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ABSTRACT Article information:
Few-shot learning aims to classify novel data categories with limited la-
beled samples. Although metric-based meta-learning has shown better
generalization ability as a few-shot classi�cation method, it still faces chal-
lenges in handling data noise and maintaining inter-sample distance sta-
bility. To address these issues, our study proposes an innovative few-shot
learning approach to enhance image features' global and local semantic
representation. Initially, our method employs a multiscale residual module
to facilitate extracting multi-granularity features within images. Subse-
quently, it optimizes the fusion of local and global features using the self-
attention mechanism inherent in the Transformer module. Additionally,
a weighted metric module is integrated to improve the model's resilience
against noise interference. Empirical evaluations on CIFAR-FS and Mini-
ImageNet few-shot datasets using 5-way 1-shot and 5-way 5-shot scenarios
demonstrate the e�ectiveness of our approach in capturing multi-level and
multi-granularity image representations. Compared to other methods, our
method improves accuracy by 2.63% and 1.27% for 5-shot scenes on these
two datasets. The experimental results validate the e�cacy of our model
in signi�cantly enhancing few-shot image classi�cation performance.
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1. INTRODUCTION

Few-shot learning poses a signi�cant challenge per-
vasive in image recognition [1], target detection [2],
and image segmentation [3]. Despite the impressive
performance of deep learning models when trained on
ample labeled data, they often grapple with over�t-
ting issues when confronted with a scarcity of samples
[4].

In contrast, humans exhibit rapid learning with
minimal data. For instance, after grasping the �horse�
concept, humans can often assimilate the idea of �ze-
bra� with merely one or a few images with �Fig.
1: �. Informed by this phenomenon, few-shot im-
age classi�cation seeks to train a limited number of
labeled samples for each category, thereby facilitating
the recognition of new images of these categories [5].

Methods employed in few-shot learning encompass
model �ne-tuning [6], data augmentation [7], and
transfer learning [8]. Model �ne-tuning involves pre-
training the model with large-scale datasets and re�n-
ing it for a speci�c task with limited training samples.

Fig.1: Examples of few-shot image concept.

Nonetheless, such models may still succumb to over-
�tting when confronted with inadequate instances [9].
Data augmentation approaches can mitigate the issue
of over�tting by enlarging the training set. However,
it is essential to note that these strategies may add
noisy data, negatively in�uencing the model results
[10]. Transfer learning for small samples incorporates
metric learning [11] and meta-learning [12]. Metric
learning determines the category of an unknown sam-
ple based on labeled samples by calculating the dis-
tance between samples [13]. Optimization-based ap-
proaches allow models to adapt quickly to new tasks
but still have di�culty handling domain transitions
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between base and new classes [14]. In contrast, meta-
learning methods are closer to human learning pat-
terns but tend to neglect exploring relationships be-
tween samples [15].

However, with a small sample size, improving
model effectiveness encounters bottlenecks. Few-shot
learning methods are susceptible to overfitting with
very few or imbalanced pieces. Some approaches fo-
cus on single-scale feature extraction, limiting their
applicability in the domain of few-shot images.

Images encapsulate semantic information with
varying granularity features, encompassing low-level
features with high resolution and robust local infor-
mation yet limited global semantic information. On
the other hand, high-level features are abundant in
semantic information but possess low resolution and
weak perception of local details [16]. Thus, features
with diverse scales of multi-granularity can more com-
prehensively extract sample features with “Fig. 2:”.

Fig.2: Extraction of multi-grained features.

A feature extractor with good generalizability is
essential for few-shot learning. Feature enhancement
can increase the diversity of samples and achieve
more accurate classification [17]. Improved resid-
ual network Res2net [18] obtains multi-granularity
features by performing multiscale convolution inside
each residual block to form different sensory fields (as
shown in “Fig. 3:”). Building upon this premise,
a multi-granularity residual attention network, as de-
lineated in [19], exhibits heightened efficacy in captur-
ing features across varying levels of granularity within
images. This augmentation leads to a discernible en-
hancement in the classification prowess of deep net-
works.

