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[ Abstract] As the basic operation of linear algebra, matrix multiplication is not only widely used in the field of mathematics, but
also promoted in the fields of applied mathematics, physics, computer science, artificial intelligence, etc. The proposed matrix
multiplication algorithm based on CUDA parallel optimization effectively solves the problems of low throughput and high latency of
traditional CPUs. At the same time, in order to make full use of shared memory resources, optimization algorithms such as coalesced
memory, memory conflict and loop unrolling are also proposed to deeply mine the performance of parallel algorithms. In this paper,
sufficient experimental comparison and analysis on different hardware platforms are conducted. The experimental results show that

the matrix multiplication algorithm based on CUDA parallel optimization has better performance.
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for i from 0 to M do

for j from O to N do
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#pragma unroll //JEIRJRIFH5 2
for i from 0 to M Step 1
C(i) +=A(i) *B(i)
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for ¢ from 0 to M do Step 3
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Tab. 1  Performance comparison of matrix multiplication CPU
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