFGIC methods [11,12], class representation
learning based FSFGIC methods [13,14], and task specific feature representation learning based FSFGIC
methods [15,16]. According to different types of feature representation learning paradigms, a summary
of feature representation learning for FSFGIC methods is illustrated in Figure 2.

— Local or/and global deep feature representation learning
Optimization-based

\—Learning to fine-tune (e.g., Partial transfer, Shen et al. 2021)

Metric-based
Attention mechanism (e.g., Adaptive attention, Jiang et al. 2020)
Metric strategy (e.g., Deep earth mover’s distance, Zhang et al. 2020)
Multimodel learning (e.g., Mirror mapping network, Zhao et al. 2020)
Semantic alignment (e.g., Pairwise alignment bilinear network, Huang et al. 2020)
Multi-scale representation (e.g., Spatial attentive comparison network, Ruan et al. 2020)

| Feature distribution (e.g., Domain-specific fine-grained image classification, Sun et al. 2020)
Class representation learning
FSFGIC — Optimization-based

Learning a model (e.g., Piecewise classifier mappings, Wei et al. 2019)
Learning to fine-tune (e.g., Weight imprinting, Qi et al. 2018)

Metric-based
Feature distribution (e.g., Representative-based metric learning, Karlinsky et al. 2020)
Attention mechanism (e.g., Weakly-supervised, He et al. 2020)
Metric strategy (e.g., Deep nearest neighbor neural network, Li et al. 2019)
Semantic alignment (e.g., Explicit class knowledge propagation network, Chen et al. 2021)
Multimodel learning (e.g., Attributes-Guided and Attention Alignment, Huang et al. 2020)

—Task specific feature representation learning
Optimization-based

|: Learning a model (e.g., Bayesian task-adaptive, Lee et al. 2020)
Learning to fine-tune (e.g., Meta fine-grained visual categorization, Tseng et al. 2020)
Metric-based
Feature distribution (e.g., Covariance metric networks, Li et al. 2019)
Attention mechanism (e.g, Attention-based task-level relation module, Guo et al. 2021)
Metric strategy (e.g., Task-aware local representations network, Dong et al. 2019)

Figure 2. Classification of feature representation learning techniques in existing FSFGIC methods.
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Local or/and global deep feature representation based FSFGIC methods utilize the degree of
difference of the local or/and global deep feature representations between query and support samples
for performing FSFGIC tasks. Class feature representation learning based FSFGIC methods utilize deep
feature representations from all training samples in a class to construct a class feature representation
(e.g., class-level graph [17] or class-level local deep feature representation [7]) for this class. And then
class feature representation is used to perform FSFGIC tasks. Task specific feature representation
learning based FSFGIC methods utilize deep feature representations from all training images in a task
(i.e., one training episode) to construct a task specific feature representation (e.g., task-level graph
relationship representation [18] or task-level local deep feature representation [8]) for this task and to
perform FSFGIC tasks.

It is worth to note that after feature representation is learned, most meta-learning based techniques,
which can be divided into two branches (i.e., optimization-based techniques and metric-based
techniques), are utilized for performing FSFGIC tasks. Optimization-based techniques aim to converge
the model to novel tasks which learns how to update the parameters of a given initial model with
only a few training samples for each category. Metric-based techniques aim to learn a transferable
feature knowledge and obtain a distribution based on similarity metrics between different samples. In
this way, for each type of feature representation learning, both optimization-based and metric-based
techniques used for FSFGIC will be reviewed in detail.

2.3. Benchmark datasets

Datasets have become one of the most critical roles in the development of FSFGIC, not only
as a means for evaluating the classification accuracy of different FSFGIC methods, but also for
greatly promoting the development of the field of FSFGIS (e.g., solving more complex, practical,
and challenging problems). Currently, the representative datasets for training and evaluation on
FSFGIC are CUB200-2011 [2], Stanford Dogs [19], Stanford Cars [20], FGVC-Aircraft [4], NABirds [21],
SUN397 [22], and Oxford 102 Flowers [3]. The number of images and the number of categories
corresponding to these datasets are shown in Table 1.

Table 1. Representative benchmark datasets for FSFGIC.

Dataset name Class images categories
SUN397 Scenes 130,519 397
Oxford 102 Flowers  Flowers 8,189 102
CUB200-2011 Birds 11,788 200
Stanford Dogs Dogs 20,580 120
Stanford Cars Cars 16,185 196
FGVC-Aircraft Aircrafts 10,000 100
NABirds Birds 48,562 555

A detailed description of the datasets available on FSFGIC can be accessed at https://
paperswithcode.com/task/fine-grained-image-classification. Furthermore, some ultra-fine-grained
image datasets (i.e., Cottons and Soybeams [23]) have been introduced. Compared with the
current widely used FSFGIC datasets (e.g., CUB200-2011 [2]), the inter-class differences among
ultra-fine-grained images are much smaller which put forward greater requirements on the design of
FSFGIC algorithms.

3. Methods on FSFGIC

In this section, we first review the data augmentation techniques for FSFGIC. And then local
or global deep feature representation learning based FSFGIC methods, class representation learning
based FSFGIC methods, and task specific feature representation learning based FSFGIC methods are
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introduced in detail. Furthermore, the relationships among the classification methods for different
types of FSFGIC techniques are also introduced.

3.1. Data augmentation techniques for FSFGIC

Data augmentation techniques aim to enhance both the quantity and diversity of training
data, thus alleviating overfitting and improving generalization ability. Currently, two types of
data augmentation techniques are widely used on FSFGIC. The first type of data augmentation
techniques (e.g., random horizontal flipping [24,25], jittering [26,27], scaling [1], random cropping [6],
translation [28], zooming [28], and random rotation [29,30]) are used as a basic image manipulation in
FSFGIC methods.

