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Abstract

Mixed-signal neuromorphic processors emulate the electrochemical dynamics of neurons
and synapses using conventional analog CMOS-transistor technology and have potential
for ultra-low-power machine learning and inference. However, the energy-efficiency of
such systems is dependent on sparse, time-based information encoding and processing,
and they are, furthermore, subject to imprecision from “device mismatch” in the analog
circuitry. Hence, there is a need for methods for neuromorphic computing based on prin-
ciples of dynamic neural processing for efficient use and programming of these low-power
but inhomogeneous systems.

In this thesis, inspiration is drawn from a temporal feature-detection circuit in crickets
for the design of a disynaptic delay element—based on excitatory–inhibitory balance—
which induces neuronal excitation-delays for resource-efficient coincidence-based pattern
recognition. Due to the inhomogeneous dynamics, such disynaptic elements generate a
distribution of temporal delays when implemented in mixed-signal hardware, both be-
tween and within single neurons. Here, this is utilized as a source of the variability
needed for spatiotemporal information representation for processing and learning—as a
resource-efficient alternative to dedicated axonal or neuronal delays or emulation of den-
dritic dynamics.

In experiments with a DYNAP-SE neuromorphic processor, connected in a closed loop
with a PC and a digital oscilloscope, disynaptic delays of up to 100 ms were charac-
terized, with an intraneuronal variability of order 10 ms. Using the disynaptic delays,
spatiotemporal receptive fields with up to five dimensions per hardware neuron were in-
vestigated in a Spatiotemporal Correlator (STC) type neural network, as well as in some
simple networks inspired by the auditory system of crickets. The energy dissipation of
the balanced synaptic elements is one order of magnitude lower per lateral connection
(0.65 nJ vs 9.6 nJ per spike) than the original hardware implementation of the STC.

Thus, it is shown how the inhomogeneous synaptic circuits could be utilized for resource-
efficient implementation of STC-type network layers, in a way that enables synapse-
address reprogramming as a discrete mechanism for feature tuning. The presented ap-
proach may serve as a complement to more accurate but resource-intensive delay-based
coincidence detection or dendritic integration, offering a digital network-state represen-
tation and adaptation concept that can fully benefit from the inhomogeneous analog
neurosynaptic dynamics in the forward pass.
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Chapter 1

Introduction

1.1 Background

By the year 2023, it is estimated that the number of devices connected to the Internet will
be more than three times that of the global human population, and about half of these will
be machine-to-machine connections [1]. This trend of increasingly pervasive information
and communications technology (ICT), with the growing Internet of things (IoT), is,
however, restricted by the energy cost and latency that is imposed by communicating
information—especially when done wirelessly—for centralized processing in data centers.
Furthermore, such communication and processing can expose sensitive data to potentially
insecure networks and undesired storage, and may therefore not be commensurate with
privacy requirements. These limitations to centralized processing drive the development
of edge computing [2], in which information processing is moved closer, or even to the
sensors by which the data is generated—calling for more power-efficient computational
technology, not least for applications of artificial intelligence (AI) [3, 4], such as learning
and inference.

There are many potential applications for edge AI, as the need for automation in a
variety of current engineering problems is increasing. Systems such as the IoT, 5th gen-
eration telecommunication networks (5G), increasingly digitalized factories, and large
automation systems in cities are rapidly growing in size and complexity, such that their
operation and maintenance is exceeding the capacity of manual attention by engineers.
Hence, these developments pose an increasing demand for widespread monitoring and
continuous optimization by technological means, why efficient machines capable of au-
tonomous learning and inference are increasingly needed.

One application area of edge AI is in resource-constrained wireless sensor systems—
such as for monitoring of industrial processes, urban environments, roads, or wildlife.
For industrial monitoring, previous research at LTU has shown that machine learning
methods can outperform conventional approaches to, for instance, fault detection in
wind-turbine components by vibration-data analysis [5]. However, the application of such

5
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methods using conventional digital computers requires more energy, by several orders of
magnitude, than what is available to the “IoT nodes” at the network edge—which may be
sub-mW or even sub-µW [6]. For instance, the energy available by harvesting technologies
to wireless sensors in rotating environments is in the order of 1 mW [7,8]. Hence, edge-AI
applications are greatly constrained by the available energy as well as size constraints—
why a significant increase in the energy efficiency of computational technology is required
for the implementation of edge AI applications, such as wireless sensor systems.

The processing requirements of edge AI, with its strict power and size constraints, may
not necessarily be met solely by further scaling of complementary metal–oxide–semiconductor
(CMOS) transistor technology [9], due to limitations to such scaling [10]—the possible
“end of Moore’s law”—as well as limitations to the conventional von Neumann computer
architecture [11,12]—the “von Neumann memory bottleneck”. Rather, more fundamen-
tal changes to technology for memory and processing may be needed. One source for such
changes is the exploration of alternative, unconventional computational paradigms [13],
by which a larger range of physical phenomena may be utilized than in the case of digi-
tal computation—such as electron diffusion-currents, or optical, magnetic/spintronic, or
even micromechanical effects. In this context, conventional digital computation is rather
narrowly limited to usage of the bistability of electronic circuits. One well-known exam-
ple of an alternative computational paradigm is that of quantum computing, which relies
on the physical phenomenon of indeterminacy of quantum states—while it is, however,
focused on a specific subset of tasks for classical digital computation. Another example—
with potential for more general applicability—is “brain-like” neuromorphic computing,
which is the topic of this thesis, and which is described in Section 1.3.

1.2 Neural Networks—Natural and Artificial

The recent successes within AI are especially driven by the field of deep learning [14,15]—
a subfield of machine learning, in which deeply layered artificial neural networks (ANNs),
see Figure 1.1a, are used for the creation of functionally powerful representations of
information from raw data, rather than using explicit programming. Through deep
learning, advances in algorithms, computational power, and big data has enabled break-
throughs in the computational processing of images, video, audio, speech, and text.
Despite this progress, however, digital computers are still outperformed by the brains
and nervous systems found in nature in a wide range of tasks related to perception,
interaction, and learning in complex, changing environments—especially with regard to
energy-and-resource efficiency. For instance, a honey bee foraging for nectar exhibits
substantial intelligence in performing tasks such as real-time navigation and complex
pattern recognition in changing environments [16]—all done with a brain that consists
of 106 neurons [17] fueled with about 10 µW, while, in comparison, the human brain
consists of 1011 neurons [18] and uses about 20 W.

The way in which intelligent behavior arises in nature, and does so at such low cost,
is not yet fully understood. However, substantial progress has been made within neuro-
science towards describing the constituent parts, connective structures, and information
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Figure 1.1: Natural vs. artificial neural systems. (a) A simple, multilayered feed-forward
artificial neural network (ANN). Each circle represents an artificial neuron, and each arrow a
weighted one-way neuronal connection. (b) Illustration of a biological neuron. ANNs evolve
through sequences of static, spatial representations, while, in biology, neurons are inherently
dynamic units that integrate spatiotemporal spike-patterns.

processes that make up the brain—all of which differ substantially from current compu-
tational technology. In the brain, information processing is distributed across hundreds
of thousands to billions of elementary units—the neurons or “nerve cells”, see Fig-
ure 1.1b. Each neuron is, on average, connected to thousands of others, and receives
neural signals—action potentials, also known as “nerve impulses” or voltage “spikes”—
through specialized, changeable connective junctions called synapses. The signals are
collected and transformed through tree-like extensions of the neurons called dendrites
and integrated in the neuronal cell body—the soma. The resulting output is then pro-
jected to other neurons via the nerve fiber—the axon—of the neuron. Furthermore,
mechanisms of synaptic plasticity allow the brain to learn during fractions of a second,
as well as to retain memories for a lifetime. In this manner, both information processing
in the brain—through spatiotemporal transformations and integration at the dendritic,
synaptic, somatic, and axonal levels—as well as memory—through the adaptive synaptic
connections—are distributed and colocalized in a massively parallel manner.

In technology, artificial neural networks (ANNs) are computational systems inspired
by the networks of neurons that constitute the brains and nervous systems of animals.
An ANN consists of a collection of connected artificial neurons—often called “nodes”
or “units”, see Figure 1.1a—which loosely resemble biological neurons. The neurons
transmit signals, in the form of single real numbers—representative of firing-rates in
real neurons—to each other through their connections. The output of each neuron is
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computed by summation of its inputs followed by the application of some nonlinear “ac-
tivation function”. The neuronal connections have strengths—“weights”—the deliberate
changes of which form the basis of the learning that is performed by an ANN.

1.2.1 Synaptic Plasticity and Learning

In models of neural networks, the strength of the connection from a neuron j to another
neuron i is characterized by a single parameter wij called the synaptic weight, synaptic
strength, or synaptic efficacy. If the synaptic strength was constant, it would be ex-
pected that the amplitude of the postsynaptic neuronal response upon receiving action
potentials from the presynaptic neuron would also be constant. However, electrophysi-
ological experiments show that the neuronal response amplitudes are not constant but
can change over time. The class of phenomena pertaining to synapses changing their
strengths is referred to as synaptic plasticity. While, historically, neuroscience has fo-
cused extensively on plasticity between excitatory neurons, inhibitory synapse plasticity
has recently received more attention and appears to be important for the organization
of neural circuits [19].

Changes in a postsynaptic response can last for hours or days, depending on the causal
stimulation. Such persistent changes to the synaptic efficacy are referred to as long-term
potentiation and long-term depression, for increases and decreases, respectively. Long-
term synaptic plasticity is a different mechanism than short-term synaptic plasticity,
which is limited to timescales between hundreds of milliseconds and single seconds. The
persistent changes caused by long-term plasticity is thought to be the neural mechanism
that underlies learning and memory formation in the brain.

In technological neural networks, the weight wij of the connection from neuron j to
i is considered a parameter subject to change for the optimization of a network for a
given task. In this context, what is referred to as learning is primarily the process of
adapting the weight parameters, and the procedure by which this is done is called a
learning rule. Learning is, here, meant in a broad sense—including synaptic changes
during the development of the brain or neural network, as well as specific changes made
for memorizing a specific stimulus pattern or motor task. In machine learning, supervised
learning refers to the class of methods that are based on using examples of labeled input–
output data combinations, while unsupervised learning is based on unlabeled data.

1.2.2 Deep Learning in Artificial Neural Networks

In deep learning [14, 15], deeply layered ANNs are used to learn representations—often
called “features”—of the information that is being processed. In such deep neural net-
works (DNNs), the neurons of a given layer use the representations of the neurons of
the previous layer to create increasingly complex and useful representations. For exam-
ple, in image processing with DNNs, the input to a network consists of an array of raw
pixel values, and the features in the first layer of representation typically represent the
presence of absence of edges in particular orientations and locations in the image. The
second layer typically composes and encodes motifs consisting of particular arrangements
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of edges, and, in the third layer, such motifs may be assembled into combinations that
correspond to parts of familiar objects. In subsequent layers, then, objects consisting of
such parts may be represented and recognized. The basis of the main method for training
DNNs—stochastic gradient descent—consists of iteratively presenting the network with
some randomized, representative data samples, and then observing the error in the sub-
sequent processing by the network, and updating the connection weights to minimize the
error. This is done by what is called back-propagation of errors [20], in which the chain
rule of derivatives is used to mathematically calculate the degree to which each neuronal
output contributes to the error

Deep learning systems, while highly successful, require massive amounts of both data
and computational resources for their training [21]. For instance, in [22], it was estimated
that the training of a single deep learning model for natural language processing can
generate more than 280,000 kg of CO2 emissions—compared to the annual 16,400 kg of
the average American life. In the same article, a case study demonstrated the training
of an average-sized deep learning model to require 27 years worth of processing time
in total. As progress in deep learning has been so strongly dependent on increases
in computational resources, further developments of the same character may well be
unsustainable—both environmentally and economically, but also purely technically [23].
It is argued that one of the main reasons for the large costs of deep learning is that
the current computational technologies on which it relies—based on the classical von
Neumann computer-architecture—is fundamentally different, and therefore mismatched,
to the distributed and colocalized nature of memory and processing in neural networks
[12], on which deep learning is based. Furthermore, since, in ANNs, the function of
neurons is abstracted to the level of quasi-stationary firing-rates, the functionality of
these neural networks represents only a subset of that which is possible in the neural
networks of the brain, in which precise spike-timings may convey information below the
abstraction level of ANNs [24,25].

1.3 Neuromorphic Engineering and Computing

One possible approach to the problem of integrating advanced methods for machine learn-
ing and inference in resource-constrained devices is found in the field of neuromorphic
engineering and computing [26–30], which deals with creating compact and low-power
processing and sensory systems by using principles of system organization and informa-
tion representation inspired by the brain. Neuromorphic engineering, which was concep-
tualized by Carver Mead in the late 1980s [31,32], originally dealt with creating physical
substrates for information processing and sensing by integrating analog electronic circuits
that emulate mechanisms observed in the brain [33, 34] into very-large-scale integration
(VLSI) systems—thereby attempting to bridge the gap between artificial and natural
intelligence, as well as to gain understanding about neural information processing. The
term neuromorphic has, however, broadened with time to also incorporate fully digital
computational systems that are specialized for simulation of so called spiking neural net-
works (SNNs), which model biological nervous systems at the level of the electrochemical
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dynamics of neurons and synapses [35].
Recent results from research with the digital neuromorphic processor Loihi [36] from

Intel demonstrate that neuromorphic computing with SNNs can indeed outperform state-
of-the-art conventional ANN approaches in tasks of brain-like computation—such as
event-based data processing, adaptive control, constrained optimization, sparse feature
regression, and graph search [37]. While these results indicate that use of Loihi for
conventional feed-forward deep ANNs exhibits modest benefits at best, implementing
more brain-inspired networks—with features such as recurrent connections, precise spike-
timing relationships, synaptic plasticity, stochasticity, and sparsity—results, for certain
computational tasks, in lower latency and energy-cost by orders of magnitude compared
to state-of-the-art conventional approaches. Commercially, neuromorphic computing is
gaining traction as well, with analyses suggesting that the global neuromorphic comput-
ing market will be worth several billions of US dollars by the mid-2020s [38]. However,
fully digital neuromorphic systems, such as Loihi, do not make full use of the potential
for energy-and-hardware efficiency found in imitating the brain—as will be discussed in
the following section.

1.3.1 Neuromorphic Design Approaches

Analog and Mixed-Signal Design

The main goal of the original approach to neuromorphic engineering was to directly em-
ulate the physics that underlie information processing in biological neural networks by
using transistors that operate in their subthreshold, or weak-inversion, regime. This is
possible because, in the subthreshold regime, the flow of electrons through the chan-
nel of a metal oxide semiconductor (MOS) transistor is governed by the same diffusion
mechanism as is the flow of electrically charged ions through the channels of a neuronal
cell membrane. Thereby, the emulation approach, based on analog subthreshold design,
allows for compact and low-power neuromorphic circuits, with the possibility of biolog-
ically realistic time-constants in the order of milliseconds [33]—which makes them well
suited for real-time processing of signals with natural time scales. Some prominent ex-
amples of neuromorphic processors based on analog electronics are BrainScaleS [39, 40],
Neurogrid [41], and DYNAP [42,43]. However, such analog-based neuromorphic systems
are affected by high sensitivity to transistor device-variability—so-called “device mis-
match” [44,45]—as well as noise and power, voltage, and temperature (PVT) variations.
This inhomogeneity has been addressed with relatively costly compensation methods,
such as circuit calibration procedures [46, 47] or neural resource redundancy [48], but
may also be utilized as a resource for necessary neurosynaptic parameter-variability [49],
as will be further explored in this thesis.

Learning in Mixed-Signal Neuromorphic Processors In attempts to create com-
pact, low-power neural processing systems, with real-time, online learning capabilities,
VLSI devices comprising neuromorphic circuits that implement spike-timing-dependent
plasticity (STDP) mechanisms have been designed—such as the ROLLS (Reconfigurable
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On-Line Learning Spiking) mixed-signal neuromorphic processor [42]. A 2017 LTU
M.Sc.Eng. thesis [50] investigated use of the ROLLS as a pre-processing, feature-learning
system in a condition monitoring application. However, as synapses often dominate the
area of neuromorphic processors [51], synaptic resources are often moved off-chip, or
long-term synaptic plasticity is not included at all in the design—as in the case of the
DYNAP-SE. Neuromorphic processors that do not implement long-term plasticity re-
quire, instead, off-chip optimization techniques to perform learning. For analog-based
neuromorphic systems, one approach is to use random sampling from the inhomogeneous
neural populations to find neurons and synapses with properties that best suit a given
network. Such an approach, using a simple Markov chain Monte Carlo algorithm was, for
instance, investigated in the 2018 M.Sc.Eng. thesis [52] of the author of this thesis. That
approach could be further developed by using more complex Monte Carlo optimization
methods, such as simulated annealing [53], or evolutionary computation methods, such
as differential evolution [54].

