Spiking Neural Network Processor

Application in Vision Obstacle Avoidance
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Abstract

With the widely use of IoT applications in nowadays technological, artificial intelligence
has become an indispensable part of our daily lives. However, as the complexity of neural
network architectures keeps increasing, the excessive computational demands and power
consumption bring significant challenges. In recent years, with the development of systems
neuroscience, neural network connection maps can be observed at the cell scale, which enables
the realization of spiking neural network(SNN) architectures for biological-like neural
behaviors and has become a best-choice for power consumption consideration. In this project,
we used the 3rd generation neural network - population-based neuromorphic SNN processor,
which uses biological nerve spikes as communication between neurons and reaches a better
overall performance in terms of power and accuracy compared with the traditional deep

learning neural network architecture.

In this project, we implemented(based on the neural group unit) the FlowDep-SNN
processing accelerator designed by cooperated laboratory team. Integer quadratic integrate-
and-fire(I-QIF) is used as the neural architecture, which is the basis for realizing the bionic
spiking behavior. By observing the changes and quantification of membrane potential, its linear
equation is designed for the purpose of reducing computational complexity and required power

consumption without losing most of the characteristics of neurons.

Input signals such as velocity, angular velocity, optical flow will be triggered when
computer vision detects obstacle avoidance targets. Thus, we designed a 5-layers SNN to
construct the connection mechanism of the neural groups and process the input signals to obtain
the final obstacle avoidance decision-making result correctly. On the software side, Pytorch is
used as learning framework to simulate behavior and generate spike patterns for measurements.
On the hardware side, RTL code is used to realize the I-QIF behavior and significantly reduce
the hardware area by the repeated use of neuron hardware. Finally, the hardware architecture
was implemented and export as the PYNQ-Z1 FPGA IP to complete the FlowDep-SNN
processing accelerator for obstacle avoidance, which is featured with its 0.1 msec/per decision

response time, 92% accuracy, low hardware area and low power consumption.



# &

IS

IS R BARE Y o P Bt AR RARE 2 0 L 2R e &

&
#m_/w’* W?%‘f“'*’ }i%‘f“ﬁm fu%w\“fﬁwﬂi:—éﬂozsa "TEFRE 2
22

-

e -@ 51 @‘% T ¢\§4 A = f L% e 4_;1:;1);,;" shg-_'fg ) fg b1
ﬂ?%mim&%ﬁﬁoiﬂiﬁyﬁiﬁﬂg$? SNN # &30 4 4 G Rps o
®FEEL P R LA G B R AR R R YA SRR H
ﬁzgﬁ fl—:‘b %\Iﬂ_‘l‘m%ﬁfg‘%%‘bo

2)
¥
é‘a‘ﬁ’*;‘#mﬁi FAL - 1T # k> NEF X ‘Mé ?“‘ﬁi%‘f VR VEREI M R B GH A
x

BT AP SH L E R T F % & TEI TR P A FlowDep-
SNN # 5 e bt ed® 4vig | o A A ekt b o - 52 2 % 2T % 7(1-QIF) 5 &

AR AFRO 2 FHAAA TERERFET ORI AT A HERME S AR
RN SARAORA AT oWR R E AP NP e B A3 G
AR RSN 0 3 R ME Y A R R TR Rt 4L o

“ﬁ§ﬁ£“ﬁmﬁﬂg R BRAEARE R AE g - n
e ﬁiﬁéﬁ%ﬁméAﬁﬁw. 51 m&ﬁ%»u@ﬂ&%ﬁﬁ%
s

ﬁﬁﬁmuanwe ﬂﬂ“mmitmwﬁ‘%??W@’i%ﬁﬁﬁ@*ﬁﬁi

AR~ g Al f ﬁ?ﬁﬁﬂ PYNQ-Z1 FPGA IP » = = F Jgi# £ 0.1

msec/per decision ~ ¥ [ 2 Fr 592% ~ MAH B & f& ~ M 42 ehgF R FlowDep-SNN # 5 4
B 4e i B o

IR



1. Introduction
1-1. Research Background and Motivation
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1-2. Research Process
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2. Research Methodology
2-1. FlowDep-SNN Layer Architecture
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2-2. System Design
2-2-1. SNN Accelerator Hardware Architecture

ACC_TOP
Main Controller —> chip fin
(FSM & counters) )
state
counter
state spike_re
state pike_reg . -
counter Splke Reglster
512
4 X spike
forward i P i
input N
Address Input x4 l;\leuron Gr%upt 1"
5 Frocessing unit spike_cnt
Unit Processor ———>|  (Neuronx4)
——
15 vy
addr weight parameter
membrane

= SRAM Memory
,::}E.E:z" (SRAM x 5: weight, ext_in, parameter, membrane, spike_cnt)

Fig. 2 SNN 4 (3% 7 4 40 5 e B A2 B 28 1

AT 2AGHEG AN GRRAILBEWE R Fig 3 47 0 A B2
e %@?]» FZATAAELLE R~ A B~ KR E TR A%~ SRAM m@?]/\
MWEL 0 At BL R %@?J:". & FRRATEME €8~ SRAM 7% firfic £ >
AAriE BN PIET A LT A R

1. 2 ¥ #] % (Main Controller)

2. ﬁi%l » 3B RS2 (Input Processor)
3. # 3§ = % (Neuron Group)

4. ¥ k3 8 % (Address Unit)

5. =R (SRAM Memory)



2-2-2. Neuron Group — I-QIF Model
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2-2-3. Main Controller
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2-2-4. Input Processor
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3. Experimental Results
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4. Conclusion
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