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Abstract—With the rise of artificial intelligence, neural net-
work simulations of biological neuron models are being explored
to reduce the footprint of learning and inference in resource-
constrained task scenarios. A mainstream type of such networks
are spiking neural networks (SNNs) based on simplified Integrate
and Fire models for which several hardware accelerators have
emerged. Among them, the “ReckOn” chip was introduced as a
recurrent SNN allowing for both online training and execution
of tasks based on arbitrary sensory modalities, demonstrated
for vision, audition, and navigation. As a fully digital and open-
source chip, we adapted ReckOn to be implemented on a Xilinx
Multiprocessor System on Chip system (MPSoC), facilitating
its deployment in embedded systems and increasing the setup
flexibility. We present an overview of the system, and a Python
framework to use it on a Pynq ZU platform. We validate the
architecture and implementation in the new scenario of robotic
arm control, and show how the simulated accuracy is preserved
with a peak performance of 3.8M events processed per second.

Index Terms—Recurrent SNN, online learning, neuromorphic
engineering, FPGA, MPSoC, Python.

I. INTRODUCTION

Spiking neural networks (SNNs) are a particular variant
of neural networks, which use pulse-based signals to pro-
cess information. Unlike traditional artificial neural networks
(ANNSs), which compute the weighted sum of inputs through
multiply-accumulate operations [1], SNNs rely on accumula-
tion operations triggered by binary spikes [2]. This property
allows for energy efficiency advantages in sparse scenarios [3].
The implementation of SNN accelerators in hardware aims
to exploit this efficiency advantage through highly parallel
architectures. It is a research area that has attracted much
attention in recent years and utilized both analog and digital
design techniques, both synchronous and asynchronous, based
on application-specific integrated circuits (ASICs) [4]-[9] or
field-programmable-gate-arrays (FPGAs) [10], [11].The state
of art has shown that these SNN accelerators have great po-
tential for use in a wide range of applications, such as speech
and gesture recognition, or robot navigation and control [9],
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Fig. 1. Block diagram of the ReckOn accelerator (simplified from [9]).

[12], [13]. These applications require real-time data processing
and high energy efficiency, making SNN accelerators an ideal
solution.

In this paper, we demonstrate an SNN used to perform
online adaptive robotic arm control using an open-source
recurrent SNN (RSNN) accelerator denoted as “ReckOn” [9],
which is implemented in the Verilog hardware description
language. Our contributions are two-fold: (i) we integrate
ReckOn as part of a full system deployed on a Xilinx multipro-
cessor programmable system (MPSoC), the Zynq UltraScale+
(ZU), to seamlessly configure and interact with the hardware
accelerator through an online Python interface running on an
embedded Jupyter server; (ii) using a Pyng-ZU board, we
demonstrate the full system in the real-world task scenario of
adaptive robotic arm control, exploiting the ability of ReckOn
to learn online.

This paper is organized as follows. Section II first describes
the ReckOn accelerator in brief. Section III then explains
the details and additional circuits needed for the system
integration. Finally, Section IV presents the results, after which
we summarize the main outcomes.

II. THE RSNN ACCELERATOR RECKON

The ability to learn short- and long-term temporal dependen-
cies in embedded hardware is one of the key missing elements
needed to improve the robustness of autonomous devices in
the real-world, guarantee user privacy, and reduce reliance on
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Fig. 2. Left: Block diagram of ReckOn on the Pyng-ZU board. Dark blue b

locks are implemented in the PL to support ReckON, while light blue blocks

correspond to the PS and IPs from Xilinx library for connectivity. Right: RSNN used in the experiments.

the cloud [9]. To address this challenge, ReckOn proposes an
RSNN processor that enables supervised learning over sec-
onds while keeping a millisecond-range temporal resolution.
As the vanilla backpropagation-through-time (BPTT) training
algorithm requires backpropagating error information through
the network dynamics, its memory requirements do not fit
resource-constrained autonomous devices for learning over
long timescales. To solve this challenge, Bellec et al. proposed
the eligibility propagation (e-prop) algorithm [14], which is a
forward-mode learning algorithm based on eligibility traces
(ETs) that provides a bio-plausible alternative that approxi-
mates BPTT. ReckOn implements a modified version of e-prop
that is fully local in both space and time, thereby drastically
reducing memory requirements by only scaling with the num-
ber of neurons, instead of the number of synapses [9].