Digital Design

While neuromorphic engineering deals with silicon substrates for emulation of the elec-
trochemical dynamics of neurons and synapses in spiking neural networks, the term neu-
romorphic computing generally refers to the use of fully digital systems specialized for
simulation of those same dynamics. Digital designs are robust to noise, mismatch, and
PVT variations and can benefit from technology scaling [51], but they do not make use of
the electrical diffusion dynamics of the underlying silicon substrate. Thus, such designs
result in more flexibly programmable systems than analog-based ones, while they may not
realize the full potential for energy-and-hardware efficiency found in imitating the brain.
For instance, the pure-CMOS based, in-memory computing DYNAP-SE neuromorphic
processor [43] is more power-efficient than the fully digital SpiNNaker 2 [55] by a factor of
at least 100 [56]. Some prominent examples of digital neuromorphic processors are SpiN-
Naker (Spiking Neural Network Architecture) [57], which uses a distributed von Neumann
architecture with 18 ARM cores per chip in a globally asynchronous locally synchronous
(GALS) design, IBM TrueNorth [58]—another GALS design—and Intel Loihi [36, 37],
which uses a fully asynchronous full-custom design.

1.3.2 Principles of Neural Sensing and Processing

Sensing

One of the key-aspects of organic sensory organs is that they are event-driven—that is,
they produce asynchronously “sampled” spike-events in response to dynamically changing
stimuli. By partially imitating such organs, neuromorphic event-based sensors have been
engineered—beginning with the “silicon retina” by Misha Mahowald in 1991 [59]—such as
event-based cameras [60, 61] and event-based auditory sensors [62]—“silicon-cochleas”.
Such bio-inspired sensors have, by virtue of their event-driven nature, the capacity of
producing sparse—non-redundant—output, while maintaining high temporal resolutions
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[63]. While methods for processing event-based sensor data are still in their infancy,
the unique character of the data gives event-based sensors great potential for low-power,
low-latency, and real-time applications.

Information Representation

Neural processing systems differ from von Neumann–computers in the way that informa-
tion is represented. Von Neumann–computers use clocked information representation, the
resolution of which is determined by the number of bits used for representing binary-coded
variables. In neural systems, on the other hand, information is represented explicitly in
both space and time by discrete, uniform spike-events, which may potentially encode
arbitrary temporal precision in the interspike intervals [64]. This information represen-
tation allows sparse, event-driven processing with low power-consumption—especially if
both sensing and processing are spike-based and event-driven [63].

Organizational Principles

Neural processing systems—natural and artificial alike—are characterized by memory
and processing being both distributed and colocalized [12]. This is enabled by the fact
that synapses implement both memory storage and complex nonlinear operations, si-
multaneously, for parallelized, in-memory processing. Conversely, conventional digital
computers—based on the classical von Neumann–architecture—comprise one or more
central processing units (CPUs) that are physically separated from the main memory, the
communication between which causes a significant performance limitation—the so-called
von Neumann–bottleneck [11]. Neuromorphic processors, therefore, offer an alternative
paradigm of organizational principles, by which they avoid the von Neumann–bottleneck.
Another approach to the bottleneck problem is to use graphics processing units (GPUs),
which typically combine hundreds of parallel cores with high memory bandwidths. While
GPUs have proved potent for cortical-scale brain simulations [65, 66], they are not opti-
mal for the massive parallelism and asynchronicity of SNNs when energy requirements
are considered [12].

1.3.3 Using Neuromorphic Hardware

Although being based on principles that underlie the remarkable energy-efficiency of the
brain, the use of SNNs and neuromorphic hardware substrates is not necessarily going to
out-compete conventional ANN-based approaches without also incorporating the sparse,
event-driven, time-based encoding and processing of the brain [67, 68]—with efficient
use of the explicit representations of space and time of the hardware substrates [56].
Thus, spike-rate based encoding, which resembles the quasi-stationary representations of
ANNs, likely needs to be complemented with spike-timing based encoding and processing
to maximally realize the potential for efficiency of neuromorphic hardware [64, 69, 70]—
see Section 2.1.2 for an introduction to neural coding. Furthermore, in addition to
neuromorphic hardware design, biological nervous systems may provide inspiration for
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architectural principles for designing SNNs for efficient neural processing [71]—such as
the relatively small and experimentally accessible nervous systems of insects [16, 72].

Device Mismatch

In mixed-signal neuromorphic systems, the internal inhomogeneity due to device mis-
match gives rise to static parameter variability within uniformly configured neuronal–
synaptic populations [73]—introducing variance in time constants, thresholds, and synap-
tic strengths. Therefore, straight-forward implementations of previously trained SNNs
is, in general, not possible. For implementations to realize the full potential for resource-
efficiency of such hardware, it may be necessary to use neurocomputational frameworks
that actually rely on variability in their neuronal–synaptic processing elements [74–78]—
such as reservoir computing and ensemble learning. Furthermore, there is recent research
suggesting that the existence of such variability, which is also observed in the brain, may
even support efficiency and robustness in neural processing and learning—especially for
information that has a rich temporal structure [79,80].

Spatiotemporal Pattern Recognition

Learning and recognition of spatiotemporal patterns—in contrast to static, purely spatial
patterns, or even sequences of such—remains a central conceptual problem to neuro-
morphic processing [81], especially when intended to be event-driven and spike-timing
based [82]. Approaches to spatiotemporal encoding and processing for pattern recogni-
tion demonstrated in, or suitable for, analog-based neuromorphic hardware include:

1. Randomization-based feed-forward SNNs [83, 84], such as in [75,85,86]

2. Reservoir computing [87–89], such as in [77,78,90–92]

3. Delay-based coincidence-detection [93], such as in [74,82,94]

4. Emulation of dendritic dynamics [95], such as in [96,97]

5. Spike-based time-difference encoding [98, 99], such as in [82,100,101]

6. Excitatory–inhibitory (E–I) balanced SNNs [102,103], such as in [104,105]

Programming and Configuration

The use of neuromorphic hardware—both analog-based and fully digital—comes with
a different set of challenges than programming von Neumann–computers. A disparate
range of software for working with SNNs and neuromorphic hardware exists. These
generally fall into one of three categories:

1. Specialized tools for optimization of SNN parameters by supervised training—
usually based on deep learning techniques—such as SNN Conversion Toolbox [106],
SLAYER [107], Whetstone [108], and EONS [109]
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2. SNN Simulators for conventional von Neumann architectures that offer
low-level programming application programming interfaces (APIs), such as Brian 2
[110], BindsNET [111], and Norse [112]

3. Low-level interfaces and runtime frameworks for configuration of neuromor-
phic hardware, such as PyNN [113], Fugu [114], and NxSDK for Intel Loihi [37]

According to neuromorphic computing researchers at Intel, “none of these frameworks
yet present compelling new programming abstractions that are composable and span a
wide diversity of algorithms under study in the field” [37]. They also state that, while
back-propagation and other gradient-based optimization techniques can utilize fine-scale
timing for suitable, differentiable network architectures, they are still insufficient for
SNNs that use precise spike-timing relationships—with properties such as dynamic states,
spike-propagation delays, plasticity, and stochasticity.

Using analog-based neuromorphic hardware brings further challenges due to its inter-
nal inhomogeneity and lower degree of flexibility for programming. Approaches to config-
uring such hardware involve device-specific calibration or retraining [46,47,74,78,115,116],
use of neural resource redundancy [48], architectural robustness to noise and variabil-
ity [104, 117], and special training procedures that promote robustness during infer-
ence [118].

1.4 Scope of Thesis

This thesis addresses the need for more energy-efficient methods for spatiotemporal pat-
tern recognition in resource-constrained settings [3,4]—such as wireless sensor systems for
monitoring applications—by investigating the use of low-power mixed-signal neuromor-
phic processors. More specifically, the thesis addresses the need for resource-efficient,
event-driven, spike-timing based neurocomputational methods [56, 81, 82, 119]
feasible for implementation in such ultra-low-power, albeit inhomogeneous and inflexible
hardware—by utilizing device mismatch as a resource for neurosynaptic variability—
in order to realize the hardware’s full potential for energy-and-resource efficiency. This
investigation is framed by the following research questions (RQs):

RQ1: How can mixed-signal neuromorphic processors be used for spatiotemporal pattern
recognition in an energy-and-resource efficient manner?

RQ2: How can RQ1 be addressed in a way that simultaneously allows observable and
reproducible configuration of the analog-based neuromorphic systems by discrete,
digital programming?

In addressing these questions, this thesis presents experimental investigations into
resource-efficient use of the analog, inhomogeneous neuron-and-synapse emulating CMOS
circuits that constitute mixed-signal neuromorphic VLSI systems—in this case the DYNAP-
SE neuromorphic processor [43]. Inspired by neurobiological phenomena pertaining to
elementary pattern recognition in insects and dendritic integration, the thesis focuses on
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the use of inhomogeneous synapse-circuit dynamics for making small neural systems—
ranging from one to a few neurons—sensitive to particular spatiotemporal spike patterns
as building-blocks for larger SNNs such as spiking deep neural networks. Thus—following
Carver Mead’s maxim “listen to the silicon” [120]—this thesis takes a bottom-up ap-
proach to the use of mixed-signal neuromorphic hardware, motivated by the goal of
developing the information processing methods in parallel with gaining knowledge and
understanding about this unconventional computational substrate.

1.4.1 Delimitations

By taking a bottom-up approach to information processing with analog-based neuromor-
phic hardware, this thesis is limited to investigations at an elementary level of neural
processing—as opposed to implementation of large SNN architectures. Hence, meth-
ods for training large-scale SNNs are not investigated, and—being based on practical
experiments with the DYNAP-SE—the thesis neither investigates use of hardware-level
synaptic plasticity. Motivated by the potential for ultra-low-power—sub-milliwatt—real-
time operation of neuromorphic processors that have both analog neurons and synapses,
this thesis is further limited in its scope to neural processing methods that are feasible
for such analog-based substrates—in contrast to methods that may be allowed by more
flexible digital neuromorphic systems or simulation on von Neumann–substrates.

1.5 Thesis Outline

This is a compilation thesis, the scientific contributions of which are presented in a
collection of articles. The thesis consists of the following two parts:

Part I: Provides a comprehensive summary of the original research of the thesis—
in the context of the current state of international research—with the following
chapters:

Chapter 1: Presents the background and motivation to the research of the
thesis.

Chapter 2: Presents the materials and methods that was used for the research
presented in the appended articles.

Chapter 3: Summarizes the research contributions of the thesis, and outlines
the personal contributions of the thesis author.

Chapter 4: Contains a discussion of the presented and possible future work.

Part II: Contains the collection of scientific articles that present the original re-
search upon which this thesis is based.
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Chapter 2

Materials and Methods

The research of this thesis is mainly focused on hardware experiments with the
DYNAP-SE mixed-signal neuromorphic processor [43], see Section 2.2, and falls within
the category of experimental computer science and engineering (ECSE), which refers
to “the building of, or the experimentation with or on, nontrivial hardware or software
systems” [121]. Thereby, elementary neural mechanisms for spike-based spatiotempo-
ral pattern recognition feasible for implementation in such analog-based general-purpose
hardware were investigated. As a starting point, small biological neural systems for
temporal and spatiotemporal pattern recognition—such as an auditory feature-detection
circuit of crickets, see Section 2.3— were studied in literature. Adaptations of such cir-
cuits feasible for implementation in the DYNAP-SE were hypothesized, and quantitative
parameters for characterization were conceptualized and introduced, according to which,
the hardware implementations were assessed. The use of these neural microsystems as
digitally tunable—programmable—building-blocks in larger SNNs were then conceptu-
alized, in the context of which, their further experimental investigation was conducted.

2.1 Spiking Neural Networks

Spiking neural networks (SNNs)—the “third generation” of neural networks [35]—are
computational systems that mathematically model natural nervous systems at the level
of the electrochemical dynamics of neurons and synapses. Thus, the flow of time is an
intrinsic constituent element of the operations of SNNs—as opposed to artificial neural
networks (ANNs), which rather operate in iterative sequences of quasi-stationary states.
In SNNs, as in natural nervous systems, the elementary units of information processing
are neurons and synapses. In SNNs, the action potentials that are sent between neurons
are often reduced to discrete spike-events—since isolated spikes of a given neuron are
practically uniform, why it is rather in the number and timing of spikes that information
is transmitted [122]. Being based on event-driven, sparse neuronal activations, SNNs
show great promise for both powerful and efficient information processing [123–125].

17



18 Materials and Methods

2.1.1 Models of Neuronal Dynamics

The electrochemical dynamics of neurons—as observed in physiological measurements—
can be reproduced to a high degree of accuracy with mathematical models. The pri-
mary example of this is the Hodgkin–Huxley model from 1952 [126]—a conductance-based
model that, in terms of differential equations, describes neuronal dynamics at the level
of the ion-flow through the neuronal cell-membrane. Such detailed conductance-based
models, while very precise, are also intrinsically highly complex. Therefore, in studies
of neural coding, memory, and network dynamics using SNNs, simpler phenomenological
models of neuronal dynamics are often preferred. Such models, in which the roughly uni-
form action potentials are viewed as discrete events, are referred to as integrate-and-fire
models. In these models, spikes are generated when the neuronal membrane potential
reaches a threshold value from below, thus defining the time of the resulting spike-event.

The Adaptive Exponential Integrate-and-Fire Model

The spiking neuron model that is emulated by the analog circuits of the DYNAP-SE
neuromorphic processor is the adaptive exponential integrate-and-fire (AdEx) model [127],
which combines the exponential action-potential modelling of the exponential integrate-
and-fire model [128] with the adaptation mechanism from a model by Izhikevich [129].
Hence, the AdEx model consists of two coupled differential equations, of which one
describes the neuronal membrane potential, V :

C
dV

dt
= −gL(V − EL) + gL∆T e

(V−VT )/∆T − w + I, (2.1a)

and the other one describes the neuronal adaptation current, w:

τw
dw

dt
= a(V − EL)− w, (2.1b)

the parameters of which are defined in Table 2.1. The exponential term in Eq. (2.1a)
models the spike generation with a rapid rise of the membrane potential. The AdEx
model is defined so that, when the membrane potential diverges towards infinity, a spike
is registered to occur at the time tspike. Then, instead of modeling the decrease in the
membrane potential that follows the generation of an action potential, the membrane
potential is simply set to its reset value, Vr:

at t = tspike : V → Vr, (2.2a)

and, at the same time, the adaptation current, w, is increased with the spike-triggered
adaptation value, b:

at t = tspike : w → w + b. (2.2b)
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Table 2.1: Parameters of the adaptive exponential integrate-and-fire (AdEx) neu-
ron model [127].

Symbol Parameter name Unit

C Membrane capacitance F
V Membrane potential V
gL Leak conductance S
EL Leak reversal-potential V
VT Spike threshold V
∆T Slope factor V
I Input current A
Vr Membrane reset-potential V
w Adaptation variable A
τw Adaptation time-constant s
a Adaptation-coupling parameter S
b Spike-triggered adaptation A

2.1.2 Neural Coding

Historically, the dominant view of neural processing has been that information is repre-
sented and transmitted by the rates at which neurons fire, rather than by single spikes
themselves. This view is supported by experimental observations [130] and underlies
much of the field of machine learning—while it has also been criticized for being too
simplistic [131]. It is possible that neural information processing is, to some degree,
based on the precise timings of spikes in what is called temporal code—also this view
has some experimental support [24, 25]. Advantages of temporal code in, for instance,
efficiency and speed has been demonstrated both for neurocomputational models [64]
and for deployment in neuromorphic hardware [69].

In [64], the following theoretical spike-based neural coding schemes are outlined (here,
also rate code is listed for comparison):

Rate code: Information is represented by how often each neuron fires, in the form of
an averaged firing rate.

Count code: Information is represented by how often a group of neurons fire in total
during a time interval.

Binary code: Information is represented by which specific neurons fire during a time
interval. A binary sequence is formed from the array of neurons by viewing them
as being in one of two states—active or inactive.

Timing code: Information is represented by when and where each spike occurs—that
is, from what source neuron. Thus, a highly particular and precise spatiotemporal
sequence of spike-events may be formed. However, this scheme may demand a high
level of complexity and temporal precision in the neural decoding mechanism.



20 Materials and Methods

Table 2.2: Information-transmission capacity of N neurons for different theoretical
neural coding schemes, in descending order—as estimated in [64]. The estimate was made for
rapid-processing scenarios with max. one spike per neuron. The number of equivalent bits were
calculated for the example scenario of N = 10 neurons and a temporal interval of t = 10 ms.

Coding No. of possible Equivalent Comments
scheme states bits

Timing code tN 33 For a temporal resolution of 1 ms
Rank-order code N ! 21
Synchrony code nNΦ 20 For no. of possible phases nΦ = 3
Binary code 2N 10 Used in conventional computers
Count code N + 1 3.46 Here, equivalent to rate code

Rank-order code: Information is represented by the temporal order in which the neu-
rons fire, but without further spike-timing information.

Synchrony code: Information is represented in which neurons fire at similar times dur-
ing a temporal interval. The information capacity is then dependent on the number
of differentiable subgroups in a given time frame—such as a number of possible fir-
ing phases, nΦ.

The theoretical information-transmission capacity of these neural coding schemes and the
calculated number of equivalent bits—as estimated in [64]—are presented in Table 2.2.
The estimations were made with the limitation of a maximum of one spike per neuron—
motivated by conditions for rapid neural processing in nature—and the evaluations were
made for a population of N = 10 neurons, during a temporal interval of t = 10 ms,
and with a temporal resolution of 1 ms. Note that, under these conditions, rate code
is theoretically equivalent to count code, as rate code would require a higher number of
spikes—and thus more time—to represent more information.