The second type of data augmentation techniques [31-34] are based on deep learning mechanisms
which aim to mimic the characteristics of real data. For example, in [31], generative adversarial
networks (GAN) are utilized to generate realistic samples from a given dataset. In [35], a feature
encoder-decoder was used to augment the dataset by generating feature representations. In [36], a
pre-trained GAN without discriminator was applied to generate subtle features of fine-grained images.
And in [37], GAN was used to generate hallucination images. In [38], a self-training strategy was
developed with unlabeled data for augmenting data, and in [39], they applied self-taught learning
strategy to measure the credibility of each pseudo-labeled instance. In [40], a fully annotated auxiliary
dataset which has similar distribution with the target dataset was used to train a meta learner which
can transfer knowledge from an auxiliary dataset to a target dataset. In [41] a diversity transfer network
(DTN) was proposed to learn to transfer latent diversities from training data to testing data. Xu et
al. [33] first proposed a variational auto encoder (VAE)-based feature disentanglement method on FSL
problem to generate images. A-encoder [42] utilized a auto-encoder to find deformations between
different samples of the same category, then generated new samples for the other categories. [43]
proposed a method of foreground extraction and posture transformation, which can extract foreground
from base classes and generate additional samples for novel sub-classes to realize data expansion.
Inspired by the hypothesis that language can help learn new visual objects [? ], auxiliary semantic
modalities (e.g., attribute annotations [24,44]) are applied for the support set while ignoring the query
set. In addition, other data augmentation techniques will be described in detail in the following review
of FSFGIC methods.

3.2. Local or/and global deep feature representation learning based FSFGIC methods

In the field of FSFGIC, some scholars consider that local deep feature representations have the
ability to recognize the discriminative regions for distinguishing subtle differences of fine-grained
features. Some scholars argue that combining global and local deep feature representation learning
can effectively improve the capability of deep feature representation. Currently, there are two main
research directions (i.e., optimization-based techniques and metric-based techniques) which utilize
local or global deep feature representations for performing FSFGIC tasks as illustrated in the following.

3.2.1. Optimization-based local or/and global deep feature representation learning

In FSFGIC, learning to fine-tune methods aim to fine-tune the model with few training samples by
integrating the fine-tuning process in the meta-training stage. Traditional feature generation networks
fail to capture the subtle difference between fine-grained categories, to address this problem, a feature
composition framework was proposed in [45] to generate fine-grained features for novel classes. In
training stage, they proposed a dense attribute-based attention to compute attention features for all
attributes and then aligned them with attribute semantic vectors to obtain similarity score. After that,
they apply these attribute features to construct features of novel classes.

Learning to fine-tune. In order to distinguish subtle and local parts in fine-grained categories, a
multi-attention meta-learning (MattML) method [6] was proposed for FSFGIC. Attention mechanisms
are applied on the designed base learner and task learner to capture local deep feature representations
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and to fine-tune the initialized classifier for performing FSFGIC tasks. It was indicated in [46] that
some knowledge in the base data may be biased against the new class, so transferring the entire
knowledge in the base data to the new class may not obtain a good meta learner or classifier. An
evolutionary search strategy is proposed for transferring partial knowledge by fine-tuning particular
layers in the base model after obtaining deep feature representations through feature extractor. First,
several fine-tuning strategies are randomly generated and their corresponding classification accuracies
on the validation set are obtained. K strategies with the highest accuracy are selected as parents.
Second, with the help of gene mutation and gene crossover as in an evolutionary algorithm, off-spring
vectors are obtained and their corresponding classification accuracies are calculated. By repeating this
process in iterations, the best fine-tuning strategy can be obtained. This proposed evolutionary search
strategy can be embedded into a metric-based method [47] and an optimization-based method [48] for
performing FSFGIC tasks. [49] proposed a global- and local-aware feature augmentation method to
augment features in terms of improving the diversity of the augmented samples and alleviating the
overfitting problem.

3.2.2. Metric-based local or/and global deep feature representation learning

Metric-based local or/and global deep feature representation learning methods can be classified
into three categories: attention mechanism, metric strategy for improving class representation, and
multimodel learning.

Attention mechanism. Following the idea that a self-attention mechanism has the ability
to indicate the discriminative regions in an image [50], an image saliency regions incorporation
strategy [51] was designed. Local deep feature representations from training samples and their
corresponding saliency maps obtained from [52] are combined for improving the classification
performance on FSFGIC. Following the idea of object localization strategy [53], a meta-reweighting
strategy [54] was designed to extract and exploit local deep feature representations of support samples.
Furthermore, an adaptive attention mechanism based on the meta-reweighting model is designed
to localize the region of interest in query samples. The aim of the designed adaptive attention
mechanism is to match query image and support image to highlight relevant regions of interest
for obtaining more discriminative local deep feature representations. A trilinear spatial-awareness
network (S3Net) [55] was proposed to strength the spatial representation of each local descriptor by
adding a global relationship feature with self-attention. They construct the multi-scale features to
enhance rich representation in global features. Finally, a local loss and a global loss are combined to
learn the discriminative features. In [56], they proposed a attention based pyramid structure to weight
the different areas of the feature maps and produce multi-scaled features. [57] proposed a fusion spatial
attention method that performs spatial attention simultaneously in both the image and the embedded
space. [58] proposed a self-attention based prototype enhancement network (SAPENet) to obtain a
more representative prototype for each class.

