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Large Developing Receptive Fields Using a
Distributed and Locally Reprogrammable

Address-Event Receiver
Simeon A. Bamford, Alan F. Murray, David J. Willshaw

Abstract—A distributed and locally reprogrammable address
event receiver has been designed, in which incoming address-
events are monitored simultaneously by all synapses, allowing
for arbitrarily large axonal fan-out without reducing chan nel
capacity. Synapses can change the address of their pre-synaptic
neuron, allowing the distributed implementation of a biologi-
cally realistic learning rule, with both synapse formation and
elimination (synaptic rewiring). Probabilistic synapse formation
leads to topographic map development, made possible by a cross-
chip current-mode calculation of Euclidean distance. As well as
synaptic plasticity in rewiring, synapses change weights using
a competitive Hebbian learning rule (spike-timing-dependent
plasticity). The weight plasticity allows receptive fields to be
modified based on spatiotemporal correlations in the inputs,
and the rewiring plasticity allows these modifications to become
embedded in the network topology.

Index Terms—Neural network hardware, Neural network ar-
chitecture, Neuromorphic VLSI, Topographic map, Synaptic
rewiring, Synapse formation, Synapse elimination, Euclidean
distance, Address Event Representation, AER.

I. I NTRODUCTION

Neuromorphic engineers create integrated electronic circuits
which mimic neural computation in biological nervous sys-
tems, both to inform computational neuroscience and in pursuit
of superior engineering solutions for classes of problems
where biology currently outperforms artificial devices [1].
There is a need to form interconnects between many integrated
neuron circuits to create neural networks. In many applications
such as topographic map development [2], reconfigurability
in the connections is essential to underpin map formation
and maintenance. In a topographic map, one layer of neurons
maps its connections to another layer such that neighbouring
relationships between neurons in one layer are preserved in
the other. In order for such a mapping to develop, neurons
gradually change their patterns of connections according to
both innate preferences and feedback induced by network
input [3].

Time-division multiplexing facilitates massively-parallel con-
nection between spiking neuron circuits across multiple chips.
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Spikes are commonly treated as address-events; the unique
digital address of a neuron within a neural array is transmitted
on a bus. This approach was first used in [4], [5], and has
since been extended and improved. [6] gives a good summary
of this still-evolving technique. Within this Address-Event
Representation (AER) protocol, the number of wires required
to connectN neurons scales aslog(N), such that the number of
pins and wires necessary to interconnect chips is achievable.
The development of word-serial AER reduces the number of
wires required still further [7]. AER exploits the large differ-
ence in frequency between the spiking behaviour of biological
neurons (on the order of 1-1000Hz) and the capability of
digital electronic communication (many MHz). An AER bus
can typically deliver spikes at around 10MHz, although recent
publications have improved on this (see section VII-B for
references). If biological spike rates are desired then, taking
the conservatively high assumption of 100 spikes/second for
the average output of a biological neuron [6], 100,000 neurons
can share a single bus. (The lower assumptions of different
authors about spike rate would raise the estimate of the number
of neurons by 1 [8] or 2 [9] orders of magnitude).

AER was originally conceived as a point-to-point protocol.
If each neuron in one neural layer has a unique connection
to only one neuron in a corresponding neural layer in a
topographic map arrangement, the outgoing bus can be de-
coded directly by a row-and-column decoder on a receiving
chip, and spikes are delivered correctly to the same location
on a corresponding chip. More commonly however neurons
make connections to many other neurons (i.e. they have a
large axonal “fan-out”) and receive large numbers of incoming
connections (dendritic “fan-in”). As two examples, [10] found
an average fan-out of 167 for retinal ganglion cells in the
tectum of the hamster, whilst [11] found an average fan-in of
85,000 onto the Purkinje cells of the cat. In order to implement
arbitrary many-to-many network connectivity, address-events
are commonly received not directly by a neural array chip
but rather by a microcontroller, and are then compared to a
look-up table in memory in order to find out the addresses
of the neurons or synapses which should be targetted. These
addresses are then sent as address-events, sequentially toone
or more receiving neural arrays [12], [13]. This will be referred
to hereafter as the “look-up table” approach. This reduces the
capacity of the bus in the presence of large fan-out. If an
average fan-out of 1000 is desired, the number of neurons
which can then be supported is reduced by 3 orders of
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magnitude, e.g. from≈ 100, 000 to ≈ 100.

The use of a microcontroller and a look-up table in memory
has also been used to implement “synaptic rewiring”, i.e. the
formation and elimination of synapses such that connectivity
between neurons changes [14]. In the scheme of [15], infor-
mation from a synapse circuit was transmitted off-chip back
to the microcontroller where it was used to modify the look-
up table, implementing a simple model of topographic map
formation. This is part of a trend of using a microcontroller
to implement more of a neural network model. This trend has
been extended by Vogelsteinet al [16], where other synaptic
variables relating to synaptic strength were also held in the
look-up table, allowing each neuron to have a single synapse
circuit which acted as a number of virtual synapses.

The system presented in this paper extends the preliminary
work presented in [17]. In order to overcome the bottleneck
on channel capacity as fan-out increases in the look-up table
approach, whilst maintaining the possibility of adaptability by
means of synaptic rewiring, a new approach has been taken.
Address-events are broadcast across a neural array and may
be simultaneously received by many synapses. This approach
is described in section II and in section III its scalabilityis
compared with the look-up table approach. In contrast to the
aforementioned approach of [16], in this system, more infor-
mation is stored locally at each synapse circuit. Specifically,
the digital address of the pre-synaptic neuron is stored, along-
side analogue synaptic variables such as weight. Given the
local availability of information about incoming connectivity,
the synapse circuits have been designed to take advantage of
other information stored locally in order to change incoming
connectivity, thus implementing synaptic rewiring. In order
to constrain design choices and to demonstrate the utility of
such an approach, a model of topographic map formation
has been synthesised, in which the interplay between weight
plasticity and synaptic rewiring allows probabilistically formed
receptive fields to develop according to the statistics of spiking
inputs. The model is outlined in section IV. The rationale for a
distributed implementation of synaptic rewiring is explained in
section V. Then the circuitry which achieves this is described
in section VI. The functioning of the system is explored in
section VII, with the results of a series of experiments. Finally,
there is discussion of the performance of this system and
possible alternatives.

II. T HE BROADCAST APPROACH

For the reasons given in section I above, a new approach
to spike delivery has been developed. Address-events from
a sending chip are received directly by a receiving chip and
broadcast across the receiving chip’s neural array. Simulta-
neously, each synapse compares that address to an address
which is stored locally to the synapse, to establish whether
the address-event was intended for itself. Many synapses can
store the same address and thus arbitrarily large axonal fan-out
can be implemented without reducing bus capacity. This will
be referred to as the “broadcast approach”. This approach has
been mooted before e.g. [12, page 170]:

“Ideally each node should recognise its relevant
source events, but our present multi-neuron chips
use a DSP chip and lookup table to implement the
fan-out from source address to the individual target
synaptic addresses."

However, to date, no such system has been implemented based
on real-time analog neurons and AER communication.

The look-up table approach allows the use of receiving cir-
cuitry as described by [6], which is shown in figure 1 (a). The
receiving circuitry which implements the broadcast approach
is shown in figure 1 (b). The chip-level address-event receiver
is compatible with existing address-event transmitters. An
incoming request is acknowledged immediately and triggers
local latching of the address bus and a timed delay followed
by a timed pulse to synapses. Synapses do not acknowledge
receipt of an event, rather the chip-wide broadcast is timed
to last long enough for all synapses to receive it. A minimum
cycle time is imposed, sufficient to allow for the timed delays,
before the acknowledge signal is dropped. An example timing
diagram for the receipt of a single address-event is given in
figure 1 (c).