Important to note is that the data generated by neuromorphic, event-driven sensors,
see Section 1.3.2, is, at least in part, intrinsically spike-timing coded, due to the event-
driven, sparse activations that underlie their low-power, low-latency operation [63]. Thus,
to fully benefit from these properties—by gaining analogous benefits in the subsequent
processing—some degree of spike-timing code is likely necessary in neuromorphic sensory–
processing systems.

2.2 The DYNAP-SE Neuromorphic Processor

The DYNAP-SE (Dynamic Neuromorphic Asynchronous Processor – Scalable) [43] is a
general-purpose, reconfigurable, mixed-signal SNN-processor from the company SynSense.
The DYNAP-SE uses subthreshold analog CMOS circuits [33] to emulate the electro-
chemical dynamics of neurons and synapses in real time, and asynchronous digital cir-
cuits for spike-event transmission according to the address-event representation (AER)
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Figure 2.1: Overview of DYNAP-SE chip architecture. Each core makes up an inho-
mogeneous population of neurons and synapses that share the same bias parameters. R1 and
R2 denote digital spike-event routers at different levels of communication, respectively.

protocol [132, 133]. One DYNAP-SE unit comprises four four-core neuromorphic chips,
see Figure. 2.1, each of which comprises 256 neuron circuits [42] that emulate the AdEx
neuron model [127]. Each neuron has a content-addressable memory (CAM) block that
can contain up to 64 different addresses, each representing a presynaptic neuronal connec-
tion, see Figure. 2.2. For each connection, dynamic synapses—in the form of differential
pair integrator (DPI) circuits [34,134]—are available in four different synaptic types: fast
and slow excitatory, and subtractive and shunting inhibitory.

The dynamic behaviors of the neuronal and synaptic circuits of the DYNAP-SE are
governed by analog circuit parameters that are set by programmable on-chip temperature-
compensated bias-generators [135]. The bias-generators provide, independently for each
core, 25 bias parameters, which are related to the parameters of the AdEx neuron-model
presented in Table 2.1. Due to the device mismatch in the analog circuits, configuration
of one set of bias parameters gives rise to a roughly normally distributed range of values
of each parameter in the processor core in question [73]—thus, in effect, forming an
inhomogeneous population of similar, but not identical, neurons and synapses.

2.2.1 Dynamic Synapse Model

While the neurons of the DYNAP-SE emulate the AdEx neuron model described in
Section 2.1.1, biophysically realistic synaptic dynamics, see Figure 2.3, are implemented
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Figure 2.2: Neuronal–synaptic computational node of DYNAP-SE, comprising 64
CAM-addressed input channels, synaptic DPI circuits of four different types, and one neuronal
circuit emulating the AdEx spiking neuron model.
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Figure 2.3: Postsynaptic current in response to a presynaptic spike—illustrated
example.

with subthreshold DPI log-domain filters, which were first proposed in [134] and further
described in [34]. The following first-order linear differential equation approximates the
response of a DPI to an input current, Iin:

τ
d

dt
Iout + Iout =

Ith
Iτ
Iin, (2.3)

when Iτ � Iin and Ith � Iout. Here, Iout is the synaptic output current, τ and Iτ are
time-constant parameters, and Ith is an additional control parameter that regulates the
gain of the filter.

2.2.2 Related Software

The following is a list of previous and current software for interfacing with the DYNAP-
SE:

cAER (discontinued): An open-source event-based framework for interfacing with
neuromorphic devices, written in C and C++, that targeted embedded and desktop
systems—now replaced by Samna [136]. cAER was used for Paper A and Paper B.
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Samna: Developer interface and run-time environment for interacting with the neu-
romorphic devices from SynSense [136, 137], written in C++. Samna provides a
Python API, supporting Jupyter Notebook code execution, and data visualization
tools for working with spiking neural networks and processing event-based data
streams. A legacy version of Samna (formerly CtxCtl) was used for Paper C.

Rockpool: An open-source Python package for development, simulation, and neuro-
morphic hardware-deployment of spiking neural networks for signal processing ap-
plication. Rockpool was not used in the work for this thesis.

For conducting the experiments of this thesis, cAER was used for Paper A and Pa-
per B, while Legacy Samna (formerly CtxCtl) was used for Paper C. The change of
software was motivated by the greater ease-of-use and versatility of Legacy Samna—
especially in that it supports Jupyter Notebooks, which allow dynamic and interactive
code execution and well-formatted documentation. Custom code was added to both
cAER and to Legacy Samna with tools and experimental procedures necessary to con-
duct the experiments in question.

2.3 Biological Inspiration

The work of this thesis draws inspiration from the low-level neuronal mechanisms for
temporal integration described in the following.

2.3.1 A Temporal Feature-Detection Circuit in Crickets

In [138], a neural circuit found in field crickets that performs auditory feature-detection
for sound-pattern recognition is described. The circuit consists of five neurons and uses a
coincidence-detection mechanism to respond selectively to a species-specific sound-pulse
interval of about 20 ms. More specifically, postinhibitory rebound (PIR) in a non-spiking
interneuron, see Figure 2.4a, generates, upon stimulation, an excitation with a tem-
poral delay that matches the species-specific pulse interval—thus priming the subse-
quent neurons for coincidence detection. While this small circuit provides inspiration
for building blocks for larger neuromorphic SNNs for spatiotemporal pattern recogni-
tion, the non-spiking neuron that underlies the coincidence-detection mechanism cannot
be implemented in general-purpose mixed-signal neuromorphic processors such as the
DYNAP-SE. A work-around in the form of a disynaptic delay element that mimics PIR
by excitatory–inhibitory summation was proposed and investigated in Paper A of this
thesis, see Section 3.1.1.

2.3.2 Dendritic Integration

Pyramidal neurons—a neuronal type abundant in the neocortex and hippocampus—
have millimeter-scale dendrites of varying width, conductance, and capacitance [139], see
Figure 2.4b. Hence, postsynaptic potentials (PSPs) from excitatory synapses, located



24 Materials and Methods

Excitatory synapse
Inhibitory synapse

NS
V

N
S

Time [ms]       0     20

PIR

CD

(a)

100 µm

(synapses not to scale)

Dendritic delay
10–20 ms

Dendritic delay
0–10 ms

D
endrite

Soma

Axon

(b)

Figure 2.4: Examples of neuronal integration of spatiotemporal information. (a) A
nonspiking (NS) neuron generating a delayed excitation by postinhibitory rebound (PIR) upon
presynaptic spike-pulse stimulation. (b) A pyramidal neuron with millimeter-scale dendrites
of varying conductance and capacitance.

on spines at different positions along the dendrites, propagate with varying distance,
velocity, and amplitude depending on the variable dendritic properties. The propagation
of each PSP towards the soma is, thereby, subject to a dendritic delay, and the relative
timing of presynaptic spikes influence their contribution to the eventual firing of the
soma, as well as to long-term plasticity [95]. These properties support a variety of
coincidence-detection mechanisms, which are likely to be crucial for synaptic integration
and plasticity—thus providing inspiration for the computational capabilities of single
neuromorphic hardware neurons and their use.

2.4 Experimental Methods

The neuromorphic hardware experiments presented in this thesis were conducted with
the mixed-signal neuromorphic processor DYNAP-SE (Dynamic Neuromorphic Asyn-
chronous Processor – Scalable) [43] from the company SynSense. Since the DYNAP-SE
emulates neuronal and synaptic dynamics in real-time using analog circuitry, it was con-
figured in a hardware-in-the-loop (HIL) setup, connected to a PC via a USB interface.
In this setup, the PC receives digital spike-event data and analog neuron monitoring,
while iteratively reconfiguring the digital spike-routing connections and bias settings of
the DYNAP-SE to carry out series of measurements. The analog neuron measurements
were performed with the 8-bit USB oscilloscope SmartScope from LabNation. All input
stimulus-signals were synthetically generated using the built-in spike-generator in the
field-programmable gate array (FPGA) of the DYNAP-SE, which generates spike-events
according to assigned temporal interspike intervals (ISIs) and virtual source-neuron ad-
dresses. For a description of the software used to interface the PC with the DYNAP-SE,
see Section 2.2.2.
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2.4.1 SNN Learning Methods

In pattern recognition experiments for Papers A and B, an offline Hebbian-like learning
rule was used to obtain selective neuronal responses to spatiotemporal spike-patterns.
This was performed by setting up several identical instances of the neural system in
question in the DYNAP-SE, and stimulating all of them in parallel with the same stim-
ulation paradigm. Given a suitable bias-parameter configuration, the systems would
then, due to device mismatch, respond selectively to varying degrees. By recording the
neural activity and observing the different responses, the most suitable neuronal and
synaptic circuits for the task in question could then be selected. In Paper C, multi-
dimensional spatiotemporal receptive fields—sensory-subspace selectivities—of different
neuron were, rather, mapped out by random sampling with uniformly distributed ran-
dom spike-pattern combinations, followed by compilation of all patterns that made each
neuron, respectively, fire in response.
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Chapter 3

Contributions

In this chapter, the scientific contributions of this thesis, as well as the personal
contributions of the thesis author, are summarized.

3.1 Appended Articles

3.1.1 Paper A

Title: Synaptic Delays for Insect-Inspired Temporal Feature Detection in Dynamic Neu-
romorphic Processors

Authors: Fredrik Sandin and Mattias Nilsson

Published in: Frontiers in Neuroscience 14 (2020): 150

Summary: A disynaptic element for resource-efficient imitation of signal-propagation
delays for neuromorphic spatiotemporal pattern-recognition networks is proposed—
allowing configurable delays of up to 100 ms—and its implementation in the DYNAP-
SE mixed-signal neuromorphic processor is investigated, see Figure 3.1. The de-
lay element is inspired by a postinhibitory rebound (PIR) mechanism found in a
time-interval selective circuit in crickets, which the delay element imitates by us-
ing a special form of excitatory–inhibitory (E–I) balance. The functionality of the
delay element is demonstrated by its use in implementing the cricket circuit in
the DYNAP-SE and by characterization of the resulting interval-selectivity. Fur-
thermore, the interneuronal, in-core variation—due to device mismatch—between
different delay elements implemented in the same neurosynaptic population is quan-
titatively characterized, demonstrating the distribution of delay-durations resulting
from parallel implementation. Finally, initial results of use of the delay element for
spatiotemporal spike-pair selectivity in a single hardware neuron are presented.

Personal contributions: Software development and conduction of experiments by MN.
Experiment design, result evaluation, and writing by FS and MN.

27
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Figure 3.1: Two disynaptic delay elements, as implemented in one neuron of the DYNAP-
SE. The coloring indicates the use of two synaptic inputs for each excitatory–inhibitory delay
element, with an illustrated example of the two resulting inhomogeneous postsynaptic potentials
(PSPs).

3.1.2 Paper B

Title: Synaptic Integration of Spatiotemporal Features with a Dynamic Neuromorphic
Processor

Authors: Mattias Nilsson, Foteini Liwicki, and Fredrik Sandin

Published in: Proceedings of the 2020 International Joint Conference on Neural Net-
works (IJCNN)

Summary: The use of the E–I delay element proposed in Paper A for spatiotemporal
feature detection in single hardware neurons is further investigated. This feature
detection is facilitated by the mismatch-dependent intraneuronal, but intersynaptic
variation between different delay elements—of which a distribution with a variabil-
ity in the order of 10 ms is presented in the paper. Tuning curves of spatiotem-
poral spike-pair interval selectivity of a single neuron are presented, as well as
how this changes with both the excitatory and inhibitory synaptic weights of the
delay elements. Furthermore, a generalization of the delay-element based system
is investigated, in which a neuron with one inhibitory synapse but three excita-
tory synapses receives a triplet of spikes—for which, a tuning curve demonstrating
interval-selectivity is presented.

Personal contributions: Software development and conduction of experiments by MN.
Experiment design, result evaluation, and writing by MN, FL, and FS.
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3.1.3 Paper C

Title: Spatiotemporal Spike-Pattern Selectivity in Single Mixed-Signal Neurons with Bal-
anced Synapses

Authors: Mattias Nilsson, Foteini Liwicki, and Fredrik Sandin

Published in: arXiv preprint: 2106.05686 (to be submitted)

Summary: A spiking neural network design based on the E–I disynaptic elements—
the synaptic spatiotemporal correlator (sSTC)—was developed for spatiotemporal
pattern recognition in mixed-signal neuromorphic hardware. The network is a ver-
sion of the coincidence-detection based spatiotemporal correlator (STC) network
[74, 140], of which, dedicated delay-neuron are replaced by the less resource-costly
disynaptic elements. Spatiotemporal receptive fields—or “feature sensitivities”—
that form in the coincidence-detecting output-neurons of the adapted STC network
implemented in the DYNAP-SE neuromorphic processor were characterized by sam-
pling with uniformly random stimuli. Thus, compared to previous work, a more
detailed view and experimental investigation of the fundamental pattern recogni-
tion mechanisms of the STC network at the single-neuron level was contributed.
Furthermore, the possibility to tune such a receptive field to a prescribed spatiotem-
poral spike-pattern by the means of discrete synapse-address reprogramming was
demonstrated. The energy usage of the disynaptic elements was estimated to be
one order of magnitude lower per laterally projected spike-event than in the case
of the dedicated delay-neurons of the original STC—0.65 nJ vs 9.6 nJ.

Personal contribution: Software development and conduction of experiments by MN.
General idea, experiment design, result evaluation, and writing by MN, FL, and
FS.

3.2 Other Publications

3.2.1 Extended Abstract

Title: Spatiotemporal Pattern Recognition with Neuromorphic Processor for Edge Ap-
plications

Authors: Mattias Nilsson and Fredrik Sandin

Published in: Proceedings of the 31st Annual Workshop of the Swedish Artificial Intel-
ligence Society (SAIS 2019)

Summary: An extended abstract presenting the doctoral research project of the thesis
author.

Personal contributions: Writing by MN and FS.
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3.3 Software

In addition to the appended scientific articles, this thesis also contributes with the
software that was developed and used to conduct the presented experiments with the
DYNAP-SE neuromorphic processor—in the form of custom modules added to existing
software for the DYNAP-SE, described in Section 2.2.2. The software used for Paper A
and Paper B was based on cAER and written in C. For Paper C, custom code for Legacy
Samna (formerly CtxCtl) was written in Python, with Jupyter Notebooks for interac-
tive code execution. The custom code, including the Jupyter Notebooks, will be made
available online after the writing of this thesis.1

1https://gitlab.com/mattiasn/synapse-delay-experiments-on-dynap-se



Chapter 4

Discussion

4.1 Conclusions

The research questions of this thesis, which were presented in Chapter 1, are here restated
for the sake of their discussion:

RQ1: How can mixed-signal neuromorphic processors be used for spatiotemporal pattern
recognition in an energy-and-resource efficient manner?

RQ2: How can RQ1 be addressed in a way that simultaneously allows observable and
reproducible configuration of the analog-based neuromorphic systems by discrete,
digital programming?

RQ1 is addressed with an investigation into the utilization of inhomogeneous neurosy-
naptic dynamics for making neural networks in neuromorphic hardware spatiotemporally
selective—without the need for dedicated delay-lines [74, 141] or emulation of dendritic
dynamics [96,97]. More specifically, a spike-timing based neurocomputational primitive—
the disynaptic delay element—is proposed, and its use for implementing small, elementary
neural systems for spatiotemporal pattern recognition is experimentally investigated in
the DYNAP-SE neuromorphic processor. Furthermore, in Paper B, a generalization of
this approach is also investigated, in which the number of inhibitory synapses does not
match the number of excitatory ones. The results presented in this thesis suggest that
the investigated synapse-dynamics based approach is capable of generating spatiotempo-
ral selectivity in single neurons and small networks at very low resource-cost—one order
of magnitude lower per delayed spike than for the use of delay neurons [74] (0.65 nJ vs
9.6 nJ). However, the high efficiency appears to come with the cost of lower precision
and flexibility compared to related work.

It is worth pointing out that the proposed disynaptic delay element is an engineering
solution to induce delayed excitations in neuromorphic hardware that lacks axonal and
dendritic dynamics [93,95]. As such, they contradict Dale’s principle from neurobiology,
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according to which, all connections that originate from the same presynaptic neuron
terminate in either excitatory or inhibitory synapses [122]. However, conceptually, the
disynaptic delay element bears some resemblance to the concept of excitatory–inhibitory
(E–I) balance—which has been observed in nature [142,143] and has been proven useful
for efficient neural code in theoretical studies [103]. The disynaptic element also has
similarities to a model for temporal neural processing based on short-term plasticity [144].
These resemblances may be useful to consider in future work with the disynaptic delay
element.

Due to the inhomogeneity of the neuron-and-synapse emulating circuits, the use of
synaptic delays naturally gives rise to distributions of delay-durations in the neurosy-
naptic populations of the DYNAP-SE. This, in turn, opens up for addressing RQ2
by using random sampling from such static distributions as an approach to optimizing
SNNs—which results in observable, storable, and reproducible digital configurational in-
formation, even though the underlying computational substrate is analog. This approach
to optimization and learning stands in contrast to common approaches such as use of
plastic synapse-circuits [74,145] and reservoir computing [76,78], which may have larger
optimization-theoretical capabilities for learning, demand less resources for the learning
process—as opposed to during inference—and be better suited for unsupervised, “life-
long” learning. However, such approaches face the problem of AI explainability in that
the resulting network configurations may not be directly observable, easily reproducible,
or intelligible by human observers in any straight-forward manner. A random-sampling
approach could, on the other hand, result in more observable and reproducible chip-
configurations, given a characterization of the distributions of a given chip. This could
favor large-scale deployment of pre-trained neural networks, as opposed to learning being
performed independently with every chip.

