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Abstract 

For face recognition in the real world can obtain less samples, and when the collection 
environment is uncontrollable, it will affect the accuracy of face recognition system. This 
paper proposes a hierarchical model based on meta learning for face recognition system. 
Firstly, dynamic convolution is used as the feature extractor. The network can greatly 
improve the ability of extracting the underlying features of images by virtue of the 
characteristic of generating convolution kernel dynamically according to the input. Then, 
by using the idea of bi level optimization of meta learning, it can find the appropriate 
network parameters through one or several steps of gradient descent. The experimental 
results show that the accuracy of the proposed model is improved by 2% ~ 3% compared 
with other models. 
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1. Introduction 

With the development of society, face recognition is playing an increasingly important role in more 

and more fields, compared to other verification methods, such as fingerprints, iris and other biometric 

methods. Face recognition has the advantages of security, convenience, and low cost, and has been 

widely used in various industries such as finance and the Internet. The diversity of scenes and the 

complexity of tasks have extremely high requirements for the accuracy of the face recognition system. 

But in most cases, the available face samples are very few, usually only one or a few samples. This 

conflicts with the idea that deep learning requires a large number of samples to train neural networks, 

which leads to a sharp decline in recognition accuracy. There are also various noises in face samples, 

such as occlusion, illumination, posture, expressions, etc., which makes the already difficult 

recognition process more difficult. 

Literature [1] proposed a small sample image classification method under the migration model, but 

the robustness of the system is poor, and the impact of environmental changes on the face recognition 

system is not considered. Literature [2] proposes a compensation method in the training set to deal 

with the problem of small sample face recognition, which better solves the problem of poor robustness 

encountered in the migration process of small sample data, but it still does not consider To the impact 

of the environment on the accuracy of face recognition. Literature [3] et al. proposed a method for 

face recognition under unnatural circumstances, but did not consider the impact of small samples on 

its accuracy. The decrease in the number of training samples led to a sharp drop in accuracy.  

Based on meta-learning [4] and the above-mentioned enlightenment on face recognition processing 

methods under unnatural situations, this paper proposes a small sample face recognition method under 

unnatural situations. At present, based on meta-learning target detection, the image classification 

method [5-11] has been very successful. Literature [12] proposed a two-layer optimization idea. 

During training, it automatically finds the appropriate model parameters, that is, learns to learn so 
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that it can be obtained after one or several gradient descents on a new task. Very good recognition 

performance. Secondly, considering the special situation of the real world, literature [13] proposed 

several occluded face recognition processing methods. Experiments show that a neural network-based 

method for processing occluded face recognition has good performance. After experiments on 

commonly used face recognition data sets, it is verified that the method in this paper has high 

robustness for small sample face recognition problems with noise interference, and has improved 

accuracy compared with the previously proposed face recognition algorithm.  

2. Related work 

2.1 Meta-learning 

There have been many studies on small sample learning before this. Literature [11] proposed a two-

layer optimization idea to optimize our network, so that it automatically finds the appropriate network 

parameters, so that subsequent tasks can obtain better performance network parameters through one 

or several steps of gradient descent. However, because the double-layer optimization needs to 

calculate the second step degree, the calculation amount is too large, therefore, the literature [10] 

proposed a method of approximating the first step degree to the second step degree, but the 

experimental results found that some information was lost. Subsequently, Nichol [12] et al. proposed 

the Reptile method on the basis of the predecessors, which reduces the amount of calculation while 

retaining the image information. 

2.2 Face recognition method with occlusion 

For the occluded face image, the low-rank matrix recovery (LRMR) model is usually used at present. 