Metric strategy for improving class representation. The DeepEMD method [59] formalized the
problem of image classification as an optimal image matching problem. And then earth mover’s
distance (EMD) is applied to select local discriminative feature representations for finding optimal
matching between query samples and support samples. In [60], a two stage comparison strategy
is proposed to mine hard examples which correspond to the top 2 relation scores outputted by the
first relation network and then are inputed into a second relation network to distinguish similar
classes. A subtle difference module [55] is proposed to classify confused or near-duplicated samples
based on the cooperation of local and global similarities between query image and the prototype of
each class. [61] used the Sinkhorn distance to find an optimal matching between images, mitigating
the object mismatch caused by misaligned position. Meanwhile, they propose the intraimage and
interimage attentions as the bilateral normalization on the Sinkhorn distance to suppress the object
mismatch caused by background clutter.
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Multimodel learning. In [62], Zhao et al. argued that cross-modal external knowledge will
help improve the classification performance on FSFGIC. In this way, a mirror mapping network
(MMN) is designed to map multimodal features (i.e., external knowledge and global and local feature
representations) into the same semantic space. The external knowledge which is extracted from
textual descriptions and knowledge graph are utilized to generate global and local features for training
samples. Finally, global and local feature representations from samples and external knowledge are
combined for performing FSFGIC tasks.

Feature distribution Sun et al. [63], proposed a domain-specific FSFGIC task of marine organisms.
They design a feature fusion model to focus on the key regions. Specifically, the framework consists of
a ConvNet-based feature ectractor, a feature fusion model and a classifier. As the key component, the
feature fusion model utilizes the focus-area location and high-order integration to generate feature
representations which contain more identifiable information.

Semantic alignment. Huang et al. [40]proposed a novel pairwise bilinear polling to recognize
the subtle difference of fine-grained images. Specifically, they design a fine-grained features extractor
which contains a alignment loss regularization and a pair-wise bilinear pooling layer. The alignment
loss aims to match the features of the same position and pair-wise bilinear pooling layer is able to
capture comparative features from pairs of images. [64] proposed a bi-directional local alignment
strategy, which complements the forward and backward distance by convex combination and
strengthens the effective alignment between contextual semantic information.

Multi-scale representation. Different from the single-scale representation, multi-scale can
enhance the representation of global features because large-scale with larger receptive fields contains
more rich information [65-72]. In [55], a structural pyramid descriptor is constructed by exploiting the
pyramid pooling of the global feature with different scales. Then, multi-scale features are magnified
into the same size and fused together by the bilinear intepolations. Ruan et al. [56] proposed a spatial
attentive comparison network (SACN) for FSFG task. They contrust a selective-comparison similarity
module (SCSM) based on pyramid structure and attention machanism to assign different weights
to the background and target which aims to produce multi-scaled features maps for classification.
In [73], Zhang et al. proposed a multi-scale second-order relation network (MsSoSN), which equipps
second-order pooling and a scale selector to create multi-scale second-order representations. They
propose a scale and discrepancy discriminator to reweight multi-scale features, which is trained by a
self-supervision way. In [74], they proposed a new hierarchical residual-like block which is applicable
to lightweight ResNet structures such as ResNet-10, and they are the first one trying to integrate the
idea of multi-scale representation into cross-domain few-shot classification problem.

3.3. Class representation learning based FSFGIC methods

The authors of class representation learning based methods argue that local or/and global deep
feature representations learned from extremely limited training samples cannot effectively represent
a novel class, and class representations (e.g., class-level graph [17] or class-level local deep feature
representation [7]) can be used to alleviate the phenomenon of over-fitting and effectively represent a
novel class.

3.3.1. Optimization-based class representation learning

The existing optimization-based class representation learning can be divided into two categories:
(1) learning a model-based methods which aim to design network architectures to efficiently adapt to
target tasks through only several gradient descent steps; (2) learning to fine-tune-based methods.

Learning a model. In [75], an optimization-based FSFGIC method was proposed which includes
two modules: a bilinear feature learning module and a classifier mapping module. Class-level feature
representations are obtained from the bilinear feature learning module [76]. Furthermore, a novel
“piecewise mappings” strategy is proposed which aims to map each sub-vector in class-level feature
representations into its corresponding sub-classifier, and then to combine these sub-classifiers together
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to generate a class-level classifier. Meta Variance Transfer methods [34] is proposed to learn to augment
from the others by observing variations of real data (e.g. geometric deformation, background changes,
simple noise) which could hint on unseen variations in other classes. Then the model learns to transfer
the variance in the feature space by selecting the variations that could be helpful in simulating the
unseen test examples for the target class. In order to combine distribution-level and instance-level
relation, Yang et al. [77] proposed distribution propagation graph network (DPGN). The features
of support images and query images are fed into a dual complete graph network, they apply a
point-to-distribution aggregation a strategy to aggregate instance similarities to construct distribution
representations. And a distribution-to-point aggregation strategy is applied to calculate similarity with
both distribution-level and instance-level relations. Inspired by the compositional representation of
objects in humans, [78] proposed a neural network architecture that explicitly represents objects as a
dictionary of shared components and their spatial composition.

Learning to fine-tune. A weight imprinting strategy was proposed in [79] which aimed to set
weights directly of a ConvNet classifier for new categories. They applied a normalization layer with
a scaling factor in the classifier which aims to transform the features of new category samples into
activation vectors as the weights of the normalization layer. In [80] a transfer-based method was
proposed to generate class representations. They applied a power transform mechanism to preprocess
support features to make them closer to the Gaussian distribution. According to the gaussian-like
distribution, they applied maximum a posteriori probability to find the estimates of each class center
which is similar to the minimization of Wasserstein distance. then a iterative algorithm based on a
Wasserstein distance to estimate the optimal transport from the initial distribution of the features to
its the Gaussian distribution to update the center. In [81], they proposed an Adaptive Distribution
Calibration (ADC) method for FSL, which can adaptively transfer distribution information from related
base classes to calibrate the biased distributions of novel classes.