In conclusion, the synapse-delay based approach to spatiotemporal pattern recogni-
tion investigated in this thesis may provide a resource-efficient alternative to other, more
precise and flexible, but also more resource-costly approaches. However, to assess the
viability of this approach for spatiotemporal pattern recognition, it is necessary to inves-
tigate its use for the implementation of larger SNNs and, furthermore, for the processing
of “real-world” stimuli as, for instance, is done for the spatiotemporal correlator (STC)
network in [146]. In parallel, the random-sampling approach to learning or optimization
of SNNs in analog-based neuromorphic hardware could be further investigated and as-
sessed in terms of capability, resource-cost, intelligibility, and reproducibility. Thus, in
terms of the long-term goal of this research—to enable continuous, sub-milliwatt machine
learning and pattern recognition for monitoring applications—this thesis presents early
steps in a bottom-up study, which may inform future work about possible approaches to
efficient use of mixed-signal neuromorphic hardware.

4.2 Ethical Considerations

The work presented in this thesis is limited to a rudimentary level of neural processing,
and is, thus, still far from any real-world applications with tangible consequences for
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humans or other sentient beings. However, the thesis is motivated by the long-term goal
of enabling ultra-low-power processing for learning and inference in edge devices, which
does indeed come with several ethical implications. Such technology, while here intended
for industrial monitoring applications, could also be used for personal surveillance. This
raises the same ethical concerns as surveillance technology does in general, with the
additional concern that ultra-low-power devices could increase the degree of secrecy and
battery life-time.

However, edge computing technologies may also have benign consequences. By pro-
cessing data locally, and thus reducing the need for communication and storage of per-
sonally identifiable data—such as video and audio streams—edge devices may inherently
favor the preservation of individual privacy. Thereby, communication of personal data
over potentially insecure networks for centralized processing in data centers, with the
risk of undesired storage and personal identification, may be reduced. Furthermore, neu-
romorphic sensory and processing technology, as such, may serve to reduce the growing
environmental and economic costs of AI currently driven by the field of deep learning, as
discussed in Section 1.2.2. By being based on principles of information processing in the
brain, neuromorphic technology is also likely to contribute to developments in biomedical
monitoring and prosthetic technology—thus bringing medical benefits—and its develop-
ment may even contribute to furtherance of the scientific knowledge and understanding
about the brain, for instance regarding brain function in relation to disease.

4.3 Future Work

Based on the previous discussion, the following possible topics for research continuing
from this thesis are proposed:

1. Further evaluation of synapse-delay approach by implementation of a larger
neural network, such as the synaptic spatiotemporal correlator (sSTC) from Pa-
per 3. This is likely needed in order to make an informative comparison to other
related approaches—such as use of dedicated delay-neurons [74], emulation of den-
dritic dynamics [96,97], or reservoir computing [76,78]—considering properties such
as precision, versatility, and energy-and-hardware requirements.

2. Conceptual development of STC-type SNNs towards deeper architectures
for increasingly complex spatiotemporal representations. This could be similar to
DNNs, but with features that consist of spike-timing based spatiotemporal receptive
fields—based on the view of the STC that was presented in Paper 3.

3. Further investigation of random-sampling based approach for learning
and optimization in analog-based neuromorphic hardware. For this, Monte Carlo
optimization methods, such as simulated annealing [53], or evolutionary computa-
tion methods, such as differential evolution [54] or the EONS framework [109], may
be relevant.
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4. Investigation of neuromorphic systems integration in, for instance, con-
nected industrial systems, digital infrastructure, 5G networks, and data centers.

Furthermore, investigation of topics 1–3 would likely involve further development
of software tools and methods in order to conduct experiments with neuromorphic
hardware, such as the DYNAP-SE—and would then also contribute with such develop-
ments. This would preferentially be done in a format for interactive computing, such as
Jupyter Notebooks, and would then generate documents that favor reproducibility, scien-
tific communication, and education—for instance in an upcoming course in neuromorphic
computing for the Master’s Program in Applied Artificial Intelligence at LTU.
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Feature Detection in Dynamic Neuromorphic

Processors 1

Fredrik Sandin and Mattias Nilsson

Abstract

Spiking neural networks are well suited for spatiotemporal feature detection and learn-
ing, and naturally involve dynamic delay mechanisms in the synapses, dendrites and
axons. Dedicated delay neurons and axonal delay circuits have been considered when
implementing such pattern recognition networks in dynamic neuromorphic processors.
Inspired by an auditory feature detection circuit in crickets, featuring a delayed exci-
tation by postinhibitory rebound, we investigate disynaptic delay elements formed by
inhibitory–excitatory pairs of dynamic synapses. We configured such disynaptic delay
elements in the DYNAP-SE neuromorphic processor and characterized the distribution
of delayed excitations resulting from device mismatch. Interestingly, we found that the
disynaptic delay elements can be configured such that the timing and magnitude of
the delayed excitation depend mainly on the efficacy of the inhibitory and excitatory
synapses, respectively, and that a neuron with multiple delay elements can be tuned to
respond selectively to a specific pattern. Furthermore, we present a network with one
disynaptic delay element that mimics the auditory feature detection circuit of crickets,
and we demonstrate how varying synaptic weights, input noise and processor tempera-
ture affect the circuit. Dynamic delay elements of this kind open up for synapse level
temporal feature tuning with configurable delays of up to 100 ms.

1 Introduction

Processing of temporal patterns in signals is a central task in perception, learning and
control of behavior in both biological and technological systems [1]. Unlike digital cir-
cuits, which are designed to perform precise logic and arithmetic operations, neurons
are unreliable, stochastic and slow information processing entities which form networks
that function reliably through distributed information processing and adaptation. Neural
circuits are therefore interesting models for development of mixed signal analog–digital
processing and perception systems implemented in resource efficient nano-electronic sub-
strates that are subject to device mismatch and failure [2]. In particular, energy-efficient

1This work is supported by The Kempe Foundations under contract JCK-1809 and SMK-1429, and
was enabled by a collaboration with the Institute of Neuroinformatics in Zurich supported by STINT
under contract IG2011-2025.
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neuromorphic processors and sensor systems have been developed by matching the de-
vice dynamics to neural dynamics, for example in the form of CMOS analog circuits
operating in the subthreshold regime where semiconductor electron diffusion mimics ion
diffusion in biological ion channels [3–5]. The dynamic nature and spatial structure of
biological neurons (synapses, dendrites, axons, etc.) implies that neurons are inherently
capable of temporal pattern recognition [6] and pattern generation, also without recur-
rent connections. Furthermore, the event-driven neurons in SNNs are typically sparsely
activated and thus offer an efficient way of doing inference [7]. SNNs with biologically
plausible dynamics thus offer an interesting alternative model for temporal and spatial
(spatiotemporal) pattern recognition [8], which can be further developed with guidance
from biology. However, it is an open problem how such neuromorphic pattern recognition
solutions can be engineered in practical applications such that the dynamic nature of the
hardware is efficiently exploited.

Delays are essential for neuromorphic processing of temporal patterns in spike trains
[9] and have been studied since the early 90s, see for example the work by [10]. Temporal
delays have for example been implemented in neuromorphic processors in the form of
multicompartment models [11,12] and dedicated, specifically tuned delay neurons in the
network architecture [13–15]. In the latter case the resulting SNN is similar to a model of
the auditory thalamocortical system described by [16]. [17] present a low-power pulse de-
lay and extension circuit for neuromorphic processors, which implements programmable
axonal delays ranging from fractions of microseconds up to tens of milliseconds. In poly-
chronous [18] architectures, asynchronously firing neurons project to a common target
along delay lines so that spikes arrive at the target neuron simultaneously, thus causing
it to fire. A polychronous SNN with delay adaptation for spatiotemporal pattern recog-
nition has been implemented in a FPGA and in a custom mixed-signal neuromorphic
processor [19, 20].

The typical signal propagation delays in axons [21] and dendrites [22] of cortical neu-
rons range up to tens of milliseconds. Furthermore, the dynamics of synapses also play an
important role for the processing of temporal and spatiotemporal patterns [6] and offer ef-
ficient dynamic mechanisms for sequence detection and learning [23]. Synaptic dynamics
enable pattern recognition architectures with high fan-in, which is beneficial in neuro-
morphic systems where multicompartment modeling, axon/neuron reservation and spike
transmission is costly. [24] present an SNN architecture with spike frequency adaptation
and synaptic short-term plasticity that models auditory pattern recognition in cricket
phonotaxis. There, synaptic short-term depression and potentiation is implemented to
make neurons act as high-pass and low-pass filters, respectively. The resulting signals are
combined in a neuron that acts as a band-pass filter and thereby responds to a frequency
band that is matched to the particular sound pulse period of the crickets. Insects offer
interesting opportunities to develop neuromorphic systems by modelling and finding guid-
ance from their neural circuits, where the relatively low complexity allows neuromorphic
engineers to transfer the principles of neural computation to applications [25].

Our present investigation is inspired by a more recent description of the cricket au-
ditory system [26] and preliminary work [27] indicating that dynamic synapses in a
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neuromorphic processor can be used to imitate the post-inhibitory rebound of the non-
spiking delay neuron in the auditory circuit of the cricket. We configured disynaptic delay
elements composed of inhibitory and excitatory dynamic synapses in the low-power Dy-
namic Neuromorphic Asynchronous Processor (DYNAP) model SE from aiCTX [28].
DYNAP-SE features reconfigurable mixed-mode analog/digital neuron and synapse cir-
cuits with biologically faithful dynamics. We investigated the properties and parameter
dependence of the disynaptic delay elements in a population of neuromorphic neurons
and found that delayed excitations of up to 100 ms can be achieved, and that the param-
eters can be selected so that the delay and delayed excitation amplitude depends mainly
on the synaptic efficacies. Furthermore, we imitated the post-inhibitory rebound of the
non-spiking neuron in the auditory circuit of the cricket [26] with one disynaptic element
and investigated a circuit with three spiking neurons that reliably detects the species-
specific sound-pulse interval of 20 ms. Since delays of tens of milliseconds are useful for
implementing different kinds of neural circuits, cortical circuits in particular, the easily
configurable properties of the disynaptic delay elements described and characterized in
the following open up for further implementations and studies of SNN architectures in
neuromorphic processors.

2 Materials and Methods

2.1 The DYNAP-SE Neuromorphic Processor

The DYNAP-SE neuromorphic processor uses a combination of low-power, inhomoge-
neous sub-threshold analog circuits and fast, programmable digital circuits for the em-
ulation of SNN architectures with bio-physically realistic neuronal and synaptic behav-
iors [28], making it a platform for spike-based neural processing with colocalized memory
and computation [29]. Specifically, the DYNAP-SE comprises four four-core neuromor-
phic chips, each with 1k analog silicon neuron circuits. Each neuron has a CAM block
containing 64 addresses representing the presynaptic neurons that the neuron is connected
to. Information about spike-activity is transmitted between neurons in an AER digital
routing scheme. Four different types of synaptic behavior are available for each con-
nection: Fast excitatory, slow excitatory, subtractive inhibitory, and shunting inhibitory.
The dynamic behaviors of the neuronal and synaptic circuits of the DYNAP-SE are gov-
erned by analog circuit parameters which are set by programmable on-chip temperature
compensated bias-generators [30].

The inhomogeneity of the analog low-power circuits that constitute the neurons and
synapses of the DYNAP-SE neuromorphic processor is due to device mismatch, and
gives rise to variations in the dynamic behaviors of the silicon neurons and synapses
that the analog circuits constitute. These variations are analogous to differences in
values of the parameters governing the differential equations that model the neuronal and
synaptic dynamics implemented in the chips. Consequently, one set value of a neuronal
or synaptic bias parameter, in one core of the DYNAP-SE, results in a distribution of
the corresponding parameter values in the population of neurons and synapses of that
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core.

Spiking Neuron Model

In the DYNAP-SE, neurons are implemented according to the AdEx spiking neuron
model [31]. The model describes the neuron membrane potential, V , and the adaptation
variable, w, with two coupled nonlinear differential equations,

C
dV

dt
= −gL(V − EL) + gL∆T e

(V−VT )/∆T − w + I, (1a)

τw
dw

dt
= a (V − EL)− w, (1b)

where C is the membrane capacitance, gL the leak conductance, EL the leak reversal
potential, VT the spike threshold, ∆T the slope factor, I the (postsynaptic) input current,
τw the adaptation time constant, and a the subthreshold adaptation. The membrane
potential increases rapidly for V > VT due to the nonlinear exponential term, which
leads to rapid depolarisation and spike generation at time t = tspike, where the membrane
potential and adaptation variable are updated according to

V → Vr, (2a)

w → w + b, (2b)

where Vr is the reset potential and b is the spike-triggered adaptation.

Dynamic Synapse Model

In the DYNAP-SE, synapses are implemented with sub-threshold DPI log-domain filters
proposed by [32] and further described by [33]. The response of the DPI for an input
current Iin can be approximated with a first-order linear differential equation,

τ
d

dt
Iout + Iout =

Ith
Iτ
Iin, (3)

where Iout is the (postsynaptic) output current, τ and Iτ are time constant parameters,
and Ith is an additional control parameter that can be used to change the gain of the
filter. This approximation is valid in the domain where Iin � Iτ and Iout � IIth . The
AdEx neuron model and the synapse equation are used in the following to describe the
disynaptic delay elements that we configure in the DYNAP-SE in order to approximate
the cricket auditory feature detection circuit.

2.2 Cricket Auditory Feature Detection Circuit

We consider the auditory feature detection circuit for sound pattern recognition in the
brain of female field crickets, described by [26], which is used for the recognition of the
sound pulse pattern of the male calling song. The circuit, consisting of five neurons,
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A B C

Figure 1: Neuromorphic feature detection circuit inspired by an auditory feature detection
circuit in field crickets. (A) SNN architecture comprising four spiking neurons, on which open
circles and solid disks denote, respectively, excitatory and inhibitory synapses. The disynaptic
delay element imitates the dynamics of the non-spiking delay neuron, LN5, in the feature
detection circuit of the cricket [26]. (B) Measured neuron membrane potentials in the DYNAP-
SE, following a 20-ms pulse stimulus. (C) Similarly, membrane potentials resulting from a pair
of 20-ms stimulus pulses with a 20-ms interval, which causes the feature detecting neuron, LN4,
to fire. By overcoming its inhibition and spiking, LN4 signals the feature detection.

responds selectively to a species-specific sound-pulse interval of roughly 20 ms, by using
a detection mechanism that relies on the coincidence of a direct neural response and a
delayed response to the received sound pulses. In this circuit, a coincidence detecting
neuron, LN3, receives excitatory projections along two separate pathways; one directly
from the ascending neuron AN1, and the other via the inhibitory neuron LN2 followed
by a non-spiking delay neuron LN5, which we approximate here with a delay element
formed by an inhibitory–excitatory synapse pair, see Figure 1 (adapted from [27]). The
non-spiking inhibitory neuron, LN5, in the cricket projects to LN3 and provides a delayed
excitation of LN3 due to PIR. The duration of the delay matches that of the species-
specific sound interpulse interval (IPI) of roughly 20 ms that the circuit is specialized
for detecting, so that the delayed excitation arrives at the coincidence detecting neuron,
LN3, simultaneously with the excitation caused by the subsequent sound pulse. The
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coincident excitations of LN3 enables it to fire and excite the feature detecting neuron,
LN4, which, in turn, signals the feature detection by firing.

2.3 Disynaptic Delay Elements

The PIR of the non-spiking neuron LN5 in the cricket auditory feature detection circuit
provides the delayed excitation of LN3 required for feature detection. For a general
discussion of such delays, see [23] and [6]. Spike-based dynamic neuromorphic processors,
such as the DYNAP-SE, cannot directly implement non-spiking neurons, such as the LN5
neuron in the cricket circuit, and flexible routing of such analog signals is problematic.
Therefore, we approximate LN5 and PIR with an inhibitory–excitatory pair of dynamic
synapses with different time constants, so that the sum of the two postsynaptic currents
initially is inhibitory and subsequently becomes excitatory some time after presynaptic
stimulation. For the inhibitory effect, a synapse of the subtractive type is used in the
DYNAP-SE. As its name implies, the subtractive inhibitory synapse type allows for
combining excitation and inhibition dynamics by summing inhibitory and excitatory
postsynaptic currents, as opposed to the shunting synapse type which inhibits the neuron
using a different mechanism. This summation of postsynaptic currents is the central
mechanism of the the proposed disynaptic delay element. For the excitatory part, the
slow synapse type is used, leaving the fast synapse type available for bias configuration
and use for stimulation of the postsynaptic neuron; in this case, for the projection from
AN1 to LN3.