III. SCALABILITY OF BROADCAST APPROACH

In this section the scalability of the broadcast approach is
compared to that of the existing look-up table approach
(examples of which are [12], [13]). It is not compared with
systems such as [18] and [19]; these systems constrained each
neuron in a layer to have the same receptive field shape. By
so doing, [18] achieved a reduction in memory space at the
level of the microcontroller and [19] additionally achieved a
reduction in time to implement fan-out, but both did so at the
expense of topological adaptability at the level of individual
synapses. The approach of Vogelsteinet al [16], however, is
included in comparisons; this is included because it is a special
case of the look-up table approach in which there is only one
target synapse address per target neuron.

Scalability comparisons consider the amount of silicon area,
transmission energy and transmission time required, as num-
bers of neurons and synapses in a system increase.

A. Silicon Area

Each synapse, in order to implement its address-event receiver,
must store as many bits in memory elements as the width of the
incoming address bus. The total area of the receiving circuitry
across the chip, or across the system, for a multi-chip system,
then scales asSmaxNlog2(N), where N is the number of
neurons in the system andSmax is the maximum fan-in, i.e.
the number of dendritic (or incoming) synapses allowed per
neuron. TheSmaxN term represents the number of synapse
circuits in the system and thelog2(N) term represents the
number of bits necessary to encode a neuron’s address within
each synapse. At first glance this scales poorly compared to
the look-up table approach, which employs row and column
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Figure 1. (a) Address-event receiver circuitry, functionally equivalent to
that described in [6]. The incoming requestReqIn triggers the raising of
the global acknowledge,AckOut, and the decoding of the incoming address
(which is assumed to be valid upon arrival ofReqIn); a synapse (or neuron)
is targeted; when this acknowledges,AckOut is lowered (onceReqIn has
also been lowered), allowing the next event to be transmitted. (b) Proposed
address-event receiver. UponReqIngoing high,AckOutis immediately driven
high, and a pulse generator (PG1) is also triggered, the output of which stays
high for a precisely-timed (adjustable) period thereafter. AckOut stays high
until ReqInandPG1 both drop.ReqInalso triggers the local latching of the
incoming address bus. Once latched, the address is broadcast across the chip
and all synaptic address-event receivers simultaneously compare this address
to their own stored address to decide whether it is correct. From the rising
of ReqIn there is a short delay (implemented byPG2) to allow the address
data to propagate across the chip, before a pulse (Spike) is sent out across the
chip (implemented byPG3) triggering those synapses with correct addresses
to accept the event. The pulse generated byPG1 is timed to be long enough
to accommodate the joint delays ofPG2 andPG3 before allowingAckOutto
drop and the cycle to repeat. (c) Example timing diagram for timed response
unit.

decoders allowing the area of the receiving circuitry to scale as√
SmaxNlog2(SmaxN), where the

√
SmaxN term represents

the number of row or column decoder elements necessary
to decode a target synaptic address and thelog2(SmaxN)
term represents the number of bits necessary to encode a
synaptic address (assuming a square grid of synapses; each
decoder element must store one dimension, i.e. half the bits, of
the synaptic addresses it encodes for). Importantly, however,
the look-up table approach requires that additional memory
external to the neural array is used to store the look-up table
(typically on an external memory chip), in which area is
required which scales asSavNlog2(SmaxN), whereSav is
average fan-out. TheSavN term is the number of axonal
(or outgoing) synapses in the system and thelog2(SmaxN)
term is the number of bits necessary to encode a dendritic
(or incoming) synaptic address. The costs of microcontrollers
and memory are not normally considered, whether in terms of
chip area or power consumption. This is acceptable for test
systems, but if total power budget and space are considered
it can be seen that in the broadcast approach, the chip space
necessary to implement memory is simply being distributed
throughout the neural array, rather than stored in a separate
dedicated chip. The possibility of integrating a dedicatedlook-
up table on each neural chip is currently under investigation by
Shih-Chii Liu (Institute of Neuroinformatics, Zurich, personal
communication); this approach may have some benefits over
existing systems, but the scaling of area as described here
would not be changed. The scaling expressions above are
summarised in table I.

The actual difference in area requirements between these
approaches should not be overlooked. Memory on a dedicated
memory chip takes up much less space than in the design
presented in this chapter, for the following reasons. Firstly it
is not integrated with address-bus receiving circuitry butrather
optimised for its purpose. Static Random Access Memory (S-
RAM) cells use just 6 transistors compared to 12 used in
the receiver bit design which will be be presented in section
VI-A, and Dynamic RAM (D-RAM) cells can be much smaller
again, consisting of just one transistor and one capacitor;in
section VIII, a word-serial receiver is proposed to overcome
this limitation. Secondly, dedicated memory can arguably be
smaller as it can be implemented in more recent processes with
smaller geometry, whilst analogue neurons may need to be
implemented with larger geometry to limit mismatch; advances
in the implementation of homeostatic neural algorithms [20]
may overcome this drawback, as suggested by [21]. Dedicated
memory is also less costly simply because it is mass-produced;
however, whilst chip area is much more expensive on trial
application specific integrated circuits than on mass-produced
memory, this may not always be the case if neuromorphic
circuitry comes into mainstream demand. Notwithstanding
the possible solutions to these issues, the broadcast approach
currently yields synapses of significantly larger on-chip area,
resulting in higher production costs for the foreseeable future.
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Table I
SCALING OF AREA, ENERGY USAGE AND SPEED

System On-chip receiver area Off-chip memory area Internal buffering en-
ergy per spike sent

Time per
spike sent

Broadcast SmaxNlog2(N) none required SmaxNlog2(N) unity
Look-up table

√
SmaxNlog2(SmaxN) SavNlog2(SmaxN) Sav

√
SmaxN Sav

Vogelsteinet al [16]
√

Nlog2(N) SavNlog2(N) Sav

√
N Sav

N = number of neurons in system;Smax = maximum fan-in, i.e. number of dendritic synapses allowedper neuron;Sav = average fan-out.

B. Energy usage

In the broadcast approach, each incoming address event must
be broadcast across the neural array to each synapse. Con-
sequently each synapse contributes a capacitive load to the
on-chip buffering and therefore energy consumption will scale
linearly with SmaxN . This term includes internal buffering to
the neurons but does not include buffering from the pads to
the peripheral latches shown in figure 1(b), because the look-
up table approach has an equivalent cost. In the look-up table
approach there is no need to broadcast the address across the
chip; rather the spike signal can be targeted to the row and
column of the correct synapse within the neural array. The
energy cost of internal buffering should therefore be lowerand
should scaleper address-event receivedas

√
SmaxN . In the

broadcast approach, however, energy usage remains constant
per spike sent, whilst in the look-up table approach energy
usageper spike sentincreases linearly with axonal fan-out, as
each axonal synapse requires a separate spike to be transmitted
between chips and the correct synapse targeted. Bearing this
in mind, scaling expressions for energy are given in table I.
This suggests that if the choice of which approach to use is
to be determined by energy usage then there will be a ratio
of Sav / SmaxN above which the broadcast approach can be
expected to outperform the look-up table approach. In other
words, the broadcast approach may perform better in terms of
energy for densely connected systems but it will not perform
so well for sparsely connected systems. Here, the additional
energy costs of the microcontroller and memory in the look-up
table approach have not been considered.

C. Time

To ensure that communication succeeds in the broadcast
approach, each communication cycle is deliberately slower
than the average cycle time which could be achieved if the
sender were allowed to proceed with the next event as soon
as a synapse acknowledges, as in figure 1(a), though the
difference need not be more than a small factor. However
the time taken in the broadcast approach does not increase
with Sav whereas in the look-up table approach it increases
linearly. In fact the scaling of time in the broadcast approach
may be above unity, because the time the address receiver
takes to compare its stored address with the incoming address
will scale aslog2(N), due to the increased number of receiver
bits which contribute to a NAND gate in the implementation
used (see section VI-A). However this is likely to be incon-
sequential compared to the broadcast time, and so has not
been included in table I. In any case, this effect would not

significantly change the conclusion: the principal advantage of
the broadcast approach is that as axonal fan-out increases,a
speed advantage accumulates. Therefore, as the complexityof
neural networks implemented expands, the broadcast approach
can be expected to continue to support larger neural networks
with large average fan-outs after the existing approaches run
out of channel capacity.