3.3.2. Metric-based class representation learning

Many techniques have been put forward for effective metric-based class representations which
can be broadly divided into five categories: feature distribution, attention mechanism, metric strategy
for improving class representation, semantic alignment, and multimodal learning.

Feature distribution. It was demonstrated in [82] that GANs based feature generator [83] suffers
from the issue of mode collapse. To address this problem, variational autoencoder (VAE) [84] and
GANSs are combined together to form a conditional feature generation model [32] which aims to learn
the conditional distribution of image features on the labeled class data and the marginal distribution
of image features on the unlabeled class data. Alternatively, a multi-mixed feature distribution
can be learned for represent each category in RepMet [85] and perform FSFGIC tasks. Davis et
al. [27] extended DeepEMD method [59] by reconstructing each query sample as a weighted sum
of components from the same class for obtaining class-level feature distribution. [86] proposed a
re-abstraction and perturbing support pair network (RaPSPNet) for FSFGIC. Specifically, they first
design a feature re-abstraction embedding (FRaE) module which can not only effectively amplify
the difference between the feature information from different categories but also better extract the
feature information from images. Furthermore, a novel perturbing support pair (PSP) based similarity
measure module is designed which evaluates the relationships of feature information among a query
image and two different categories of support images (a support pair) at the same time for guiding
the designed FRaE module to find salient feature information from the same category of query and
support images and find distinguishable feature information from the different categories of query
and support images.

Afrasiyabi [25] proposed two distribution alignment strategy to align the novel categories to
the related base categories which aims to obtain better class respresentations. A centroid alignment
strategy and an adversarial alignment strategy based on Wasserstein distance is designed to enforce
intra-class compactness. Das et al. proposed a non-parametric approach [87] to address the problem
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that only base-class prototypes are available. They considered that all class prototype distributions
are arranged on a manifold. They first estimate the novel-class prototypes by calculating the mean of
the prototypes which are near the noval samples. A graph is structured with all the class prototypes
and an induced absorbing Markov-chain is applied to complete classification task. Inspired by the
fact that humans can use learned concepts or components to help them recognize novel classes, [88]
proposed Compositional Prototypical Networks (CPN) to learn a transferable prototype for each
human-annotated attribute, which we call a component prototype. In order to learn fine-grained
structure in the feature space, Luo et al. proposed a two-path network to adaptively learn the views [89].
One path is label-guided classification, the support features belong to same class are aggregated into a
prototype and the similarities are calculated between the prototypes and query images. Another path
is instance-level classification which aims to produce different views for an image, then mapping them
into feature space to construct a better fine-grained semantic structure. [90] proposed to combine
the frequency features with routine features. In addition to a regular CNN module, a discrete cosine
transformation is applied to generate frequency feature representations. Then, two kinds of feaures
are concatenated as the final features. In order to explore intra-class distribution information, [91]
proposed improved prototypical networks (IPN). Compared to the prototype network, IPN adds a
weight distribution module to weight different samples belong to same category. And a distance scaling
module is applied to maximize the inter-class difference while minimize the intra-class difference
via distance measurement at different scales. To gain Gaussian-like distributions, [92] proposed a
transfer-based method to process features belong to same class. They introduce transforms to adjust the
distribution of features, and a Wasserstein distance based iterative algorithm to calculate prototype for
each class. Similarly, [93] proposed optimal-transport algorithm to tansform features into Gaussian-like
distributions and estimate best class centres.

Attention mechanism. Attention strategy aims to select discriminative feature or region from
the extracted feature space for effective class-level feature representation. In [50], an attention
mechanism [94] was applied to locate and reweight semantically relevant local region pairs between
query and support samples which aims to strength discriminative objects and suppress the background.
Heetal. [95] indicated that object localization (using local discriminative regions) can provide great help
for FSFGIC. Then a self-attention based complementary module which utilize channel attention and
spatial attention was designed for performing weakly supervised object localization and finding their
corresponding discriminative regions. Alternatively, [96] utilize channel attention and spatial attention
to find discriminative regions from query and support samples for improving the classification
performance of FSFGIC. Alternatively, a novel transformer based neural network architecture called
CrossTransformers [97] was designed which applies a cross attention mechanism to find coarse spatial
correspondence between the query and support labeled samples in a class. In [24], an attention
mechanism was proposed to mix two modalities (i.e., semantic and visual modalities) and ensure that
the representations of attributes are in the same space with visual representation.

Single prototype-based methods may fail to capture the subtle information of a class. To address
this problem, Huang et al. [98] proposed a descriptor-based multi-prototype network (LMPNet) to
learn multi-prototype. They design an attention mechanism to weight all channels in each spatial
position of all samples adaptively to obtain local descriptors, and construct multiple prototypes based
on these descriptors which contain more complete information of a class.

