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Abstract

Numerous meta-learning methods focus on the few-shot learning issue, yet most of them assume

that various tasks have a shared embedding space, so the generalization ability of the trained model

is limited. In order to solve the aforementioned problem, a task-adaptive meta-learning method

based on graph neural network (TAGN) is proposed in this paper, where the characterization ability

of the original feature extraction network is ameliorated and the classification accuracy is remarkably

improved. Firstly, a task-adaptation module based on the self-attention mechanism is employed,

where the generalization ability of the model is enhanced on the new task. Secondly, images are

classified in non-Euclidean domain, where the disadvantages of poor adaptability of the traditional

distance function are overcome. A large number of experiments are conducted and the results show

that the proposed methodology has a better performance than traditional task-independent classifica-

tion methods on two real-word datasets.
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0 Introduction

Plentiful machine learning problems have been
solved by the development of deep learning. Based on
large datasets and high-dimensional datasets, high pre-
diction accuracy has been achieved in tasks such as
computer vision, machine translation, sentiment analy-
sis, as well as speech recognition, and the develop-
ment of artificial intelligence has also been promoted.
However, the following key problem still remains; a
large number of labeled samples are required when
training models; on the contrary, in the real world, the
labeled samples are quite rare or undisclosed, which
makes it impossible to train a highly accurate model.
The problem mentioned is the few-shot classification
problem'"

In recent years, in order to solve the above few-
shot learning problem, researchers have shifted their
focus to meta-learning (learning to learn). Thanks to
prior knowledge can be used by meta-learning to train a
model with strong generalization ability, the most im-
portant thing is that it has weak demand for sample la-
bels and has a wide range of applications. The existing
meta-learning methods can be divided into the follow-
ing four categories: meta-learning methods based on
parameter optimization, such as MAML algorithm'?’ ;

meta-learning methods based on external memory, such
as MetaNet algorithm'® ; meta-learning methods based
on data enhancement, such as the SGM algorithm'*';
meta-learning methods based on metric learning, such
as RepMet algorithm"®’. Metric learning is also called
similarity learning. Its essence is to complete the few-
shot classification by comparing the similarity of two
images.

Although stupendous progress has been made by
these methods, limitations still remain. First of all, the
feature vectors extracted by most methods are not suffi-
ciently distinguishable for new tasks. The main reason
is that they do not consider that different classification
tasks have different differences between their features,
and the feature representation should also be adjusted
according to the task. In other words, the feature rep-
resentation that is applicable to a certain task does not
be applicable to other tasks. In order to overcome this
shortcoming, a feasible solution is to link the training
task with the test task, so that the feature extraction
process is more focused on the task to be completed
next, rather than extracting feature representations for
all classification tasks. Secondly, Euclidean or other
artificially defined distance functions are usually used
by most of the existing few-shot learning methods based
on metric learning, which are limited to a two-dimen-
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sional or multi-dimensional space'®’. The solution is to

use a neural network to train this metric, so that the dis-
tance function can be adjusted according to different tasks.

A self-attention learning module based on the met-
ric learning algorithm is proposed in this paper, which
is used to improve the characterization ability of the
original algorithm feature extraction network, so that
the extracted feature vectors can be applied to various
tasks ( task-adaptation ). In addition, a graph neural
network ( GNN) is employed as a distance measure-
ment method to overcome the shortcomings of tradition-
al measurement methods and the relationship between
samples is fully used to further improve the accuracy of
few-shot classification.

1 Related work

The essence of the attention mechanism is to only
focus on key information, that is, when multiple types
of information appear, only a specific part is captured.
A great success in natural language processing, seman-
tic segmentation, image classification and other
fields'” has been achieved.

In recent years, the attention mechanism has been
improved and the self-attention mechanism has been
produced by researchers, where the ability to capture
the internal correlation of features is referred to by at-
tracting attention to each information in a set of infor-
mation. Similarly, remarkable results in various fields
have been achieved by attention mechanism. For ex-
ample, when completing natural language processing,
a self-attention mechanism instead of a recurrent neural
network was used to excellently complete the learning
of text representationm. In Ref. [9], the task of in-
stance segmentation and target detection was completed
through adding a non-local module ( the modeling meth-
od is the self-attention mechanism) to the ResNet net-
work , and the performance was greatly improved. In
addition, the task of extracting biomedical relationships
was completed through applying the self-attention
mechanism in Ref. [ 10].