Figure 1 shows a simplified diagram of the ReckOn ac-
celerator architecture. The RSNN architecture is based on
a layer of 256 recurrently connected leaky integrate-and-fire
(LIF) neurons, to which 256 input neurons and from which 16
output readout neurons are fully connected. The corresponding
recurrent, input, and output weight matrices (Wyec, Winp,
Wout), containing 8-bit weights, as well as the neuron state
(NeuronSRAM) are stored in on-chip SRAM.

Typically, temporal multiplexing and asynchronous com-
munication techniques are used to transmit the spikes from
source neurons to destination ones from one chip to another.
The most common one is the Address-Event-Representation
(AER) [15]. ReckOn has a spiking AER input bus to al-
low interfacing with arbitrary neuromorphic sensors, such as
the retina [16] and cochlea [17], and an serial-peripheral-
interconnect (SPI) bus for initial configuration and debugging.
The optional Time_tick signal allows synchronizing the in-
ternal neural processing steps with an external timer, which
indicates the temporal resolution of the input data. The module
(Weight_update) carries out updates based on the modified
e-prop algorithm. ReckOn also exploits sparsity on input data
and weight updates to reduce the energy footprint. Prototyped
in a 28-nm CMOS node, ReckOn was demonstrated for real-
time task-agnostic learning of gesture recognition, keyword
spotting, and navigation tasks within power budgets not ex-

ceeding 50 uW [9]. Implemented in the Verilog hardware
description language, it is available in open source [18].

III. MPSOC IMPLEMENTATION

We deployed ReckOn on a Xilinx MPSoC, model Zynq
Ultrascale+ XCZUSEG, for the Pyng-ZU board [19]. This
chip from Xilinx consists of an embedded processing system
(PS) based on four 64-bit ARM Cortex AS53 processors,
two ARM Cortex R5F real-time processors, an ARM MALI
400MP GPU-type graphics processor, along with an FPGA
(programmable logic, PL) on which to deploy the desired cir-
cuitry and communicate with the PS. PS and PL are connected
through the Advanced-eXtensible-Interconnect (AXI) bus with
direct-memory-access (DMA) support. Based on a Petalinux
operating system, we deploy a Jupyter Notebook server in
the PS, which allows driving the FPGA using Python through
Pynq libraries. We use it to program the PL, to preprocess
data to streamline the PS-PL communication, and to collect
and analyze the output from ReckOn. The Xilinx Vivado
tool, version 2021.2, has been used for development. The
Jupyter Notebook server running on the Pyng-ZU board can
be operated from a computer, through USB connection and
also allows uploading to the PL the bitstream files generated
from Vivado.

Fig. 2 (left panel) shows the integration of ReckOn in
the Xilinx MPSoc system, resulting from five key design
decisions, as follows.

e ReckOn’s input AER interface can be chosen to come
either (i) from an actual AER sensor interfaced with
the board, or (ii) from the PS through an AXI-DMA-
interfaced FIFO storing tuples of Address-Events and
Timestamps (AE,TS) of samples in a given dataset. This
mux-selectable scheme improves flexibility, facilitates
debugging and testing of the accelerator, and is easier
to deploy with offline datasets.

To ensure precise timing control within a sample,
we use two concatenated finite state machines (FSM)
(Time_tick & AER FSM block), deployed on FPGA,
instead of using an AXI-GPIO interface, for PS deploy-
ment, whose latency would lead to timing distortion. One
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Fig. 3. ReckOn test flow diagram

FSM keeps reading the FIFO containing the events of a
dataset sample, while the second controls the sending of
these events to ReckOn while ensuring correct timing.
More specifically, these FSMs are driven by the PS based
on the dataset requirements and take care of the start and
end of each sample, of the Req/Ack handshake for each
event in a given sample, of providing ticks defining the
time reference, of enabling the weight update module
for learning with training samples (disabling learning
for inference with test samples), and of reading back
Reckon’s output to provide it to the PS.

o The output of ReckOn, provided at each timestep (re-
gression) or at the end of a sample (classification), also
follows an AER format. It can either be sent to the
PS through an AXI-GPIO interface, or forwarded to the
outside world via the Pyng-ZU board.

o ReckOn requires a configuration interface based on the
SPI bus to configure the network, the network weights,
and the different configuration parameters available. It
is interfaced via a Xilinx AXI-quad-SPI interface that is
being used in basic SPI mode.

o As ReckOn is implemented in the PL, the SRAM mem-
ories of the original design have been swapped for block
RAM (BRAM) resources available inside the FPGA.

