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Abstract. Spike-based neuromorphic electronic architectures oﬀer an
attractive solution for implementing compact eﬃcient sensory-motor
neural processing systems for robotic applications. Such systems typically comprise event-based sensors and multi-neuron chips that encode,
transmit, and process signals using spikes. For robotic applications, the
ability to sustain real-time interactions with the environment is an essential requirement. So these neuromorphic systems need to process sensory signals continuously and instantaneously, as the input data arrives,
classify the spatio-temporal information contained in the data, and produce appropriate motor outputs in real-time. In this paper we evaluate
the computational approaches that have been proposed for classifying
spatio-temporal sequences of spike-trains, derive the main principles and
the key components that are required to build a neuromorphic system
that works in robotic application scenarios, with the constraints imposed by the biologically realistic hardware implementation, and present
possible system-level solutions.

1

Introduction

Spiking neural networks represent a promising computational paradigm for solving complex pattern recognition and sensory processing tasks that are diﬃcult
to tackle using standard machine vision and machine learning techniques [1, 2].
Most research on spiking neural networks is done using software simulations [3]. For large networks such approaches require high computational power
and need to be run on bulky and power-hungry workstations or distributed
computing facilities. Alternative approaches, for example based on full-custom
implementations of spiking neural networks built using analog-digital Very Large
Scale Integration (VLSI) circuits, can lead to compact and real-time solutions
that are optimally suited for robotic applications. Systems built following this
approach would involve multiple neuromorphic VLSI sensory and processing
devices interfaced among each other to perform complex cognitive tasks. For
example, they would use event-based sensors [4] for producing sensory signals
in the form of continuous and asynchronous streams of spikes, and spiking
multi-neuron chips [5, 6, 7] for implementing state dependent neural processing,
learning mechanisms, and generation of appropriate behaviors.
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Within this context, one of the basic requirements for exhibiting complex
behaviors is the system’s ability to classify spike patterns generated by the sensors. In real-world application scenarios, these spike patterns would be typically
spread across space and time reﬂecting the spatio-temporal properties of the
stimuli they are encoding. Several experiments in various animal species have
shown that behaviorally relevant information is encoded in spatio-temporal spike
patterns, and used for decision making. Barn owls for example rely on auditory
cues to capture the prey, by accurately determining the spatial location of the
sound source. This is done by computing the temporal delay in the spikes originating at the two ears of the owl [8, 9]. Remarkably precise temporal codes
have been found in bush crickets [10] in early auditory inter-neurons, even in the
presence of strong natural background noise, and such precise temporal coding
could reduce the uncertainty involved in decision making.
The timing of spikes does not necessarily have to encode only temporal features of the input signal, but can also carry information about other aspects.
For example, in the human peripheral nervous system, Johansson et al. [11]
found that the response of aﬀerent projections from touch receptors in the ﬁngertips carried signiﬁcant information about pressure in the relative timing of the
ﬁrst spike.
To utilize information encoded in spike times, temporal codes typically require
a signal that indicates the onset of the stimulus. In the cortex there is evidence
for an alternative model of temporal coding in which information is encoded
by the phase relative to one or several background oscillations [12], rather than
relative to an external input signal. As an example, hippocampal place cells in
rodents encode the spatial location of the animal by their spike timing in relation
to the phase of gamma band oscillation [13]. A more detailed analysis of the
role of temporal coding in biological systems is discussed e.g. in [14]. It is clear
therefore that biological systems employ multiple mechanisms and resources for
eﬃciently processing and classifying spatio-temporal spike patterns. If we want
to build biologically inspired neuromorphic systems that utilize similar concepts
for robotic applications, we therefore ﬁrst have to answer the question: what
are the essential components that enable an electronic neuromorphic system to
accomplish this task?
Here we will address this question by evaluating the state-of-the-art spikebased spatio-temporal processing models proposed in the literature and determining their common underlying principles. We will then highlight the general
principles that can be applied to design eﬃcient spatio-temporal spike pattern
classiﬁcation mechanisms with electronic neuromorphic components, and present
examples of possible hardware solutions for real-time robotic applications.