Recently, innumerable image classification work
have shifted to the attention mechanism'"'"*. Different
weights were assigned to different samples in the train-
ing set, so that important features were paid more at-
tention by the classification model. In this way, irrele-
vant information was ignored, however, the sample
features in the training set were weighed while the sam-
ples in the test set were not considered. That is to say,
after the attention mechanism, feature vectors are more
conducive to the classification of specific tasks, the
generalization ability on other tasks is still not ideal.

The reason is that feature vectors should be different for
different tasks. For example, two tasks are given, one
is to distinguish between lion and tiger, the other is to
distinguish between lion and wolf, the difference of li-
on and tiger must be different from the difference of li-
on and wolf. If the feature vectors used for classifica-
tion are the same, the accuracy will be definitely af-
fected. In order to overcome this limitation, a task-
adaptive few-shot learning method is proposed.

For the above considerations, the characteristics
of the test set samples are merged when the attention
weights of the training set samples are calculated, so
that the trained model can adapt to various classifica-
tion tasks. In addition, a large number of existing few-
shot classification methods based on metric learning are
limited to the use of cosine distance'*' | Euclidean dis-

151 or nonlinear neural network''®’ to calculate

tance
similarity, where the correlation between the samples is
not sufficiently considered. And the graph neural net-
work model'””! is used as the classification module,
that is, the distance measurement is transferred from
the Euclidean space to the non-Euclidean space, so as
to fully explore the relationship between the samples

and further improve the classification accuracy.
2 Problem definition

In this section, the definition of the meta-learning
problem and graph classification problem will be intro-

duced.

2.1 Meta-learning problem

Firstly, the specific meaning of N-way K-shot will
be presented : the unlabeled samples predicted by clas-
sification models belong to one of the NV categories, and
there are only K labeled samples in each category,
where K is a very small number. N x K samples with
known labels will be used to make predictions on sam-
ples with unknown labels. All the samples mentioned
and the
set of labeled samples in the test set is also called the

above are from the test set, denoted as D

test 2

support set D the set of unlabeled samples is
And the samples in D

are denoted as x,, while the samples in D

support 9

called the query set D, . aupport

query ar€ deno-
ted as x,.
Since there are few samples with known labels,

D

late N-way K-shot tasks. The specific steps are; ran-

ain » Whose samples are all labeled, is used to simu-
domly select N classes from the training set, where
there are K samples in each class, and these N x K

samples form support set D and then randomly

support 7

select P samples from the remaining samples in each
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category to form query set D and repeat the above

steps M times, M N-way K—:hdt tasks can be derived.
In order to simulate the test task, what need to do is to
use the samples in the support set to predict the labels
of samples in the query set , that is, train the model on
the M tasks in the training set, and then generalize it
to the test set. Usually the classification model f is
trained by minimizing the loss sum of these tasks
(Eq. (1)). The specific steps are shown in Algorithm 1.

Loss = Z l(f(xq>,9’q) (1)

(245 ¥¢) € Dguery

where f( - ) represents a classifier.

Algorithm 1 The formation process of meta-tasks
wain 4O
for each task T;, Yi e {1,---,M} do

Randomly sample N classes from D

for all samples x in D

train 5
Randomly sample K instances from N classes to form

support %

Randomly sample P instances from ( D\, = D ppon )

to form D .

end for

end for

2.2 Graph classification problem

The definition of the graph is briefly introduced.
Graph is a data structure consisting of two components ;
nodes and edges. Nodes represent the object of classif-
ying and edges represent the specific relationship be-
tween the two objects. An undirected graph can be de-
scribed as a set of nodes and edges, denoted as G =
(V, E), Gis a two-tuple, where V=1{v,, v,,, v,,

-+, v, | is a node set; K = {ei,j =(v;, ) FC(VxV)
is an edge set. In addition, the matrix storing the data
of the relationship (edge) between nodes is called the
adjacency matrix (A)""®'.

The graph neural network used for classification in
this paper contains two modules; weight update module
and node update module. The weight update module is
composed of 5 fully connected layers. Four of them
have a batch normalization layer and an activation
function leaky Rel.U layer. In order to learn 6, a fully
connected layer is added at the end of the network.
When the nodes need to be classified, the softmax
function is used to normalize the adjacency matrix A
row by row, and outputs the adjacency matrix B,
whose elements represent the similarity between nodes.
The node update module is composed of graph convolu-
tion block and cascading operation layers. Among them,
the graph convolution block contains a batch normaliza-
tion layer and a leaky ReLU layer. The network struc-
ture of the graph neural network and its detailed work

process is shown in Section 3.