Its core idea is: if we regard an image as a matrix, then the fewer the number of its bases, the fewer 

the number of linearly independent vectors corresponding to the bases, and the smaller the rank of 

the matrix. Some rows or columns of a low-rank matrix can be expressed linearly with other rows or 

columns, which means that this matrix contains more redundant information. Using this redundant 

information, we can restore the image information, thereby effectively removing the disturbing noise 

information, and can also restore the erroneous image information. This model based on Low-Rank 

Matrix Approximation (LRMA) is the Low-Rank Matrix Recovery Model (LRMR). At present, 

LRMR mainly has three types of modes: robust PCA (RPCA), matrix completion (MC), and low-

rank representation (LRP). In this paper, we adopt the first mode. Low-rank matrix restoration.  

RPCA wants to decompose matrix D into the sum of two matrices: D=A+E, where A is the low-rank 

matrix part, and E is the noise-polluted sparse matrix part. Figure 1 shows its graphical description. 

Then the restoration of the matrix at this time can be described by the following optimization problem: 

𝑚𝑖𝑛
𝐴,𝐸

𝑟𝑎𝑛𝑘(𝐴) + 𝜆‖𝐸‖0  𝑠. 𝑡.  𝐷 = 𝐴 + 𝐸                     (1) 

 

 

Fig. 1 Low rank decomposition process of matrix 
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Where is the observation matrix, and the objective function is the rank of the matrix and the zero 

norm of the noise matrix, which represents the weight of the noise. (1) The rank function and 0 norm 

in the formula are both non-convex, which becomes an NP-hard problem, so it needs to be relaxed to 

optimize. From the matrix filling theory, we know that both the rank and norm of the matrix can be 

relaxed convexly, so the formula (1) can be relaxed into the following convex optimization problem: 

𝑚𝑖𝑛
𝐴,𝐸

‖𝐴‖* + 𝜆‖𝐸‖1,1  𝑠. 𝑡.  𝐷 = 𝐴 + 𝐸                     (2) 

Solving equation (2) is Robust Principal Component Analysis (RPCA). In this paper, we choose to 

adopt the augmented Lagrangian multiplier algorithm, namely the Alternating direction methods 

(ADM), also known as the inexact Lagrangian multiplier method (Inexact ALM, IALM). 

For the optimization of formula (2), first construct an augmented Lagrangian function: 

𝐿(𝐴, 𝐸, 𝑌, 𝑢) = ‖𝐴‖* + 𝜆‖𝐸‖1,1+< 𝑌, 𝐷 − 𝐴 − 𝐸 > +
𝑢

2
‖𝐷 − 𝐴 − 𝐸‖𝐹

2          (3) 

When 𝑌 = 𝑌𝑘, 𝑢 = 𝑢𝑘, use the alternate method to solve the block optimization problem: 

𝑚𝑖𝑛
𝐴,𝐸

𝐿(𝐴, 𝐸, 𝑌𝑘 , 𝑢𝑘)                             (4) 

Use Exact ALM (EALM) to iterate the matrices alternately and until the termination condition is met. 

If, then 

𝐴𝑘+1
𝑗+1

= 𝑎𝑟𝑔𝑚𝑖𝑛
𝐴

𝐿(𝐴, 𝐸𝑘+1
𝑗

, 𝑌𝑘, 𝑢𝑘) = 𝑎𝑟𝑔𝑚𝑖𝑛
𝐴

‖𝐴‖* +
𝑢𝑘
2
‖𝐴 − (𝐷 − 𝐸𝑘+1

𝑗
+
𝑌𝑘
𝑢𝑘
)‖

𝐹

2

 

= 𝐷 1

𝑢𝑘

(𝐷 − 𝐸𝑘+1
𝑗

+
𝑌𝑘

𝑢𝑘
)                            (5) 

Update the matrix E according to (5): 

𝐸𝑘+1
𝑗+1

= 𝑎𝑟𝑔𝑚𝑖𝑛
𝐸

𝐿(𝐴𝑘+1
𝑗+1

, 𝐸, 𝑌𝑘 , 𝑢𝑘) = 𝑎𝑟𝑔𝑚𝑖𝑛
𝐸

𝜆‖𝐸‖1,1 +
𝑢𝑘
2
‖𝐸 − (𝐷 − 𝐴𝑘+1

𝑗+1
+
𝑌𝑘
𝑢𝑘
)‖

𝐹

2

 

