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Abstract—Neural systems use the same underlying computa-
tional substrate to carry out analog filtering and signal processing
operations, as well as discrete symbol manipulation and digital
computation. Inspired by the computational principles of canonical
cortical microcircuits, we propose a framework for using recurrent
spiking neural networks to seamlessly and robustly switch between
analog signal processing and categorical and discrete computation.
We provide theoretical analysis and practical neural network
design tools to formally determine the conditions for inducing
this switch. We demonstrate the robustness of this framework
experimentally with hardware soft Winner-Take-All and mixed-
feedback recurrent spiking neural networks, implemented by
appropriately configuring the analog neuron and synapse circuits
of a mixed-signal neuromorphic processor chip.

Index Terms—mixed-feedback, winner-take-all, spiking recur-
rent neural network.

I. INTRODUCTION

Biological neural processing systems use the same com-
putational substrate to process both analog sensory signals,
such as pressure waves, and manipulate symbolic information,
such as concepts and categories. For example, experimental
neuroscience studies have demonstrated that animal brains are
capable of amplifying, filtering, and normalizing sensory inputs
with different contrast and frequency components, as well as
categorizing input perceptual patterns into discrete sets of ob-
jects using the same cortical circuits [1]-[3]. Similarly, classic
neuroscience experiments on decision making demonstrate how
neural circuits can use linear operators, such as integrators and
filters, to accumulate evidence and digital operators to produce
binary decisions [4], [5]. In addition, a gradual and smooth
transition from analog signal integration to discrete decision
making has been observed at increasingly detailed levels of
organization extending beyond the neural circuit level, ranging
from unicellular organisms [6] to animal collectives [7].

In contrast, in electrical engineering and computer science,
there has always been a clear distinction between the domains
of “signal processing” and “computing”, the former typically
implemented with analog circuits or Digital Signal Processors
(DSPs) and the latter with synchronous digital circuits and mi-
croprocessors. To overcome the limitations of such a dichotomy,
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a novel mixed-feedback framework was recently developed on
the ground of bio-inspired control-theory [8], [9], providing
analysis tools and design principles for regulating the transition
between analog signal processing and discrete computation.

Neuromorphic engineering and computing represent a novel
field that combines the principles of computation used by
biological nervous systems with those of electrical engineering
and computer science [10], which can best exploit this mixed-
feedback framework [11].

Here, we show how populations of neurons implemented
using mixed-signal analog/digital neuromorphic circuits can
be configured using mixed-feedback principles to smoothly
transition from linear processing on distributed input signals
to discrete symbolic data selection and manipulation, bridging
the gap between signal processing and classical computing.

We provide experimental results that demonstrate how such
a robust transition between the two regimes can be achieved
and show how this framework provides crucial flexibility
for processing incoming signals, with the same substrate, in
different ways as a function of context.

II. SIGNAL PROCESSING AND INFORMATION REPRESENTATION IN
POPULATIONS OF SPIKING NEURONS

A. Robust representations using inhomogeneous units

Typically, artificial neural networks use single units with high
precision real-value outputs to represent signals and variables.
In contrast, animal brains use low-precision spiking neurons and
population coding strategies to represent signals robustly [12],
[13]. For example, in primary cortical sensory areas signals
are represented via “feature maps”’ comprising populations
of recurrently connected excitatory and inhibitory neurons
arranged on the surface of the cortex (e.g., orientation maps
in the visual cortex, tonotopic maps in the auditory cortex,
somatotopic maps in the somatosensory cortex, etc.) [14].
The strategy of employing populations of variable units to
improve robustness in representing signals is an optimal one
also for mixed-signal neuromorphic hardware systems that use
analog circuits affected by device mismatch to emulate spiking
neurons [15].