2

Single Neuron Models

A wide range of models has been proposed in the past that employ single neurons
to classify spatio-temporal spike patterns [15, 16, 17, 18, 19]. All these models
employ some form of spike based learning, such as Spike Timing Dependent

264

S. Sheik et al.

Plasticity (STDP), on the aﬀerent input synapses that converge onto a single
neuron to adjust their synaptic weights. These neurons are then typically exposed
to multiple trains of input spike patterns, which contain a speciﬁc temporal
pattern of spikes presented embedded in them, and presented repeatedly during
the training phase. Eventually the synapses settle to a set of weights that make
the neuron respond selectively to presentations of the embedded spike patterns.
A detailed analysis of what type of patterns neurons can learn through STDP
is presented in [20]. The authors show that the synaptic weights converge to
the perceptron learning rule if the input spike trains have Poisson distributions.
But it does not address the cases in which the input spike trains have temporal
structures that can be critical for classiﬁcation tasks.
The type of features that can be detected with such types of patterns depends
on the exact form of learning rule, and the underlying neuron model. We will
discuss two of the most commonly used neuron models, the Poisson and the
Leaky Integrate and Fire (LIF) neuron models.
2.1

Coincidence Detection

Let us ﬁrst consider a Poisson neuron that has a probability of spiking proportional to its instantaneous input ﬁring rate, which can be derived from the
current membrane potential, given by the sum of all input Excitatory PostSynaptic Potential (EPSP)s. For constant mean ﬁring rates of input spike trains
the post-synaptic neuron’s membrane potential ﬂuctuates around a mean value.
In this condition synchronous inputs increase the instantaneous input ﬁring rate,
and therefore increase the probability of a post-synaptic spike. This model can
therefore be used directly to detect synchronicity [21].
Coherent spiking activity of a population of neurons is easily detectable with
LIF neurons [22], although the analysis of the ﬁring properties of LIF model is
not as straight forward as in the Poisson case. In [21] the authors show how
the threshold and membrane time constants of a LIF neuron determine its ability to act as a coincidence detector. They demonstrate that even with constant
mean input rate the mean output rate varies as a function of temporal structure of the input. They deﬁne “temporal structure” as the amount of spikes in
the input spike trains that are phase locked to a periodic stimulus. They argue
that a “small” membrane time constant is essential for a coincidence detector.
The small membrane time constant should be chosen such that the mean membrane potential, under uniform input spike rate, is just below the neuron’s ﬁring
threshold. Under these conditions, the neuron is sensitive to the ﬂuctuations in
the membrane potential, and can detect coincidences in its input spike trains
in the same way that the Poisson neuron model described above does. It is this
coincidence-detection ability of the LIF model that allows single-neuron training schemes to learn to respond selectively to speciﬁc spatio-temporal spike train
sequences [23].
But to what extent is coincidence detection in spike-patterns enough to
distinguish patterns with complex spatio-temporal structure?
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To answer this question, let us consider a simple spatio-temporal pattern
recognition task that involves patterns of spike-trains. Take for example those
produced by an event-based (spiking) vision sensor such as the Dynamic Vision
Sensor (DVS) [24], in which every pixel responds only to temporal changes in
light intensity in its visual ﬁeld. When observing a visual stimulus moving from
left-to-right and right-to-left, under ideal conditions, the left-ward movement of
the visual stimulus would be equivalent to a temporal reversal of the right-ward
movement. The spike patterns produced in response to the stimulus moving
in one direction would then be equivalent to the time-reversed version of the
patterns produced by the stimulus moving in the opposite direction.
We can transpose this example to a more generic case: lets consider for example ﬁve speciﬁc randomly generated spatio-temporal spike patterns and their
time-reversed versions, as in the case of the visual stimulus moving in two opposite directions. By using a spike-based STDP learning rule, such as the one
proposed in [25], we can train six Poisson neurons arranged in a Winner-take-all
(WTA) network to recognize all ﬁve patterns (presenting repeatedly only the
original non-reversed patterns), as well as the background activity when none of
the ﬁve patterns is present. After training, ﬁve of the six neurons ﬁre selectively
in response to one of the ﬁve input patterns, and a 6th neuron ﬁres in response to
the background activity. We trained such a network, and present the response of
the neurons during presentation of their corresponding preferred spike patterns
in Fig. 1. Each spike pattern and the corresponding neuronal response is marked
with a distinct color.
Figure. 1 however shows also the activity of the same set of neurons in response
to the time-reversed versions of the original spike patterns. As is evident from
these results, the output neurons respond selectively not only to the trained
spike patterns but also to their time-reversed versions. This is because even
when the spike patterns are reversed the key feature the learning mechanism
captures is coincidences (or near-coincidences) in the spike pattern. The pattern
of coincidences to which a neuron responds is encoded in the vector of weights,
and thus such neurons cannot distinguish between patterns that share the same
sets of coincident inputs. Similar results can be obtained using analogous learning
algorithms, such as the “tempotron” model [18], which is designed to capture
coincidences hidden in one class of patterns and not in the other.
2.2