= 𝑆 𝜆

𝑢𝑘

(𝐷 − 𝐴𝑘+1
𝑗+1

+
𝑌𝑘

𝑢𝑘
)                             (6) 

Remember 𝐴𝑘+1
*  and 𝐸𝑘+1

*  are the exact values of 𝐴𝑘+1
𝑗+1

 and 𝐸𝑘+1
𝑗+1

respectively, then the update 

formula of the matrix 𝑌 is: 

𝑌𝑘+1 = 𝑌𝑘 + 𝑢𝑘(𝐷 − 𝐴𝑘+1
* − 𝐸𝑘+1

* )                      (7) 

The parameters 𝑢𝑘 are updated to: 

𝑢𝑘+1 = {
𝜌𝑢𝑘

𝑢𝑘‖𝐸𝑘+1
* −𝐸𝑘

* ‖

‖𝐷‖𝐹
< 𝜀

𝑢𝑘𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
                         (8) 

Among them, 𝜌 > 1 and 𝜌 ∈ 𝑅,𝜀 > 0. 

The above method requires multiple updates and singular value decomposition in the inner loop. For 

this reason, the researchers proposed the inexact Lagrangian multiplier method (Inecact ALM, IALM), 

and the update formula becomes the following form: 

𝐴𝑘+1 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝐴

𝐿(𝐴, 𝐸𝑘+1, 𝑌𝑘, 𝑢𝑘) = 𝐷 1

𝑢𝑘

(𝐷 − 𝐸𝑘+1 +
𝑌𝑘

𝑢𝑘
)             (9) 

𝐸𝑘+1 = 𝑎𝑟𝑔𝑚𝑖𝑛
𝐸

𝐿(𝐴𝑘+1, 𝐸, 𝑌𝑘, 𝑢𝑘) = 𝑆 𝜆

𝑢𝑘

(𝐷 − 𝐴𝑘+1 +
𝑌𝑘

𝑢𝑘
)            (10) 

2.3 Dynamic convolution 

The idea of dynamic convolution is mainly based on trying to find a balance between network 

performance and computational load. In the traditional sense, the method of improving network 

performance is mainly by constructing a wider or deeper network model, but this usually leads to 

more calculations, so it is not friendly to the pursuit of high-efficiency networks. 



 

 

562 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 8, 2021 

DOI: 10.6919/ICJE.202108_7(8).0080 

The dynamic convolution proposed in [13] does not increase the depth and width of the network. It 

improves the expressive ability of the network model by fusing multiple convolution kernels. The 

convolution kernel obtained by the dynamic convolution generator is related to the input, that is, 

different image data have different convolutions. The dynamic perceptron and dynamic convolution 

will be described in detail below. 

First, define the traditional perceptron as 𝑦 = 𝑔(𝜔𝑇𝑥 + 𝑏), where 𝜔, 𝑏, 𝑔 represents the weight, bias 

and activation function respectively; then, define the dynamic perceptron as follows: 

𝑦 = 𝑔 (𝜔
~
𝑇𝑥 + 𝑏

~

) , 𝜔
~
= ∑𝜋𝑘(𝑥)𝜔𝑘

~
𝐾

𝑘=1

 

𝑏
~

= ∑ 𝜋𝑘(𝑥)𝑏𝑘
~

𝐾
𝑘=1  𝑠. 𝑡. 0 ≤ 𝜋𝑘(𝑥) ≤ 1,∑ 𝜋𝑘(𝑥) = 1𝐾

𝑘=1              (11) 

Among them, 𝜋𝑘  represents the attention weight, which is not fixed, it will vary with the input. 

Therefore, dynamic convolution has a stronger feature expression ability than traditional static 

convolution.  