B. Recurrent Spiking Neural Networks

Figure 1 shows examples of recurrent network architectures
that support population coding and which can represent promis-
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Fig. 1: Recurrent Spiking Neural Network (recurrent Spiking Neural Network
(rSNN)) architectures. (a) Generic mixed-feedback rSNN with input layer,
recurrent pool of excitatory and inhibitory spiking neurons, and readout units
that encode continuous time varying outputs; (b) Specific rSNN architecture
in which excitatory and inhibitory neurons have been arranged to form a
soft Winner-Take-All (sWTA) network. Recurrent excitatory and inhibitory
connections are shown only for one cluster.

ing configurations for achieving robust signal representation in
mixed-signal neuromorphic hardware. The diagram of Fig. la
shows a generic rSNN composed of three layers: an input
layer which encodes signals using multiple spiking neurons;
a recurrently connected layer of excitatory (E) and inhibitory
(D) neurons, for implementing E-I balanced networks; and a
read-out layer with units that receive projections from the
recurrent network to generate synaptic (low-pass filtered) analog
output signals. These analog signals can be interpreted as the
instantaneous strength, or decision, with which the network
represents the symbols associated with each output channel
(A,B,C,D in Fig. 1a). The architecture of Fig. 1b represents
a specific instantiation of the generic rSNN, configured as
a SWTA [1]: clusters of excitatory neurons receive common
input and excite both their nearest neighbors and a shared
pool of inhibitory neurons. The cluster of inhibitory neurons,
in turn, provides global inhibition, stabilizing the activity of
the recurrently connected excitatory neurons [15]. In these
networks, the input layer typically represents a feature map in
which nearby neurons encode similar feature properties. For
example, in the case of orientation tuning in visual cortex,
nearby neurons would code for similar orientations of oriented
visual stimuli. As demonstrated both in real cortical circuits [1],
and with theoretical analysis formalisms [16], [17] sWTA
networks can switch from performing linear signal processing
operations to non-linear categorization and selection ones,
depending on their excitatory and inhibitory gain parameters.

C. sWTA network operations on neuromorphic hardware

To validate the theories and models presented in the
literature [16], [17], we implemented a SWTA network in
neuromorphic hardware, using a multi-core neuromorphic
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Fig. 2: sSWTA response properties measured from the neuromorphic chip. The
different input signals are encoded as Poisson spike trains with constant firing
rates (dots in black dashed lines). The mean firing rates of each cluster and
their standard deviation are plotted as a solid line with vertical bars in blue.
The shaded bars represent the average firing rate of each neuron in the network
(inhibitory neurons not shown). In the top row, the network operates in analog
signal processing mode. In the bottom row, the same network with the same
inputs but different (higher) gain operates in the categorization mode.

processor comprising four cores of 256 Adaptive Exponential
Integrate-and-Fire (AdExp-IF) analog neuron circuits, 64 re-
configurable dynamic synapses per neuron, and programmable
asynchronous digital routing circuits for (re)configuring the
network topology [18].

We configured the chip to create a hardware sWTA network
of 16 excitatory clusters, each comprising eight spiking neurons
per cluster, with a structure similar to the one shown in Fig. 1b.
The strength of all lateral recurrent excitatory connections is
modulated by a global parameter « that sets the gain of the
network and controls the transition from analog processing to
digital selection [11], [16].

The network response, measured from the chip, is shown
in Fig 2. The input to the network is provided by stimulating
each cluster with Poisson spike trains with different mean rates.
Figures 2a and 2c¢ have in input two bumps close in space,
while Figures 2b and 2d have two bumps far apart.

In the top row of Fig. 2 the network has low values of o and
operates in the analog processing mode, while in the bottom
row the network has its gain set to high o values, and operates
in the categorization mode: if the input bumps are sufficiently
close, the network performs signal restoration, and produces a
single bump in output; conversely, if the inputs are far apart,
the network performs selective amplification and chooses the
input with strongest amplitude (the winner), while completely
suppressing the one with (even slightly) weaker amplitude.