The proposed disynaptic delay element can be modelled with Equation 3, and the
membrane potential resulting from presynaptic stimulation can be illustrated by solving
Equation 1. Figure 2 shows a numerical simulation of the disynaptic delay element
model for a 20 ms constant input current that represents the presynaptic stimulation,
as in Figure 1. Since the simulated neuron is in the subthreshold regime (V � VT ),
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Figure 2: Simulation of the disynaptic delay element model. (A) Sum of inhibitory and
excitatory postsynaptic currents from the delay element. (B) Resulting postsynaptic neuron
membrane potential.
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Equation 1 is simplified by setting the exponential term to zero and omitting the adaption
variable. The neuron and synapse parameters are selected so that the membrane potential
is comparable to the potential measured in the hardware, and should thus not be directly
compared with biological potentials and threshold values.

Dynamic disynaptic elements of this type are expected to provide a delayed excitation
that qualitatively matches the effect of PIR in the output of non-spiking delay neurons
like the LN5. Furthermore, we expect that the time delay and relative amplitude of
inhibition and excitation can be configured, for example by modifying the synapse time
constants and efficacies. The experimental results presented below demonstrate that this
is indeed feasible, and that for some bias settings it is possible to control the time delay
and delayed excitation amplitude with the synaptic efficacies only.

Neuromorphic Implementation

The disynaptic delay elements were configured in the DYNAP-SE in two different ways.
First, we aimed to mimic the post-inhibitory rebound in the cricket auditory circuit with a
delay of about 20 ms. The delay elements were stimulated with four spikes equally spaced
over the ∼ 20-ms stimulus-response of LN2 for a 20-ms sound pulse, which represents the
projection from LN2 to LN5 in the cricket circuit. The time constant of the inhibitory
synapse of the delay element was set so that the resulting inhibition of LN3 corresponded
to the inhibition caused by LN5 in the cricket; that is, a couple of ms longer than the 20-
ms sound-pulse duration. The excitatory synapse was tuned so that the LN3 excitation
lasts somewhat longer than that of the initial inhibition, approximately to the end of the
corresponding PIR excitation of LN5 in the cricket. The weight of the inhibitory synapse
was set higher than that of the excitatory synapse, such that the sum of inhibition
and excitation turned out negative, thus inhibiting the neuron for the duration of the
delay. For the excitatory synapse, the weight was set to yield a substantial excitation
of the postsynaptic neuron following the inhibition, while not generating spikes without
additional synaptic stimulation. In this manner, the effect of the non-spiking LN5 on LN3
is imitated with the summation of an inhibitory postsynaptic current and an excitatory
postsynaptic current produced by two synapses on LN3. The resulting DYNAP-SE bias
values are found in Table 1.

Given the large parameter space of a dynamic neuromorphic processor like the DYNAP-
SE, we then explored different ways to simplify the configuration of the disynaptic delay
elements for delays up to about 100 ms. One identified possibility is to lower the con-
stant injection current of the neurons receiving the delayed signal, to such an extent
that the inhibition by the delay elements make the neuron reach its minimum membrane
potential. This results in delay elements for which the duration of inhibition, τinh, can
be controlled with the inhibitory weight of the delay element, winh. Furthermore, the
amplitude of the post-inhibitory excitation, Vmax, is then controlled by the excitatory
weight of the delay element, wexc, as well as by varying the number of presynaptic spikes
stimulating the delay element. The DYNAP-SE bias values for this configuration of the
delay elements are found in Table 5.
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Characterization

For the purpose of characterization, the proposed disynaptic delay elements were im-
plemented, in parallel, in one core of a DYNAP-SE neuromorphic processor; one delay
element on each of the 256 neurons in the core. All of these neurons were then stim-
ulated as described in Section 2.3, and their membrane potentials were measured with
an oscilloscope. To avoid oscilloscope and DYNAP-SE time synchronization issues, we
analyzed the membrane potential measurements without reference to the precise timing
of the presynaptic stimulation. The full duration at half minimum of the inhibition and
the full duration at half maximum of the subsequent excitation, see Figure 2, can be
determined from membrane potential measurements without reference to the timing of
presynaptic spikes. Thus, we define the timescales of inhibition and delayed excitation in
terms of the Full Duration at Half Maximum/Minimum (FDHM). We characterized the
disynaptic delay elements with the distributions of the following five quantities: the min-
imum membrane potential, Vmin, the maximum membrane potential, Vmax, the FDHM
of inhibition, τinh, the FDHM of excitation, τexc, and the time duration from the FDHM
onset of the inhibition to the FDHM onset of the excitation, τdelay. These quantities are
illustrated in Figure 3, and allowed us to investigate the effect of different bias parameter
settings on the disynaptic delay elements in a population of neurons in the DYNAP-SE.
This way the bias parameter values of the delay elements could for example be tuned
to imitate the behavior of the delay neuron LN5 in the cricket. Further details on the
experimental settings are described in Section 2.5.

2.4 Neuromorphic Feature Detection Circuits

Cricket Circuit

For the implementation of the cricket auditory feature detection circuit, as described in
Section 2.2, in the DYNAP-SE neuromorphic processor, stimuli representing the projec-
tions from AN1 upon auditory stimulation were generated in the form of 11 spikes evenly
distributed over the pulse duration of 20 ms (in the noise-free case), yielding 10 ISIs of
2 ms each. Each of the remaining three neurons of the circuit, see Figure 1, were mod-
eled on separate cores in one chip of the DYNAP-SE. The DYNAP-SE bias parameter
values for the neurons LN2, LN3, and LN4 are found in Table 2, Table 3, and Table 4,
respectively, and the neuromorphic implementations of these neurons are described in
the following.

For the implementation of the inhibitory neuron, LN2, a single neuron on a reserved
core was used. This neuron was set to receive the generated stimulation representing
AN1 by assigning a synaptic connection of the fast excitatory type. The bias parameter
values from Section 5.7.3 in the DYNAP-SE user guide 2 were used as reference. The
parameter values of the fast excitatory synapse were then adjusted in order to model the
behavior of LN2 as observed in the cricket. The synaptic time constant, NPDPIE TAU F P,
was adjusted to match that of the cricket, and the synaptic weight, PS WEIGHT EXC F N,

2https://aictx.ai/technology/
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and threshold parameter, NPDPIE THR F P, were adjusted for LN2 to respond with the
right amount of four to five spikes for each input pulse.

For the coincidence detecting neuron, LN3, the proposed delay elements were imple-
mented according to the earlier description. An excitatory connection of the fast type
was added for LN3 to receive the projection from AN1.

For the excitatory connection from LN3 to the feature detecting neuron LN4, a
synapse of the fast type was used, and, for the inhibitory connection from LN2 to LN4, a
synapse of the subtractive type was used. Bias parameter values from Section 5.7.3 in the
DYNAP-SE user guide were used for neuronal parameters, and as reference values for the
fast excitatory synapses. For the fast inhibitory synapse, bias values from Section 5.7.5
in the user guide were used as reference. The bias parameters, time constant, threshold
and weight, for both synapse types, were then hand-tuned in order to approximate the
behavior of LN4 in one DYNAP-SE neuron, so as to make LN4 spike, thus signaling
feature detection, for stimuli with IPIs of 20 ms, but not for IPIs of 0, 10, 30, 40 and 50
ms.

Single-Neuron Feature Detector

We further investigated the possibility that a single neuron in the DYNAP-SE with mul-
tiple disynaptic delay elements can respond selectively to spatiotemporal spike patterns,
which match the difference in the delay times resulting from device mismatch. Specifi-
cally, we configured a neuron with two inputs via two different disynaptic delay elements.
The input patterns consist of spike pairs, one spike for each delay element, with a vari-
able spike-time interval. Patterns with spike-time intervals that match the delay-time
difference between the two delay elements should generate postsynaptic currents with
coincident maxima, thus resulting in maximum excitation of the neuron.

The neuron and delay elements were configured as described in Section 2.3 with
bias parameter values according to Table 5, with a few modifications: The threshold,
IF THR N = (6, 135), and excitatory synaptic efficacy was modified so that the neuron
generates output spikes for two input spikes, and the inhibitory weight of the delay
elements was modified accordingly. Furthermore, the time-constant of the excitatory
synapse was lowered to compensate for the strong excitation required, NPDPIE TAU S P =
(5, 70) and NPDPIE THR S P = (0, 210). The numbers in parentheses denote coarse and
fine parameter values of the DYNAP-SE, respectively.

The synapses were selected with an off-line Hebbian-like learning rule such that, for
the spike patterns considered, the neuron responded selectively to spike patterns with
intermediately long intervals, but not to spike patterns with shorter or longer intervals.
Spike patterns were generated as described in the next section, and the neuron was
stimulated one hundred times with each pattern. Based on these experiments the average
probability of the neuron to spike for each type of pattern was determined.
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2.5 Experiments

In all of the experiments conducted in this work, the DYNAP-SE neuromorphic proces-
sor was controlled using the cAER event-based processing framework for neuromorphic
devices. More specifically, a custom module making use of the tools for configuration and
monitoring provided by cAER was created and added to the framework. All stimuli were
synthetically generated using the built-in spike generator in the FPGA of the DYNAP-
SE, which generates spike-events according to assigned ISIs and virtual source-neuron
addresses.

The DYNAP-SE features analog ports for monitoring of neuron membrane potentials.
For measurements of these potentials, the 8-bit USB oscilloscope SmartScope by LabNa-
tion was used. Since these measurements only capture the neuron membrane potential,
there is no information about the precise relative timing of spike-events in the resulting
data. Because of this, the durations of inhibition and excitation of the delay elements
were defined in terms of the FDHM as described above.

For the extraction of the delay parameters defined in Section 2.3, the stimulus was
repeatedly broadcast to all neurons in the core, and for each stimulation cycle one neu-
ron was monitored with the oscilloscope using the programmable analog outputs of the
DYNAP-SE. The stimulation cycle was given a duration of 0.5 s, in order for the neurons
to relax to a resting state before and after stimulation. At the initial state of rest, the
resting potential was automatically estimated for each neuron. The resting potential
was subsequently subtracted from the measurement data, such that the resulting resting
potentials are zero. This was done to make the parameter values of the different neurons
comparable with each other.

3 Results

3.1 Characteristics of Delay Elements

Results from the characterization of the disynaptic delay elements, implemented in paral-
lel on each of the 256 neurons in one core of the DYNAP-SE neuromorphic processor, are
presented in Figure 3. The figure shows the pulse-response of one typical delay element
from the resulting population, along with histograms of the distributions of parameters
that characterize each delay element. The resulting values of Vmax range from 3 to 143 mV
and center around 105 mV. Vmin has a thicker tail of the distribution and range from -310
to -20 mV, with most values between -100 and -50 mV. The time constant distributions
have relatively thin tails. τinh has values between 6 and 47 ms with probability peaking
between 26 and 28 ms. τexc ranges from 0 to 38 ms with probability peaking between 18
and 20 ms, and τdelay spans between 22 and 51 ms with probability peaking between 28
and 29 ms.

The pulse-responses of four different delay elements are presented in Figure 4, which
illustrates the variety of delay dynamics obtained thanks to device mismatch. Here,
the variance of the minimum voltage, Vmin, is especially evident, but variation in other



3. Results 63

A B

C

D E F

Figure 3: Characteristics of disynaptic delay elements configured in the DYNAP-SE neuro-
morphic processor. (A) Postsynaptic membrane potential versus time, illustrating the delayed
excitation resulting from a presynaptic pulse. (B) Distribution of the maximum measured
membrane potential, Vmax, resulting from a presynaptic pulse. (C) Similarly, the distribu-
tion of the minimum measured membrane potential, Vmin. (D) Distribution of the inhibitory
timescale, τinh, defined as the full width at half minimum. (E) Distribution of the excitatory
timescale, τexc, defined as the full width at half maximum. (F) Distribution of the delay time,
τdelay, defined as the duration from the onset of τinh to the offset of τexc. The distributions in
panels (B)–(F) were obtained via characterization of one DYNAP-SE core, comprising, in par-
allel, one disynaptic delay element on each of the 256 neurons, with biases configured according
to Table 1.

parameters can also be observed, such as Vmax, in the case of the virtually non-existing
excitation in Figure 4B.

3.2 Cricket Feature Detection

The function of the neuromorphic implementation of the feature detection SNN was
investigated by stimulating it with double pulses of 20 ms duration each, while increasing
the IPI from 0, 10, 20, 30, 40, to 50 ms. Furthermore, in order to investigate the effect of
noise in the stimuli, as is likely to be present in real-world environments, different levels
of spike-timing noise was introduced in the generated stimuli by randomly perturbing
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Figure 4: Examples of four different membrane potentials measured in the characterization
of the delay elements summarized in Figure 3. These variations were observed in one core with
256 neurons, with biases configured according to Table 1.

the value of the ISIs with values drawn from a continuous uniform distribution. Figure 5
shows the membrane potential of LN4 during correct classification of noiseless double
pulses of all of the IPIs mentioned above, as well as the result in the presence of 20%
spike-timing noise, where some false positives are observed for the 10 ms IPI.

By varying the weights of the excitatory projection from AN1 to LN3 and the excita-
tory synaptic weight of LN4, respectively, a boundary of correct classification of stimuli
could be identified in the space spanned by these two parameters. Outside the bound-
ary, false positives and/or false negatives occur with varying probability. The boundary
was observed to move substantially in the parameter space as time progressed after cold
startup of the DYNAP-SE and this is likely due to heating by the FPGA that is enclosed
in the DYNAP-SE system. This change was observed over multiple runs of the experi-
ment and appears to be qualitatively consistent. Furthermore, the shift of the boundary
in the presence of spike-timing noise in the stimuli was investigated. Figure 6 shows
the boundary of correct classification, as measured at three separate points in time after
device initialization, spanning from minutes to several hours of run-time. The figure also
shows the shrinkage of the classification boundary in the presence of 10% spike-timing
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Figure 5: Response of LN4 for double-pulse stimuli with IPIs of 0, 10, 20, 30, 40, and 50
ms, respectively. (A) Noiseless case. (B) Example for 20% noise, with a false positive for the
10-ms IPI.

noise in the stimuli, in relation to the steady-state of the boundary after several hours of
system run-time.

A quantitative investigation of the IPI dependence of the feature detection circuit
was made by repeatedly stimulating the network with double pulses of different IPIs
as described earlier, while observing the response in LN3 and LN4 by recording and
counting the spikes of both neurons. For each IPI, the network was presented with the
corresponding double-pulse stimulus 50 times. Figure 7 shows, in the case of noiseless
stimuli, the average number of spikes from LN3 and LN4, respectively, centrally within
the synaptic boundary of correct classification, as well as at the boundary. Centrally
within the boundary of correct classification, LN4 responded exclusively to the 20 ms
pulse interval, with no false positives or negatives. On the boundary of the parameter
space, LN4 began to exhibit false positives for the 10 ms IPI, with 0.32 ± 0.47 spikes per
double-pulse stimulus.

Similarly, Figure 8 shows the results for the best synaptic configuration used in the
previous experiment, centrally located within the boundary of correct classification, but
for different levels of spike-timing noise. As expected the network performed correct
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Figure 6: Boundary of correct stimulus classification in synaptic parameter space. Outside the
enclosed region, false positives and/or false negatives occur with varying probability. The hor-
izontal and vertical axes indicate the fine integer bias-values of the excitatory synaptic weight
for the neurons LN3 and LN4, respectively. Multiple line types indicate experiments performed
under different environmental conditions. (A) Movement of the classification boundary ob-
served after several hours of continuous operation from cold startup. The temperature change
is likely caused by the FPGA that is enclosed in the system. (B) Shrinkage of the classification
boundary in presence of 10% spike-timing noise in the stimulus (bold line). Boundary points
are temperature dependent.

classification in the noiseless case. The introduction of noise caused LN4 to exhibit false
positives, in particular for the 10 ms IPI. At higher levels of noise also false negatives
were observed. In the case of 50% noise the response of LN4 was 0.18 ± 0.48 spikes per
double-pulse for the 10 ms IPI, and 0.48 ± 0.54 spikes for the 20 ms IPI.

3.3 Reconfigurability of Delay Elements

Given the large parameter space of a dynamic neuromorphic processor, such as the
DYNAP-SE, we explored different ways to simplify the configuration of the disynap-
tic delay elements for delays up to about 100 ms. Figure 9A shows four configurations of
one delay element, with the maximum membrane potential of the postinhibitory excita-
tion ranging between 20 and 110 mV, and the durations of inhibition ranging between 50
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Figure 7: Average number of spikes from LN3 and LN4 per double-pulse stimulus for varying
IPIs and two different bias configurations: one central to, and one on the boundary of, the
region illustrated in Figure 6. For each IPI, the data-points are graphically separated by 4/3
ms to improve clarity of the visualization. Error bars denote ±1 standard deviation. (A)
Feature detecting neuron, LN4. (B) Coincidence detecting neuron, LN3.

and 90 ms, according to the FDHM definition. A table with delay element weight values
and resulting values of τinh and Vmax, from a total of 12 such variations, is presented in
Figure 9B; the data-points corresponding to the membrane potentials in Figure 9A are
marked with filled disks.