Beyond Coincidence Detection

In order to train neurons to distinguish more complex temporal patterns, without relying solely on coincidences it is necessary to introduce additional mechanisms that make the neuron sensitive to the causality of the input pattern,
e.g., by responding diﬀerently to reversed patterns. Multi-compartmental models, conductance-based neurons [26], short-term synaptic plasticity, and dendritic
computation [27, 28, 29, 30, 31] are all examples of strategies that allow such
properties.
In [32], the authors demonstrate a neuromorphic hardware implementation
where single neurons with short term depression can demonstrate Stimulus-Specific
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(a)

(b)
Fig. 1. a Raster plot of input spike pattern. The lighter colors, red, green, blue and
yellow mark 4 of the 5 spike patterns that were used to train the network. The darker
colored patterns, following each of the above colored spike patterns are time reversed
spike patterns corresponding to their color. Spikes shown in black are background noise.
b Response of output Poisson neurons on presentation of the input spike patterns. After
training with a set of spike patterns, the neurons respond selectively to both the original
and to time-reversed version of these spike patterns.

Adaptation, a phenomenon observed in neural systems. They show how short-term
depression can enable neurons to adapt to speciﬁc stimuli based on the frequency of
their occurrence and therefore show higher response to rare events. This behavior
can be attributed to the fact that short-term plasticity lasts over hundreds of milliseconds, and carries information about synaptic inputs in the recent past. This
mechanism has also been exploited in [33], where it is demonstrated that temporal
information can be decoded using short-term plasticity. The author even hypothesizes that manipulations that eliminate short-term plasticity will produce deﬁcits
in temporal processing and therefore deem it is a critical computational component
for temporal processing.

