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Design and Implementation of Accelerator Architecture for
Binary Weight Network on FPGA with Limited Resources
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Abstract

In this paper, we propose a method to accelerate BWN based on FPGA with limited resources for embedded system.
Because of the limited number of logic elements available, a single computing unit capable of handling Conv-layer,
FC-layer of various sizes must be designed and reused. Also, if the input feature map can not be parallel processed at
one time, the output must be calculated by reading the inputs several times. Since the number of available BRAM
modules is limited, the number of data bits in the BWN accelerator must be minimized. The image classification
processing time of the BWN accelerator is superior when compared with a embedded CPU and is faster than a desktop
PC and 50% slower than a GPU system. Since the BWN accelerator uses a slow clock of 50MHz, it can be seen that
the BWN accelerator is advantageous in performance versus power.
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Table 1. ConvNet for BWN implementation on FPGA.
# 1. FPGAoAM el BWN 732 ¢S ConvNet
Layer D W, W, .. N input weight
Convl 3 32 32 128 3K 384x9
Conv2 128 32 32 128 | 128K | 16Kx9
Pool2 128 32 16 128 - -
Conv3 128 16 16 256 64K 32Kx9
Conv4 256 16 16 256 64K 64Kx9
Pool4 256 16 8 256 - -
Conv5 256 8 8 512 16K | 128Kx9
Conv6 512 8 8 512 32K 256K %9
Pool 512 8 4 512 - -
FCl 8192 1 1 1024 | 8K 8M
FC2 1024 1 1 1024 1K M
FC3 1024 1 1 10 1K 10K
2 AFoA = oAl W BWNQI ConvNetol
A LT ANt e R Aelste 77
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Table 2. Resource Amount vs. Parallism Degree

¥ 2 HEYH FT0f wE At ALEE

Parallel ALM register BRAM

Degree total=32,070 total=128 300 | total=3970(Kbits)
8 3,987(12%) 7,342(6%) 1,388(35%)
16 5,681(18%) 11,040(9%) 1,460(37%)
32 8,954(28%) 18,283(14%) 1,604(40%)
64 15,726(49%) 32,912(26%) 2,150(54%)
128 28,095(88%) 61,874(48%) 3,236(82%)
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System | ARM | CPU eu | BN
Feature 7.0 3 7.03. 1152 128
optimize | optimize | CUDA core parallel
Clock 800MHz | 3.4GHz 980MHz 50MHz
Conv(sec) 4.8699 0.2314 - 0.0152
FC(sec) 0.1327 0.0307 - 0.0083
Total(sec) 5.0027 0.2621 0.0110 0.0235
Speedup 1.0x 19.1x 454.8x 212.9x
acc 85.7 85.7 8.7 85.1
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Table 4. Execution Time of BWN accelerator for parallelism
degree (sec).
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128 0.0152 0.0083 0.0235
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