D. Multi-chip scalability

It is also worth noting that the scaling expression in table
I above for the on-chip area required by the look-up table
approach only holds for a single-chip system. If the system is
spread across multiple chips then the expression for the look-
up table approach becomesC

√

SmaxNchiplog2(SmaxNchip)
where C is the number of chips in the system andNchip

is the number of neurons per chip (so thatN = NchipC).
Therefore as a neural network is scaled up by networking
together more chips and the ratio ofC/Nchip goes up, the
on-chip area scaling advantage with respect to the broadcast
approach due to row and column decoding ceases to accrue.
This is also true of internal buffering energy, for the same
reason. With this in mind, alternative figures are given in table
II just for those terms in table I which are affected.

IV. M ODEL

In order to explore the challenges and benefits of synaptic
rewiring in neuromorphic VLSI, a model of topographic map
formation was developed, which includes both synaptic weight
plasticity and probabilistic synaptic rewiring. In addition,
topographic map formation is assumed to involve a combi-
nation of activity-dependent and -independent processes.The
model is intended to be general to the extent that it could
apply equally to retinotectal, retinocollicular, retinogeniculate
or geniculocortical projections. A full review of the basesof
this model is beyond the scope of this paper; it is explained
in greater detail in [22]. In brief, this model proposes the
following:

1) Unspecified activity-independent processes impose a to-
pographic mapping between a source and target layer (a
layer is a 2D space in which neurons are located) and
guide axons from the source layer towards their “ideal”
location in the target layer, i.e. the location dictated by
the topographic mapping.

2) Axon branching leads to formation of synapses over an
area surrounding the ideal topographic location (broadly
in line with e.g. the innervation of the tectum [23]).
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Table II
MULTI -CHIP SCALABILITY

System On-chip receiver area Internal buffering en-
ergy per spike sent

Look-up table C
√

SmaxNchiplog2(SmaxNchip) SavC
√

SmaxNchip

Vogelsteinet al [16] C
√

Nchiplog2(Nchip) SavC
√

Nchip

Nchip = number of neurons per chip;C = number of chips in system;N = number of neurons in system =NchipC; Smax = maximum fan-in, i.e.
number of dendritic synapses allowed per neuron;Sav = average fan-out.

3) Competitive Hebbian learning detects correlations in
input patterns due to spatial proximity in the source
layer, such that synapses from more spatially clustered
afferent neurons are strengthened at the expense of
synapses from neurons which are more distant from
other afferents. The effective spread of the receptive
fields of target neurons in the source layer is thereby
reduced; this follows the model of [24]. If receptive
fields contain input-specific features, such as ocular
dominance segregation, these arise from this process.

4) Preferential elimination of weak synapses (as discussed
in [25]) allows the reduction of spread to be embedded
in the network topology.

The detail of the model used, including neuron and synapse
dynamics, inputs and initial conditions, is given in algorithm
1; some explanatory notes follow here. Each cell in the target
layer can receive a maximum number of afferent synapses.
It can be said that each cell has a certain synaptic capacity,
and this assumption is reflected in the design of the chip,
where each neuron has the same fixed number of dedicated
(potential) synapse circuits. The mechanism that yields the
mapping between layers is unspecified; it could be thought of
as a type I chemoaffinity mechanism (as defined by [26]) with
fixed affinities, though other mechanisms could be inserted.
There are two excitatory projections, a feed-forward projection
from the input layer to the target layer and a lateral projection
from the target layer back to itself. Axons within these
projections compete for the synaptic capacity of the target
neurons. Inhibitory lateral interactions are not implemented
in this model, following the observation in [24, section on
"Refinement of Cortical Maps"] that they are not necessary
for topographic map formation providing that there is an initial
bias towards a desired topology; in this model, bias towardsa
desired topology is not only initial but also ongoing. Although
axons are guided towards their ideal locations, the formation of
new synapses is with neurons which are randomly distributed
around this ideal location. A Gaussian distribution is assumed,
since a process which is initially directed towards a targetsite
and then randomly branches on its way would yield a Gaussian
distribution of terminations around the target site. A rejection
sampling process is used to form the Gaussian distributions.
The circuitry which has been created is capable of creating
not just Gaussian distributions but any 2D iso-directional
distribution with monotonically decreasing probability,as will
be seen in section VII-D. In general, synapses implement some
competitive Hebbian learning rule, such that correlationsin
inputs to a given target neuron result in preferential strength-
ening of those synapses at the expense of the strength of other
synapses. For implementation, the synapses, neurons and type

of input are based on the model of [24], i.e. with integrate-
and-fire neurons with synaptic modulation governed by Spike-
Timing-Dependent Plasticity (STDP).

V. RATIONALE FOR DISTRIBUTED IMPLEMENTATION OF

REWIRING

The reason for implementing synaptic rewiring in circuitry
local to each synapse is described here by incremental con-
sideration of the functions of neurons and synapses.

Address-events which are broadcast across the chip are re-
ceived by the receiver circuitry of each synapse. If an address-
event is received by a synapse, the resulting pulse is used to
create a synaptic conductance. This process is modified by
the weight of the synapse, which is also stored locally in
the synapse. The synaptic conductance affects the membrane
potential, which is stored as a charge on a capacitor in the cir-
cuitry for the central functions of the neuron. If this potential
passes a threshold then an outgoing spike is generated. Since
analogue summation of currents (in this design representing
increments of synaptic conductance) from the synapses into
the neuron can be performed with a single wire, it is common
for synapse circuits, together with storage of their weight
values, to be implemented physically next to, or in a row
leading to, the post-synaptic neuron which they serve. Thus,
the neuron together with its dendritic synapses is formed of
a contiguous block of circuitry; this block is located within
a neural array and is not necessarily contiguous with the
periphery of the chip.

The designer faces a choice at this point about where and
how the synaptic learning rule should be implemented. STDP
requires information about the pre-synaptic and post-synaptic
spikes (specifically it requires their relative timings), and it
affects the weight of the synapse. Consider that the pre-
synaptic spike is necessarily available at the synapse as well
as in a centralised mechanism for spike transmission at the
periphery of the chip. Likewise the post-synaptic spike is
available at the central neuron circuitry as well as in the
periphery. The synaptic weight may be stored at the synapse
for the reason given above. In deciding whether to implement
STDP in an off-chip mechanism or locally to the synapse there
is a trade-off between the respective costs, in energy and in
design complexity, of transmitting weight information outof
the neural array (or transmitting the implications of weight
information into the neural array, see [16]) and the cost of
transmitting post-synaptic spike information from the central
neuron circuit to the locally-implemented synapses. In this
project, an implementation of STDP local to the synapses has
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Algorithm 1 Model summary
There are two 2D layers of the same size, the“ input” and
“ target” layers; each is a square grid of neurons with periodic
boundaries, and the “ideal location” of each neuron in the
input layer is the location with the same coordinates in the
target layer. Each target-layer neuron has the same number
of “potential synapses”; these are dendritic locations in which
actual synapses may form; synapses can be with a pre-synaptic
neuron from either the input layer (“feed-forward connec-
tions”) or the target layer (“lateral connections”), including
the post-synaptic neuron itself (“recurrent connections”).
Initial conditions: all potential synapses start formed, with
conductancegmax.
Input: neurons are independent Poisson processes. A stimulus
locations is randomly chosen and firing rates are set tofbase+
fpeakexp

(

−d/2σ2
stim

)

, where d is the distance froms. With
a periodtstim, s moves and the process repeats.
Neuron dynamics (target-layer): the membrane voltage
Vmem is described by:

τmem
δVmem

δt
= Vrest − Vmem + gex(t) (Eex − Vmem)