IV. EXPERIMENTAL RESULTS

We deploy the MPSoC-based ReckOn system following the
flow diagram shown in Fig. 3. A first configuration phase
uses the SPI to initialize the RSNN parameters and state,
the configuration registers, and the weight memories with
random values. Then, the actual training phase takes place
and unfolds over a given number of epochs (default: 100).
The FSM first triggers the SAM PLE signal to ReckOn to
indicate the start of a new sample, which itself contains a
sequence of events described as (AE,TS) tuples (Section III),
where AE will be written in the address field of the input AER

bus, and TS will determine the waiting time, in ticks, until the
event is processed. Two special AEs: (i) —2 is used to indicate
the classification label (per sample) or regression value (per
timestep), which is used as a target during training and as
a ground truth during inference to determine the obtained
accuracy, and (ii) —1 is used to indicate the end of a sample.
Once the end of the sample is reached, the SAMPLE signal
is deasserted and the output of ReckOn is retrieved.

The first experiment, implemented for validation, replicates
the testbench from [18] for the delayed cue accumulation
scenario (also known as T maze) of a mobile robot avoiding
obstacles as in [9], preserving the accuracies of 100% on the
training set and 98% on the test set. To further demonstrate
our MPSoC-based ReckOn system, we deploy it in an adaptive
robotic arm control use case, where the goal is to determine if
there is a weight attached to a robotic arm gripper while it is
executing a lemniscate trajectory [20]. The robotic arm gripper
is the ED-Scorbot [21], which has four degrees of freedom
(DoF). Its motor controllers are spike-based PIDs (SPID)
implemented on a Zynq-7100 FPGA, which can receive target
joint angles (as spike frequency references) every 100ms to
execute any trajectory within its working area. Figure 4 (left
panel) shows a block diagram of the scenario. Each SPID (split
into ID + P blocks) receives a spiking signal representing the
error between the input spiking target angle and the current
angle of the joint, also as a spiking signal. The spiking output
of each SPID is used to drive the corresponding joint’s motor.
Each of these spiking signals has polarity. These spiking
activities have been recorded while the robot was executing
18 different lemniscate-shape trajectories [20]. Each trajectory
was repeated with and without a 1-kg weight attached to the
gripper. While maintaining the direction changes of the joints,
the recorded spiking activity has been filtered and shrunk to a
duration of 2250 ms, corresponding to the sample duration to
be learned and classified by ReckOn. We have split the dataset
into 50% of the samples for training and the rest for testing.

We used a 24-200-2 network topology on ReckOn, as per
Fig. 2 (right panel), with 200 recurrent neurons, 24 input
neurons, corresponding to the 6 spiking activity sources from
the 4 SPIDs of the dataset, and two output neurons denoting
the two possible decisions, i.e. no weight attached to the
gripper or 1-kg. In order to determine the best hyperparam-
eters for the time constants, firing thresholds, and learning
parameters of this RSNN, we have used the Weights &
Biases tool [22] to automate the hyperparameter search while
ReckOn is running online in the MPSoC. Figure 4 (right panel)
shows the test accuracy evolution for 500 executions with
different hyperparameters with 100 epochs/execution. The best
hyperparameters lead to an accuracy of 88.9% for the train
set and of 83.3% on the test set for 100 epochs (Figure 5).
The measured peak rate of input events processed via the AER
input bus of ReckOn amounts to 3.8M events per second, with
an average of 18k events per second from Python experiments.

The resource utilization in the PL amounts to 36% of
the available LUTs (30% for ReckOn), 47% of the BRAM
resources (30% for ReckOn), and 12% of DSP blocks.
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Fig. 4. Left: ED-Scorbot SPID controllers and spiking activity recording scenario for the collected dataset. Right: W&B Accuracy results on tests vs
hyperparameter search date-time (dots’ colors were randomly assigned by Weight & Bias tool).
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V. CONCLUSIONS

In this work, the spiking neural network accelerator
ReckOn, an open-source digital RSNN that embeds online
learning on temporal tasks, has been deployed on a Xilinx
MPSoC platform that is part of a Pyng-ZU board. The different
techniques and circuits used for this implementation and their
control from a Jupyter Notebook are presented. We deployed
it for an adaptive robotic arm control use case, where the
objective is to detect the weight on a robotic arm gripper,
demonstrating the ability of the proposed system to learn
complex temporal dependencies in the real world. The required
resource utilization in the PL amounts to about 30%. These are
promising results for a system that is able to carry out training
and inference for an RSNN without any reliance on cloud
systems. This MPSoC system therefore directly contributes to
low-power, low-latency neuromorphic Edge-Al applications.
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