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Abstract

Spiking Neural Networks (SNNs) are characterized by their use of bio-inspired neurons,
replacing the nonlinear layers in traditional neural networks. This feature simplifies hardware
implementation compared to traditional nonlinear equations and provides superior energy
efficiency. This project implements an existing SNN as hardware, targeting its application in
a hardware accelerator for visual obstacle avoidance in autonomous vehicles. The neural
network comprises five layers, each consisting of multiple integrate-and-fire (I-IQIF) neurons
that simulate basic neuronal behavior through linear equations. Membrane potentials and
other parameters are quantized to reduce computation overhead while preserving essential
characteristics. Connections within the neural network include fully connected layers and
residual connections. Visual input signals, such as speed, angular velocity, and optical flow,

are processed to predict and generate spike patterns as outputs.

The network was pre-trained in Python to obtain parameters like synaptic weights,
which were subsequently implemented in hardware using Verilog and validated through
software simulations. To manage the five-layer structure with varying neuron counts, neurons
within each layer were grouped. During inference, a pipeline approach was employed, with
computation units and SRAM channels serving one neuron group at a time. This reduced idle
time and maximized time efficiency. Read-write conflicts were avoided using ping-pong
SRAM operations. Additionally, during each FC layer inference cycle, weight pruning was
applied in advance to adapt to the current conditions, reducing power consumption and
processing time. This approach enabled the concurrent invocation of multiple circuits and
extensive reuse of circuits over time intervals, significantly reducing the hardware area.
Ultimately, the implemented hardware supports real-time offline inference, successfully

serving as an accelerator for obstacle avoidance.
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1. Introduction

1-1background of SNN
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1-2motivation of the accelerator
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2. Research Methodology

2-1 data preprocessing
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2-3 output pattern
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Figure 1: The Schema of the SNN



2-4 Design overview
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2-5 data flow of computation

2-5.1 memory access
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Figure 3: pipeline stage explanation
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Figure 5: neuron and synapse of depth layer
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2-5.3 pruning and simplifying of depth layer
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2-5.4 confliction of memory read/write
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Figure 6: ping-pong SRAM(red for SRAMI; blue for SRAM?2)
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Figure 7: the location of neurons of ping-pong SRAM



2-5.5 worse case analyze
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2-6 design detail

2-6.1 weight processing unit
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Figure 9: input and output of WPU(ALU)

2-6.2 neuron processing unit
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IQIF Array
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Figure 11: input and output of NPU(IQIF Array)

2-6.3 overall design of first part
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Figure 12: schematic of dataflow
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3. Experimental Result

3-1 output verification
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3-2 cycles optimization
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3-3 performance on Cadence GPDK 45 nm

A ds-% 2 e RTL 2 cadence (& & 1 £ » 12 slow, vdd1v2, GPDK 45 nm 7
BAREFTE S o E RS A ‘%'J * FERE ~ Figure.12 ¥ & 57 ¢ module pipeline.1 4v
module depth i& {734 » EF S F 40T

Area (um?) Timing (ns)
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module pipeline.1 37,346 4
module depth 103.251 22

Table.1 synthesis result of area and timing
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Amont of cycle Time per prediction(ms)
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Table.2 Result of inference time per prediction(100 timesteps)

4. Conclusion
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5.Review and reflections
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