Eex = excitatory reversal potential;Vrest = resting potential;
τmem = membrane time constant. Upon reaching a threshold
Vthr, a spike occurs andVmem is reset toVrest. A pre-synaptic
spike at time 0 causes a synaptic conductance at timet ≥ 0
of gex(t) = g.exp( −t

τex
) (τex = synaptic time constant); this is

cumulative for all pre-synaptic spikes.
STDP: a pre-synaptic spike at timetpre and post-synaptic
spike at tpost modify the peak synaptic conductance by
g → g + gmaxF (∆t), where ∆t = tpre − tpost and
F (∆t) = A+exp (∆t/τ+) if ∆t < 0, otherwiseF (∆t) =
−A−exp (−∆t/τ−), whereA+/− are magnitudes andτ+/−

are time constants for potentiation and depression respectively.
This is cumulative for all pre- and post-synaptic spike pairs;
g is bounded in(0, gmax).
Synaptic rewiring: At a fixed ratefrew, a potential synapse
is randomly chosen. If it is an actual synapse, the elimination
rule is used, otherwise the formation rule is used.
Formation rule: A possible pre-synaptic neuron is randomly
selected from either the input or target layer, and synapse
formation occurs if:

r < pforme
−

δ2

2σ2

form (1)

r = uniform random number in(0, 1); pform = peak formation
probability;δ = distance of possible pre-synaptic neuron from
ideal location of post-synaptic neuron;σform = standard
deviation of the receptive field.pform andσform may differ
based on which layer the possible pre-synaptic neuron is from.
Elimination rule: If the synapse’s conductance is below
0.5gmax it is eliminated with probabilitypelim−dep, otherwise
probabilitypelim−pot is used.

been chosen, following the intuition that the latter costs are
likely to be lower, due to the reduced need for communication
into and out of the neural array (area usage may be higher,
however).

The approach of implementing functions locally to the synapse
and neuron is then pursued towards its logical conclusion with
the implementation of the synaptic rewiring rules presented in
section IV. By additionally storing a binary variable at each
synapse indicating whether or not the synapse actually exists,
the synapse circuit becomes a circuit representing a potential
synapse, (part of the neuron’s total synaptic capacity), and
can be connected or disconnected by flipping this bit. The
synapse elimination rule requires weight information, as this
affects the probability of elimination. As it is probabilistic, it
also needs a stochastic process as input. If elimination occurs,
the effect is to reset the bit which encodes the connectedness
of the synapse. Inputs and outputs to the elimination rule
are therefore available locally, with the possible exception
of a stochastic process. The synapse formation process also
requires a stochastic input. Additionally it requires a randomly
chosen potential pre-synaptic partner; this must be transmitted
to the synapse in at least some cases, since it is used to change
the address stored in the synapse if formation is successful,
therefore the means to transmit this address to the synapse
must exist. (The possibility of using incoming address-events
as an available source of potential pre-synaptic partners is
discussed in section VI-C). The probability of formation is
influenced by the proximity of the ideal location of the
pre-synaptic neuron to the post-synaptic neuron’s location.
Location is a property of the neuron, as neurons are modelled
as points and dendritic morphology is not considered; therefore
circuitry for calculating proximity is localised in the circuitry
for the neuron’s central processes. In fact, rather than explicitly
encoding the location of each neuron, the location is implied
by the neuron circuit’s physical location on the chip, as will
be seen in section VI-D.

VI. I MPLEMENTATION

A. Synaptic address-event receiver circuitry

The total area of the synapse scales as the number of bits
necessary to encode a neuron’s address in the system. It is
therefore necessary to make the storage of each bit and its
associated circuitry as compact as possible. This has been
achieved using a static memory element, with a transmission-
gate implementation of an XNOR gate for comparison with the
incoming address bit. The result of the comparison contributes
to a NAND gate for the whole receiver, the output of which
(nAeCorrect) indicates whether or not the incoming address
is a match. Additional circuits allow for overwriting. The
synaptic address receiver circuitry is shown in figure 2.

B. Broadcast

The signal labelledSpike in figure 1(b) is a pulse which is
used to generate an increase in synaptic conductance. In this
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Figure 2. Address-event receiver circuitry. The receiver is composed of a
chain of blocks each of which receives a single bit of the incoming address
bus; one of these “receiver bits” is shown here (the zeroth bit). A bit of
the address (DesiredBit) is stored in a memory element composed of Inv1
and M1-M2. An XNOR is continuously performed betweenDesiredBitand
the incoming address bit (Addr<0>) by means of T2-T3 (the incoming bit’s
complementnAddr<0> is also required). The result of the XNOR contributes
to a NAND gate implemented throughout the receiver array by transistors
M3-M4. The result isnAeCorrect, indicating whether the full incoming
address matches the full stored address. WhenOverSiggoes high (and its
complementnOverSiggoes low), this is the signal for the receiver’s address
to be overwritten with the address on theOverAddr bus, a separate bus
broadcasting the address of the potential pre-synaptic partner. OverSigchokes
off transistors M1-M2 using transistors M5-M6 (these are common for all
the receiver bits) while T1 opens, allowingDesiredBit to take the value of
OverAddr<0>.

implementation, the length of the pulse is used, together with
the weight of the synapse, to control the magnitude of the
increase in synaptic conductance. It is therefore important for
this pulse to last the same length of time at each synapse,
bringing in issues of clock distribution. In fact, two other
signals are broadcast across the chip at the same time, whose
durations are used to parameterise the STDP circuit. Within
each synapse, the result of the address-event receiver (i.e.
the nAeCorrectsignal from figure 2) is used to decide (with
straight-forward digital circuitry) whether these pulsesshould
be applied to the synapse.

C. Synaptic rewiring circuitry

Synapses can be individually targeted for rewiring by a chip-
wide mechanism, which employs row and column decoders
in the periphery. This allows for both the explicit setting of
synaptic variables from an off-chip control mechanism, and
for ongoing probabilistic rewiring.

The circuitry which implements the connection and discon-
nection algorithm is shown in figure 3. When a synapse is
selected as a candidate for rewiring, its behaviour dependson
its state of connectedness, stored in a static memory element.
If it is connected then it is considered for disconnection.
Its analogue weight voltage (nWeight – this is negatively
defined, with a low voltage representing a strong synapse)
is compared to a voltagenProbDisconnect, randomly chosen
from a probabilistic distribution. If the weight is below the
random value then the synapse is disconnected. The random
value is common for all the synapses on the chip but is
only used at one synapse at a time and changes between
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Figure 3. Circuitry for synaptic rewiring. The synapse’sConnectedstate is
stored in a memory element composed of INV4 and M4-M5. This state can
be overridden by a disconnection signal from NAND2 and INV2,using M2-3,
or by a connection signal from NAND3 using M1 and M6.Compareis driven
high by the conjunction ofCompareXandCompareYfrom row and column
decoders, to indicate that rewiring is under consideration. While Compare
is high, the value ofConnectedis latched in a separate memory element
ConnectedRetainer(INV5 and M8-M9). This ensures that only connection or
disconnection can occur, avoiding oscillations during theComparesignal. The
complete condition for connection is that (a)Proximity is above the random
value nProbConnectsuch that the neuron is judged to beCloseEnough(the
output of differential amplifier DA2) to the potential pre-synaptic partner; (b)
the Comparesignal is high; and (c) the synapse is not currently connected
i.e. ConnectedRetaineris low. On connection, the override signalOversigand
its complement are sent to the address-event receiver, allowing the address
under consideration to override the address stored in the receiver bits;nWeight
is also set to its strongest value, by M11. Complementary conditions apply
to disconnection, the first being thatnWeight is above nProbDisconnect.
Amplifiers DA1-2 are capable of operating betweenVdd andGnd.

each usage, avoiding correlations between synapses. In this
implementation the voltage is produced off-chip, but it could
be produced on-chip in a mature implementation. By changing
the Probability Density Function (PDF) ofnProbDisconnect,
different relationships of weight to probability of elimination
can be implemented, for example, a thresholded rule, as used
here, or alternatively a linear interpolation between highand
low probabilities, etc.

