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Embedded neural network accelerator and SoC chip
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Abstract:In order to improve the operation efficiency and power efficiency of artificial intelligence accelerator, proposes a new
convolutional neural network (CNN) accelerator, and realizes a computing-in-memory method. Firstly, a neural network architecture is
designed, which has the characteristics of highly parallel computing and efficient operation of MAC unit. Secondly, in order to reduce
power consumption and die size, a symmetric SRAM array and an adjustable data flow structure are adopted to realize the efficient
computation of multi-layer network in SRAM, which reduces the times of external memory access and the power consumption of SoC
system. Operation efficiency is improved as well. Through the 40 nm process of SMIC, the SOC design, tape and test are completed.
Results show that the computational power can reach 288 GOPS at 500 MHz, the power consumption at full speed is 89.4 MW, the area is
1. 514 mm*, the computational power consumption ratio is 3. 22TOPS/W and the 40nm computational power area ratio is 95. 1 GOPS/mm’.
Compared with results in other literatures, the power consumption and area of computing power increase by at least 4. 54% and 134% ,
respectively, which is more suitable for embedded ends.
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Fig. 1 Lenet convolutional neural network
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Fig.2  Convolution neural network processor architecture
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Fig.3 Single layer convolution computing architecture
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Fig.4 Convolution computing architecture and data flow
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Technology SMIC 40 nm LL
CNP Area 1.04

Data Length 16 bit/8 bits
ACC width 32 bits

Total SRAM 262 KB

Supply Voltage 099 ~121V
Core Frequency 48 ~500 MHz
Peak Performance 288 GOPS
Energy Efficiency 3.22 TOPS/W
Power Consumption 894 mW

Layer Size ALL

Layer Type CNN

Area Efficiency 190 GOPS/mm?
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Chip top layout and performance summary
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Table 1 Performance comparison with existing references

. . o e
VAR = = = = & =
T2 /nm 28 40 40 65 65 40
i A/ mm? 1.87 2.4 121.6 16 4.35 1.514
TAERJE/V 0.65~1.05 0.55~1.1 1.1 0.63~1.1 1.0 0.99~1.21
PE A& /bit 4,8, 16 1~16 1~4 1~16 16 8, 16
T KHERE/GOPS 76 (16b) 102(16) 1960 (4b) 345.6(16b) 281( 16b) 288( 16b)
TAES#,/MHz 200 204 330 200 650 500
e/ mW 300 (1.05 V) 288 (1.1V) 3300(1.1V) 297 (1.1 V) 859(1.0 V) 89.4 (1.1V)
YIFERLE/ (TOPS/ W) 0.53(16b) 0.3 0.59(4b) 3.08(16b) 0.282( 16b) 3.22(16b)
AR/ (GOPS/mm? ) 40. 6( 16b) 42.5(1b) 16.1(16b) 21.6(16b) 64. 6(16b) 95. 1(16b)
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