3.4 Feature Detection with Multiple Delay Elements

Disynaptic delay elements produce variable delayed excitations when stimulated with
presynaptic spikes, as demonstrated in Figure 9. Furthermore, the delayed excitations are
subject to device mismatch variability, as demonstrated in Figure 3. Thus, as described
in Section 2.4 we investigated the possibility that a single neuron with multiple disynaptic
delay elements can respond selectively to spatiotemporal patterns that match the different
delay times. We find that this is possible, and one example is illustrated in Figure 10,
which shows the results for one neuron in DYNAP-SE with two delay elements (DE1 and
DE2) stimulated with eleven different spatiotemporal patterns. The experiment with
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Figure 8: Average number of spikes from LN3 and LN4 per double-pulse stimulus for varying
IPIs and different levels of spike-timing noise in the stimuli. For each IPI, the data-points are
graphically separated by 4/3 ms to improve the clarity of the visualization. Error bars denote
±1 standard deviation. (A) Feature detecting neuron, LN4. (B) Coincidence detecting neuron,
LN3.

each pattern is repeated one hundred times. The neuron fires selectively when the time
interval between presynaptic spikes, tDE2 − tDE1, is three to four milliseconds, while the
probability of firing is low for shorter and longer presynaptic spike intervals. The neuron
does not fire when tDE2 − tDE1 < 0.

4 Discussion

SNN architectures for temporal pattern recognition require delays, and the dynamics of
synapses, dendrites and axons of cortical neurons correspond to a spectrum of signal prop-
agation delays ranging up to about 100 ms. In this work, we investigate delays produced
by inhibitory–excitatory pairs of conventional conductance-based dynamic synapses im-
plemented in the DYNAP-SE neuromorphic processor. Our main results presented in
Figure 3, Figure 9 and Figure 10 demonstrates that configurable delayed excitations of
up to about 100 ms can be implemented in this way, and that a single neuron with
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Figure 9: Configuration of disynaptic delay elements. (A) Postsynaptic membrane poten-
tial versus time, resulting from a presynaptic pulse. The delay is controlled mainly by the
inhibitory synaptic efficacy, winh. The amplitude of the delayed excitation is controlled mainly
by the excitatory synaptic efficacy, wexc, and by the number of presynaptic spikes. Note that
the membrane potential reaches its minimum possible value during inhibition, and that the
difference between this value and the resting potential is controlled with the constant injection
current of the neuron, controlled by the bias parameter IF DC P. (B) Maximum membrane
potential, Vmax, versus duration of inhibition, τinh, for different values of (winh, wexc). Each
point is denoted with the corresponding fine integer bias values of the inhibitory and excitatory
synaptic weights, respectively.
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Figure 10: Feature detection by a single neuron in the DYNAP-SE. (A) Neuron with one
output (Out) and two inputs with disynaptic delay elements (DE1 and DE2). (B) Probability
that the neuron spikes versus the presynaptic spike interval, which denotes the time between
two presynaptic spikes at DE1 and DE2, respectively. This neuron spikes with maximum
probability when a spike arrives to DE2 about three milliseconds later than to DE1. The
neuron does not spike for presynaptic spike intervals below about two milliseconds and above
about six milliseconds. (C) Examples of spike times for presynaptic spike intervals of 3 ms
(bold lines) and 0 ms (thin lines). In the latter case no postsynaptic spike is generated. (D)
Examples of membrane potentials measured for 3 ms (bold line) and 0 ms (thin line) presynaptic
spike intervals. No spike is generated when the two presynaptic spikes arrive simultaneously.
With a presynaptic spike interval of 3 ms the neuron spikes reliably.
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multiple disynaptic delay elements can respond selectively to spatiotemporal input pat-
terns. Figure 3 illustrates that for one particular configuration of the disynaptic elements,
which is selected to mimic the PIR of a particular non-spiking delay neuron in crickets, a
distribution of delays are realized in one neuromorphic core thanks to device mismatch.
Furthermore, Figure 9B illustrates a subset of the possible disynaptic configurations re-
sulting in different delays (τinh = 30, 50, 70, 90 ms) and delayed excitation amplitudes.
Thus, by configuring the two synaptic parameters of the disynaptic elements, variable ex-
citation strengths and delays of up to about τdelay ' 100 ms are achieved, which is similar
to the range of dendritic and axonal signal propagation delays in cortical circuits [34].

At the quantitative level, we observe some differences between the feature detection
results presented in Section 3.2 and the behavior of the cricket circuit described by [26].
In the crickets, the response of the coincidence detector neuron LN3 for different IPIs
varies so that the distribution of the number of spikes of LN3 increases as the interval gets
closer to the species-specific IPI of 20 ms. This is not the case in the results presented
here, and further optimization of the neuron and synapse parameters are required if
this behavior is to be imitated. As illustrated in Figure 7B, our LN3 reliably produces
the same number (but different timings) of spikes for all of the different IPIs, with the
exception of the 0 ms IPI. A more plausible trend is observed in the case of 50% input
noise, but in that case the classification results are weaker. Hence, the classification
mechanism relies on the timing of spikes and the balance of inhibition and excitation.

Temporal feature detection and pattern recognition are central tasks in advanced
sensor and perception systems. Thus, low-power SNN processors enabling learning and
recognition of complex spatiotemporal patterns [1, 2] have many potential applications,
for example for always-on machine monitoring [35, 36], where the system needs to op-
erate autonomously and wirelessly with limited resources over the expected lifetime of
the monitored machine component [37, 38]. Although we sidestep Dale’s principle, the
dynamic disynaptic delay elements investigated here have the desirable property that
each neuron can be configured with multiple disynaptic elements, as illustrated in Fig-
ure 10. By combining multiple disynaptic delay elements, for example in line with the
idea of polychronous networks [18], more complex spatiotemporal patterns can be de-
tected in principle. Since the disynaptic delay elements are realized with ordinary dy-
namic synapses, the approach is not limited to this particular neuromorphic processor,
although the distribution of delays obtained is processor and device-mismatch dependent.

Further work is required to investigate how the repertoire of synaptic delays can
be exploited and configured/learned to solve practical pattern recognition tasks, and to
further develop the understanding of how device mismatch, noise and temperature vari-
ations affect different network architectures. With dynamic synapses featuring short-
and long-term plasticity, additional mechanisms for sequence detection and learning can
also be realised [23] and investigated. Furthermore, SNNs can faithfully reproduce dy-
namics of brain networks, which appear to self-organize near a critical point where no
privileged spatial or temporal scale exist, which has interesting consequences for informa-
tion processes [39]. Thus, Neuromorphic Engineering [2, 40] and dynamic neuromorphic
processors opens the way to new interesting architectures for pattern recognition and
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generation in machine perception and control.
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A Bias-Parameter Values

Table 1: Bias parameter values used for the characterization of individual disynaptic delay
elements in the DYNAP-SE.

Parameter Parameter Coarse Fine Current
type name value value level

Neuronal IF AHTAU N 7 35 L
IF AHTHR N 7 1 H
IF AHW P 7 1 H
IF BUF P 3 80 H
IF CASC N 7 1 H
IF DC P 0 40 H
IF NMDA N 1 213 H
IF RFR N 4 40 H
IF TAU1 N 5 39 L
IF TAU2 N 0 15 H
IF THR N 6 4 H

Synaptic NPDPIE TAU S P 6 120 H
NPDPIE THR S P 1 30 H
NPDPII TAU F P 5 100 H
NPDPII THR F P 3 60 H
PS WEIGHT EXC S N 1 110 H
PS WEIGHT INH F N 1 130 H
PULSE PWLK P 5 40 H
R2R P 4 85 H
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Table 2: Bias parameter values used for the inhibitory neuron, LN2, in the DYNAP-SE
implementation of the cricket feature detection network.

Parameter Parameter Coarse Fine Current
type name value value level

Neuronal IF AHTAU N 7 35 L
IF AHTHR N 7 1 H
IF AHW P 7 1 H
IF BUF P 3 80 H
IF CASC N 7 1 H
IF DC P 7 2 H
IF NMDA N 7 1 H
IF RFR N 4 208 H
IF TAU1 N 6 21 L
IF TAU2 N 5 15 H
IF THR N 3 20 H

Synaptic NPDPIE TAU F P 5 165 H
NPDPIE THR F P 1 100 H
PS WEIGHT EXC F N 0 190 H
PULSE PWLK P 0 43 H
R2R P 4 85 H

Table 3: Bias parameter values used for the coincidence detecting neuron, LN3, in the DYNAP-
SE implementation of the cricket feature detection network. Neuronal parameters set according
to Table 1.

Parameter Parameter Coarse Fine Current
type name value value level

Synaptic NPDPIE TAU F P 5 200 H
NPDPIE TAU S P 6 120 H
NPDPIE THR F P 1 30 H
NPDPIE THR S P 1 30 H
NPDPII TAU F P 5 100 H
NPDPII THR F P 3 60 H
PS WEIGHT EXC F N 1 144–161 H
PS WEIGHT EXC S N 1 110 H
PS WEIGHT INH F N 1 130 H
PULSE PWLK P 5 40 H
R2R P 4 85 H
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Table 4: Bias parameter values used for the feature detecting neuron, LN4, in the DYNAP-SE
implementation of the cricket feature detection network. Neuronal parameters set according to
Table 2.

Parameter Parameter Coarse Fine Current
type name value value level

Synaptic NPDPIE TAU F P 5 80 H
NPDPIE THR F P 1 140 H
NPDPII TAU F P 6 180 H
NPDPII THR F P 3 140 H
PS WEIGHT EXC F N 0 71–82 H
PS WEIGHT INH F N 0 60 H
PULSE PWLK P 0 43 H
R2R P 4 85 H

Table 5: Bias parameter values used for configuration of the disynaptic delay elements in the
DYNAP-SE. Neuronal parameters not defined in this table were set according to Table 1.

Parameter Parameter Coarse Fine Current
type name value value level

Neuronal IF DC P 1 30 H

Synaptic NPDPIE TAU S P 7 210 H
NPDPIE THR S P 1 30 H
NPDPII TAU F P 6 80 H
NPDPII THR F P 3 60 H
PS WEIGHT EXC S N 0 8–80 H
PS WEIGHT INH F N 0 1–150 H
PULSE PWLK P 5 40 H
R2R P 4 85 H
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Synaptic Integration of Spatiotemporal Features

with a Dynamic Neuromorphic Processor 1

Mattias Nilsson, Foteini Liwicki, and Fredrik Sandin

Abstract

Spiking neurons can perform spatiotemporal feature detection by nonlinear synaptic
and dendritic integration of presynaptic spike patterns. Multicompartment models of
nonlinear dendrites and related neuromorphic circuit designs enable faithful imitation
of such dynamic integration processes, but these approaches are also associated with a
relatively high computing cost or circuit size. Here, we investigate synaptic integration
of spatiotemporal spike patterns with multiple dynamic synapses on point-neurons in the
DYNAP-SE neuromorphic processor, which offers a complementary resource-efficient, al-
beit less flexible, approach to feature detection. We investigate how previously proposed
excitatory–inhibitory pairs of dynamic synapses can be combined to integrate multiple
inputs, and we generalize that concept to a case in which one inhibitory synapse is com-
bined with multiple excitatory synapses. We characterize the resulting delayed excitatory
postsynaptic potentials (EPSPs) by measuring and analyzing the membrane potentials
of the neuromorphic neuronal circuits. We find that biologically relevant EPSP delays,
with variability of order 10 milliseconds per neuron, can be realized in the proposed man-
ner by selecting different synapse combinations, thanks to device mismatch. Based on
these results, we demonstrate that a single point-neuron with dynamic synapses in the
DYNAP-SE can respond selectively to presynaptic spikes with a particular spatiotempo-
ral structure, which enables, for instance, visual feature tuning of single neurons.

1 Introduction

Neural circuitry is a main source of inspiration in the development of more efficient and
potent computing architectures, such as deep neural networks [1]. The neuron models
used in such artificial neural networks are greatly simplified state-based models, which
require computationally costly iterations to process the spatiotemporal patterns that
characterize most real-world events. However, the fact that such basic models of neurons
are so successfully used in applications motivates further investigations of neuroscientif-
ically inspired computational principles and architectures [2, 3].

In the quest for more energy- and resource-efficient computing and learning architec-
tures, neuromorphic sensors and processors, which more faithfully reproduce the observed

1This work was funded by The Kempe Foundations, under contracts JCK-1809 and SMK-1429, and
by ECSEL JU, under grant agreement no. 737459.
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dynamic behavior of neurons, are developed by exploiting the dynamics of conventional
microelectronic devices and novel nanomaterials [4, 5]. With such a dynamic computing
approach, more resource-efficient signal processing and perception systems can be engi-
neered [6]—one example being event-based vision [7], which can benefit applications in
real-time interaction systems, such as robotics and wearable electronics [8], for which low
power, low latency, and high dynamic range are important properties [9].

Dynamic neuromorphic processors have parallel instances of mixed-signal analog/digital
circuits, operating in real-time, that emulate the biophysical dynamics of neurons and
synapses [10–12]. Such processors are different in comparison to digital computers, from a
physical information-processing point of view. Consequently, such neuromorphic systems
can offer efficiency advantages in the development of computational intelligence inspired
by the observed functions of brains, the senses, and neural circuits.

In neuromorphic processing of spatiotemporal patterns, temporal delays are essen-
tial computational elements [13]. Delays have, for instance, been implemented using
dedicated, specifically tuned delay neurons serving as axonal delays in SNN architec-
tures [14,15], as well as using synaptic dynamics [16]. In biology, the delays of excitatory
postsynaptic potentials (EPSPs) in dendrites range up to tens of milliseconds [17], and
make out part of the critical role of dendrites in processing of spatiotemporal informa-
tion in neurons [18]. In neuromorphic systems, dendritic integration has been investigated
with nonlinear and multicompartment models—see for example [19–23].

Fig. 1 illustrates two examples of feature-selective neural circuits based on nonlinear
neuronal dynamics. One such example is illustrated in Fig. 1A, in which a nonspiking
(NS) neuron with one inhibitory synapse is stimulated by a presynaptic spike that leads
to a PIR of the membrane potential, VNS, with maximum after 20 ms. The PIR generates
a delayed EPSP in the spiking coincidence-detection (CD) neuron, which implies that the
firing probability of the CD neuron depends on the relative timing of presynaptic spikes.
This type of circuit can be observed in the auditory system of crickets [24], and has been
mimicked in a neuromorphic implementation [16], in which an excitatory–inhibitory pair
of dynamic synapses was used to imitate the delayed excitation of a coincidence detecting
neuron caused by the PIR mechanism.

A pyramidal neuron with millimeter-scale dendrites of varying width, conductance
and capacitance is illustrated in Fig. 1B. The PSPs from excitatory synapses, located
(on spines) at different positions along the dendrites, propagate with varying velocity and
amplitude depending on the variable properties of the dendrite. Thus, the propagation
of each PSP towards the soma is subject to a dendritic delay, and the relative timing
of presynaptic spikes influence their contribution to the eventual firing of the soma,
as well as long-term plasticity [18]. Pyramidal neurons are abundant in the neocortex
and hippocampus, and synaptic integration of this type is an essential aspect of neural
information processing. Short-term synaptic plasticity further increases the capacity of
synapses and neurons to dynamically integrate temporally encoded information [25,26].

Neuromorphic multicompartment models enable increasingly faithful and flexible im-
plementations of dendritic integration and plasticity [19, 20, 22, 23]. However, such neu-
romorphic circuits are also complex, and require larger neuromorphic circuit designs and
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more power than dynamic point-neuron implementations, which can matter in resource-
constrained applications with high-dimensional inputs, such as battery-powered machine
vision systems. The results in [16], in which excitatory–inhibitory pairs of dynamic
synapses on point neurons are used to generate a delayed EPSP, suggest that multiple
dynamic synapses of that type can potentially be used to integrate spatiotemporal spike
patterns within single point-neurons in a dynamic neuromorphic processor. To what ex-
tent can patterns with different temporal extensions and spatial dimensions be detected
that way?

Here, we investigate synaptic integration of spatiotemporal spike patterns with mul-
tiple dynamic synapses [10] on point neurons in the DYNAP-SE neuromorphic proces-
sor [27]. The DYNAP-SE is a mixed-signal processor for low-power, real-time emulation
of SNNs, providing a platform for spike-based neural processing with colocalized memory
and computation [28]. We characterize the resulting delayed EPSPs by measuring and
analyzing the membrane potentials of the neuromorphic neuron circuits, and we find that
biologically relevant EPSP delays with variability of order 10 milliseconds per neuron can
be realized. Albeit less flexible and general than a multicompartment implementation,
our presented work offers a complementary resource-efficient approach to integration and
detection of spatiotemporal features.

The contribution of this work is twofold: (i) we use dynamic synapses in the DYNAP-
SE neuromorphic processor integrating multiple delayed EPSPs as a simple model of
dendritic integration [20, 23]; (ii) we model, in effect, axonal, as well as dendritic and
synaptic, temporal delays—instead of only axonal ones [14,15]—and we thereby perform
synaptic integration of spatiotemporal information using point neurons in a mixed-signal
neuromorphic processor, which is subject to device-mismatch related challenges.

2 Materials and Methods

The experimental setup used in this work consisted of a DYNAP-SE unit—a Dynamic
Neuromorphic Asynchronous Processor (DYNAP) [27] from SynSense—connected to a
PC via a USB interface. The DYNAP-SE was controlled from the PC using the cAER
event-based processing framework for neuromorphic devices. Since the DYNAP-SE em-
ulates neuronal and synaptic dynamics in real-time—using analog circuitry—we config-
ured it in a hardware-in-the-loop setup, in which a PC receives digital spike-event data
and analog neuron monitoring, while iteratively reconfiguring the DYNAP-SE in order
to carry out the measurement series described in the following. All stimuli were syn-
thetically generated using the built-in FPGA spike-generator in the DYNAP-SE, which
generates spike-events according to assigned ISIs and virtual source-neuron addresses.
The 8-bit USB oscilloscope SmartScope from LabNation was used for measurements of
analog neuronal membrane potentials in the DYNAP-SE.
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Figure 1: Examples of feature-selective biological circuits that depend on nonlinear neuronal
dynamics. A: A nonspiking (NS) neuron featuring postinhibitory rebound (PIR) when stimu-
lated by a presynaptic spike-pulse. B: A pyramidal neuron with millimeter-scale dendrites of
varying conductance and capacitance.