If the synapse is disconnected and it is then selected as a
candidate for rewiring, the possibility of it taking a new
pre-synaptic partner is considered. The pre-synaptic partner
considered is randomly chosen. The method of choosing the
last neuron to have fired would be attractive as it could further
reduce the amount of communication required, since it is an
existing source of random addresses which is already available
at the synapse. However, in practice this was not used, both
due to practical difficulties in implementation, and to allow
rewiring to be explicitly controlled where necessary.

The randomly chosen synapse addresses come from off-chip in
the test implementation but they could come from an on-chip
pseudo-random-number generator in a mature implementation.
The potential pre-synaptic partner is latched separately by
each chip and is broadcast across all chips at the point that
a rewiring consideration takes place, using a different address
bus to the one used to transmit spikes. It is also used to allowa
cross-chip calculation to take place, providing a value, which
can be made available at any one neuron, of the geometric
proximity of that neuron to the incoming address. The synapse
under consideration then compares this proximity value to a
random value (nProbConnect), similar to the random value for
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disconnection but separate, created according to a probabilistic
distribution for synapse formation. If the proximity value
is higher than the random value then the synapse becomes
connected and it adopts the broadcast address of the potential
pre-synaptic partner in consideration as its new stored address.

By changing the PDF ofnProbConnect, differently profiled
receptive fields can be created, for example, Gaussian receptive
fields as used in the model in section IV, or any other
radially symmetric profile where the probability of connection
decreases monotonically with distance from the centre; the
example of an isodensitic bounded (i.e. cylindrical) receptive
field PDF is given in section VII-D.

According to the model in section IV, the standard deviation
σform and peak formation probabilityPform can change
depending on the layer from which the potential pre-synaptic
partner is chosen (i.e. whether the projection is feed-forward or
lateral). Therefore it must be possible to choosenProbConnect
from a different PDF depending on the layer of the potential
partner. For this test system, values fornProbConnectare
generated off-chip alongside the potential pre-synaptic partner
addresses. However, to demonstrate one way in which this
circuitry may be generalised, values ofnProbConnectare
generated separately for each of two distributions; peripheral
circuitry on the chip then selects the correct value to broadcast
to the neurons based on the part of the address of the potential
pre-synaptic partner which indicates its layer (one bit in
this case, since the test system requires only two incoming
projections).

In the model under consideration there is a strong topographic
mapping between successive neural layers, which applies to
both the feed-forward projection and to the lateral projection,
but this assumption is not essential to the system described
here. The effect of proximity on the probability of rewiring
can be eliminated altogether if it is not required, by reducing
the distribution ofnProbConnectto a binary choice between
an extremely high value, i.e.Vdd, where the synapse will not
connect no matter how high the proximity, and an extremely
low value, i.e.Gnd, where the synapse will definitely connect
regardless of proximity. This fact can be used for directly
controlling rewiring where necessary, for example in setting
up an initial network topology.

D. Euclidean Distance Circuit

In this section, circuitry is described which generates the
proximity value required by the synapse formation rule.

1) Basic circuit: Euclidean distance calculation is based on
the known principle of using the squared V-I relationship of
saturated MOSFETs in strong inversion [27]. The circuit which
calculates Euclidean distance is presented in figure 4 and its
functioning is described here.

(A) shows the layout of chip. A 2D array of neurons contains
a cell, markedT for target, which contains a synapse which
is not currently connected and has been randomly selected
to carry out its rewiring rule. A pre-synaptic neuron is also
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Figure 4. Euclidean distance calculation circuit (single chip, toroidal
topology). (A) Layout of the chip; (B) circuit for each peripheral cell; (C)
a section of the circuit along the periphery in the Y dimension; (D) circuit
inside each neuron; (E) circuit along the periphery in the X dimension; (F)
idealised voltage along the chain of resistors in (E).

randomly selected, whose ideal location in this neural layer
is markedS for source. These locations are transmitted to the
chip (or simultaneously to all the chips, in a multi-chip system)
and decoded in peripheral row and column decoders (not
shown). The complementary location, markedC, is the cell
which is the furthest away from the ideal location (assuming
a wrap-around topology). Along two edges of the chip are a
row and column of identical peripheral cells. Peripheral cells
corresponding to the target, ideal and complementary locations
are markedTx/y, Sx/yandCx/y respectively.

(B) shows the circuit within each peripheral cell. A central
node in each cell is connected to the central node of its two
neighbours via a resistor R1. In Sx and Sy, theLoc signal is
raised by the row and column decoders, switching on M2 so
that the central node is pulled down to a voltage reference
vPullDown.Likewise, in Cx and Cy, the~CompLocsignal is
lowered, switching on M1 so that the central node is pulled
up to the voltagevPullUp. The central node gates M3, whose
drain is at the end of a wire which spans across the chip and
is available to all neurons in the row or column corresponding
to the peripheral cell.

(E) shows the circuit along one edge of the chip. All of the
central nodes for each peripheral cell connect via resistors,
to form a chain of resistors which travels along the edge of
the chip and then wraps around at the edge. For simplicity,
the only transistors shown are those which would be active in
the case shown in (A). (F) gives a graph of voltage along the
chain of resistors (as the number of cells tends to infinity).At
the ideal locationSx, the voltage is atvPullDown. It then rises
linearly in each direction, reaching a maximum ofvPullUp at
the complementary locationCx. The voltage on the resistor
chain therefore represents the distance (in one dimension)
from the ideal location, on a linear scale fromvPullDown to
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vPullUp. vPullDown is set to be approximately the threshold
voltage of the nMOSFETs gated by the nodes of the chain
of resistors, i.e. M3 in (B). If these nMOSFETs are saturated,
the currents through them will be proportional (to first order
approximation) to the square of the distance of their node
away from the ideal location. There is also a circuit, which is
equivalent to that shown in (E), along the vertical edge of the
chip, as indicated by (C) (for simplicity, only the transistor
which is active in this case is shown).

(D) shows the circuitry inside the target cell where the synapse
is to carry out its rewiring rule. Two transmission gates T1-
T2 are opened and the currents are allowed to flow through
the nMOSFETs in the two corresponding peripheral cells, M4
and M7. These currents sum together to travel through a single
diode-connected pMOSFET M5. Providing that M4, M7 and
M5 all stay in saturation, and providing that only one cell has
its transmission gates opened at one time, the voltage created
at the gate of M5 is proportional to the square-root of the
sum of the square of the distance from the ideal location of
the potential pre-synaptic neuron to the targeted post-synaptic
neuron in each dimension, which is the Euclidean distance.

To summarise then, an analogue current-mode circuit uses
the squared V-I relationship of saturated transistors in strong
inversion to directly implement a calculation of Euclidean
distance. As transistors are operated in strong inversion the
currents required are on the order of tens of microamps,
but these currents need only flow for a fewµs while a
calculation is being carried out; given the rate at which
synapses rewire in biology, the duty cycle of this circuitper
synapsecan therefore be extremely small. During a calcula-
tion, three currents flow, one through each resistor chain and
one through the pMOSFET. Suitable sizing of the resistors and
the nMOSFETS respectively can limit the magnitudes of these
currents. The circuitry inside each neuron is rather compact,
just one transistor connected by two transmission gates. (It
would be possible to further refine the circuit to use single
transistors in place of each of the transmission gates if strict
assumptions were made about the possible range ofvPullDown
to vPullUp). The circuitry in the peripheral cells is rather
less compact, partly because of the need to integrate resistor
components with suitably large resistances and partly because
longer nMOSFETs result in smaller currents. However, the
area required by the peripheral circuitry scales asC

√

Nchip

(according to the definitions in section III) therefore the area
required becomes increasingly irrelevant as the number of
neurons integrated on each chip increases.