Compared with the static perceptron, the dynamic perceptron has two additional calculations: (1) 

attention weight calculation; (2) dynamic weight fusion. Even so, the calculation of these two parts 

is completely negligible compared to the calculation of the perceptron: 

𝑂(𝜔
~
𝑇𝑥 + 𝑏

~

) >> 𝑂(∑𝜋𝑘𝜔𝑘

~
) + 𝑂(∑𝜋𝑘𝑏𝑘

~

) + 𝑂(𝜋(𝑥))             (12) 

Dynamic convolution is similar to a dynamic perceptron, and both have a core. Referring to the classic 

design in convolutional neural networks, literature[13] connects BatchNorm and ReLU after dynamic 

convolution. Figure 2 shows the process of dynamic convolution. 

Literature [13] uses a lightweight squeeze and excitation to extract the weight of attention, which is 

different from SENet in that the latter is to give attention to the channel, while the former is regarded 

as the convolution kernel to give attention to the mechan ism; Since the convolution kernel is usually 

relatively small, the process of kernel fusion does not consume more computing resour- ces, so it is 

very efficient. Table 1 shows the comparison of the calculation amount of dynamic convolution and 

static convolution. From the data in the table, it can be seen that the increase in calculation amount 

can be completely ignored. 

 

 

Fig. 2 Dynamic Convolution 

 

In view of the many advantages of dynamic convolution, it can be easily embedded in the convolution 

of the existing network model to replace the traditional different types of static convolution. Therefore, 

this article intends to adopt dynamic convolution to improve the traditional network structure. 
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Table 1. The comparison of the computation of static convolution and dynamic convolution 

 

 

3. Network structure 

The traditional face recognition model faces the problem of lack of face data and large noise in some 

data. This type of face recognition algorithm will cause the appearance of data imbalance, which will 

affect the accuracy of face recognition. In order to solve the above proposal For the problem, this 

paper proposes a face recognition model with occlusion in the case of small samples based on meta-

learning. 

First, perform low-rank matrix restoration image processing on the pictures input into the network, 

and perform preliminary processing on the occluded images. Encode it according to the input data, 

pass the encoded data to the balance generator for statistical processing, generate balance variables 

to deal with the imbalance problem, the latter generates balance variables 𝛼，𝛽 through the input to 

solve the problem of category imbalance and category selection imbalance, The two are used as the 

input of the network, and the idea of meta-learning is used to optimize and update the network 

parameters. Subsequently, the more popular ResNet network in recent years is used as the underlying 

feature extractor, and on this basis, the dynamic convolution layer is used to replace the convolution 

layer in the ResNet network, which greatly improves the ability of the network to extract features, 

and then borrows meta-learning The two-layer optimization idea of Optimized the network 

parameters. Finally, softmax is used as the classifier of the final result. The network structure is shown 

in Figure 3. 

 

Fig. 3 The structure of network 

4. Data processing 

(1) In the real world, there are great imbalances in various samples. In order to simulate the imbalance 

of data, this article performs special processing on the data set used to simulate the imbalance of data. 

Assuming that the total number of categories of data is N, the data of category M in category N is 

processed so that the amount of data in category M differs from the amount of data in category N-M 

by more than 50%. 

(2) Perform preprocessing operations on the image data, inclu ding removing invalid and error images, 

and performing low-rank matrix image restoration operations on the images.  

(3) In the traditional convolutional neural network, the convo- lution kernel is fixed. In this paper, 

dynamic convolution is used instead of traditional convolution. Formula (14) is used to calculate and 

output feature maps.  