3

Network Models

An alternative strategy, that does not require more elaborate neuron models and
dedicated circuitry, is to exploit the dynamics of a neural network to obtain the
needed sensitivity. This approach has led to the development of several network
models employed in spatio-temporal pattern recognition tasks.
Several models based on networks of recurrently coupled LIFs neurons have
been proposed to classify spatio-temporal patterns. For example it has been
shown how in a Liquid-State Machine (LSM) [34] that the low-pass ﬁltered
activity of a recurrently connected network (the reservoir) at any point in time
reﬂects the temporal evolution of the input stimulus. By training a perceptron on
snapshots of the neural activity in the reservoir, the liquid states, it is therefore
possible to classify input patterns that have complex temporal evolution [35].
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The parameters needed to obtain optimal performance are such that the input
activity reverberates over a time-scale of several neuronal time-constants. With
a careful choice of those parameters, the network is able to correlate events that
are distant in time and that have a certain causality relationship. Neuromorphic
circuits with slow dynamics for neuron and synapses can be used to exploit the
reverberating properties of the network similarly to a LSM to process real-world
data from spiking sensors.
An analogous approach is described in [36], where a recurrently-connected
network of spiking neurons implemented in neuromorphic hardware is trained to
diﬀerentiate between a sequence of spikes regularly distributed in time and its
reversed version. It has been shown that this type of computation is involved in
the recognition of tone sweeps in the thalamo-cortical pathway in the auditory
stream [37]. The neural network consists of a rack of coincidence detectors receiving the spikes directly from the input layer and from delay lines propagating
the activity of the other neurons in the network. Synapses are modiﬁed through
STDP such that only the synapses capturing the temporal correlations typical
of the learned stimulus survive. A similar principle could be exploited in polychronous networks [38], where random axonal delays in a recurrent network can
be used for spike pattern classiﬁcation.
These models are closely related to the general concept of the Reichardt detector [39]. In a Reichardt detector two or more receptors respond at diﬀerent
times to the input stimuli and project to a non-linear unit, such as a neuron.
Each of these projections incurs some amount of delay due to low-pass ﬁltering.
If these delays match the activation delays caused by the input stimulus, the
signals from the receptors are coincident at their destination and consequently
activate the nonlinear unit. Models of this kind have the advantage that they
explicitly encode time within speciﬁc delay elements and lend themselves to unsupervised online learning methods. Depending on the task, such networks can
be optimized to be implemented with a smaller number of neurons as compared
to LSMs.

4

Neuromorphic Building Blocks for Temporal
Processing

In the light of the above analysis we identiﬁed the basic computational operators required for processing of spatio-temporal spiking patterns in hardware
implementations of spiking neural network. These computational operators include voltage-gating mechanisms that can make neurons sensitive to coincidences [21, 14, 28, 40], nonlinear operators such as short-term plasticity [33],
low-pass ﬁlters [39] and delay elements [41].
Complex neural processing systems are likely to require large numbers of
such operators. It is therefore important to design eﬃcient hardware implementations using compact and low-power neuromorphic circuits [5]. Spiking neural
networks built using such neuromorphic circuits comprise massively parallel arrays of processing nodes with memory and computation co-localized. Given their

268

S. Sheik et al.

architectural constraints, these neural processing systems cannot process signals
using the same strategies used by conventional von Neumann computing architectures that exploit time-domain multiplexing of small numbers of highly
complex processors at high clock-rates, and operate by transferring the partial
results of the computation from and to external memory banks. The synapses
and neuron circuits in neuromorphic architectures have to process input spikes
and produce output responses in real-time at the rate of the input data. It is not
possible to virtualize time and transfer partial results in memory banks outside
the architecture core, at higher rates, but it is necessary to employ resources
that compute with time-constants that are well matched to those of the signals
they are designed to process. Therefore, to interact with the environment and
process signals with biological time-scales eﬃciently, hardware neuromorphic
systems need to be able to compute using biologically realistic time constants.
In this way, they are well matched to the signals they process, and are inherently
synchronized with the real world events.
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Fig. 2. a Analog synapse circuit that can implement biologically realistic synaptic
dynamics and short-term depression. b Raster plot: response of a population of silicon
neurons with short-term depressing synapses to a Gaussian proﬁle of Poisson input
spike trains.

Implementing biologically realistic time constants in analog VLSI technology
is a non-trivial task. Conventional analog design techniques, in which typical
currents are in the range of micro- or milliampere would require extremely large
capacitors to implement time constants of the order of milliseconds, therefore
losing the ability to integrate very large numbers of synapses in small areas. An
elegant and eﬃcient solution is that of using analog circuits that operate in the
“weak inversion regime” [42], in which currents are on the order of pico-amperes.
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An analog circuit of this type is the Diﬀerential-Pair Integrator (DPI), originally proposed in [43]. This circuit implements a low-pass ﬁlter which faithfully
reproduces synaptic dynamics. An example of such synapse circuit is shown in
Fig. 2a. It has been shown [44], by log-domain circuit analysis techniques[45, 46],
that the transfer function of the part of the circuit composed by transistors
M D1 − M D6 is:
Iw Ithr
d
(1)
τ IEP SC + IEP SC =
dt
Iτ
under the assumption that the input current Iw is larger than the leak current Iτ .
The term τ represents the circuit time constant, deﬁned as τ = CUT /κIτ . The
term UT represents the thermal voltage and κ the sub-threshold slope factor [42].
The term Ithr represents a virtual p-type sub-threshold current that is not gen−