2) Circuit for non-toroidal topology:Periodic boundary con-
ditions (i.e. a toroidal topology) have been used in the model
presented in section IV for mathematical convenience, in line
with models such as [28]. Biological topographic maps, how-
ever, typically do not have a toroidal topology. To implement
non-toroidal topologies (as has been done in most models of
topographic map formation e.g. [29]) an alternative version of
this circuit is required. The circuit is explained in figure 5.

The fabricated chips contain circuits for both toroidal andnon-
toroidal topologies and these circuits share the same wires
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Figure 5. Proximity circuit for non-toroidal topology. Thecircuit is shown
for a chip with a4 × 4 neural array. (a) The actual neural array is extended
into a virtual space twice as large in each dimension, by extension of the
peripheral chain of resistors in each dimension. The sourceS and targetT
locations are always in the actual neural array, whereas thecomplementC of
the source location is always in the virtual area; thus voltage on the resistor
chain always increases away from S towards the edges of the chip in each
dimension. Calculation then proceeds as for the circuit presented in figure 4.
(b) For compact implementation, each peripheral cell contains the nodes and
resistors for the corresponding source location and its virtual complementary
location.

across the neural array and transistors within the neurons.That
is, there is only duplication of circuitry in the peripheralcells.

3) Multi-chip circuit: If larger neural areas are required than
can be integrated on a single chip, the circuit which has been
presented above can be easily extended to multi-chip systems.
The wiring scheme is explained in figure 6 (for simplicity, only
the circuit for toroidal topology is shown). Wires pass between
chips in order to implement the chains of resistors, and there is
one chain of resistors for each row and each column of chips.
As the circuit is implemented over different dies, process
variation between the dies may affect the performance of the
circuit more than would be expected within a single die.
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Figure 6. Proximity circuit for multi-chip system, shown for a 2 × 2 array
of chips each with a4× 4 array of neurons. (A) layout of chips. The source
S and targetT locations can be anywhere on any of the chips, whereas the
complementC to the source location is guaranteed to be on a different chip
than S. There is one complete row of resistors for each row of chips and
likewise for columns. In all other respects, the circuit functions as with the
circuit presented in figure 4. Decoders, and transistors which implement the
shorting of resistor chain nodes tovPullDownin Sx/y andvPullUp in Cx/y are
not shown, for simplicity. (B) The idealised voltage profilealong the chains
of the resistors in the X dimension is shown for the case illustrated in (A).
Voltage rises across across the neural arrays fromvPullDown at Sx on the
left chips up tovPullUp at Cx on the right chips. Dotted lines represent the
voltage of resistor chains at links between chips.

E. Multi-chip system

The chips were fabricated using the AMS 0.35µ 4-metal 2-
poly process. Each chip contains an array of8 × 4 = 32
neurons. Figure 7 gives a micrograph of the chip. The chip
was≈ 14mm2, of which≈ 6mm2 was dedicated to the neural
array. Each neuron has 64 synapses (there are therefore 2048
synapses per chip). Each synapse has a 9-bit reprogrammable
address-event receiver. The area of the synapse is2841µm2,
of which 56% is dedicated to the address-event receiver. The
remaining area is dedicated to: storing the additional synaptic
variables; implementing the connection and disconnection
circuitry; creating an increase in the neuron’s level of synaptic
current when a spike arrives; and implementing STDP.98.6%
of the area of each neuron is dedicated to its synapses. 8 chips
were linked together according to the scheme shown in section
VI-D3, to create a16 × 16 grid of neurons for the target
layer. These chips were also linked in a grid arrangement

Figure 7. Micrograph of chip.
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Figure 8. Grid system. Timestamped input spikes from the PC are sent at
the correct time (or as soon as possible thereafter if the busis not free) to
the first chip (chip Y1X1). The first chip broadcasts this across its neural
array and simultaneously (again depending on bus availability) transmits it to
the second chip, and so on. The spikes are thus distributed throughout the
grid using the chain of buses labelleddistr. Spikes generated by neurons in
the final chip in the chain, chip Y2X1, are transmitted to the next chip (chip
Y2X2). This chip receives those spikes and merges them sequentially, using
an arbiter, with any spikes from its own neural array, beforetransmitting
them on. Thus spikes generated from the chips’ neurons accumulate along
the chain of buses labelledaccum, until they arrive at the FPGA. Here they
are timestamped and sent to the PC. They are also, optionally, merged with
input spikes and redistributed across the chips, allowing lateral or recurrent
synapses to be implemented.

[30] so that any neuron on any chip could send or receive
address-events with negligible delay. Address-events from the
(simulated) input layer could be sequenced from a PC and
streamed with time stamps to an FPGA (Xilinx Spartan 3
on an Opal Kelly XEM3010 integration module). The FPGA
would then transmit the address-events at the correct times.
Spikes sent by the neurons on the chip were received by the
FPGA; these were time-stamped and sent to the PC; they
were also optionally merged into the stream of input spikes
and sent back to the chips, in order to implement lateral or
recurrent connections. The grid system is shown in figure 8;
it differs from that used by [30] in that the addresses used
are absolute, not relative. Whilst there are alternative schemes
which would minimise the number of transmissions necessary
for spike delivery, this scheme allowed for intervention in
recurrent spike delivery by the FPGA, for testing purposes.

In normal operation (see the experiments in section VII-E) the
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chips each consume≈ 8.6mW when carrying out rewiring
and ≈ 6.3mW without rewiring. The contribution of the
system of spike delivery to these totals is too small to be accu-
rately measured; simulations including capacitances extracted
from layout showed that to broadcast a single spike internally
across the neural array (not including transmission from the
pads to the peripheral buffers) should consume≈ 1.8nJ , so
in normal operation each chip should consume≈ 18µW for
internal spike delivery.

F. The rest of the circuitry

Space prohibits full discussion of the circuitry needed to
implement the rest of the model presented in section IV
(the interested reader is directed to [31]). The threshold,fire
and reset and spike generation circuitry used is similar to
that [32], except with no short-term depression, and with a
controllable threshold implemented with a comparator instead
of a source follower, decoupling the choice of threshold from
the current used. Synaptic weight storage is volatile, using
a capacitor. The implementation of STDP bears comparison
to the circuits described in both [33] and [34], except that:
(a) weight dependence of plasticity is not explicitly modelled
(although some naturally arises from the imperfect abilityof
transistors to act as current sources); (b) the weight node is
protected from subthreshold leakage by using negative gate-
source voltage between events, in a manner suggested by [35],
allowing a modestly sized capacitor (approximately 0.5pF)to
retain some trace of a learnt memory over a period of minutes;
(c) exponential decays of potential for depression and potenti-
ation are implemented with switched-capacitor resistors.The
excitatory synaptic conductance of all synapses is integrated
and decayed, and used to implement a synaptic current onto
the membrane, which is itself decayed, all using a switched-
capacitor implementation.

VII. R ESULTS

Where neuron locations are described they are given as zero-
based Y and X coordinates, e.g. neuron Y15X15 is the bottom-
most right-most neuron in a given16 × 16 layer.

A. Simultaneous receipt of a spike by many synapses

Figure 9 gives results which demonstrate the ability of
synapses to simultaneously receive the same spike, by showing
the action of incoming spikes on a variable voltageSynCond,
internal to the neuron, which represents the total excitatory
conductance due to synapses.