3 Methods

The task-adaptive few-shot learning method will
be introduced in this section. Firstly, how the embed-
ding module extracts the initial feature representations
is explained. Then the initial feature vectors are opera-
ted based on the self-attention mechanism, so that the
output of the self-attention module is a series of task-
related feature vectors. Finally the working process of
the classification module ( graph neural network) is il-
lustrated.

The visualization of the operation process is shown

in Fig. 1.
Xis ?,f‘ii \
xz:z;é \“ | C1+ J‘ =V
\ Gyt ‘ =v,0~|
Xy, ;"ﬁi ’ x“ \“C4+ l — V4.—“/‘
| G -ve/
Xsore 7 \I//(xq)+ H =Vv,@
x, @ Elx) F(x) Label GNN

Fig.1 The overview of task-adaptation graph
network (TAGN) method

3.1 Feature embedding module

In order to learn the initial feature representations
0(x) (Eq. (2)) of the inputs x, the prototype net-
work!"™ is used as the feature extraction network E(x)
(as visualized in Fig.2). The core of this network is
transforming the comparison between @(x,) (the fea-
) and @(x,) (the fea-
(Eq. (3)) into the
comparison between @(x,) and C,(the category center
of D pon ) (Eq. (5)). Among them, the calculation
is to take the

support

ture vectors of samples in D

query

ture vectors of samples in D, .. )

method of the category center of D
average value of all the sample features in the category
(Eq. (4)).

0(x) = E(x), Vv € D, (2)

y, =f(0(x,), 0(x,))

oc exp(sim(0(x,), 0(x,)))y,

V(x,y) € Dy, (3)

where f(+ ) represents the classifier, y! represents the

predicted label of the sample x_, y represents the true

q
label of the sample x, and sim( - ) represents the sim-
ilarity between samples.

Ci =i20(~x;)9 vi:l’.”’N (4)

ys=i



HIGH TECHNOLOGY LETTERSI Vol. 28 No. 2| June 2022

167

where M represents the number of samples in category
i, and N represents the number of categories in D_, ..
v, =/(0(x,), C) o exp(sim(0(x,), C))y,
(5)

where, Vi =1,--- N.

In order to further improve the classification accu-
racy, a temperature scalar r''! is added to the similari-
ty. In this paper, the range of this value is [0.1, 1,
16, 32, 64, 128 ], at this time the predicted value ¥y
of the query set sample x, can be calculated by Eq. (6).
exp(r - sim(0(x,), C;))

q

(6)

N . Ji
D . exp(r - sim(0(x,), C.))
where, Vi =1,--- N.

GMPL | | GAPL

(Vi pooing ).
| ReLU |
[ Batch Norm | |
\_3X3Conv )~

T Leaky ReLU )
| Batch Norm |
~{_3X3Conv

(a) ConvNet

Fig.2 The overview of the network structure of feature

(b) ResNet

embedding module

3.2 Self-attention module

The purpose of self-attention module is to trans-
form the initial feature representation @(x) unrelated to
the task into a task - adaptive feature representation
Y (x) (Eq. (7)). The specific operation steps are
based on the self-attention mechanism, that is, a con-
verter F is introduced, whose function is to calculate
the correct value corresponding to the query point. It is
a store of triplets, which is composed of query, key
and value'®’. Among them, the query vector represents
the feature of the sample, the key vector represents the
feature of the information, and the value vector repre-
sents the content of the information. The way of defi-
ning them will be described later.

$(x) = F(B(x)), Y e D, (7)

In order to calculate the similarity between query
points and keys, these query points are first linearly
mapped to a certain space (Eq. (8)).

Q' = W,[0,; Vx, e Q] e R™

K = W0, ; VYx, € K] ¢ R™ (8)

V' = W6, ; VYx, e V] e R

where n is the number of sample points in the set Q,

and D

which is the union of D, . qery » and K=V =0
(their mapping matrices are different) .

To learn three feature maps W,, W, W, the
contrast loss (regularization term) is added to the loss

function (Eq. (9)).
L(y", y,) =10y, y,) +AY, Y ayloga,

2, €QyE=0q
(9)
where a, represents a certain degree of similarity,
which will be explained in detail below, and the value
of A is discussed in the experimental part.

Next, the scale dot product'® is used to get the
attention score (Eq. (10)), the self-attention score
a, can be obtained. That is, the degree of correlation
or similarity between each sample and each piece of in-
formation.

