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Abstract: Convolutional Sparse Representation (CSR) approximates images with the convolutional sum 

of dictionary filters and corresponding sparse coefficients. To improve classification accuracy of 

Convolutional Neural Networks (CNNs), this paper proposes to use the dictionary filters generated by 

CSR as initial parameters of CNNs' filters since the CSR filters express features of test images. Our 

method also estimates the error term of CSR with the L1 norm instead of the L2 norm to increase 

robustness against outliers in datasets for training. The results of experiments classifying CIFAR-10 

show that the CNN using the initial parameters generated by the proposed method with the L1 error term 

shows the highest classification accuracy for small numbers of training images compared with the two 

methods: the proposed method with the L2 error term and the Xavier's method. 

 

Keywords: Convolutional Sparse Representation, Convolutional Neural Network 

 

I. INTRODUCTION 

 

onvolutional Neural Networks (CNNs) [1], which 

have convolutional layers with filters showing image 

features, have achieved high accuracy in image 

recognition. However, CNNs have a problem that the 

convergence of their parameters depends on initial 

parameters. In this paper, we propose to use the 

dictionary filters of Convolutional Sparse 

Representation (CSR) [2] with L1 error term as initial 

parameters of CNNs' convolutional filters. The 

dictionary filters of CSR represent image features like 

those of CNNs' and CSR with the L1 error term is 

robuster against outliers than CSR with the L2 error term. 

 

II. CONVOLUTIONAL SPARSE 

REPRESENTATION WITH L1 ERROR 

TERM 

 

CSR approximates input images 𝒔𝑘 ∈ ℝ𝑁 (k = 1, 2, 

…, K) with the convolutional sum of M dictionary filters 

𝒅𝑚 ∈ ℝ𝐿  (m = 1, 2, …, M; L ≤  N) and sparse 

coefficients 𝒙𝑘,𝑚 ∈ ℝ𝑁 as  

𝒔𝑘 ≈ ∑ 𝒅𝑚

𝑀

𝑚=1

∗ 𝒙𝑘,𝑚. (1) 

CSR tries to obtain both the filters and the coefficients as 

 

argmin
{𝒅𝑚,𝒙𝑘,𝑚}
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1
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𝐾
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                                                             s. t. 𝒅𝑚 ∈ CPN∀𝑚, (2) 

CPN = {𝒚 ∈ ℝ𝑁|(𝑰 − 𝑷𝑷𝑇)𝒚 = 0, ‖𝒚‖2 ≤ 1, (3) 

where 𝜆 > 0 ∈ ℝ  is the parameter to determine the 

sparsity of 𝒙𝑘,𝑚 , CPN  is the set to constrain the 

dimension and the norm of the filters, 𝑷 ∈ ℝ𝑁×𝐿  is the 

zero padding matrix, and the first and the second terms 

are called the error term and the regularization term 

respectively. It is impossible to optimize the filters and 

the coefficients simultaneously. Then, we divide the 

problem into two optimization problems: the coefficient 

optimization for fixed dictionary filters and the filter 

optimization for fixed coefficients and repeat these 

optimizations alternately. The coefficient optimization 

problem is defined as 

argmin
{ 𝒙𝑘,𝑚}

∑ ‖ ∑ 𝒅𝑚 ∗ 𝒙𝑘,𝑚 − 𝒔𝑘
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(4) 

The filter optimization problem is defined as 

argmin
{ 𝒅𝑚}

∑ ‖ ∑ 𝒅𝑚 ∗ 𝒙𝑘,𝑚 − 𝒔𝑘

𝑀

𝑚=1

‖

1

+ ∑ 𝜄CPN
(𝒅𝑚)

𝑀

𝑚=1

,

𝐾

𝑘=1

(5) 

where 𝜄CPN
 is the indicator function of CPN defined as 

𝜄CPN
(𝒚) = {

0 (𝒚 ∈ 𝜄CPN
)

∞ (𝒚 ∉ 𝜄CPN
)

. (6) 

C 
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We use Alternating Direction Method of Multiplier 

(ADMM) [3], which is one of the solvers for convex 

optimization problems, to solve these optimization 

problems. ADMM is defined as 

argmin
𝒙,𝒚

𝑓(𝒙) + 𝑔(𝒚) s. t.  𝑨𝒙 + 𝑩𝒚 = 𝒄, (7)
 

where 𝑓(𝒙) and 𝑔(𝒚) are convex functions. 

 

III. PROPOSED METHOD 

 

In the proposed method, CNNs use the dictionary 

filters generated by CSR with the L1 error term as the 

initial parameters of the convolutional layers. To 

generate initial parameters of the second and subsequent 

convolutional layers, we use CSR with the outputs of 

previous layers. 

 

IV. EXPERIMENTS 

 

 In the experiment, classification of CIFAR-10 was 

performed using TensorFlow, a library for machine 

learning. Each image of CIFAR-10 is 32 × 32 pixels and 

8-bits grayscale. The CNN has two convolutional layers 

and an affine layer. The first and the second 

convolutional layers consist of 8 × 8 filters, and the 

numbers are 8 and 16 respectively. 

Each convolutional layer performs convolutional 

operations, Batch Normalization, ReLU activation, and 

2 × 2 Max pooling, in that order. We compared following 

three initializing methods for the CNN parameters. 

1. The CNN initialized by Xavier initial parameters [4], 

the standard method in TensorFlow 

2. The CNN initialized by CSR with L2 error term 

3. The CNN initialized by CSR with L1 error term 

Except for the first method, the initial parameters were 

generated by CSR using 100 images that were not used 

for CNN learning. We measured the classification 

accuracy on 10000 test images by varying the number 

of training images and compared the average of the 10 

measurements. 

Figure 1 shows the experimental results and Figure 2 

shows the initial parameters generated by CSR with L1 

error term. The results tell us that the CNN initialized by 

CSR with L1 error term achieves higher classification 

accuracy than the other methods in small numbers of 

train images from 100 to 1000. 

 

 
(a) Numbers of training images up to 30,000 

 
(b) Small number of training images 

Fig. 1 Classification accuracy to number of training 

images 

 

 
(a) First layer 

 
(b) Second layer 

Fig. 2 Initial parameters generated by CSR with L1 error 

term 
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V. CONCLUSION 

 

 This study presents an initial parameter generation of 

CNNs with CSR in L1 error criterion. The experimental 

results show that our method is superior to conventional 

method including L2 error CSR for fewer learning 

images. Future works include validation of large scale 

CNNs with high resolution datasets. 
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