B. Channel capacity

The ability of the distribution chain of buses to distribute
spikes is demonstrated in figure 10. A burst of spikes was
distributed from the FPGA starting at 0s. Spikes were passed
through each chip in the chain with a latency of≈ 13ns.
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Figure 9. Simultaneous receipt of a spike by multiple synapses. Synapses of
a single target neuron were programmed so that one synapse was receiving
from neuron Y0X1 in the input layer, two synapses were receiving from
neuron Y0X2, three were receiving from Y0X3, and so on, with one more
synapse receiving from each incrementally higher neuron address, up to
neuron Y0X10, which had 10 synapses. A sequence of spikes wassent in,
starting at time 0.1s with frequency of 64Hz. The first spike in the sequence
was from neuron Y0X0, the next from Y0X1, and so on. The time constant for
the decay ofSynCondwas set to≈ 2.5ms. The upper plot showsSynCondfor
the neuron whilst the lower plot shows incoming spike times.The first spike
did not elicit any response from the neuron since no synapse was programmed
to receive from that address. Thereafter each spike caused aprogressively (and
approximately linearly) larger instantaneous increase inSynCond, as more
synapses simultaneously received each subsequent spike.

The rate at which spikes can be distributed is limited by the
total broadcast cycle time as defined by the (programmable)
length of the pulse generated by pulse generator PG1 as shown
in figure 1(c) plus various latencies imposed by the system.
The delivery of a spike to a chip and the broadcast within
it in the test system took upwards of 60ns; in section VIII
there are suggestions on how to improve this. In fact in the
test system created, the FPGA contributed the greatest delay;
thus the speed achieved was far short of address-event delivery
speeds achieved in recent publications (e.g. 41.66MHz [36];
78.125MHz [37] - two systems for delivery of address-events,
which would in fact be compatible with the system presented
here, although the rates reported are for network links rather
than delivery to end points). Nevertheless, even with spikes
beingsentat only≈ 4.7MHz, as the network was configured
with an average fan-out of 64, spikes were beingreceivedat a
rate of≈ 300MHz; increasing the fan-out would increase the
spike delivery rate by the same degree. Although it is an unfair
comparison, this spike delivery rate can only be matched in
AER-based systems by those which also implement fan-out
simultaneously by some means (e.g. [19]).

C. Proximity values

In order to parameterise the circuit with values forvPullDown
and vPullUp, an experiment was carried out, the results of
which are shown in figure 11(a). For values for the gate voltage
of transistor M3 in figure 4 in the range≈ 0.4V up to≈ 2V ,
Proximity reduces approximately linearly from its maximum
level. With the gate voltage above≈ 2V , the rate of change
of Proximity reduces as the nMOSFETs go out of saturation.
0.4V is therefore a good value forvPullDown. For linear
performance across the entire range, 2V would be a good
value for vPullUp; however, by extendingvPullUp further
into the non-linear region forProximity, the total range of



12

F
P

G
A

Y
1X

1

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9

Y
2X

1

Time (µs)

Figure 10. Address-events being distributed at maximum speed (with a
minimal delay imposed, i.e. delay 1 in figure 1(c)). A set of address-events
all with time stamp 0 were distributed from the FPGA as fast aspossible.
Graphs show the distribution buses’ request signals outputfrom: Top - the
FPGA; Middle - the first chip in the chain (Y1X1); Bottom - the final chip in
the chain (Y2X1). A rate of 4.74MHz was achieved. This includes all delays
in the receiving and sending chain in the FPGA, PCB and chips.The largest
delay is in the FPGA in this implementation (approx 150ns percycle). The
address-events took 107ns to pass through the grid, about≈ 13ns latency
per chip, whereas the receive and broadcast time of a chip was≈ 60ns.

Proximity can be extended, allowing greater accuracy in the
comparison withnProbConnectfor high proximities, whilst
incorrect Euclidean distance calculations will only occurfor
pre-synaptic neurons whose ideal location is far from the post-
synaptic neuron.

Figure 11(b-c) shows the results of the cross-chipProximity
calculation. (b) gives mean results from neurons on each of 8
different chips whilst (c) shows these results separately for the
two most extremely mismatched chips, to give some indication
of the effects of mismatch. In (c), each data set individually
achieves good linearity and the main effect of mismatch is
a shift in the output voltage, suggesting that the main cause
of mismatch is threshold variation in transistor M5 in figure
4. This variation is likely to cause different neurons to have
incoming connection fields with different amounts of spread.
As stated in the figure caption, the proximity value of only one
neuron on each chip was sampled. This was due to a design
limitation; thus, mismatch comparisons are between neurons
on different chips, not between neurons on a single chip.

D. Ability to form receptive fields probabilistically

The functioning of the synapse formation rule is demonstrated
here in experiments where receptive fields are formed. The
elimination rule is demonstrated later in section VII-E.

1) Creating differently shaped receptive fields :The example
of Gaussian distributions is used to demonstrate how to
generate the signalnProbConnect. Equation 1 is re-arranged
for distance:
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where peak is the peakProximity voltage when distance =
0, andδProx/δdist is its gradient with respect to distance,
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Figure 11. Proximity. (a) A single chip was configured so thatthe voltage
along both of its resistor chains was linked and externally controlled. This
value was swept in the range0-3.3V (i.e. Gnd-Vdd)and theProximity value
calculated by the bottom-right neuron (Y7X3) was recorded.(b)-(c) For one
neuron in the same position on each of 8 chips, a synapse was considered
for connection with a neuron in each possible source location andProximity
was recorded.vPullDown = 0.4V ; vPullUp = 2V . (b) The results were
shifted so that the highestProximity in each case occurred at Y7X7, and the
mean of the results from eight chips was taken for each location. The lowest
Proximity occurred at the complementary position i.e. Y15X15. (c)Proximity
is plotted against the distance which it is intended to represent. A different
symbol is used for the data points from each of the two target neurons which
gave the most outlying results; for clarity, neurons which gave intermediate
results are not shown.

both taken from results such as those given in figure 11(a). The
term on the right of the inequality was used to generate values
for nProbConnect, based on the uniformly distributed random
numberr. nProbConnectwas constrained to a minimum value
of 0V, which guarantees connection, sinceProximitycannot go
so low. On the other hand, forr > pform, nProbConnectwas
raised to Vdd, to ensure that connection did not take place.
nProbConnectcan be generated for any required PDF for
connection by similar considerations, as cannProbDisconnect
for any required disconnection rule.
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Figure 12. Gaussian receptive field formation.nProbConnectsignals for
feed-forward and lateral projections were created based onthe respective
pairs of parameters:σform−feedforward = 2.5; pform−feedforward =
0.16; and σform−lateral = 1; pform−lateral = 1. With no synapses
initially connected, rewiring was run for 50 seconds with 10,000 rewiring
iterations per second (≈ 30 rewiring opportunities in total per synapse);
nProbDisconnectwas maximised, i.e. no synapse elimination. Afterwards
there were an average of 16.5 feed-forward and 15.7 lateral synapses per
target neuron.σmeasured−ff = 2.51, σmeasured−lat = 1.22. left: feed-
forward receptive fields; right: lateral receptive fields. (a) Receptive fields
for a subset of target neurons (for clarity, only target neurons in the range
Y5-10, X5-10, are shown). Within each receptive field, whitespace indicates
no synapses formed with neurons in that part of the afferent layer; pixels of
increasingly darker grey shades indicate higher numbers ofsynapses with the
neuron in that position; (b-c) combined receptive fields forall target neurons,
with the afferent neuron whose ideal location matches the location of the
target neuron centred at (0,0).

Figure 12 demonstrates the ability of the system to form
receptive fields with a Gaussian profile. Note that lateral
connections are formed by the same means as feed-forward
connections, thoughσform is different for each projection.
pform was set to compensate for this difference, allowing
the same overall probability of formation for each projection;
this resulted in similar numbers of feed-forward and lateral
synapses.

For a given desired standard deviation (σform) and a given
number of synapses, each physical neuron has a different
resulting standard deviation, measured relative to its ideal
location, (σmeasured), due to mismatch. The distributions
which result have meanσmeasured which tends to be higher
than the intendedσform. The inputs could be fine-tuned to
yield good approximations to the desired distributions, by
altering the PDF ofnProbConnectto compensate for any error;
some manual adjustment ofpeakandδProx/δdist was used
to achieve the results in figure 12, but such optimisation was
not used for the experiment presented in section VII-E.