Metric strategy for improving class representation.  To obtain discriminative class
representations for FSFGIC, image-to-class metric strategies have been proposed. Deep nearest
neighbor neural network (DN4) [7] was proposed which aims to learn optimal class-level local deep
feature representation of a class space based on the designed image-to-class similarity measure
strategy in the case of extremely limited training samples. A discriminative deep nearest neighbor
neural network (D2N4) [99] extended the DN4 method [7] by adding a center loss function [100].
And then class-level local and global feature representations are learned for improving the quality
discriminability features in the framework of the DN4 method [7]. In [26], Li et al. argued that if
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samples can be well classified by two different similarity measures at the same time, then the samples
in a class can be more compactly distributed in a smaller feature space and a more discriminative
feature map can be obtained. In this way, a bi-similarity network (BSNet) [26] was proposed that the
learned class-level feature representations from query and support samples are obtained by using two
different similarity measures. In [38], Zhu et al. argued that a large number of unlabeled data has
the high potential to improve the classification performance in FSFGIC tasks. A progressive point
to set metric learning (PPSML) [38] was presented for semi-supervised FSFGIC tasks. The aim of a
self-training strategy is to select local and global feature representations from a mixture of labeled and
unlabeled samples. Then point to set similarity measure is applied to obtain class-level local or global
feature representation for performing FSFGIC tasks. To avoid overfitting and calculate a robust class
representation under the condition of extremely limited training samples, a deep subspace network
(DSN) [101] was introduced to transform class representation into an adaptive subspace and generate
a corresponding classifier. And then testing samples are classified according to the nearest subspace
classifier. That is to assign the query sample to the class which has the shortest Euclidean distance
between the query and its projection onto the class-specific subspace.

Triantafillou et al. propose a mean average precision (m-AP) [102] which aims to learn similarity
metric based on information retrieval. They extended the work of that optimizes for AP in order to
account for all possible choices of query among the batch points. They then use the frameworks of
SSVM (Structural Support Vector Machine) and DLM (Direct Loss Minimization) for optimization of
m-AP.

Liu et al. [103] introduced a negative margin loss to reduce inter-class variance and generate more
efficient decision boundaries. They integrate the margin parameter to softmax loss and apply negative
margin to softmax loss which aims to improve both the discriminability on training classes and the
transferability to novel classes of the learned metrics. Hilliard et al.[28] proposed a metric-agnostic
conditional embeddings (MACO) network. MACO contains four stages, the feature stage is used to
obtaining features, the relational stage produces a single veter as the class respresentation of each class.
The conditioning stage connects the class representations to query image features which aims to learn
the class representation that is more relevant to the query image and the classifier makes the final
prediction.

Semantic alignment. It was indicated in [104] that people tend to compare similar objects
thoroughly in a pairwise manner, e.g., comparing the heads of two birds first, then their wings
and feet. In this manner, it is natural to enhance feature information during the comparison process. A
low-rank pairwise bilinear pooling operation network [104] was designed for obtaining class-level
deep feature representation between query and support samples in terms of the way that people
compare similar objects. It was indicated in [50] that the dominant object can be located anywhere in
the image. In this way, directly calculating the distance between query and support samples may cause
ambiguity. To address this problem, semantic alignment metric learning (SAML) [50] was proposed
to align the semantically related local regions on samples by a “collect and select” strategy. On the
one hand, the similarities of all local region pairs from query samples and support class in a relation
matrix are calculated and obtained. On the other hand, an attention mechanism [94] was applied to
“select” the semantically relevant pairs. Li et al. [96] extended the method in [50], and a convolutional
block attention module [105] was applied to capture discriminative regions. To eliminate the influence
of noise and improve the efficiency of a similarity measure, query-relevant regions from support
samples are selected for semantic alignment. And then multi-scale class-level feature representations
are utilized to represent discriminative regions of the query and support samples in a class and perform
FSFGIC tasks. In [25] a centroid associative alignment strategy was proposed to enforce intra-class
compactness and obtain better class representations.

Alternatively, an end-to-end graph-based approach called explicit class knowledge propagation
network (ECKPN) [17] was proposed which aims to learn and propagate the class representations
explicitly. First, a comparison module is used to explore the relationship between paired samples for
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learning sample representations in instance-level graphs. Secondly, a squeeze strategy is proposed
to make the instance-level graph to generate the class-level graph which can help obtain class-level
visual representation. Third, the class-level visual representations are combined with the instance-level
sample representations for performing FSFGIC tasks.

Multimodel learning. Inspired by the prototypical network [48], a multimodal prototypical
network [106] was designed for mapping text data into the visual feature space by using GANSs.
In [24], Huang et al. indicated that some methods which apply auxiliary semantic modalities into
a metric learning framework only augment the feature representations of samples with available
semantics and ignore the query samples, which may lose the potential for the improvement of
classification performance and may lead to a shift between the modalities combination and the
pure-visual representation. To address this issue, an attributes-guided attention module (AGAM)
is proposed which aims to make more effective use of human-annotated attributes and learn more
discriminative class-level feature representations. An attention alignment mechanism is designed to
distill knowledge from attribute guidance to the pure visual feature selection process, so that it can
learn to pay attention to more semantic features without using the restriction of attribute annotation.
To better align the visual and language feature distributions that describe the same object class, [107]
proposed a cross-modal distribution alignment module, in which they introduce a vision-language
prototype for each class to align the distributions, and adopt the Earth Mover’s Distance (EMD) to
optimize the prototypes.

Gu et al. [108] proposed a two-stream neural network (TSNN), which not only learns features
from RGB images, but also focus on steganalysis features via a steganalysis rich model filter layer.
The RGB stream aims to distinguish the diference between support images and query images based
on the global-level features and calculate the representations of each support class, the steganalysis
stream extracts steganalysis features to locate critical regions. An extractor and fusion module is used
to fusion the two-stream features by a general convolutional block. An image-to-class deep metric is
applied to produce the similarity scores.

Zhang et al. [109] introduced fine-grained attributes into prototype network and proposed a
prototype completion network (ProtoComNet). In meta-training stage, ProtoComNet will extracts
representative attribute features as priors. They applied a attention-based aggregator to aggregate
the attribute features and prototype to obtain completed prototype. In addition, a Gaussian-based
prototype fusion strategy was designed to learn mean-based prototypes from unlabeled samples, and
applied the Bayesian estimation to fuse the two kinds of prototypes which aims to produce more
representative prototypes.

