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Abstract

With the spread of the Internet of Things (loT), the func-
tions required of loT devices are becoming increasingly
sophisticated. In particular, expectations are rising for the
social implementation of solutions using machine learning
algorithms. For those reasons incorporating Deep Learning
(DL) inference functions into loT imaging devices such as
smart cameras are urgent need.

In order to implement a hardware accelerator dedicated to
DL inference on an loT imaging device equipped with a Field
Programmable Gate Array (FPGA), the authors have jointly
developed “NNgen”" 2, a high-level synthesis compiler that
generates a circuit from a trained DL model.

In comparison with directly writing a hardware description
language (HDL), NNgen shortens the development period
from several months or more than half a year to several days.

While keeping up with ever evolving DL algorithms, engi-
neers can implement DL accelerators on loT imaging devices
equipped with FPGA, without deep knowledge of hardware.
Furthermore, for speedy technological progress, NNgen has
been released as Open Source Software (OSS) and is cur-
rently under development by the community. In the future,
we expect that users all over the world will propose ideas
and implementations for function improvement.

In this article, we first explain the general flow to generate
DL inference circuit. Then we introduce the NNgen internal
architecture and mechanism, and the tool NNXT for non-
hardware engineers to use NNgen.
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Fig. 1 Development flow comparison with vender HLS (High Level Synthesis).

By using NNgen, the development period can be greatly shortened compared to development using a C/C++ high-level synthesis compiler.
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We have developed the tool “NNXT” to automate each of these
processes in order to shorten the Turn Around Time (TAT) for busi-
ness applications.
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Fig. 3 NNgen overview.
Since NNgen can output the generated HDL as an IP-XACT format
IP package, it can be easily incorporated into the system by utiliz-
ing the interconnect automatic wiring function and automatic
address mapping function that are installed as standard in recent
FPGA development tools.
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Fig. 4 Parallel computing model.
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The 3x3 convolutional layer parallel computing model. The configuration of the stream calculator and RAM changes depending on the designa-
tion of the degree of parallelism. In the figure, the increment in the circuit when the degree of parallelism is changed is shown in red.
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List 1 Pseudocode representing convolution calculator for parallel compute.

Q conv2d(intx X, int* K, intx Y){
1 /* The following loops consume each clock cycles */
2 for(int 0=0; o < och/par_och; o=o+par_och)
3 for(int h=0; h < height/par_row; h=h+par_row)
4 for(int w=0; w < width/par_col; w=w+par_col)
5 for(int i=0; i < ich/par_ich; i=i+par_ich)
6 /* The following loops are unrooled
and consume just one cycle =/
7 for(int po=0; po<par_och; po++)
8 for(int ph=0; ph<par_row; ph++)
9 for(int pw=0; pw<par_col; pw++)
10 for(int pi=0; pi<par_ich; pit++)
11 for(int kh=0; kh<khsize;kh++) for(int kw=0; kw<kwsize;kw++
12 Y[height*width*(o + po) + widthx(h + ph) + (w + pw)]
13 += X[widht* (h+phtkh)+ichx (w+pw+kw)+(i+pi)]
14 * K[ (otpo)*khsizexkwsize + khxkwsize + kw] }
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List 2 Sample code to generate a DL accelerator for a shallow convolu-
tional network.
Itis possible to generate HDL for DL accelerator with code only up
to the 22nd line. However, as NNgen accelerates each defined
layer, it is possible to specify an option to create a circuit performs
parallel calculation via the attribute member function.

1 import nngen as ng
2
3 # CNN definition
4 input_layer = ng.placeholder(ng.int8,
5 shape=[1, 224, 224, 31)
6 convl_filter = ng.variable(ng.int8, shape=[64, 3, 3, 31)
7 convl_bias = ng.variable(ng.int32, shape=[641])
8 convl_layer = ng.conv2d(
9 input_layer, convl_filter, strides=[1, 1, 1, 11,
10 bias=convl1_bias, act_func=ng.relu,
1|
12 pooll_layer = ng.max_pool(
13 convl_layer, ksize=[1, 2, 2, 1], strides=[1, 2, 2, 1])
14
15 conv2_filter = ng.variable(ng.int8, shape=[64, 3, 3, 64])
16 conv2_bias = ng.variable(ng.int32, shape=[64])
17 conv2_layer = ng.conv2d(
18 pooll_layer, conv2_filter, strides=[1, 1, 1, 11,
19 bias=conv2_bias, act_func=ng.relu,
20 | )
21 pool2_layer = ng.max_pool(
22 conv2_layer, ksize=[1, 2, 2, 1], strides=[1, 2, 2, 1)

23 # Attribute (Parallelism)

24 convl_layer.attribute(par_ich=2, par_och=2)
25 pooll_layer.attribute(par=2)

26 conv2_layer.attribute(par_ich=2, par_och=2)
27 pool2_layer.attribute(par=2)

28
29 # Attribute (RAM size)
30 convl_layer.attribute(

31 input_ram_size =1024,
32 filter_ram_size=1024,
33 bias_ram_size =1024,
34 scale_ram_size =1024,
35 out_ram_size =2048,
36 )

37 conv2_layer.attribute(
38 input_ram_size =1024,
39 filter_ram_size=1024,
40 bias_ram_size =1024,
41 scale_ram_size =1024,
42 out_ram_size  =2048,
43 )

44 m = ng.to_ipxact([pool2_layer,],

45 "accelerator_ip")
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Table 1 Evaluation conditions.
Logic synthesis conditions and settings for NNgen degree of
parallelism.

Xilinx Vivado 2018.3
Avnet Ultra96v2 (Xilinx ZU3EG)

Synthesis tool
Target FPGA

Frequency 300 MHz
AXI4 bus width 64 bit
Data type 8 bit

Parallelization 288 (3x3 conv2d, par ich=8, par och=4)

Table 2 Inference performance evaluation.
Accuracy and speed performance of the yolov3 tiny algorithm
after quantization. When operating on an ARM Cortex A53 4-core
1.2 GHz, it operates at about 0.3 fps (before quantization), while
it achieves an operating speed of 18 fps (after quantization) on

the FPGA.

DL model yolov3 tiny
mAP-50 20.2
mAP-75 8.8

Inference speed 18 fps

Table 3 Resource usage.

Total LUT 54783
Total FF 102650
RAMB18 122
RAMB36 16
DSP48 320
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User application

libnnxt Inference API

DL accelerator emulator

Linux DL accelerator driver

Zynq UltraScalet+ MPSoC
FPGA

DL accelerator

Fig. 5 Software stack for using DL accelerator.
As the library has a mode that emulates the calculation of the
DL accelerator on the CPU, development is possible without an
actual FPGA.
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