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Error Model Based Approximate Computing Design for Binarized Weight

Neural Network System
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(1.Shanghai Aerospace Electronic Technology Institute, Shanghai 201109, China;
2.Department of Microelectronics and Nanoelectronics, Tsinghua University, Beijing 100047, China)

Abstract: In order to solve the problem of design tradeoff between accuracy and hardware cost for smart
recognition systems, a binarized weight neural network acceleration method based on approximate adders and a
statistical error model is introduced. On the basis of a lossless quantization algorithm to train binarized weight neural
networks, replacing multipliers with approximate adders are proposed to further improve the energy-efficiency. A
statistical system-level error model is finally innovated to predict the system accuracy and guide the design optimization.
The experimental results show that the proposed error model can accurately predict the system, and the relative error is
only within the range from 2.05% to 3.07% compared with the simulated results. This indicates that the prediction
model can be used to guide future hardware-software optimization and can greatly improve the iteration speed of the
design.
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neural networks
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Tab.1 Implementation schemes and specifications of DNN models
BAIH A RE S ks fiim/MOPS | ki i/ MOPS R
CNN1 4CONV+1FC 0 8.4 87.4%(4 bit)
CNN2 4CONV+1FC 0 9.3 87.9%6(4 bit)
90.0%(4 bit)
LSTM1 LSTM(118) 3.6 3.6 N/A( bit)
. 91.0% (4 bit)
LSTM2 LSTM(214) 10.2 10.2 N/A( bit)
s s - 91.2% (4 bit)
GRU1 GRU(154) 2.6 2.6 N/A( bit)
. . - 91.8% (4 bit)
GRU2 GRU(250) 10.2 10.2 N/A(L bit)
. . . . 91.11% (4 bit)
CRNNI1 1CONV+2GRU+1FC 3.2 3.2 N/A( bit)
. . . < 92.26 % (4 bit)
CRNN2 1CONV+2GRU+1FC 9.3 9.3 N/A( bit)
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Tab.2 Predicted and simulated accuracies

% 2 5

S

RERL TS A5 12/ 4 KSR X B 22/ %

#£71048,3,3,2,1)
#£1(28,3,3,1,1)
#£1(28,3,3,1,1)
£ 1(18,3,3,1,1)
A E(30)

BWNNI1

91.6 88.8 3.05

B 1(42,3,3,2,1)
£ 1(34,3,3,1,1)
£11(26,3,3,1,2)
#71(18,3,3,2,1)
A2 (30)

BWNN2

91.3 88.5 3.07

%M 1(28,3,3,2,1)
H1(24,3,3,1,1)
#M1(16,3,3,1,2)
#M1012,3,3,2,1)
A2 (30)

BWNN3

87.8 86.0 2.05

#7111(20,3,3,2,1)
M 1(24,3,3,1,1)
HM1(16,3,3,1,2)
B 1(12,3,3,2,1)
SRR (30)

BWNN4

87.3 85.7 2.29
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