3.4. Task specific feature representation learning based FSFGIC methods

Task specific feature representation learning based FSFGIC methods aim to overcome the problem
of overfitting and poor generalization and utilize deep feature representation from all training samples
in a task (i.e., one training episode) to construct a task specific feature representation (e.g., task-level
graph relationship representation [18] or task-level local deep feature representation [8]) for this task.

3.4.1. Optimization-based task specific feature representation learning

The existing optimization-based task specific feature representation learning methods can be
divided into two categories: learning a model and learning to fine-tune.

Learning a model. In [110], a task embedding network was presented to learn task specific feature
representations via a Fisher information matrix [111] for exploring the nature of the target task and
its relationship to other tasks. Meanwhile, the learned task specific feature representations can also
show the similarity between two different tasks. It was indicated in [112] that the existing optimization
based methods learn to equally utilize meta-knowledge in each task without considering the diversity
of each task. To address this problem, they extended the model-agnostic meta-learning method [113]
to deal with the imbalance of the number of samples in each task instance and out-of-distribution
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tasks, but complex data set encoding and calculation of balance variables for each task increase the
computational complexity of the algorithm. To effectively obtain a task-specific architecture for each
new task, a meta neural architecture search method [114] (M-NAS) was proposed. Specifically, an
auto-encoder is designed to generate a task-aware model architecture which has the ability to tailor
the globally shared meta-parameters. It was indicated in [115] that meta-learning models are prone
to overfitting in a new task with limited samples. In this way, a gradient dropout regularization is
proposed to efficiently adapt to a new task. The key idea is to impose uncertainty to the meta-training
stage via adding a noise gradient to parameters for improving the generalization of the model. [116]
proposed hierarchically cascaded transformers that exploit intrinsic image structures through spectral
tokens pooling and optimize the learnable parameters through latent attribute surrogates.

In order to improve the representation ability of mate-learning methods, a deep meta-learning
(DEML) method [117] was proposed to generate high-level concepts for each images in a task. These
concepts can guide the meta-learner adapt quickly to new tasks. Moreover, a concept discriminator is
designed to to recognize different images. Tian et al. [118] propose a new consistent meta-regularization
(Con-MetaReg) to enhance the learning ability of meta-learning model. Specifically,a base learner
trains on the support set, then another learner trains on a novel query set. Con-MetaReg is proposed
to align the two learner by the Frobenius norm of the difference between parameters to eliminate the
data discrepancy for better meta-knowledge. In [119], a label-free loss function called Self-Critique
and Adapt (SCA) was proposed. SCA can be added to a base model to learn knowledge with an
unsupervised loss from a critic loss network. The features learnded form the base model will be send
to the critic network to create a loss for target task.

Learning to fine-tune. In order to overcome overfitting and the poor generalization ability caused
by limited training samples, an effective scheme [1] for selecting samples from the auxiliary data was
proposed. According to a given classifier with shared parameters, some samples with similar feature
distributions as some given target samples are selected from an auxiliary dataset with rich samples.
The selected samples from an auxiliary dataset and the given target samples are sent into the classifiers
to pre-train a weight initialization. Finally the remaining target samples are used to fine-tune the
parameters corresponding to the classifiers for quickly adapting to target tasks.

In order to improve the generalization on the novel domain, [120] proposed a combining
domain-specific meta-learners (CosML) method. CosML pre-training a set of meta-learners on different
domains to learn domain-specific parameters. CosML generates task and domain prototypes to
represent each task and domain in the feature space. For novel domain, they inirialize a subnetwork
with the domain-specific meta-parameters which are weighted by the similarity of these domains and
the novel domain. In the optimizing phase, properties in an image that are not related to the target task
will interfere the optimization results. A context-agnostic (CA) [30] method is proposed to abandon
the additional properties in training data. In training task, they apply a context-adversarial network to
generate another object without extra information to the base network to initialize context-agnostic
weights.

3.4.2. Metric-based task specific feature representation learning

The existing metric-based task specific feature representation learning methods can be classified
into three categories: feature distribution, attention mechanism, and metric strategy for improving
task representation.

Feature distribution. In [121], a covariance metric network (CovaMNet) was proposed which
aims to obtain task-level covariance representations and a covariance metric between query and
support samples. Furthermore, a novel deep covariance metric is designed to measure the consistency
of distributions between query and support samples for performing FSFGIC tasks.

The metric function may be failed to generalize due to the discrepancy between the feature
distributions of the base and novel domains in a task. To address this problem, Tseng et al. [122]
proposes a cross-domain approach which applies a feature-wise transformation layer to simulate the
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feature distributions of different domains. In the train stage, the feature-wise transformation layer is
inserted into the feature encoder and optimized by two hyper-parameters via a learning-to-learn
strategy. [123] proposed a unsupervised embedding adaptation mechanism called early-stage
feature reconstruction (ESFR). ESFR contains a feature-level reconstruction training stage and a
dimensionality-driven early stopping stage which aim to find out more generalizable features.

Attention mechanism. In [8], an adaptive episodic attention module was designed to select and
weight key regions among the entire task. Alternatively, attention strategy has also been used in
graph neural networks (GNNs) for effectively obtaining task-level relation representations. Guo et al.
indicated in [18] that existing GNN-based FSFGIC methods focus on the sample-to-sample relation
while neglecting task level relationships. And then a GNN based sample-to-task FSFGIC method
named attention-based task level relation module (ATRM) was proposed to consider the specificity of
different tasks. In ATRM, task relation representations between the embedding features of a target
sample and the embedding features of all samples in the task are obtained by calculating the absolute
difference between target sample and all samples in the task. And then an attention mechanism is
used to learn task specific relation representations for each task.