D. Theoretical analysis of mixed-feedback rSNNs

The stability and dynamics of Recurrent Neural Networks
(RNNs) and sWTA architectures have been thoroughly studied
analytically in the past. However, these studies have mainly
focused on the mean-rate domain, and few have considered the
case of populations of spiking neurons. In particular, rigorously



characterizing the input/output behavior of such networks to
determine which network structure to use for which use case
still remains an open challenge. To solve this challenge and
make the theoretical analysis of the types of rSNNs depicted
in Fig. la tractable, we now consider architectures that do not
necessarily adhere to Dale’s principle [19], i.e., networks in
which spiking neurons can both excite and inhibit their target
neurons. In this case, the network will be characterized by a
connectivity/adjacency matrix A which can have both positive
and negative values. In addition, we restrict our analysis to
mixed-feedback networks that combine local negative feedback
mechanisms with distributed (networked) positive ones. Specifi-
cally, we consider spiking neural networks in which each neuron
has two sources of local negative feedback: (1) the passive
leaky dynamics that regulate the neuron to its resting state, and
(2) the spike-frequency adaptation dynamics that regulate the
neuron firing rate to a basal value. In these networks, recurrent
interactions happen through excitatory/positive synapses, which
provide a source of distributed positive feedback, and counteract
the single-neuron-level negative feedback to create richer and
more expressive, but also mathematically tractable and tunable,
population-level spiking dynamics.

The problem of determining under which conditions network
interactions provide purely positive feedback is at the core of
monotone systems theory [20]. Constructive ways to verify
or impose such conditions have been summarized in [21,
Section II.B].

III. FROM WAVES TO SYMBOLS THROUGH FEEDBACK REGULATION

In this Section, we provide general mechanistic insights
into how increasing the strength of the network-level positive
feedback is sufficient to shape how the silicon neuron population
processes signals and represents information. In particular,
we show a continuous transition from an analog/faithful
to a digital/categorical representation and manipulation of
incoming inputs. We use the theory proposed in [21] to build
adjacency matrices A with certified population-level distributed
positive feedback. We analyze the input/output behavior of the
resulting mixed-feedback rSNNs as a function of a positive
feedback gain @ > 0 that modulates the strength of recurrent
interconnections, analogous to the one used in the sWTA
experiment of Section II-C. More precisely, given the adjacency
matrix A, the rfSNN connectivity is defined as aA.

A. Preliminary definitions and notations

The key algebraic property of adjacency matrices is that
they possess a dominant eigenvalue/eigenvector pair [21]. We
define them as A, for the eigenvalue, v,,,, for the associated
right eigenvector and wy,,, for the left dominant eigenvector.
The importance of A,y is that it determines the critical
positive feedback strength at which the more dramatic changes
from analog to digital computation take place. In continuous
time, deterministic systems, this change in the system behavior
is associated with a bifurcation phenomenon [9]. In noisy
rSNNs the same bifurcation explains and predicts the network
behaviors and provides a robust design tool. The relevance

of v,,qx is that it spans the bifurcation center manifold. In
other words, it predicts the direction in the network state space
along which inputs and initial conditions are most strongly and
non-linearly amplified. It can be interpreted as a distributed
ultrasensitive state-to-output gain. In a dual fashion, W,
predicts the direction in the multi-input space along which
the single inputs should co-vary to trigger nonlinear input
sensitivity. Hence, w,,4x can be considered as a distributed
ultrasensitive input-to-state gain. For symmetric adjacency
matrices as those considered here, W4 = Viax, but to keep
the presented theory general, we will continue to distinguish
them in what follows.
We also restrict our analysis to rSNNs with

A = diag(Viuax) (J — Ddiag(vViax),

where J € RV*N s the N-dimensional matrix of 1s, I € RVXN
is the N-dimensional identity matrix, and vy, € {-1, 1}V
is such that Zl].\il (Vmax); = 0.1 Hence, A;; = 0 and A;; =
sign ((vmax)i (Vmax)j) Vi,j=1,...,N, j #i. Also note that
AViax = AmaxVimaxs With 4,,4x = N — 1, defines the dominant
eigenvalue/eigenvector pair.

We consider four output units as defined in Fig. 1a (see also
Figs. 3, and 4) with projection vectors V‘l”” = Vynax, associated
with a symbol “A”, Vg’” = —Vax, associated with symbol
“B” vout — VJ_

> '3 max:?

associated with symbol “C”, and v{"' =

—Vi x> associated with symbol “D”, where vy, € {—1, 1}V
is orthogonal to V4.

