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Abstract

In this paper, we analyze the change of accuracy when fixed point arithmetic is used instead of floating point arithmetic
in binary weight network(BWN). We observed the change of accuracy by varying total bit size and fraction bit size. If the
integer part is not changed after fixed point approximation, there is no significant decrease in accuracy compared to the
floating—point operation. When overflow occurs in the integer part, the approximation to the maximum or minimum of the
fixed point representation minimizes the decrease in accuracy. The results of this paper can be applied to the minimization
of memory and hardware resource requirement in the implementation of FPGA-based BWN accelerator.
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Fig. 1. Typical Deep CNN model structure.
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Table 1. ConvNet for BWN implementation.
1. BWN 382 2/t ConvNet

i

Layer D W, Wt N
Convl 3 32 32 128
Conv2 128 32 32 128
Pool2 128 32 16 128
Conv3 128 16 16 256
Conv4 256 16 16 256
Pool4 256 16 8 256
Conv 256 8 8 512
Conv6 512 8 8 512
Pool 512 8 4 512
FC1 8192 1 1 1024
FC2 1024 1 1 1024
FC3 1024 1 1 10
X 1olA Hx g8 32x32 o|u| A 9] R, G, Bk
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Table 2. Max/min values of intermediate results and
activation data.
E 2 7 MZEE activation datall Z|CH/E[A Z4
intermediate data activation data
Layer
min max min max
Input - - -12.1 9.2
Convl -12.1 9.2 0.0 42.2
Conv2 -187.3 172.6 0.0 47.4
Conv3 —2447.7 2380.2 0.0 29.0
Conv4 -2084.0 1831.6 0.0 22.6
Convb -2310.9 1754.3 0.0 22.2
Conv6b -1349.5 842.3 0.0 186
FC1 -1039.0 1301.5 0.0 9.3
FC2 -286.2 254.1 0.0 11.9
FC3 -61.3 544.3 -11.3 32.8
Layer BN parameter min max
scale 0.0048 0.1825
Conv
offset -2.4890 2.2724
scale 0.0153 0.0691
FC
offset =4.7207 0.3251
F 23 1000070 8] CIFAR-10 dle]Ele] tiaiA
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Table 3. Fraction point location of BN parameters.
F 3. BN parameter 258 /%]
total sign integer fraction
scale 10 1 0 9
Conv
offset 10 1 2 7
scale 10 1 0 9
FC
offset 10 1 0 9
2 Activation data
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Table 4. Accuracy comparison by bit size and fraction size
of activation data.
¥ 4. activation data bitet &5Fol| 2 HETH|W

len,f 51 B2 53 54 - -

acc(%) 83.3 84.8 83.7 2.7 - -

len,f 82 83 84 80 8,6 8,7

acc(%) 84.7 85.1 84.9 85.0 84.1 74.1

len,f 104 10,5 10,6 10,7 10,8 10,9

acc(%) 84.9 85.0 84.9 85.0 84.1 74.3
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Table 5. Accuracy comparison by bit size of intermediate
values.
5 BZHAILE gke| piteol| wE MEE HlW

activation data=(8,3)

intermediate data

bit size 16 14 13 12 11

accuracy(26) 35.1 85.0 56.4 0.09 0.09
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Table 6. Accuracy comparison by overflow control(OVC) of
intermediate value.
E 6 B @HEES Mo 2o mE
M &z H|W(OVCE OVerflow Control O
N | Ml | s | w2 | u
ovC
accuracy(26) &5.1 85.0 0.09 0.09
interrrlljei?izsiitzee data 16 1 12 1
ovC
accuracy (%) 5.1 5.1 4.5 7.5
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