Metric strategy for improving task representation. It was indicated in [8] that the existing
image-to-image similarity measure [54] or image-to-class similarity measure [7] cannot make full
use of local deep feature representations. To address this problem, an adaptive task-aware local
representations network (ATL-Net) is designed to select local descriptors with learned thresholds and
assign selected local representations different weights based on episodic attention for improving the
local deep feature representations. In [124], a region comparison network was proposed which
aims to reveal how FSFGIC works in neural networks. In order to explore more fine-grained
information and find the critical regions, each support sample is divided into several parts, and
task-level local deep feature representations between each region in a support sample and each query
sample are used to calculate their feature similarities and their corresponding region weights. And
then an explainable network is designed to find the critical regions related to the final classification
results. A discriminative mutual nearest neighbor neural network (DMN4) [125] extended the DN4
method [7] and a mutual nearest neighbor mechanism [126] was applied to obtain task-level local
feature representations between query and support samples for performing FSFGIC tasks. Li et al.
extended a triplet network [127] into a deep K-tuplet network [128] for learning a task level local deep
feature representation by utilizing the relationship among the input samples in an training episode.

Table 2. Comparative FSFGIC results of three categories.

Accuracy
Methods Publish in Backbone CUB_2010 CUB_2011 Dogs Cars

1shot 5shot 1shot 5shot 1shot 5shot 1shot 5shot

MattML IJCAL 2020 Conv-64F - - 66.29  80.34 - - - -

(e} P-Transfer AAAT2021 ResNet-12 - - 73.88 87.81 - - - -

GLFA PR 2023 ResNet-12 - - 76.52  90.27 - - - -
PABN ICME 2019  Bilinear CNN - - 66.71 76.81 5547 66.65 56.80 68.78

DstgNet ICME 2019 VGG-16 - - 73.34 - 58.26 - 65.16 -

LG DeepEMD CVPR 2020 ResNet-12 - - 75.65  88.69 - - - -
Adaptive Attention Arxiv 2020 Conv-64F 6451 78.62 - - 61.74 7737 70.73 87.72

M MMN ICME 2020 ResNet-18 - - 725 86.1 - - - -
SACN KBS 2021 Conv-32F - - 7150 79.77 6430 71.65 6823 78.70
S3Net ICME 2021 Conv-64F 64.27  78.02 - - 63.56 7754 7119 84.40
LCCRN TCSVT 2023 ResNet-12 - - 8297 93.63 - - 87.04 96.19

SAPENet PR 2023 Conv-64F - - 70.38  84.47 - - - -
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Table 2. Cont.
Accuracy
Methods Publish in Backbone CUB_2010 CUB_2011 Dogs Cars
1shot 5shot 1shot 5shot 1shot 5shot 1shot 5shot
PCM TIP 2019 Bilinear CNN - - 42.10 6248 2878 4692 29.63 52.28
O DPGN CVPR 2020 ResNet-12 - - 75.71  91.48 - - - -
MAP ICANN 2021 WRN - - 91.55 93.99 - - - -
m-AP Arxiv 2017 Conv-64F - - 59.1 - - - - -
MACO Arxiv 2018 Conv-32F - - 60.76  74.96 - - - -
SAML ICCV 2019 Conv-64F - - 69.35  81.37 - - - -
DN4 CVPR 2019 Conv-64F 53.15 81.90 - - 4573 6633 6151 89.60
LRPABN TMM 2020  Bilinear CNN - - 6797 78.04 5452 6712 63.11 72.63
TSNN ECAI 2020 Conv-64F 57.02 70.33 48.62 63.45 - - - -
Centroid ECCV 2020 ResNet-18 - - 7422 88.65 - - - -
BSNet TIP 2020 Conv-64F - - 62.84 8539 4342 7190 40.89 86.88
CrossTransformers Arxiv 2020 ResNet-34 - - - 82.05 - - - -
D2N4 TGRS 2020 Conv-64F 56.85 77.18 - - 4774 7076 59.46 76.76
CR FRN Arxiv2020  ResNet-12 - - 8355 9292 - - - -
M Negative Margin ECCV 2020 ResNet-18 - - 72.66  89.40 - - - -
PPSML ICIP 2020 Conv-64F 6343 78.76 - - 5216 72.00 71.71  90.02
AGAM AAAT 2021 ResNet-12 - - 79.58  87.17 - - - -
VLCL ICME 2021 WRN 71.21  85.08 - - - - - -
ECKPN CVPR 2021 ResNet-12 - - 77.43 9221 - - - -
QPN Arxiv 2021 Conv-64F - - 66.04 8285 53.69 7098 6391 89.27
LMPNet PR 2021 ResNet-12 65.59  68.19 - - 61.89 6821 6831 80.27
MPN WACV 2021 ResNet-18 - - 75.01  85.30 - - - -
Prototype Completion ~ CVPR 2021 ResNet-12 - - 9320  94.90 - - - -
TOAN TMM 2021 ResNet-256 - - 6717 8209 51.83 69.83 76.62 89.57
EASE+SIAMESE CVPR 2022 WRN - - 91.68 94.12 - - - -
CPN Arxiv 2023 ResNet-12 - - 87.29 9254 - -
RaPSPNet PR 2023 Conv-64F 67.54 8373 7353 9121 5577 7358 71.39 92.60
DML Arxiv 2018 ResNet-50 - - 66.95 77.11 - - - -
MeteFGNet ECCV 2018 ResNet-34 - - - 87.6 - - - -
CosML Arxiv 2020 Conv-64F 46.89  66.15 - - - - 4774  60.17
O Con-MeteReg TNNLS 2020 ResNet-12 - - 59.89  74.35 - - - -
CAI ACCV 2020 ResNet-18 - - 43.3 57.9 - - - -
M-NAS AAAI 2020 Conv-64F - - 58.76  72.22 - - - -
TR Gradient Dropout ACCV 2020 Conv-64F 4533  59.94 - - - - - -
CovaMNet AAAI 2019 Conv-64F 5242  63.76 - - 49.10 63.04 5242 63.76
Cross-domain ICLR 2020 ResNet-10 4747  66.98 - - - - 31.61  44.90
ATL-Net IJCAI 2020 Conv-64F 6091 77.05 - - 5449 7320 6795 89.16
M RCN Arxiv 2020 ResNet-12 78.64  90.10 - - - - - -
ATRM Arxiv 2021 ResNet-12 - - 77.53  90.39 - - - -
DMN4 Arxiv 2021 Conv-64F - - 78.36  92.16 - - - -
TRSN-T TNNLS 2023 ResNet-12 - - 93.58  95.09 - - - -