Given the rSNN output vectors v¢*/, a natural way to

summarize the network activity is by computing the output

alignment indices:

v v -5
Ve vl

N

pi(t) = V(1) = N ; vi(1),
where v(t) = [v(),...,vn(2)] is the vector of network firing
rates. The output alignment index —1 < p;(¢) < 1 is the cosine
similarity between the output projection vector v¢*/ and the
centered network firing rate vector v(¢) — v(z). It quantifies the
strength, or decision, with which the network represents the
symbol associated to v*’.

Graded changes in the output alignment indexes are indicative
of analog signal processing (see Fig. 3), while switching
behavior in these indexes are indicative of digital computing
(see Fig. 4).

B. Hardware network structure

To validate the theory we configured the silicon neurons on
the neuromorphic chip as in Fig. 1a with a network of N =8
excitatory neurons. As input patterns we considered four stimuli
vin . .vint e {=1,1}" aligned with the four output vectors,
ie., Vﬁ" = v¢*, and associated with corresponding symbols:
V’I"to “A”, V‘2"t0 “B”, vg"to “C”, VZ"'[O “D”. Specifically,
we defined A=(+1,+1,+1,+1,-1,-1,-1,-1), C=(-1,+1,-1, +1, -
1,+1,-1,+1), and B and D as inverse of A and C respectively.

For odd N, vmax € {-1,0, 1}N with one zero entry.
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Fig. 3: Faithful input representation (@ = 0.02). First, two inputs A and B
(blue and orange) are presented as 200Hz Poisson spike trains through either
excitatory or inhibitory synapses (the excitatory inputs are highlighted with
the coloured shading on the raster plot, inhibitory ones are omitted for clarity).
The next two inputs are also A and B, but the firing rates are reduced to 100Hz.
The last two inputs C and D (green and red) are orthogonal to the clusters.
The thick gray trace in the top panel represents the network-averaged mean
firing rate. The lower panel shows the alignment index traces pi(¢)...04(t)
(coloured).

When applying a specific input stimulus to the network,
neuron i receives a spike train with a constant mean rate
through an excitatory synapse if the i-th component of the
input vector associated to the input symbol is +1, or through
an inhibitory synapse if the i-th component of the input vector
is —1. The mean spike rate used to stimulate excitatory or
inhibitory synapses determines the stimulus strength.

C. Negative feedback promotes analog signal processing

We first explored signal processing and information represen-
tation for weak recurrent connections (small @) to ensure that
negative feedback dominates the network input-output behavior.

We stimulated the network with a sequence of input symbols
(A,B, A,B,C,D), using corresponding mean spike rates of
(200, 200, 100, 100, 200,200) Hz, respectively. Each symbol
pattern was applied for 300 ms. Figure 3 shows the measured
spiking response of the network with corresponding output
alignment indices. As shown, despite ongoing background
noisy activity, each time a stimulus is applied, the network
responds by selectively aligning its mean firing rate vector with
the output vector associated with the presented symbol. For
instance, when stimulus A is applied, the alignment index
p1, associated with v?“’ = Vpax grows to about 0.5, the
alignment index p,, associated with V‘z’”’ = —Vyax, falls to
about -0.5, while the alignment indexes p3, p4, associated with
Vgl” ,Vg’” max» Temain close to the basal (no stimulus)
level of alignment. The network returns to a noise-driven basal
state as soon as stimuli are removed, and weaker stimuli lead
to proportionally weaker responses (second repetitions of A, B
stimuli). These results confirm that the network tracks its input
through negative feedback regulation and behaves as an analog
distributed temporal low-pass filter.

