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Convolutional Optimization Algorithm Based on Distributed Coding
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Abstract Convolution operation plays a vital role in statistics,signal processing,image processing and deep learning. It is also an
important operation in deepneural networks where it is the basis of information filter and characteristics extraction. The explora-
tion of methods to speed up the convolutional operations has become an open research topic in recent years. Many studies have
pointed out that distributed computing framework may improve the computational time of convolution operations and hence opti-
mize the training efficiency for deep learning. But stragglers in distributed systems may slow down the overall system. This paper
proposes a distributed coding based Winograd algorithm for implementing 2D convolution operations. In this algorithm,the Wino-
grad algorithm can effectively accelerate the speed of 2D convolution calculation, while distributed encoding can mitigate the im-
pact of stragglers by using a redundancy-based encoding strategy. Therefore, the proposed distributed 2D convolution algorithm
can effectively mitigate the straggler problem in distributed systems while improving the 2D convolution calculation,hence it may
effectively improve the computational efficiency of distributed 2D convolution algorithms.
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Fig. 1 Principle of two dimensional convolution
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Fig. 2 Principle of two dimensional convolution on distributed system
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&% 1 Distributed Coding Convolution Algorithm
Input:Input matrix A

Output: Output result Y

1. Initialize master and workers;

2. Divide A into pieces using Algorithm 2;

3. Encode matrixes using Algorithm 3 and each worker i gets data A;;

s

. For each worker i in parallel, compute convolution result Y; using
Algorithm 4;

. Master receives Y; from each worker;

wl

. Decode and get result Y;

~ o

.return Y.
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Fig.3 Flow chart of DCCA
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&% 2 Matrix division
Input: Input matrix D
Output: Output result Dy
1. Initialize row and col to the same value of the row and column of
matrix D;

2. Initialize R and C by the value of row and col ;//Times that matrix
D need to be divided

3.fori=1,2,--,R do

4.  Calculate start and end row number using i;

5. forj=1,2,--,Cdo

6 Calculate start and end column number using j;

7. D,<divide(D) ;

8. return Dy.
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&% 3 Distributed coding

Input:Input matrix D,
Output: Output result D

1. Initializeall f). as empty;

2. Initialize i as the number of workers;
3. Initialize n as the number of matrix D, ;
4. for j=0,1,++,i—1 do

for k=0,1,+-,n—1 do

6. D' <multiply(j, k., Dy) ;

o

7. Di<add(Dy");
8. return f)
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&% 4 Convolution based on Winograd algorithm

=

(©))

Input:Input matrix 13,

Output: Output result Y;

1. Initialize ?; as empty;

2. Initialize AT ,G,B" as transformation matrix;
3. Initialize W as the kernel;

4. U<—transformation(G, W) ;

5. V<—transformation(BT,D;)

6. M<—dot_product(U, V) ;

7. Yi<transformation(AT, M) ;
8. return Yi.
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Table 1  Comparison of Winograd algorithm with different
kernel sizes
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F(2.3) 6 4 1.50
F(4,3) 12 6 2.00
F(6,3) 18 8 2.25
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