For small samples, Dong et al. (2021) introduced
the multiscale feature network (MSFN) for feature
enhancement, followed by the computation of dis-
tances between improved prototypes using enhanced
labeled features for classification [20]. In a simi-
lar vein, Chen et al. (2022) presented the multi-
scale adaptive task attention network (MTAN) [21].

Fig.3: Multi-granularity residual network architec-
ture(Res2net).

MTAN can dynamically allocate attention across
multiple feature scales within input contexts, particu-
larly in Few-shot learning tasks. This adaptive atten-
tion allocation allows for improved capture of feature
information across different scales.

Self-attentive mechanisms can better capture
global and local features in various computer vision
tasks, and it has emerged as a compelling alternative
to convolutional neural networks (CNNs) [22]. How-
ever, the transformer exhibits sub-optimal efficiency
in learning from sparsely annotated tasks [23]. In
this study, we aim to explore the efficacy of multi-
granularity visual transformers to improve perfor-
mance under conditions of limited data availability.

We aim to acquire and fuse information from small
sample data at multiple granularities to overcome the
limitation of extracting feature information from a
single granularity. This paper uses multi-granularity
feature enhancement and Transformer self-attention
aggregation to improve few-shot image classification
performance. The main contributions are as follows:

(1) A novel multi-granularity self-attention mech-
anism-based few-shot learning technique is pre-
sented that effectively extracts and improves multi-
granularity feature representations from small-sample
pictures.

(2) A multi-branch self-attention fusion module
has been devised to mitigate the impact of par-
tially irrelevant information within image samples
on the classification task. Operating through the
Transformer mechanism, this module enhances multi-
granularity local features containing global informa-
tion to yield a more precise representation of sample
features.

(3) A weighted distance metric module is proposed
to address potential issues stemming from sample di-
versity within the same class. The similarity between
the query set and each sample in the class is calcu-
lated by this module using the weighted average dis-
tance method. Addressing sample diversity seeks to
mitigate potential class centroid bias.

The paper is structured as follows: Section 1 pro-
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vides an overview of the background of few-shot learn-
ing; Section 2 elaborates on the proposed method;
Section 3 presents the experimental results and anal-
ysis; and Section 4 concludes the paper and outlines
future directions. By delving into this research, we
anticipate offering novel insights and solutions to ad-
vance the field of few-shot image classification.

2. MATERIALS AND METHODS

2.1 Few-shot learning

Few-shot learning trains the model to adapt to the
new classes, allowing for effective classification perfor-
mance with small samples [24]. It is assumed that the
support set S consists of N data categories, each com-
prising K-labeled samples, in the context of a few-shot
target classification issue. The query set Q comprises
N classes corresponding to the support set S and the
same images as q unlabeled samples. Every class is
included in query set Q. Thus; the N-way K-way few-
shot classification task is indicated.

On the other hand, it becomes difficult to train a
model directly to categorize the unlabeled samples in
set Q when set S contains few labeled examples per
class. Because of this, few-shot learning usually uses
a meta-learning paradigm, gaining transferable infor-
mation on an auxiliary set A to enhance classification
on set Q. Set A is not connected to set S, even if it
contains several classes and labeled samples. As a
general term, “base class” refers to Set A. Name set
S as the new class, or target class, and set A as the
base class, or source class, according to convention.
Few-shot learning uses a set of base courses with la-
beled data to build a classifier and then adapts it to
new types with fewer labeled samples.

2.2 Multi-Granularity Feature Generation

The multi-granularity feature module, depicted
in “Fig. 4:” employs depth-separable convolu-
tional modules [25] as a feature extractor. This
module comprises convolutional modules across three
branches, each operating at different scales.

Branch 1 features undergo a 1×1 convolution.
Branch 2 processes the feature extractor through a
3×3 convolution followed by a 1×1 convolution, re-
sulting in its output. Branch 3 utilizes two 3×3 con-
volutions and a 1×1 convolution. Using two 3×3 con-
volutions achieves the same receptive field as a single
5×5 kernel:

Following the multi-granularity generation mod-
ule, each sample can acquire three feature vectors at
distinct scales. The number of branches (representing
granularity), de-noted as r, can be adjusted based on
the image’s scale. In this context, we set r=3.