:+V

D. Strong positive feedback induces the emergence of categor-
ical representations

In this experiment, we increased the parameter al/pha to
high values, strengthening all synaptic interconnections in the
network. Figure 4 shows the network response with these new
parameter settings. Consistent with the theory, which predicts
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Fig. 4: Emergence of categorical representations (@ = 0.1). Symbols A and B
are robustly preserved by the network, even in the case of lower amplitudes
of input rates, while symbols C and D do not lead to a persistent state switch
after the stimulus is removed.
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the emergence of two exactly two categorical attractors, the
network output strongly aligns either with v, (corresponding
to symbol A in our example) or with —v,,,, (corresponding to
symbol B). Hence, as in a binary switch, only two symbols can
now be robustly expressed by the network output. In addition,
symbol switching can only robustly be achieved by inputs
aligned with w,,,,2. This is illustrated by applying the B,A,B
stimulus sequence roughly in the middle of Fig. 4. Finally,
symbol representations are maximally robust to inputs that
are orthogonal to w,,,,. This is demonstrated by the chip’s
response to the sequence of C,D stimuli applied at the end of
Fig. 4.

In summary, the network of analog neuron and synapse
circuits on the neuromorphic processor works as a distributed
digital representation with high-dimensional but tractable and
highly tunable bit-switching rules.

E. Robust and smoothly switching from analog to digital using
a single parameter

According to the theory in [21], the switch from analog
signal processing to categorical digital computing happens
due to the presence of a pitchfork bifurcation in the network
state-dynamics as a function of the parameter «. The pitchfork
point and the emergence of two symbolic attractors marks the
transition from analog processing to digital computing. Being
able to induce this switching behavior using a single parameter
allows robust control of the network dynamics around the
pitchfork point.

We verified the robust existence of this pitchfork point
experimentally on the hardware by calculating the empirical
bifurcation diagram of the rSNN from the mean firing rates of
the silicon neurons measured in response to the same inputs
for different values of a. Figure 5 shows the data obtained
from these measurements. In line with the theory, the critical
a value at which the bifurcation happens is around 0.065.

These results confirm that

IV. DiscussioN AND CONCLUSION
The notion that cortical circuits exhibit both analog and
digital computational properties has already been made evident

2As a recall, Wy, is the left dominant eigenvector. In the case considered
here Wyax = Vmax because the network is undirected and its adjacency
matrix is symmetric.
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Fig. 5: Empirical rSNN bifurcation diagram computed using mean firing rates
and by projecting the resulting population vector of steady-state rates onto the
dominant eigenvector V,,4x. The colours indicate different initial conditions
before the rate estimation is taken: stimulus A (blue), stimulus B (orange) or
only background DC input (black). Each rate estimation was performed after
the removal of the stimulus.

in multiple experimental and theoretical studies [3], [17], [22]-
[24]. In this paper we demonstrated that spiking neural networks
implemented with neuromorphic electronic circuits designed
to emulate the physics of biological neurons can also exhibit
this dualism, using the same computational substrate. We first
showed this by configuring the neuromorphic chip to implement
a spiking neural network with structure and connectivity
properties similar to those of cortical microcircuits [1] (namely
a sSWTA architecture). We showed how it was possible to make
the behavior of this network switch from analog processing
to categorical non-linear processing by modulating a single
parameter. Then we developed a formal theoretical framework
to characterize quantitatively these switching properties for
a more generic rfSNN network configuration and validated
the theoretical predictions experimentally with the same chip.
For the sake of clarity and conciseness, we restricted the
theoretical analysis presented in Section III to signed but
unweighted dominant eigenvectors and resulting adjacency
matrices and symbolic attractors. However, the same theory
accommodates graded dominant eigenvectors, which would lead
to symbolic attractors represented by graded network activity
and with graded symbol-switching rules. This would constitute
a theoretically grounded generalization of the sWTA behavior
to arbitrary graded symbols and enable the robust control of
electronic devices and systems that use analog components,
even if affected by device mismatch and noise [15].

As mixed-signal neuromorphic circuits dissipate very low
power, in the pico- to micro-Watt range [25], they represent
a very promising technology for use in sensors and sensory-
processing systems that have severe constraints on resources
such as memory and power consumption (e.g., in edge-
computing applications). The work presented here will allow
to endow such signal processing systems also with robust
computing abilities, without having to resort to power-hungry
digital processing systems.
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