LG: Local or/and global deep feature representation learning. CR: Class representation learning. TR: Task specific feature
representation learning. O: Optimization-based. M: Metric-based.

4. Summary and discussions

Our investigation indicates that the existing FSFGIC methods have made great process in FSFGIC
tasks, but there are still some important challenges on FSFGIC that need to be dealt with in the future.

Trade-off between the problem of overfitting and the ability of image feature representation.
Our investigation indicates that the existing FSFGIC algorithms are still at the stage of theoretical
exploration and cannot be used in practical applications. Currently, data augmentation, regularization,
and modeling of the feature extraction process can effectively alleviate the overfitting problem caused
by extremely limited training samples and can also enhance the ability of feature representation, but
there is still a trade-off between overcoming the over-fitting problem and enhancing the ability of
image feature representation. On the one hand, image feature representation is used not only to
represent train samples, but also to construct classifiers for performing FSFGIC tasks. In this manner,
the quality of feature representation directly affects the classification performance on FSFGIC. On the
other hand, due to the extremely limited number of training samples on FSFGIC, the existing FSFGIC
methods utilize a relatively simple network as a backbone (e.g., Conv-64F [10]) for alleviating the
overfitting problem. Our investigation indicates that the existing simple networks cannot effectively
learn discriminative features from training samples compared with the existing large networks (e.g.,
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ResNet50 [129]). Therefore, how to balance the problem of overfitting and the ability of image feature
representation is one of the most important challenges on FSFGIC.

Generalization in FSFGIC. There exists two main challenges on generalization in FSFGIC
methods. On the one hand, an ideal FSFGIC algorithm should have the ability to handel various
learning tasks with different complexity and diversity of data. Our investigation indicates that,
currently, the number of tasks and datasets available for FSFGIC training is very limited (much less
than the number of instances available in few-shot learning). Most of the existing FSFGIC methods
are over-designed for specific benchmark tasks and data sets which may weaken the applicability
of the existing FSFGIC methods for dealing with more general FSFGIC tasks. On the other hand,
our investigation indicates that most of the existing FSFGIC researches focus on common application
scenarios with small scale tasks and large scale labeled auxiliary data. However, the actual FSFGIC
tasks that need to be solved may be dynamic and the labeled auxiliary data is not available. Therefore,
it is necessary to generalize the technique of feature representation learning to effectively perform
cross-domain or multi-domain FSFGIC tasks.

Theoretical research. In essence, all FSFGIC solutions are designed by specific techniques to
obtain feature representations that can be used to accurately represent samples and to perform FSFGIC
tasks. Although the quality of feature representation directly affects the classification performance of
FSFGIC, our investigation indicates that no one has considered how to establish a theoretical approach
to measure whether the feature representation learned from training samples can correctly reflect
the inherent characteristics of the training samples. Therefore, constructing the a systematic theory
for FSFGIC from the perspective of improving the accuracy of feature representations obtained from
training samples can bring new inspiration to FSFGIC researchers.

~ (a) High ability to obtain local feature representation

Recognizing discriminative local feature is the critical
part in FSFGIC task. Existing methods learn local
features mainly by local or/and global deep feature
~Performance < representation (Wertheimer, Tang, and Hariharan
2020; Huang et al. 2020) , class representation
(Karlinsky et al. 2019; Xu et al. 2020) , and task
specific feature representation (Guo et al. 2021; Chen
and Yang 2019).
(b) Classifier performance
Classifier performance is very important for prediction
Main results.Existing methods such as learning a metric
challenges measure (Zhang et al. 2020, Liu et al. 2021a), or
for 3 ¥proposing a deep neural network ((Li et al. 2019a,
FSFGIC Yang, Nan, and Song 2020).

~ (a) Model complexity
A simple but efficient algorithm can take less memory

space while achieve good performance, such as the
simple construction of network (Li et al. 2020a,
Karlinsky et al. 2019), or reduce data redundancy
(Huang et al. 2020a).

(b) Time complexity

Expediting the convergence rate of the model, some
methods develop more efficient gradient descent
strategy (Tseng et al. 2020a, Lee et al. 2019), other
methods aim to Initialize better parameters (Zhou, Wu,
\_and Li 2018, Zhu, Liu, and Jiang 2020).

- Efficiency

Figure 3. Comparison of few-shot image classification and few-shot fine-grained image classification.
5. Conclusion

In this paper, we presented a comprehensive review on feature representation learning for FSFGIC.
A taxonomy for FSFGIC is proposed. In terms of this taxonomy, different issues on FSFGIC methods
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are discussed. The main unresolved problems related to feature representation learning for FSFGIC
are identified and discussed. We hope that this survey can help newcomers and practitioners position
themselves this evolving field, and the survey highlights future research opportunities.
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