2.1 The DYNAP-SE Neuromorphic Processor

The DYNAP-SE is a reconfigurable, general-purpose, mixed-signal SNN processor, which
uses low-power, inhomogeneous, sub-threshold, analog circuits to emulate the biophysics
of neurons and synapses in real-time. One DYNAP-SE unit comprises four four-core
chips—each core having 256 AdEx neuron-circuits. Each neuron has a CAM block con-
taining 64 addresses, see Fig. 2, which represent connections to presynaptic neurons.
Four different synapse types are available for each connection: fast and slow excitatory,
and subtractive and shunting inhibitory, respectively. The dynamic behaviors of the neu-
ronal and synaptic circuits in the DYNAP-SE are governed by analog circuit parameters,
which are set by programmable on-chip bias-generators providing 25 bias parameters
independently for each core. Information about spike-events is transmitted between the
neurons of the DYNAP-SE using the AER communication protocol.

Spiking Neuron Model

The AdEx spiking neuron model [29] describes the neuronal membrane potential, V , and
an adaptation variable, w, with two coupled nonlinear differential equations:

C
dV

dt
= −gL(V − EL) + gL∆T e

(V−VT )/∆T − w + I, (1a)

τw
dw

dt
= a (V − EL)− w, (1b)
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Figure 2: Simplified block diagram of one of the 256 mixed-signal analog/digital neuronal
nodes in each core of the DYNAP-SE. Each node contains 64 mixed-memory words, each with
a 10-bit CAM cell and a 2-bit SRAM cell, four synaptic DPI circuits, and one AdEx neuron
circuit. The digital-to-analog signal-converting circuitry for each mixed-memory word is here
simplified with a block labeled Digital-to-Analog Current Converter (DACC). Also, the four
20-bit SRAM cells holding fan-out spike routing information are displayed.

in which C is the membrane capacitance, gL the leak conductance, EL the leak reversal
potential, VT the spike threshold, ∆T the slope factor, I the postsynaptic input current,
τw the adaptation time constant, and a the subthreshold adaptation. For V > VT , the
membrane potential increases rapidly, due to the nonlinear exponential term, leading to
a rapid depolarization and spike generation, at time of which, t = tspike, the membrane
potential and the adaptation variable are both, respectively, updated according to

V → Vr, (2a)

w → w + b, (2b)

where Vr is the neuronal reset potential and b is the spike-triggered adaptation.

Dynamic Synapse Model

The synapses of the DYNAP-SE are implemented with subthreshold DPI log-domain
filters, which are proposed in [10] and further described in [12]. The following first-order
linear differential equation approximates the response of a DPI to an input current Iin:

τ
d

dt
Iout + Iout =

Ith
Iτ
Iin, (3)

where Iout is the postsynaptic output current, τ and Iτ are time-constant parameters,
and Ith is an additional control parameter that can be used to change the gain of the
filter. This approximation is valid for Iin � Iτ and Iout � IIth .

2.2 Disynaptic Delays

We used excitatory–inhibitory pairs of dynamic synapses in the DYNAP-SE to imple-
ment temporally delayed interneuronal connections in the DYNAP-SE—in the manner
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Table 1: Bias parameter values used to implement disynaptic delay elements in the DYNAP-
SE.

Parameter Parameter Coarse Fine Current
type name value value level

Neuronal IF AHTAU N 7 35 L
IF AHTHR N 7 1 H
IF AHW P 7 1 H
IF BUF P 3 80 H
IF CASC N 7 1 H
IF DC P 1 30 H
IF NMDA N 1 213 H
IF RFR N 4 40 H
IF TAU1 N 5 39 L
IF TAU2 N 0 15 H
IF THR N 6 135 H

Synaptic NPDPIE TAU S P 5 70 H
NPDPIE THR S P 0 210 H
NPDPII TAU F P 5 100 H
NPDPII THR F P 3 60 H
PS WEIGHT EXC S N 0 140 H
PS WEIGHT INH F N 0 150 H
PULSE PWLK P 5 40 H
R2R P 4 85 H

that is described in detail in [16]. More specifically, one excitatory–inhibitory synapse
pair, connected to the same input-neuron, constitutes one delay element and—in a man-
ner resembling PIR—generates a delayed excitation in the postsynaptic neuron upon
stimulation. For the inhibition, a synapse of the subtractive type was used, which allows
the combination of excitation and inhibition by summation of the postsynaptic currents.
A synapse of the slow type was used for the excitation, which operates with on a rel-
atively long time-scale—leaving the fast type available for use for direct stimulation of
the neuron, in potential future cases. The excitation delay was realized by giving the
excitatory synapse a longer time-constant than that of the inhibitory one, so that, follow-
ing the decay of the inhibition—which was set to a time-constant matching the desired
temporal delay—the EPSP still contributes to raise the neuronal membrane potential
and, thereby, generates the delayed excitation. The bias-parameter values used for this
configuration of the DYNAP-SE are provided in Table 1.

The disynaptic delay elements can be simulated using Eq. (3), and the postsynaptic
neuronal membrane potential using Eq. (1). Fig. 3 shows the result of such a numerical
simulation for a single-spike input. Since the simulated neuron is in the subthreshold
regime, where V < VT , Eq. (1) was simplified by setting the exponential term to zero,
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Figure 3: Simulation of the disynaptic delay-element model [16]. The figure shows the postsy-
naptic neuronal membrane potential following presynaptic single-spike stimulation of one delay
element.

and by omitting the adaptation variable. The neuronal and synaptic parameters used in
the simulation were selected for the neuronal membrane potential to be comparable to
those measured in the DYNAP-SE, and should, therefore, not be directly compared with
potentials and threshold values.

Due to the device mismatch inherent to the analog neuronal and synaptic circuits of
the DYNAP-SE, any set of bias-parameter values generates a distribution of the corre-
sponding neuronal and synaptic dynamic behaviors in the core being configured. Thus,
implementation of the disynaptic delays as described above—by configuring the bias
parameters of one core of the DYNAP-SE accordingly—should generate a distribution
of delays in the population of neurons. Furthermore, even though all 64 CAMs of one
DYNAP-SE neuron technically use the same four synaptic circuits—for the four differ-
ent synapse types, respectively—there is digital-to-analog current-converting circuitry
between the CAMs and the synaptic circuits, which constitutes a further source of in-
homogeneity. Thus, different disynaptic delays implemented on the same neuron, but
using different CAMs, are expected to exhibit some degree of variation in behavior, why
a distribution of temporal delays can be expected also in one and the same neuron.

2.3 Feature Detection Architectures

Given the expected temporal variation in disynaptic delay elements implemented using
different CAMs on the same single neuron, input-spikes arriving to such a neuron—via
different delay elements—should generate EPSPs with coincident maxima, if the differ-
ences in presynaptic spike times compensate for the differences in the synaptic delay
times. Thus, input patterns with spike-time intervals that match the delay-time dif-
ferences should generate maximal excitation of the neuron, why a single neuron should
be able to respond selectively—with increased intensity—to such spatiotemporal input
patterns. To investigate this, we performed two different experiments, in which single
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neurons were set up to receive spatiotemporal input spike-patterns consisting of tempo-
rally separated single spikes received through different input channels. In both of the
experiments—described in the following—an off-line Hebbian-like learning rule was used
to select the synapses of the neurons, for them to respond selectively to different ISIs
in the input spike-patterns. More specifically, we investigated whether the single-neuron
systems could respond with increased intensity to some limited range of pattern ISIs in
the millisecond-range, and, thereby, discriminate against both longer and shorter inter-
vals.

Pair-Selective Circuit

We configured a single neuron with two inputs via two different excitatory–inhibitory
disynaptic delay elements configured as described in Section 2.2. The input pattern
consisted of a pair of spikes separated with an ISI—one spike to each delay element
(see Section 3.2). The delay-element synapses were selected for the neuron to respond
selectively to intermediately long intervals but not to shorter or longer intervals.

Triplet-Selective Circuit

To investigate the generalizability of our use of synaptic dynamics for single-neuron spa-
tiotemporal pattern recognition, we set up a single neuron to receive single-spike inputs
on three different excitatory synapses and one inhibitory synapse. In this experiment,
the stimulation pattern consisted of one single spike to each of the excitatory synapses,
each spike temporally separated from the previous one with the same ISI—such that the
first and the third spike were separated with twice the ISI—as well as one spike to the
inhibitory synapse, simultaneous with the first excitatory spike (see Section 3.3). The
same bias parameter values as in the pair-detection experiments were used, except for
a lowering of the excitatory synaptic weight—to compensate for the higher number of
excitatory synapses and lower number of inhibitory ones. Synapses were selected for the
neuron to respond with increased intensity to a range of intermediately long ISIs, as
compared to shorter and longer intervals.

The stimulation pattern used in this experiment can be likened to the response of three
spatially distributed contrast-detecting visual receptor neurons to a bright line moving
across the visual field of the receptor array, causing each receptor to fire asynchronously;
this concept is illustrated in Fig. 4. This setup is aligned with the fact that biological
vision is highly sensitive to contrast changes rather than to the overall illumination, and
that a neuromorphic vision system such as that in [30] would generate an output of
this type. As a historical note, in 1981, Hubel and Wiesel [31] got the Nobel Prize in
Psychology for their discoveries concerning the visual system. In their experiment, they
used the projection of a single line in different orientations as stimulus, while they were
recording the activity of a single neuron in the cats brain. They discovered that the
specific neuron was highly activated when then line had a vertical orientation.

In the example described above, both the angular orientation and the velocity of the
stimulus would influence the ISI separating the asynchronous responses of the receptor
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Figure 4: Selective response of a single hardware neuron with dynamic synapses to different
visual stimuli. A: One hardware AdEx neuron receives inputs from three simulated visual re-
ceptors (red squares) that output spikes asynchronously when detecting a contrast change. B:
Spikes resulting from the presentation of one visual stimulus. The three excitatory synapses
receive, respectively, one presynaptic spike from each receptor, with time difference tα that
depends on the orientation and speed of the stimulus. The inhibitory synapse receives a presy-
naptic spike from one of the three receptors (inhibitory interneuron not required in DYNAP
processors). C: Selective response (N = 100) of a single DYNAP-SE neuron to the spatiotempo-
ral spike-triplet stimulus illustrated in panels A and B, for different values of the time-interval
tα. Error bars denote ±1 standard deviation. D: Response (N = 100) to spike-triplet vs tα for a
different neuron and selection of synapses—the standard deviation is zero for all data-points in
this case. Due to device mismatch, the feature tuning curves are neuron- and synapse-specific.

cells. Furthermore, the projection to the inhibitory synapse, as well as the specific EPSP
delays of the excitatory synapses, determines the feature tuning of the neuron. This
solution is possible because, in the DYNAP architecture—as opposed to in biology—
inhibitory interneurons are not required.

3 Results and Discussion

3.1 Delay Characteristics

We implemented the disynaptic delays, as described in Section 2.2, in parallel, on all
neurons in one core of the DYNAP-SE—one delay element on each neuron (N=256).
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Figure 5: Characteristics of disynaptic delay elements implemented in the DYNAP-SE neu-
romorphic processor, for single-spike input. A: Subthreshold (nonspiking) neuronal membrane
potential for single-spike stimulation via one disynaptic delay element. B: Distribution (N =
256) of temporal delays when implemented on different neurons with shared global biases. C:
Distribution (N = 256) of temporal delays when implemented on the same neuron, but using
different synapse-CAM combinations. The two colors represent CAM configurations for which
the neuron was spiking or nonspiking, respectively.

For the purpose of characterization, we defined the duration of the delay as spanning
from the onset of the inhibition to the maximum postinhibitory value of the membrane
potential—making the definition practical also for neurons that generate a spike as a
consequence of their delayed excitation. The onset of the inhibition was defined at half
minimum of the membrane potential, in line with the definition of full duration at half
maximum/minimum (FDHM), given the lack of exact spike-time data in the analog
measurements. Fig. 5A shows the membrane potential, following a single-spike input
stimulus, of a neuron from the configured core, alongside an illustration of the temporal
delay. While this neuron exhibits typical behavior in the nonspiking case, spike-firing
was triggered by the delayed excitations in roughly half of the neurons in the population.
The resulting distribution of temporal delays is presented in Fig. 5B, according to which,
for example, almost 80 out of the 256 neurons display an EPSP that is delayed by about
15 ms.

Furthermore, we characterized the distribution of temporal delays that are generated
in a single neuron when varying the CAMs used for the two synapses that constitute one
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Figure 6: Selective responses (N = 100) of a single neuron to different input ISIs in spatiotem-
poral spike-pair feature for different excitatory and inhibitory synaptic weights, respectively.
The legends denote the fine integer value of the bias parameter corresponding to the varied
weight. Error bars denote ±1 standard deviation. A: Varying excitatory synaptic weight. B:
Varying inhibitory synaptic weight.

delay element. We did this by configuring the disynaptic delay in 256 different instances,
using unique pairs of CAMs each time. The resulting delay distribution is presented in
Fig. 5C. The bimodal shape of this histogram appears because some of the longer delays
correspond to CAM combinations where the neurons spikes, while others do not. When
the neuron spikes, the duration of the spike-firing process adds to the delay, according
to the delay definition used here. The peak at shorter delay corresponds to nonspiking
instances, and the second peak is formed where the largest number of spiking delays are
found.

3.2 Spike-Pair Selectivity

We stimulated the spike-pair sensitive neuron described in Section 2.3 with ISIs ranging
from 0 to 10 ms, with increments of 1 ms. Stimulation with each ISI was repeated
100 times, in order to extract the mean number of spikes generated in the receiving
neuron. This investigation was repeated with variations to both the excitatory and the
inhibitory synaptic weights of the delay elements, through which the neuron received
the stimuli. The results, presented in Fig. 6, show that the neuron responded selectively
to the different ISIs, and how this selectivity varies for different choices of the synaptic
weights. Summing the data-points for each of these tuning curves, respectively, generates
the following relative areas under the curves: 5.87, 5.19, and 2.88 for Fig. 6A, and 5.10,
4.25, and 3.13, for Fig. 6B.

3.3 Spike-Triplet Selectivity

In the investigation of triplet-interval sensitivity, as in the pair-selection experiment, we
stimulated the neuron with ISIs of 0 to 10 ms, with increments of 1 ms—meaning that, for
the largest ISI, the first spike and the third were, on different input synapses, separated
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with 20 ms. The results, presented in Fig. 4, illustrates that the neuron—having a
baseline response of two spikes per input—does indeed respond with increased average
activity for input ISIs ranging between 3 and 8 ms. The response peaks at three spikes
per stimulus for the 5-ms ISI. This selective response disappeared when we permuted the
order of the excitatory synapses—as is expected, since maximum excitation is obtained
when the delayed EPSPs are matched by the timings of the presynaptic spikes.

One slightly more complex variation to the spike-triplet feature could consist of three
spikes separated by two different ISIs instead of the uniform interval tα. This would
represent stimulation by a nonlinear visual edge or, alternatively, by the same linear
edge as in Fig. 4A, except now presented to the receptors with a nonuniform speed. Such
a feature could be detected using the same architecture as described in this work—simply
requiring a different choice of synapse-CAMs, for the EPSPs to add up maximally.

For learning and detection of more complex spatiotemporal features and patterns,
more than one neuron is, of course, necessary—see for instance [2,32] for further reading.
One immediate step from the work presented in this paper could be to combine the tuning
curves of two or more of the proposed single-neurons systems, in order to—where these
tuning curves correlate most strongly—create a narrower tuning curve in a subsequent
neuron. Activation of this neuron would, then, depend on the feature sensitivities of the
preceding neurons, and the relative timing with which these are activated.

