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Bit Operation Optimization and DNN Application using GPU

Acceleration

*
Sang Hyeok Kim', Jae Heung Lee’

Abstract

In this paper, we propose a new method for optimizing bit operations and applying them to DNN(Deep Neural
Network) in software environment. As a method for this, we propose a packing function for bitwise optimization and
a masking matrix multiplication operation for application to DNN. The packing function converts 32-bit real value to
2-bit quantization value through threshold comparison operation. When this sequence is over, four 32-bit real values
are changed to one 8-bit value. The masking matrix multiplication operation consists of a special operation for
multiplying the packed weight value with the normal input value. And each operation was then processed in parallel
using a GPU accelerator. As a result of this experiment, memory saved about 16 times than 32-bit DNN Model.
Nevertheless, the accuracy was within 196, similar to the 32-bit model.
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Fig. 3. Probability that x deviates from greater than 0.004
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Table 1. Packing Function.

E 1oz AN

Algorithm
Input : 32bit [M, N] Size Array 1
Output . 8bit [M/4, N] Size Array O

Packing Fucntion

1 for x=0 to M/4-1 do

2 for yv=0 to N-1 do

3 for z=0 to 3 do

4 pack_num = 0

5 if Ix=4+z]ly] < -0.004

6 pack_num [= 0b00 << (3-2)*2
7 else if I[x*4+zl[y] > 0.004

8 pack_num |= 0b10 << (3-2)*2
9 else

10 pack_num |= 0b01 <<(3-2)%2

11 Olx,y] = pack_num
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Table 2. Masking Matrix Multiplication.
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Fig. 5. Masking Matrix Multiplication Example.
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