𝑦𝑗
𝑡 = ∑ 𝑤𝑖𝑗

𝑡 *𝑥𝑖
𝑡

𝑗                               (14) 



 

 

564 

International Core Journal of Engineering 

ISSN: 2414-1895 

Volume 7 Issue 8, 2021 

DOI: 10.6919/ICJE.202108_7(8).0080 

𝑥𝑖
𝑡 is the 𝑖th input feature map of the sample 𝑡, and 𝑤𝑖𝑗

𝑡  is the 𝑖𝑗 input convolution kernel of the 

sample 𝑡 , 𝑦𝑗
𝑡  as the jth output feature map sample. In the backward propagation, the dynamic 

convolution is the same as the traditional convolution operation. The dynamic convolutional layer 

calculation 𝑥𝑗
𝑡 gradient loss function 𝐿 is as follows: 

∂𝐿

∂𝑥𝑖
𝑡 = ∑ (

∂𝐿

∂𝑦𝑗
𝑡)*
−

𝑗 (𝑤𝑖𝑗
𝑡 )                            (15) 

Where *
−

 represents zero convolution padding. The gradient of the gradient loss function L with 

respect to 𝑤𝑖𝑗
𝑡  is calculated as follows: 

∂𝐿

∂𝑘𝑖
𝑡 = ∑ (

∂𝐿

∂𝑦𝑗
𝑡𝑗 )*𝑥𝑖

𝑡                             (16) 

Among them, �̑�𝑖
𝑡 is the transposition of 𝑥𝑖

𝑡. Compared with the traditional convolutional layer, 𝑤𝑖𝑗
𝑡  

is not a parameter or layer, as a function of the input 𝑥. The improved residual network [14] model 

is used as the meta-learner of MAML to extract features from the data. First, after improvement, a 

new MAML learner is used to learn 𝜙. As the initial parameters of the verification set, formula (17) 

is used to update the underlying parameters of meta-learning. At this time, the network parameters 

are not updated, and formula (18) is used to calculate the network parameters. For the loss value, 

SGD is used for subsequent gradient descent. When the data training of a batch is completed, the 

isomorphic initialization parameters can be obtained according to formula (19), and our parameters 

can be updated. 

𝜙 ← 𝜙 − 𝜂∇𝜙𝐿(𝜙)                            (17) 

𝐿(𝜃) = ∑ 𝑙𝑛(�̑�𝑛)𝑁
𝑛=1                            (18) 

�̑� = 𝜙 − 𝜀∇𝜙𝑙(𝜙)                            (19) 

(4) The weight matrix ℎ ∈ 𝑅𝑛𝑚; 𝑏 ∈ 𝑅𝑚, corresponding to the convolution kernel in the convolution 

layer; assuming the ReLU activation function is 𝑓, then the output at the first position is: 

𝑇𝑖 = 𝑓(ℎ*𝑎1 : 𝑙+𝑛−1 + 𝑏)                         (20) 

Downsampling using max pooling:  

𝑇𝑖
~

= 𝑚𝑎𝑥{ 𝑇𝑖}                             (21) 

After pooling: 

𝑇 = [𝑇1
~

, 𝑇2
~

, . . . . . . , 𝑇𝑗−𝑛+1
~

]                         (22) 

(5) The output is predicted by the softmax classifier. Forecast probability: 

𝑦 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑉𝑉 + 𝑏𝑉)                         (23) 

Choose the output with the highest probability as the predicted category. 

5. Experimental results and analysis 

5.1 Datasets 

This paper uses Yale, Cropped AR, ORL face recognition image data sets, and compares the model 

proposed in this paper with the traditional face recognition model to verify the effectiveness of the 

method in this paper. 

5.1.1 Yale face recognition dataset 

The Yale dataset was created by the Center for Computational Vision and Control of Yale University. 

It contains 165 pictures of 15 volunteers, including changes in lighting, expressions, and poses. The 

Yale face database collects 10 samples of volunteers. Compared with the samples collected by each 

object in the ORL face database Yale database, the samples contain more obvious changes in lighting, 

expression, posture, and occlusion. 
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5.1.2 Cropped AR face recognition dataset 

The Cropped AR face database, which is necessary for face recognition, includes 1680 images, a total 

of 120 people, 14 images per person, corresponding to faces under different expressions and lighting 

conditions. It is a highly recognized database. Contains two data formats, so the model and accuracy 

of the model can be evaluated very well. 

