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Abstract—In this paper, the design and implementation of
an asynchronously-triggered spiking neuron tailored for FPGA
implementations is presented. The asynchronous triggering mech-
anism is designed to effectively preserve the spatial-temporal
information captured by event-based vision sensors. Neurons of
the target network model are implemented using the configurable
logic blocks of an FPGA spatially and communicate through an
asynchronous handshaking protocol. Without using a global clock
to synchronize operations of the neurons, energy consumption
and inference latency are minimized. The proposed design is
composable and scalable for applications with different spiking
neural network (SNN) configurations. Experimental results show
that the proposed design is able to achieve 95.76% accuracy on
the N-MNIST dataset while consuming less than 1 mW dynamic
power on an Xilinx ZCU102 board.

Index Terms—Spiking neural network, asynchronous circuit,
FPGA, dynamic vision sensor, neuromorphic computing

I. INTRODUCTION

Event-based vision sensors are bio-inspired devices that
report light intensity changes local to each individual pixel
as spiking events [1]. It is in contrast to conventional frame-
based sensors that report the light intensity values across the
entire sensing array as dense matrix frames at regular intervals.
Consequently, the outputs of an event sensor are sparse and are
produced asynchronously with spatio-temporal information of
the lighting event encoded in the spikes.

To perform vision tasks with the sparse and asynchronous
output from event sensors, previous works have predominantly
relied on first aggregating the events into various kinds of
2D representations, which were subsequently processed using
vision algorithms similar to those originally developed for
frame-based input [2]-[5]. Although these pseudo-frame-based
algorithms have demonstrated promising results, the high-
resolution timing information of the spikes is often lost during
the process. Moreover, the complexity of these conventional
algorithms has made them less attractive for edge applications.

In this paper, an asynchronously triggered spiking neuron
tailored for FPGA implementation is proposed. With that,
spiking neural networks (SNNs) can be constructed spatially
on FPGAs while the proposed neuron communicates by
producing asynchronous spiking events. This asynchronous
communication paradigm not only helps to preserve the high-
resolution timing information of the spikes from the event
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sensor, but it also allows energy-efficient and low latency infer-
ence to be performed on-chip. The end-to-end performance of
SNN implemented on a Xilinx ZCU102 board was measured
using multiple event vision datasets. The results show that the
proposed SNN is able to operate with dynamic power well
below 1 mW on-chip while resulting in up to 95.76 % accuracy
on the N-MNIST dataset.

II. HARDWARE ARCHITECTURE

Figure 1 shows the schematic and the timing diagram of
the proposed asynchronous neuron. In the proposed design,
state transition is triggered by the rising or falling edge of
input signals. The event trigger, denoted by a register symbol
with "T’, is used to emit a short pulse at the falling edge of
event_in if is_event is asserted. The delay units in the
event trigger are implemented by cascading LUTs on FPGA.

A single-wire signal called spike is used to control the
asynchronous flow of spikes across neurons. The rising edge
of any of the spike signal from the n input neurons marks
the beginning of the computation phase and is_active is
raised to high. During this phase, the activation register will
be set at the rising edge of each spike. Then the membrane
potential of this synapse accumulates the weight of each of the
connected inputs. At the same time, the membrane potential
of the synapse decays exponentially over time according to
a predefined rate. At the end of the computation phase, i.e.
when the is_active returns to zero, the synapse fires if its
membrane potential exceeds a threshold. The potential of the
synapse is reset to zero after firing. At the circuit level, the
firing of the event translates into asserting the spike_out
signal in the neuron.

The inputs and output of the asynchronous neuron only
carry spikes. Therefore, we can leverage the reconfigurability
of FPGA to implement different network architectures by
connecting the synapses together.

ITII. EXPERIMENT RESULT & EVALUATION

We have implemented various network architectures for
different classification tasks on the Xilinx ZCU102 evaluation
board. The network weights were trained using the STBP
algorithm. We used three DVS datasets for evaluation: N-
MNIST, Poker-DVS, and DVSGesture. During training, we
only used events within the first 50,000 timestamps and used
event frame transformation to aggregate events over 1,000
timestamps. When testing on hardware, we set the firing rate to
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for better emulation. Therefore, the classification latency is 50
ms (calculated as 50,000 / 1 MHz). For power measurement,
we used the PL-side INA226 power monitor on the ZCU102
board.

We compared our work with several existing works on

FPGA, and the comparison results are shown in Table I. Since

we have implemented different network architectures, there are
some variations in resource and power consumption. The LUT
and FF consumption increases linearly with the growth of the
weight precision and number of the input synapses as shown
in Figure 2. Due to the asynchronous method we adopted, the

circuit activities are reduced to the minimum. Results show

our design has good flexibility for different tasks with minimal

power consumption.

Fig. 2. LUT and FF consumption of a single neuron vs. weight precision and
number of the input synapses
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Fig. 1. The circuit and timing diagram of a 2-input asynchronous neuron
TABLE I
COMPARISON WITH PREVIOUS WORK ON FPGA
Minituar[6] Skydiver[7] [8] [9] This work
Platform Spartan-6 LX150 XC77045 XC7VX690T XC7Z045 ZCUu102
Type of tasks frame-based frame-based frame-based both event-based
Accuracy 92% @ MNIST 98.5% @ MNIST 98% @ MNIST 82.32% @ N-MNIST 95.76% @ N-MNIST
Frequency 75 MHz 200 MHz - 250 MHz -
LUT - 45,986 - 10,052 39,709~165,071
FF - 20,544 - 8,505 6,499~33,076
Resource
BRAM 200 262 - 131 0
DSP 64 0 - 32 0
Static L1W - 036 W - 0.33~0.37 W
Power Dynamic 04 W - 0.34 W - < 1mW
Total 1.5W 0.96 W 0.70 W 0.94 W 0.33~0.37 W
1 MHz, which is the same as the one of the real DVS camera REFERENCES
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