4 Conclusion

In this paper, we propose a resource-efficient approach to spatiotemporal pattern recog-
nition using dynamic synapses and point-neurons in the DYNAP-SE neuromorphic pro-
cessor to, in effect, model axonal delays and some aspects of dendritic integration. We
use this approach to integrate multiple inputs by using excitatory–inhibitory disynaptic
delay elements [16]. Furthermore, we generalize this concept by combining one inhibitory
synapse with multiple excitatory synapses. We conclude that biologically relevant EPSP
delays with a variability in the order of 10 ms per neuron can be realized due to de-
vice mismatch in the analog electronic neuromorphic circuits. Based on these findings,
we demonstrate that a single point-neuron with dynamic synapses in the DYNAP-SE
can respond selectively to presynaptic spikes with a particular spatiotemporal structure,
which enables feature detection with single neurons. We note that the temporal feature
tuning of the neuromorphic neurons, as illustrated in Fig. 4C, is comparable to the width
of temporal feature detection neurons in biology, see for example Fig. 3B in [24]. Further
work is required to investigate how SNNs with feature detectors of this type could be
configured and trained in a systematic manner given a particular task, in order to make
efficient use of the dynamic synapses. Further work is also required to investigate under
what conditions a simple and relatively resource-efficient feature detector of this type is
favored over a more generic multicompartment model of nonlinear dendrites.
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Spatiotemporal Spike-Pattern Selectivity in Single

Mixed-Signal Neurons with Balanced Synapses 1

Mattias Nilsson, Foteini Liwicki, and Fredrik Sandin

Abstract

Realizing the potential of mixed-signal neuromorphic processors for ultra-low-power
inference and learning requires efficient use of their inhomogeneous analog circuitry as
well as sparse, time-based information encoding and processing. Here, we investigate
spike-timing-based spatiotemporal receptive fields of output-neurons in the Spatiotem-
poral Correlator (STC) network, for which we used excitatory–inhibitory balanced disy-
naptic inputs instead of dedicated axonal or neuronal delays. We present hardware-in-
the-loop experiments with a mixed-signal DYNAP-SE neuromorphic processor, in which
five-dimensional receptive fields of hardware neurons were mapped by randomly sampling
input spike-patterns from a uniform distribution. We find that, when the balanced disy-
naptic elements are randomly programmed, some of the neurons display distinct recep-
tive fields. Furthermore, we demonstrate how a neuron was tuned to detect a particular
spatiotemporal feature, to which it initially was non-selective, by activating a different
subset of the inhomogeneous analog synaptic circuits. The energy dissipation of the bal-
anced synaptic elements is one order of magnitude lower per lateral connection (0.65 nJ
vs 9.6 nJ per spike) than former delay-based neuromorphic hardware implementations.
Thus, we show how the inhomogeneous synaptic circuits could be utilized for resource-
efficient implementation of STC network layers, in a way that enables synapse-address
reprogramming as a discrete mechanism for feature tuning.

1 Introduction

Neuromorphic Engineering [1, 2] deals with creating physical substrates for information
processing and sensing by imitating mechanisms and structures observed in the brain.
Following that approach, mixed-signal neuromorphic processors emulate the biophysical
dynamics of neurons and synapses [3] in event-driven SNNs and have high potential
for ultra-low-power pattern recognition and learning [4]—for instance close to sensors,
such as in wearable biomedical devices [5]. However, such mixed-signal systems are
subject to device mismatch in the analog nanoscale circuits, resulting in distributions of
inhomogeneous neuronal and synaptic dynamics, which need to be utilized appropriately
for SNN implementations to be efficient. Furthermore, the dynamic real-time operation

1This work was funded by The Kempe Foundations under contract JCK-1809, and by ECSEL JU
under grant agreement no. 737 459.
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of the neuronal–synaptic computational elements of these processing systems needs to
be employed in a way that results in sparse temporal processing of information [6] with
spike-time based encoding [7–10].

Learning and recognition of spatiotemporal patterns—in contrast to static spatial
patterns, or even sequences of such—is a central conceptual problem to neuromorphic
and event-based processing [11], and has been addressed, for instance, with SNNs that
incorporate neural signal-propagation delays [11–15]. Some current approaches to spa-
tiotemporal pattern recognition with inhomogeneous neuromorphic hardware use neu-
ral processing frameworks that actually rely on variability in the processing elements
[13, 16–21]—such as reservoir computing, liquid state machines, and ensemble learning.
Another relevant concept is that of the spiking time-difference encoder (sTDE) [22], which
provides a general neurocomputational primitive for temporal encoding but requires spe-
cialized hardware for its implementation.

In addition to neuromorphic hardware design, biological nervous systems can provide
inspiration for architectural principles for efficient neural processing [23]. One biologically
inspired SNN for spatiotemporal pattern recognition and learning in neuromorphic hard-
ware is the STC neural network, which was derived from a biophysically plausible model
of thalamocortical auditory processing [24] and implemented in real-time mixed-signal
neuromorphic hardware [13, 25]. The robustness of the STC to variability in stimulus
patterns was further demonstrated in [26], which is a prerequisite of most real-world
sensing applications.

Here, we investigate spike-timing-based spatiotemporal pattern recognition with in-
homogeneous, low-power neuromorphic hardware. To that end, we selected the STC
neural network as a starting point based on its relative simplicity and intelligibility,
compatibility with general-purpose neuromorphic hardware, and potential to form lay-
ers in deep SNNs for processing of increasingly complex spatiotemporal patterns. We
propose a modified STC network—the sSTC—which uses E–I balanced disynaptic delay
elements [15] as a less resource-intensive alternative to the dedicated delay neurons of
the original model [13], and hardware emulation of dendritic dynamics [27, 28].

To investigate the feasibility and effectiveness of implementing the sSTC in mixed-
signal neuromorphic hardware, we characterize the spike-timing-based spatiotemporal re-
ceptive fields that form in its feature-detection neurons when implemented in a DYNAP-
SE neuromorphic processor [29]. Furthermore, we investigate how such a feature-detection
neuron can be tuned to a specific, prescribed spatiotemporal spike pattern by using
synapse-address reprogramming and the inherent synapse efficacy distributions. Finally,
we present an estimate of the difference in power requirement for hardware implementa-
tions of the sSTC and STC neural networks.

In summary, we present how inhomogeneous synaptic dynamics in neuromorphic pro-
cessors like the DYNAP-SE can be efficiently used for spatiotemporal pattern recog-
nition, in a way that enables synapse-address reprogramming as a discrete mechanism
for feature tuning. This approach may serve as a complement to more accurate but
resource-intensive delay-based coincidence detection or dendritic integration.
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2 Materials and Methods

The experiments presented in this work were conducted with a DYNAP-SE—a DY-
NAP [29] from SynSense2—in a closed loop with a PC, interfaced using the software
Legacy Samna [30] (formerly ctxctl). All input stimuli were generated using the built-in
spike-generator in the FPGA of the DYNAP-SE, which generates spike-events according
to assigned temporal ISIs and virtual source-neuron addresses.

2.1 Neuromorphic Processor

The DYNAP-SE is a reconfigurable, general-purpose, mixed-signal SNN processor, which
uses subthreshold analog circuits to emulate the biophysical dynamics of neurons and
synapses in real time, and asynchronous digital circuits for spike-event transmission ac-
cording to the AER protocol. One DYNAP-SE unit comprises four four-core neuromor-
phic chips—each of which comprises 256 AdEx [31] neuron-circuits. Each neuron has
a CAM block that can contain up to 64 different addresses, each representing a presy-
naptic neuronal connection3—see Fig. 1. For each connection, dynamic synapses in the
form of DPI circuits [32] are available in four different synaptic types: fast and slow
excitatory, and subtractive and shunting inhibitory. The dynamic behaviors of the neu-
ronal and synaptic circuits of the DYNAP-SE are governed by analog circuit parameters
that are set by on-chip programmable bias generators, which provide 25 bias parameters
independently for each core.

2.2 Spiking Neural Network Architecture

The Spatiotemporal Correlator (STC) neural network—originally proposed in [13] and
further described in [25]—is a Spiking Neural Network (SNN) for spatiotemporal pat-
tern recognition and learning that builds on the mechanism of coincidence detection of
temporally delayed, lateral neuronal projections. The original network design (Fig. 2A)
consists of the following qualitative neuronal populations:

• A: Input neurons

• B1: Secondary input neurons

• B2: Coincidence-detection neurons

• C: Delay neurons

The STC network is structured in columns—not to be confused with cortical columns—
each of which consists of one A, B1, and B2 neuron. Within each column, the input
neuron, A, receives a signal from an input channel—for instance spatial or spectral—
which it then projects to both the B1 and B2 neurons via excitatory synapses. B1 then

2https://www.synsense-neuromorphic.com/technology
3Each CAM address can match the same local neuron-ID on different cores, enabling multiple presy-

naptic connections per input circuit.
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Figure 1: Neuronal–synaptic mixed-signal computational node of the DYNAP-
SE neuromorphic processor, adapted and simplified from [29]. Each node contains 64
mixed-signal synapses—with a CAM cell for the presynaptic neuron address, an SRAM cell
for the synapse-type information, and digital-to-analog signal-converting circuitry (DAC)—
four analog synaptic DPI circuits of different types, and one analog AdEx-neuron circuit. The
coloring indicates the use of two synaptic inputs for each excitatory–inhibitory disynaptic delay
element, with an illustrated example of the resulting inhomogeneous postsynaptic potentials
(PSPs).

generates a one-to-one mapping of its input from A, which is projected by inhibition to
the B2 neuron of the same column, and by excitation to the B2 neurons of some number
of adjacent columns. Each lateral B1–B2 excitation is projected via a neuron from the C
population, thereby inducing a temporal signal-propagation delay. The A–B2 excitation
is slightly faster than the B1–B2 inhibition, thus creating a time-window during which
B2 is primed to spike in response to coincident lateral projections from adjacent columns.
Hence, each B2 neuron constitutes a coincidence detector sensitive to some particular set
of spatiotemporal spike-patterns in a local receptive region, which forms a subfeature of
the pattern recognized by the STC network as a whole.

The Synaptic STC Neural Network

Here, we propose a modified version of the STC—the Synaptic Spatiotemporal Correla-
tor (sSTC) (Fig. 2B). In the sSTC, the delay neurons of the STC are replaced with E–I
balanced disynaptic delay elements [15]—thereby, in principle, substantially reducing the
amount of resources required to implement the network. In the sSTC architecture, the
differences in temporal delay of the different lateral connections to one B2 neuron arise
from the internal inhomogeneity of the synaptic circuitry—see Fig. 1. This gives rise
to partially random, device-mismatch dependent spatiotemporal subfeatures—or recep-
tive fields—to which each B2 neuron is sensitive. In this manner, the sSTC performs
coincidence-based spatiotemporal feature detection by synaptic integration as described
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Figure 2: Spatiotemporal Correlator (STC) neural network architectures. For each
architecture, one column is highlighted, and the two closest neighboring columns within the
layer are included shaded to illustrate lateral connections. Circles represent single neurons
from populations A, B1, B2, and C. A: Original STC network, adapted from [25]. B: Synaptic
STC (sSTC) network, which uses excitatory–inhibitory (E–I) disynaptic delay elements [15,20].
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Figure 3: Experimentally investigated feature-detection neurons of the Synaptic
Spatiotemporal Correlator network and an example spike-pattern. The B2 neurons
are stimulated with spatiotemporal spike patterns on five input channels, of which four channels
(Chs 1–4) are lateral, delayed connections via balanced disynaptic elements.

in [20].

We investigated such receptive fields of B2 neurons having four lateral connections
each (see Fig. 3)—similar to the original STC [13] after training—by implementing a
population of B2 neurons in one core of the DYNAP-SE neuromorphic processor. We
focused on the forward and lateral connections and omitted the B1–B2 inhibition, since
its function is to regulate spike-timing-dependent plasticity and to prevent sensitivity to
excessive stimulation, and is therefore not required to investigate the receptive fields.
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Table 1: DYNAP-SE circuit IDs used to obtain the different receptive fields. The
neuron IDs are local to the processor core, and the input-circuit IDs are local to each neuron.
The input-circuit IDs used for each disynaptic connection are grouped inside parentheses.

Receptive field Neuron ID Input-circuit IDs
∈ [0,255] ∈ [0,63]

Fig. 4A 74 0–8
Fig. 4B 129 0–8
Fig. 4C 222 0–8
Fig. 4D 248 0–8

Fig. 5B 248 56, (2, 30), (54, 15), (46, 6), (4, 51)
Fig. 5C 248 24, (25, 2), (45, 42), (28, 57), (16, 50)

2.3 Mapping of Receptive Fields

The spatiotemporal receptive fields were mapped by stimulating a population of B2
neurons—independently from each other—with randomized spike-patterns (N = 10,000),
each consisting of one spike per input channel, as illustrated by the sample pattern in
Fig. 3. The spike-times of each of the lateral, delayed projections were independently
drawn from a uniform random distribution ranging from 1–50 ms before the direct forward
excitation from A to B2, which defines the reference time (t = 0) of the pattern. All
spike-patterns for which a given B2 neuron generated one or more postsynaptic spikes in
response were accumulated to approximate the receptive field of that neuron.

2.4 Feature Tuning by Synapse Sampling

Based on the results in [20], we further investigated whether replacing the specific in-
put circuits—see Fig. 1—used for each synaptic connection of a B2 neuron could affect
the coincidence detection enough to make the neuron distinguish between two different
prescribed patterns (Fig. 5A), which the neuron initially could not. The synaptic re-
configurations were made by assigning to each of the synapses a random, unique input
circuit drawn from the set of all the 64 input circuits of the neuron. Following each
subsequent synaptic reconfiguration, the neuron was presented with both of the different
patterns, separately, ten times—and its response in terms of the number of postsynaptic
spikes was recorded.

3 Results

3.1 Receptive Fields

Fig. 4 illustrates the receptive fields of four different B2 neurons, in the form of box
plots, accumulated from presynaptic stimulation with different randomized input patterns
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Figure 4: Spatiotemporal receptive fields of four different coincidence detecting B2
neurons, sampled with random stimuli (N = 10,000). Each B2 neuron has a feed-forward input
(Channel 0) at reference-time t = 0, and four lateral inputs (Channels 1–4) that are stimulated
with spikes at random points in time. Boxes extend from lower to upper quartiles, with lines
at median presynaptic spike times. Whiskers and flier points denote the range of data.

(N = 10,000). The box plots consists of all the stimulus patterns—that is, channel–spike-
time combinations—that made the B2 neuron in question generate at least one spike in
response. Table 1 presents the hardware neuron IDs—local to the DYNAP-SE core
used—for which the receptive fields in Fig. 4 were observed.

3.2 Feature Tuning

The B2 neuron with the receptive field of Fig. 4D was successfully reconfigured by
input-circuit sampling to distinguish between Pattern A and Pattern B in Fig. 5A with
a spiking and non-spiking response, respectively. Prior to reconfiguration, the receptive
field was fairly uniform, with the inputs on Channels 1–4 being practically interchange-
able. This feature tuning was accomplished by randomly replacing the input circuits used
for the presynaptic connections—see Table 1. Out of 200 randomized configurations,
four resulted in accurate discrimination between the two patterns. Fig. 5B–C shows
the receptive fields of two of these configurations.
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Figure 5: Feature tuning by synapse sampling. A: Spatiotemporal stimulus spike-
patterns. Each pattern consists of one spike per input channel, including the feed-forward
input at reference time t = 0, resulting in five spikes per pattern. B–C: Receptive fields of
successfully pattern-detecting synapse configurations.

Table 2: Energy usage per laterally projected spike-event, based on energy measures
for the DYNAP-SE from Table III in [29].

SNN model Hardware operation Count Energy

STC Extend pulse generated from CAM match 2 324 pJ
Generate one spike 1 883 pJ
Encode one spike and append destinations 1 883 pJ
Route event to different core 1 360 pJ
Broadcast event to same core 1 6.84 nJ

Sum 9.6 nJ

sSTC Extend pulse generated from CAM match 2 324 pJ

Sum 0.65 nJ
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3.3 Energy Usage

Based on Table III in [29], which presents the energy dissipation for the main operations
of a DYNAP-SE neuromorphic processor, we present an estimate of the energy usage per
laterally projected spike-event in Table 2, suggesting an improvement of one order of
magnitude for the sSTC model—from 9.6 nJ to 0.65 nJ.

4 Discussion

We have investigated spike-timing-based spatiotemporal receptive fields of single mixed-
signal spiking neurons utilizing inhomogeneous synaptic dynamics [32] in the DYNAP-SE
neuromorphic processor, and the possibility of feature tuning of such receptive fields. The
neurons were configured with a particular kind of excitatory–inhibitory balanced synaptic
dynamics [15, 20] and four lateral connections per neuron, like for example the neurons
in the output layer of an STC network [13,25].

In contrast to the former work on STC networks, no neuronal or axonal delays are
required since the dynamics of the postsynaptic currents contribute, in effect, a delayed
excitation that is unique and tunable for each lateral input connection. Comparison with
an STC network with dedicated delay neurons, as in [13], shows a reduction of energy
usage per lateral connection by about one order of magnitude—see Table 2. In fact, the
original implementation of the STC used three multiple synapses per lateral, delayed B2-
input, to mitigate device mismatch with redundancy—but the energy estimate presented
here is conservative and made for the ideal case of one synapse per STC connection.

The improved energy efficiency of the sSTC does, however, come at the cost of the
relatively broadly tuned receptive fields of the output neurons, see Fig. 4 This is a
trade-off that could be motivated for example in a deep neural network of stacked STC
layers with high fan-in on the B2 neurons. Also, the temporal width of the receptive
fields is comparable to that of a coincidence-detection based feature detection circuit
found in crickets [33], which originally inspired the disynaptic delays [15] used in the
present work. Furthermore, during the experiments, we observed some irregularities in
the results, such as widening or narrowing of the receptive fields. This variability is
likely due to temperature effects [34] and may, for instance, be addressed with novel
nanomaterials in future generations of neuromorphic hardware [35].

To conclude, we have demonstrated how inhomogeneous synaptic dynamics in mixed-
signal neuromorphic processors, like the DYNAP-SE, can offer efficient mechanisms for
spatiotemporal pattern recognition as a complement to more resource-intensive delay-
based coincidence detection networks, and biologically more plausible but resource-intensive
models of dendritic integration [27,28].
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