2.3 Multi-granularity self-attention module

The self-attention mechanism inherent in the
transformer architecture constitutes a feature repre-

Fig.4: Structure of multi-grained feature generation
module.

sentation technique that captures global dependen-
cies within data representations [26]. Efforts to cap-
ture long-xplore the integration of self-attention into
convolutional neural network (CNN) architectures,
thereby facilitating the fusion of self-attention and
convolutional operations[27-28]. The Swin Trans-
former[29] has introduced a hierarchical feature repre-
sentation scheme to address the need to amalgamate
multi-granularity features within image data. Addi-
tionally, the Pyramid Vision Transformer (PVT2)[30]
integrates the Vision Trans-former (ViT) paradigm
into a CNN-inspired pyramid structure, thereby en-
abling PVT2 to excel particularly in dense prediction
tasks.

CrossViT[31] introduces the Transformer attention
mechanism across layers to capture multi-granularity
feature information at different levels. While Trans-
formers have achieved remarkable results on datasets
with limited samples, it is worth noting that their
training process is relatively intricate, demanding
substantial computational resources and time.

We develop a multi-granularity self-attention
method to learn and capture global information be-
tween input sequences. With the help of our sug-
gested self-attention aggregation module, the local
features in various scales are weighted and fused into
the global information, improving the image’s local
feature representation and the connection between
sample details, which makes it possible to acquire
contextual information and larger sensory fields.

According to “Fig. 5:”, the image x goes through
the multi-granularity feature module to generate n-
scale local features f(xi ∈)R1×d, i ∈ [1, r], then enters
the self-attention module for feature fusion.

The query set and support set are represented by
the set T = {(xi, yi, n), n = 1, . . . , r, i = 1, . . . , lk +
lq}, where r stands for the number of pieces in the fea-
ture map at different scales and lq: indicates the num-
ber of samples in the support set. d is the feature di-
mension. Create the feature tensor F ∈ R(lk+lq)×r×d.
The input feature triad (F, F, F ) is first linearly trans-
formed by the Transformer module into Qi,Ki, and
Vi, where Qi,Ki, and Vi Stand for the query matrix,
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Fig.5: Self-Attention Fusion Module for Multi-Granularity Features.

key-value matrix, and value matrix, respectively, and
i ∈ [1, r]. The attention module is defined as follows
based on the matrix operation of self-attention:
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Where dK = d.WQ,WK , and WV Represent the
parameters of the whole connection layer. The Trans-
former module fuses the multi-granularity feature
maps and uses this as the output feature information
for the samples:

g(x) =
∑r

i=1
g
(i)
Att ∈ R

(lk+lq)×r×d (3)

2.4 Weighted metrics module

The metric module calculates a relationship score
by measuring the interclass similarity as a function in
the multi-granularity feature space created from the
sample set categories C. The implementation process
of this module includes feature extraction, feature fu-
sion, calculation of relationship scores, and output of
category probabilities.

The set C is divided into a support set. xi and a
query set xj , which together define an Episode. In

each episode, the model learns the features of a small
number of labeled samples in the support set to infer
the class of samples in the query set.

To calculate the scores of the classes in this re-
search, we utilize metric learning in the relational
network [32] module.

Si,j = R(ϕ(fτ (xi), fτ (xj))) (4)

Where fτ is the embedding module (xi), the sup-
port set labeled sample feature vector, and (xj) is
the query set sample feature vector. ϕ(fτ (xi), fτ (xj)
is the descriptor connection of intensely localized
multi-granularity features, R is the metric learning
network. The weights of each module are derived
through cross-validation and weighted fusion of im-
age affiliation probabilities and relationship scores.

We thus derive the final prediction of the model.
Suppose that an image-to-image metric module has
a prediction for the category k, which has a categor-
ical probability of subordination of pk(a), and two
image-to-class metric modules for category k. The
relationship score is pk(b),pk(c). It will be the case
that pk(a), pk(b),and pk(c) are viewed as three proba-
bility vectors of length when considering the number
of categories. The weighted sum of the three vectors
is calculated, and the cumulative maximum is taken
as the final prediction as in Equation (5):

pk = argmax(αpk(a) + βpk(b) + γpk(c) (5)
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Where α, β, γ is the weight of each module, α+β+γ =
1.