(*5%5))
exp 1
Jd
aqk = T ’
Y n (OXL_W(,K )
i=1

Jd

where d is the dimension of the vector K (which is set
as 64 for ConvNet, and 640 for ResNet) , which plays

an adjustment role in scaling the dot product so that the

(10)

inner product is not too large; the query point x, € Q.

Then, the self-attention score obtained above be-
comes the weight of the vector V, the weighted sum of
the value vector V, plus the initial feature representa-
tion @(x,), a new task-adaptive embedding represen-
tation ¢ (x,) can be obtained, as shown in Eq. (11).

P(x,) =60(x,) + ;aqu:,k (11)

where V, , is the k-th column of V.

To convert the task-independent feature vectors @
(x,) to the task-adaptive feature vectors ¢ (x,), the
‘ self-attention’ operation is utilized, and the scaling
dot is used to get the self-attention score. In addition,
the self-attention module consists of a fully connected
layer, a matrix multiplication layer, and a softmax nor-
malization layer. In order to improve the generalization
ability of the model and prevent overfitting, a dropout
layer (which rate is set as 0.5) is added to the net-
work structure. In addition, in order to make the final
model more stable and effective, layer normalization
layer instead of batch normalization layer is utilized at
the end, and its network structure is shown in Fig. 3.

3.3 Classification module

As mentioned in subsection 3. 1, the center of
task-adaption feature representation ¢ (x) will be ob-
tained firstly according to Eq. (12), and then the cate-
gory center C; and query set sample representations will
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Layer Norm

(a) Self-attention extraction (b) Feature embedding

Fig.3 The overview of the network structure of
self-attention module

be connected with their labels. For test samples that do
not know the labels, h([) is defined as a uniform dis-
tribution function ( for the sake of simplicity, the label
is filled with all 0) (Eq. (13)), and the spliced fea-
ture vectors are regarded as nodes, denoted as V =
-, v}, where n =N + P (P is the
qery ) » Which will be the
inputs of the graph neural network.

1 .
C. =M2.¢(xs) Vi=1,-,N (12)

Ys=t

;1}], U25”'a viy'.

number of sample points in D

where M represents the number of samples in category
i, and N represents the total number of categories in

support *
{Viz(Ci,h(li)) Vi=loo Ny
V, = (#(x), K'ly) ¥j=1,,P

The edges between nodes represent the degree of
similarity between classes and samples. Therefore, the
absolute difference between nodes is utilized to measure
the similarity, and multi-layer perceptrons is used to
construct the adjacency matrix A and Eq. (14) is used
to update the adjacency matrix.

A; ;= MLP,(abs(V. - V})) (14)
where Aﬁj represents the element in the i-th row and j-th
column in the [-th matrix A, and 0 is a series of train-
ing parameters.

In addition to updating the weights, Eq. (15) is
also used by the graph neural network to update the
nodes, so that the relationship between samples can be
fully explored by the graph model, thereby classifica-
tion accuracy is capable to be improved. Its network
structure is shown in Fig.4. The specific process is
shown in Algorithm 2.

Vit = Ge(V') = p( Y BV'6y,)

BeA

vi=d19'“5dl+1 (15)
where Gc ( + ) represents a neural network layer, p
( + ) represents the activation function leaky ReL.U, d
is the number of rows of the node vector, and B is the
adjacency matrix normalized by softmax for each row of
the adjacency matrix A.

~
Reaky ReLU
Batch Norm
Graph Conv

Softmax
Fc-block

X2

X2

ot
MLP(abs(V!=V"))|

Fig.4 The overview of the network structure of

classification module

Algorithm 2 Training strategy of task-adaption graph net-

work

Inputs: DSuppol‘l = 1w, ), (B Yuek) 3 unery =
% Xy, Xp }
Outputs:; labels y of samples in D,
for all M tasks do
Calculate @(x) using Eq. (2);
Calculate @, using Eq. (10) ;
Calculate ¢(x) using Eq. (11)
Calculate C, using Eq. (12) ;
Connect C;, y(«x;) with its labels using Eq. (14) —V
= (v, vyep) s
for all layers=1,---, [ do
Calculate A’ using Eq. (14) ;
Calculate V**' using Eq. (15) ;
Predict the labels y} of x, using adjacency matrix B;
Calculate the loss function [(y}, y,) using Eq. (16) ;

query

end for
Calculate the gradient of Loss using Eq. (1)

Update £, F and GNN with the gradient of Loss using
stochastic gradient descent;

end for

The adjacency matrix B stores the weight value
between any connected nodes, namely, the similarity
between nodes (in the form of probability P).