κ(Vthr −Vdd )

UT
.
erated by any p-FET in the circuit, and is deﬁned as Ithr = I0 e
This circuit therefore implements an extremely compact and eﬃcient model of
synaptic dynamics. The transistors M S1−M S3 of the DPI circuit of Fig. 2a implement a very useful non-linearity for spatio-temporal processing, that models
the short-term depression properties of biological synapses [47]. This circuit is
fully characterized in [48]. In [49] the authors show how this circuit can faithfully
reproduce the behavior of real short-term depressing synapses, and demonstrate
the equivalence with the computational model of short-term depression described
in [50]. We present quantitative experimental data from this circuit in [44]. We
show in Fig. 2b measurements from a population of silicon neurons that have
these short-term depressing synapse circuits. The raster plot of Fig. 2b shows the
response of 256 neurons, arranged along a line. The input pattern is a Gaussian
proﬁle of Poisson spike trains, with maximum ﬁring rates centered around the
address 128. As shown, high ﬁring rate inputs, at the center of the array, are
suppressed or strongly attenuated by the short-term depression mechanism of
the input synapses, while low ﬁring rate inputs at the periphery are transmitted
without attenuation.
While short-term depression can be very useful for processing temporal patterns of spike trains [33, 51], additional essential elements are temporal delays and
delay lines. Explicit delay circuits can be implemented in multi-compartmental
neuron models to carry out spatio-temporal processing. For example Wang and
Liu [28] demonstrate a VLSI neuron chip with programmable dendritic compartments and delay elements, showing how diﬀerent spatio-temporal input patterns
have diﬀerent eﬀects on the evoked dendritic integration. Analogous approaches
have been proposed using ﬂoating-gate structures [30, 52]. But simpler Integrate
and Fire (IF) neuron circuits can also implement delay elements without having
to implement complex dendritic spatial structures. In [53] the authors show how
slow dynamics of DPI synapses, combined with the variability and in-homogeneity
“features” of neuromorphic analog circuits, can be used to generate a range of
temporal delays. The low-pass ﬁltering properties of the DPI synapses can be effectively used to create delay-elements, and these can be integrated in multi-chip
networks of spiking neurons, feed-forward or recurrent, to increase their temporal retention capability. Speciﬁcally, in [53] the authors show a thalamo-cortical
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Fig. 3. Histogram of times used by post-synaptic neurons to ﬁre after the arrival of
a single pre-synaptic input spike (delay), across a population of neurons on an analog
VLSI neuromorphic chip

neural network model that can learn to recognize speciﬁc spatio-temporal patterns of input spikes, by exploiting the mismatch present in the transistors of the
DPI circuits giving rise to a wide range of delays (see also Fig. 3).

5

Conclusion

Spatio-temporal patterns produced by neuromorphic sensors reﬂect the time
scales of events coming from the environment in real-time. In this paper we
highlight the role of slow components in neural network models in order to
classify spatio-temporal patterns produced by these sensors. We show a case
in which IF neurons are capable of detecting coincidences and are incapable of
diﬀerentiating the temporal order in the input spike pattern. We argue that this
limitation is common to all single point-neuron models with ﬁrst-order dynamics.
We further review possible mechanisms that can be introduced to enable spatiotemporal pattern discriminability at the network level and capture the causality
of the input stimuli. We present analog VLSI circuits for synaptic dynamics
that have been included in recent neuromorphic implementations and can be
exploited, together with the variability of the neuromorphic hardware, to classify
spatio-temporal spike patterns.
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