2.5 Multi-Granularity Feature Fusion Archi-
tecture

The Few-shot Classification Model for Multi-
Granularity Feature Enhancement and Fusion (MGF-
EA) comprises three modules with “Fig. 6:”. It
includes a multi-granularity feature extraction mod-
ule, a Transformer self-attentive feature fusion mod-
ule, and a metric module. The following describes
the implementation methods and steps of the multi-
granularity feature fusion model MGFEA.

1. Basic feature extraction. First, we extract the
initial feature representation of all input samples S.

2. Multi-granularity feature generation module.
Provide the base feature S to the multi-granularity
creation tool as input to create the multi-granularity
feature F for the given samples.

3. Self-attentive feature aggregation module. Fuse
the multiscale features in F with the weighted global
features extracted by the transformer as the enhanced
feature expression E of the input sample.

4. Metric Module for Weighted Distance. Calcu-
late the weighted difference in categories between the
samples in the query set and the support set.

3. EXPERIMENTAL RESULTS AND DIS-
CUSSION

3.1 Experimental Dataset

We used two datasets often used in few-shot
learning: CIFAR-FS [33] and miniImageNet[34].
The CIFAR-FS dataset comes from the CIFAR 100
dataset, where the 100 categories are divided into
three groups: a test set (20 categories), a validation
set (16 categories), and a training set (64 categories).
A subset of ImageNet called MiniImageNet has 100
categories total, 64 of which are utilized for training,
16 for validation, and 20 for testing.

3.2 Training Strategy for Few-shot Learning

Our training technique is episode-style[35], which
we use to learn migration knowledge. Coordinat-
ing the training process with the testing settings im-
proves the model’s generalization ability. To help
with the classification model’s training, we model a
few-shot target classification issue and produce an
episode for each training cycle. An auxiliary set A
contains an arbitrary selection of query sets Q and
support set S for each episode. K-labeled samples
are included in each N class, making up the support
set S.

Tens of thousands of episodes drawn from the aux-
iliary set A are created throughout the training phase
to fine-tune the classification model. Each episode
may be thought of as an independent work. When the
created query set’s correct labels are applied, these

episodes are linked to supervised learning. The model
trained on the support set S may be utilized directly
to sort every unlabeled sample in the question set Q
during testing. The 5-way 2-shot scenario illustrated
in “Fig. 7:” is worth considering.

3.3 Experimental Methods and Results

For the trials in our few-shot technique, we em-
ploy a 5-way, 1-shot strategy (i.e., five categories, one
sample per category) and a 5-way, 5-shot strategy
(i.e., five categories, five pieces each category). This
section compares the image classification job exper-
imentally on CIFAR-FS and Minimagenet datasets.
Table 1 displays the experimental findings.

Table 1 demonstrates that on the CIFAR-FS and
Mini-imagine datasets, 5-shot Accuracy is superior
to 1-shot Accuracy. It indicates that more features
are discovered when training data increases and the
classification impact improves. Our model performs
better than other models in the 1-shot and 5-shot
work scenarios on the CIFAR-FS dataset by over
1.75% and 2.63%, respectively; our classification per-
formance is 1.62% and 1.27%, respectively, on the
Mini-ImageNet dataset.

Table 1: Comparison of different few-shot learning
models.

Models Backbones 1-shot 5-shot
Resnet12 55.43 68.16
Resnet18 59.65 69.65
Resnet34 61.15 71.43
Resnet50 61.87 73.83
MGFEA - Resnet12 65.45 86.72
MGFEA - Resnet18 69.88 86.95
MGFEA - Resnet34 70.05 87.12
MGFEA - Resnet50 71.92 87.86

“Fig. 8:” illustrates model training on the
CIFAR-FS dataset, where classification accuracy
quickly exceeds 80% at epoch=20, and the loss func-
tion quickly converges at epoch=40 with “Fig. 9:”.
The studies demonstrate the efficiency and speed
with which the multi-granularity feature augmenta-
tion model can extract multiscale features from tiny
sample datasets.