In addition, the cross-entropy loss Eq. (16) is
used to train the parameters of the GNN model.

Iyys y,) =- zk:yklogp(y’; =y, 1 T) (16)
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where k is the number of samples in D, .

4 Experiments

The performance of the task-adaptation method on
two general datasets ( MinilmageNet and CUB200-
2011) is shown in this section. Firstly, a brief intro-
duction to the two datasets and their category allocation
is given. Then the accuracy of the proposed method
and baselines is compared to verify the advancement of
the proposed method based on two backbone networks.
Finally ablation experiments are conducted to further
test the significance of each module in TAGN.

4.1 Datasets
MinilmageNet( Mini ) dataset'
the ImageNet dataset and it is the benchmark dataset in

" is excerpted from

the field of meta-learning and few-shot learning. It
contains 100 categories of 60 000 images. And there
are 600 samples in each category.

CUB200-2011 (CUB) dataset' ™’ is a fine-grained
dataset presented in 2010, and it contains 200 catego-
ries of 11 788 images. More about the setting methods
of these two datasets are shown in Table 1.

Table 1

Descriptive statistics of datasets

Datasets Images  Classes  Train Verify Test
Mini 60 000 100 64 16 20
CUB 11788 200 100 50 50

4.2 Backbone networks

Two traditional feature extraction networks are
used as E(x), namely four-layer convolution network
( ConvNet4 ) and residual network ( ResNet-12).
Next, they will be introduced in detail.

ConvNet4 consists of 4 identical convolutional
blocks, and each convolutional block contains a 3 x 3
convolutional layer, a batch normalization layer, an
activation function layer and the maximum pooling lay-
er for compression. And in order to reduce the amount
of calculation for subsequent operations, a global max
pooling layer ( GMPL) that reduces the dimension of
feature representation is added at the end. Its network
structure is shown in Fig.2(a).

ResNet-12 is composed of 4 convolutional blocks,
and each convolutional block contains a 3 x3 convolu-
tional layer, a batch normalization layer, and an acti-
vation function layer. Also in order to reduce the amount
of calculation, a global average pooling layer ( GAPL)
is added at the end. Its network structure is shown in

Fig. 2(b).

4.3 Results and discussion

Table 2 and Table 3 indicate the results of the
performance comparison between task-adaptive method
and baselines, where the model of this paper achieves
the best performance on two datasets. Among all mod-
els, two non-linear neural networks-based models, re-
lation network and GNN, have shown better results,
compared with traditional distance function-based mod-
els matching network and prototypical network. For ex-
ample, in 5-way 1-shot setting the accuracy of GNN
improved by at least 0. 16% (50.46% vs. 50.62% )
on MinilmageNet and 1.27% (62.45% vs. 63.72% )
on CUB200-2011, while in 5-way 5-shot setting the accu-
racy of GNN improved by 0.62% (65.85% vs. 66.47% )
on MinilmageNet and 5.44% (76.12% vs. 81.56% )
on CUB200-2011. To further demonstrate the advance-
ment of the method of this paper, it is compared with
EGNN"™’ and TPN"™'" | where the accuracy is im-
proved by at least 0. 97% (52.46% vs. 53.43% )
and 1.05% (81.64% vs. 82.69% ), under 5-way 1-
shot setting and 5-way 5-shot setting compared with
EGNN, and the accuracy is improved by at least 0.08%
(53.35% vs. 53.43%) and 0. 97% (81. 72% vs.
82.69% ), under 5-way 1-shot setting and 5-way 5-shot
setting compared with TPN (as shown in Table 2 and
Table 3).

Table 2 Few-shot classification accuracy on
MinilmageNet dataset

5-way 1-shot 5-way 5-shot
Methods

Conv ResNet Conv ResNet

MatchNet 43.84% - 56.32% -

ProtoNet 49.54% - 65.21% -

RelationNet  50.46% - 65.85% -

GNN 50.62% - 66.47% -

EGNN 52.46% - 66.85% -

TPN 53.35% - 69.43% -
MatchNet(TA) 52.84% 61.55%  68.46% 75.91%
ProtoNet(TA) 52.31% 62.10%  71.35% 76.58%
Proposed method 53.43% 62.60%  72.17% 77.95%