 

Table 2. Partitioning of datasets 

Type Types Training set Validati- on set Test set 

Count  120  100*10  100*4  20*14  

 

5.1.3 ORL face dataset 

The ORL face data set contains a total of 400 images of 40 different people, each with ten face images. 

All are grayscale images with a size of 92×112. It was created by Olivetti Research Laboratory in 

Cambridge, England from April 1992 to April 1994.  

5.2 Experimental environment 

This experimental environment uses the Windows 10 Enterprise Edition operating system, 64GB of 

memory, the processor is Intel Core i5-7200U CPU@2.50 GHz* 4, and the Python language is used 

under the Tensorflow framework. 

5.3 Experimental details 

In the process of training the model, the pictures are normalized uniformly, and the data set is divided 

according to the ratio of 7:3. The processing of the picture is shown in the network structure diagram, 

the learning rate adopts the dynamic preselected annealing learning rate, and the Adam optimizer is 

used. The parameters of the convolutional network refer to literature [15], and finally after constant 

debugging, it is determined that the size of the convolution kernel is 4*64, and the size of the picture 

is also 64*64. The Batchsize size is set to 128, the training batch period is 20, the results are output 

every 100 rounds, and the best results are saved. If the training result has not improved after 10 epochs, 

stop training. The curves of the accuracy of the three data sets with epochs are shown in Figure 4. 

 

 

Fig. 4 Curve of recognition accuracy with training batch on three data sets 
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At the same time, other network models are selected on the three data sets for comparison experiments 

with the models proposed in this paper. The accuracy rates of the different models are shown in Tables 

3 to 5. 

Table 3. Accuracy results of YALE experiment (unit:%) 

 

 

Table 4. Accuracy results of AR experiment(unit:%) 

 

 

Table 5. Accuracy results of ORL experiment(unit:%) 

 

 

5.4 Model comparison experiment analysis 

In order to ensure that the model evaluation effect is similar to the real situation, the training set, test 

set, and verification set are used to evaluate the model. In order to verify the effectiveness of our 

model, we compare the model in this article with models such as SRC, CRC, and CSSVDL. The 

accuracy of the training set on the three data sets varies with the number of iterations, and the results 

are shown in Figure 8. Table 3 to Table 5 show the recognition rate results of each model on the three 

data sets. 

It can be seen from Figure 8 that as the number of iterations increases, the accuracy of our model 

training continues to increase. It can be seen from the figure that in the 80th to 100th rounds, our 

method converges quickly, and then it is in a stable and fluctuating state. According to the early stop 

setting of the training, if the results of 20 rounds do not improve, stop training. In summary, the 

learning ability and generalization ability of our proposed model are relatively excellent. 

The data in Table 3~Table 5 show that for input images of different dimensions, the accuracy of the 

model proposed in this article on the three data sets is higher than that of other comparison models, 

and the higher the input dimension, the image that the model can extract The richer the features, the 

higher the final recognition accuracy, which is about 3 to 7 percentage points higher than other models, 

confirming the effectiveness of the model. The data in the table shows that compared with the 

previous model, the model proposed in this article has relatively improved the accuracy of each input 

dimension. In summary, our proposed model has advantages over the previous models. 

6. Conclusion 

This paper proposes a small sample face recognition model under unnatural circumstances. First, use 

dynamic convolution instead of traditional convolutional network as the underlying feature extractor, 
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which greatly improves the network's feature extraction ability of data. At the same time, our method 

fully considers the situation of face recognition with noise under unnatural circumstances. The 

obtained data is processed, and finally, the idea of double-layer optimization of meta-learning is used 

to enable the network to automatically find suitable network parameters, so that the model can achieve 

good performance through one or several steps of gradient descent on a new task. To a certain extent, 

the impact of low data volume on model accuracy is reduced. Experiments show that our model has 

a certain degree of improvement in accuracy compared to the traditional deep learning-based face 

recognition system. 
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