3.4 Ablation Experiments

In this section, we conduct ablation comparison
tests on the mini-magnet few-shot dataset. Initially,
we select the residual network with various param-
eters as the feature extraction module. When the
multiscale branching r = 3, we perform a comparison
experiment using the original network (with the fea-
ture enhancement module removed) and the proposed
new network.

The results are displayed in Table 2. The classi-
fication performance of few-shot images improves to



Multi-granularity Self-attention Mechanisms for Few-shot Learning 527

Fig.6: Structure of Multi-Granularity Enhanced Network.

Fig.7: Example of an N-way K-shot.

Fig.8: Accuracy for 1-shot and 5-shot.

Fig.9: Loss for 1-shot and 5-shot.

Table 2: Comparison of different backbones on
dataset CIFAR-FS.

Model
CIFAR-FS Miniimagenet
1-shot 5-shot 1-shot 5-shot

ProTyNet
55.20±0.70 83.50±0.50 49.42±0.78 68.20±0.57

(2017)[36]
TADAM

70.30±0.40 84.10±0.10 58.50±0.30 76.70±0.30
(2019) [37]
MetaSVM

72.80±0.70 85.00±0.50 62.64±0.61 78.63±0.46
(2019) [38]
Deepend

75.65±0.83 86.79±0.50 65.91±0.82 82.41±0.56
(2020) [39]
Metabase

74.28±0.50 85.90±0.50 63.17±0.23 79.26±0.17
(2021) [40]
QSFormer

75.40±0.50 86.36±0.30 65.24±0.28 79.96±0.20
(2022) [41]
DeepBDC

76.75±0.30 87.20±0.20 67.83±0.43 85.45±0.29
(2022) [42]
MGFEA

78.50±0.64 89.83±0.25 69.45±0.20 86.72±0.12
(Ours)

some extent as the backbone network’s layer count
rises but gradually tends to a stable value. Experi-
ments show that the features of the original network
affect the model, while its performance is significantly
improved after we add a multi-granularity feature fu-
sion module with “Fig. 10:”.

Fig.10: Performance comparison of feature en-
hancement with different parameters.
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Table 3: Comparison of different branching param-
eters r.

Models Backbones Para: r 1-shot 5-shot s/episode
MGFEA – Resnet12 1 58.77 68.26 5.7
MGFEA – Resnet18 2 65.60 75.40 7.2
MGFEA – Resnet34 3 69.45 86.72 8.5
MGFEA – Resnet50 4 69.52 86.78 13.7

According to Table 3, by selecting various branch-
ing parameters (r = 1, 2, 3, 4), the studies assess the
impact of various granularity features on the network
performance. The time (s/episode) spent on a single
model iteration is the basis for the temporal complex-
ity analysis. Our research findings utilize Resnet12 as
a model network.

Table 3 shows that the single-scale self-attention
module performs least effectively with features ex-
tracted directly from the backbone at r = 1. As
multiscale branching is increased, the performance of
the fused multi-grained features improves to a stable
value, but the computational time cost increases due
to the increased parameterization

4. CONCLUSION

In this research, we provide a multi-granular fea-
ture improvement strategy for small sample picture
classification. The approach utilizes the multiscale
local features produced by the prototype network. It
extracts the feature improvement information com-
prising global information through a fusing module
based on Transformer architecture, which enhances
the model’s feature extraction and generalization ca-
pabilities. On the CIFARF10 and MiniImageNet few-
shot datasets, the suggested technique performs bet-
ter in classification than previous models, and the
ablation experiments further support its efficacy.

The increased representation of visual characteris-
tics in our suggested Transformer self-attentive fea-
ture fusion module can be included in various few-
shot classification techniques. The computing cost
of the transformer grows for multi-granular features
of an image as the number of scale branches in-
creases. Therefore, balancing classification effec-
tiveness against computational complexity is critical
when determining the ideal number of multi-branches
for a given job. To further enhance the model’s clas-
sification performance, future studies will investigate
how to develop a more effective multi-granularity fea-
ture fusion module.
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