In addition, in order to verify the effectiveness of
the task-adaptation module ( TA), a self-attention
module is added to the original structure of the matc-
hing network and the prototype network. The results
show that due to the addition of the self-attention mech-
anism on MinilmageNet, the accuracy of matching net-
work has increased from 43. 84% to 52.84% (5-way
1-shot setting) , the accuracy of prototype network in-

creased from 49.54% to 52.31% (5-way 1-shot set-
ting) .
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Table 3 Few-shot classification accuracy on CUB200-2011 dataset

5-way 1-shot 5-way 5-shot
Methods

Conv ResNet Conv ResNet

MatchNet 61.26% - 72.68% -

ProtoNet 51.31% - 70.87% -

RelationNet ~ 62.45% - 76.12% -
GNN 63.72% 68.09%  81.56% 83.65%

EGNN 64.23% - 81.64% -

TPN 65.57% - 81.72% -
MatchNet(TA) 66.98% 73.69%  80.08% 85.68%
ProtoNet(TA) 68.65% 77.13%  80.78% 85.54%
Proposed method 68.94% 77.26%  82.69% 86.71%

As for CUB200-2011, the accuracy of the matc-
hing network increased from 62.26% to 66.98% (5-
way 1-shot setting) , the accuracy of prototype network
has risen from 51.31% to 68.65% (5-way 1-shot set-
ting). This proves that the motivation using self-atten-
tion module as supplement to feature extraction module
gets benign results. Moreover, the task-adaptive graph
neural network has at least improved accuracy compared
with the task-unknown baselines 0. 5% (62.10% vs.
62.60% ) and 0. 13% (77.13% vs. 77.26% ) for
MinilmageNet and CUB200-2011 respectively. It im-
plies that the model that uses self-attention mechanism
to get task-adaptation feature vector and then utilizes
GNN as classification module has received well per-
formance.

4.4 Ablation experiments

To predict how the regularization A impacts the re-
sults, another experiment is implemented, where the
value of A is changed and all other parameters are fixed
to the values that produce the best results. In addition,
the value of A is set as 0, 1, 10, 100, and the chan-
ges of classification accuracy are observed based on
ConvNet-4 on the dataset MinilmageNet. The results
show that when the value of A changes within a certain
range, the accuracy is increased. And models perform
well when the value of A =10. The overall operational
results is depicted in Fig. 5.

In order to prove the advancement of TAGN, com-
parative experiments are conducted on the Minilma-
geNet dataset and CUB200-2011 dataset based on Con-
vNet-4. Among them, the comparison baselines are the
matching network using the cosine distance, the proto-
type network using the squared Euclidean distance,
and GNN which changes the distance measurement
from the Euclidean domain to the non-Euclidean do-
main. Results are shown in Fig.6, where MatchNet,
ProtoNet, GNN and TA represents matching network,

80
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5-shot
70 A
60 -
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S

0 1 10 100
Different value of regularization

Fig.5 Line chart of the accuracy for different value

of regularization
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(b) Different network structures on CUB200-2011
Fig.6 Histogram of the accuracy for different network structure

A
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ProtoNet

prototype network, graph neural network and the self-
attention ( task-adaptation) module, respectively. The
results prove that the methods of training the metric
function with neural network are better than the tradi-
tional methods of fixed distance function.

As for the accuracy on the MinilmageNet dataset,
the addition of self-attention module improves the accu-

racy from49.54% and 65.21% to 52.31% and 71.35% ,
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under 1-shot and 5-shot settings, respectively. And the
method TAGN increases the accuracy by at least
2.21% (52.31% vs. 54.43% ) and 0.82% (71.35%
vs. 72.17% ) under 1-shot and 5-shot settings. As for
the accuracy on the CUB200-2011 dataset, the addi-
tion of self-attention module improves the accuracy from
51.31% and 68.65% to 70.87% and 80.78% , under
1-shot and 5-shot settings, respectively. And the method
TAGN increases the accuracy by at least 0.29% (68.65%
vs. 68.94% ) and 1.13% (81.56% vs. 82.69% )
under 1-shot and 5-shot settings.

5 Conclusions

A feature learning model based on the metric
learning algorithm is proposed in this paper, where the
self-attention mechanism is utilized to produce task-
adaption feature vectors and adaptable model. In addi-
tion, a classification framework based on graph neural
network is established, where the relationship between
samples can be fully explored by the model, and the
effect of improving the accuracy of few-shot classifica-
tion can be achieved. The experimental results on the
datasets MinilmageNet and CUB200-2011 prove that
the method of this paper is better than task-independ-
ent methods. In the future, the model will be extended
to the two settings including zero-shot classification and
generalized few-shot classification.
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