Figure 13 demonstrates another possible receptive field dis-
tribution, in this case a bounded isodensitic receptive field.
Ideally the boundary of the receptive field would be sharp.
However, the uncertainty at the boundary due to mismatch
is apparent. Additionally, a small number of outliers can be
seen, most of which result from a design flaw, described in
the following paragraph.
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Figure 13. Formation of receptive fields with isodensitic bounded PDF.
The experiment was as in figure 12 but withnProbConnectcreated based
on a formation probability density which was constant up to acertain
boundary distance and zero thereafter. Combined receptivefields for all
target neurons are shown, with the afferent neuron whose ideal location
matches the location of the target neuron centred at position (0,0); Left: feed-
forward projection (boundary distance=5; pform−feedforward = 0.25);
right: lateral projection (boundary distance= 2.5; pform−lateral = 1).

2) Insufficient open-loop amplification:In figure 3, the am-
plifier DA2 which comparesProximity to nProbConnectis
in open loop configuration and typically outputs a voltage
close to Vdd or Gnd. Only whenProximityandnProbConnect
are very close will it output an intermediate value, and the
following gate NAND3 applies further amplification to this
signal to yieldnOverSig. Nevertheless in a system where there
are a large number of comparisons made, a proportion of
these result in an intermediate value fornOverSig. Since this
is applied separately to T1 in figure 2 for each receiver bit,
mismatch in the transistors which make up the transmission
gate provide an overriding signal of varying strength to each
of the receiver bits, such that some bits take their new value
whilst others do not. Thus in some cases, where the decision
that the pre- and post-synaptic neurons are close enough to
connect is marginal, the pre-synaptic address can be stored
wrongly in the synapse by the failure to latch some bits. The
small extent of this problem in practice can be seen in figure
13. To correct the design, a memory element could be inserted
between DA2 and NAND3, with a similar design to INV5
and M7-M10, which would be activated shortly before the
compare signal, ensuring that a stable all-or-nothing output
state was achieved. To evaluate the performance of the model,
significance tests were designed so that the small number of
errors introduced do not skew results, as described in section
VII-E.

3) Variation in variance: For a desiredσform, each neuron
develops a differentσmeasured. This is partly expected due
to the random nature of the input stream, and partly due to
mismatch between neurons in the circuitry which generates
the CloseEnoughsignal. This mismatch is partly due to the
MOSFETs that generate theProximity voltage, as suggested
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Figure 14. Variation ofσmeasured vs σform. (a) The results of several
attempts to form Gaussian distributions were pooled, untilthe set of incoming
connections from each layer for each target neuron had more than 64 afferent
synapses (though different synapses could be between the same pair of
neurons). All synapses in the pool are shown, for two exemplary neurons
only, vertically adjacent to each other on one chip (neuronsY5-6, X11); upper
pair: feed-forward synapses,σform−ff = 2.5; lower pair: lateral synapses,
σform−lat = 1. The receptive field of the upper neuron is more diffuse than
that of the lower neuron, though this is only apparent for thelateral synapses,
with smallerσform. (b) For four initial pools of connectivity formed based
on differentσform, the coefficient of variation ofσmeasured is plotted. For
generality,σform is expressed as a proportion of the width of the layer (i.e.
σform/16). The best fit line is shown for a1/x curve.

by figure 11(c). There are also likely to be differing offsets
between neurons for amplifier DA2 in figure 3. The effect of
this mismatch is more apparent whenσform is small, as is
shown in figure 14. (a) demonstrates visually that outliers can
be seen more easily for a smallσform. (b) shows this effect
as an inversely proportional relationship betweenσform and
the coefficient of variation ofσmeasured.

4) Non-toroidal topology :Figure 15 demonstrates the ability
of the chips to calculate proximity based on a non-toroidal
topology by showing the effect of this on receptive field
formation. In the receptive fields of neurons towards the edge
of the chip, more connections form with pre-synaptic partners
whose ideal locations are in the area which is available,
resulting in denser sampling.

E. Effects of rewiring

As an indication of the utility of the system, an experiment
was performed which establishes the difference in behaviour
depending on whether synaptic rewiring is carried out. The
network was initialised with all potential synapses of target
neurons connected to topologically appropriate neurons, half
of which were in the input layer (feed-forward connections)
and half of which were in the target layer (lateral connections);
all synaptic weights were maximised. Then input containing
spatiotemporal correlations in firing rate were applied in two
experiments, one in which synaptic rewiring was applied and
one in which it was not. The extent of the resulting change in
the receptive fields is compared.

(a)

Figure 15. Gaussian receptive field formation - Non-toroidal topology.
nProbConnectFFwas created based onσform−feedforward = 2.5, and
pform−feedforward = 1. nProbDisconnectallowed no synapse elimination
and only feed-forward connections were considered. With nosynapses initially
connected, rewiring was run for 100 seconds with 10,000 rewiring iterations
per second. Receptive fields for the feed-forward projection are shown for a
example set of target neurons (neurons in the range Y0-7, X0-7). White space
indicates that no synapses formed with neurons in that part of the afferent
layer; squares of increasingly darker grey shades indicatehigher numbers of
synapses with the pre-synaptic neuron in that position.

Table III
EXPERIMENTAL PARAMETERS

Wiring Inputs Membrane & STDP
Nlayer = 16 × 16 fmean = 20Hz Vrest = −70mV
Smax = 64 fbase = 5Hz Eext = 0V
σform−ff = 2.5 fpeak = 152.8Hz Vthr = −54mV
σform−lat = 1 σstim = 2 τm = 20ms
pform−ff = 0.16 tstim = 0.02s τex = 5ms
pform−lat = 1 τ+ = 20ms
pelim−dep = 0.0245 τ

−
= 64ms

Pelim−pot = 1.36e−4 gmax ≈ 0.24
frew = 104Hz

The experimental set up was as described in section VI-E.
Parameters used were as in table III; the rationale for these
choices of parameters is described in more detail in [22]. The
values forVrest, Eext and Vthr are given as physiologically
appropriate voltages rather than values in the arbitrary voltage
range into which they were linearly mapped. The parameter
gmax is difficult to quantify precisely due to slight non-
linearity in the implementation, andA+ and A− are not
given, as weight dependence in the synapse circuit means
that these change depending on the state of the system.
Rather, the biases which work together to create the parameters
gmax, A+ and A− were treated as free parameters in order
to achieve mid-range weight distributions and output spike
rates close to the input spike rates. This parameterisation
was nevertheless difficult to achieve due to interdependencies
between parameters.
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In order to create an initial network topology with which to
programme the synapses at start up, the results of several
attempts to form distributions with a given set of parameters
(as in section VII-D1) were pooled, with synapse formations
recorded separately for each neuron on each physical chip.
Then a subset of incoming (dendritic) synapses was chosen
from this pool for each neuron, up to a required number of
feed-forward and lateral synapses (32 each).

The experiments ran for 5 minutes (based on the observation
that there was little change in results after 3-5 minutes);
rewiring rates were set to be much higher than in biology in
order to observe the effects within brief experiments. Results
are given in table IV. During the rewiring experiment, the
number of connected synapses dropped from its maximum
and the post-synaptic spike rate lowered.

For each neuron, the neural layer was searched for the location
around which the afferent synapses had the lowest weighted
variance (σ2

aff ), i.e.:

σ2
aff =

∑

i

wi|~px∗i|2

∑

i

wi

where x∗ = arg min
~x

∑

i

wi|~pxi|2

∑

i

wi

(2)
where i is a sum over synapses,~x is a candidate receptive
field centre,|~pxi| is the minimum distance from that location
of the afferent for synapsei and wi is the weight of the
synapse; if connectivity is evaluated without reference to
weights, synapses have unitary weight (this location is used
rather than the more obvious centre of mass measure, in order
to avoid a bias which is introduced when used in a toroidal
space - see [22] for details). Then, meanσaff was calculated
for all target neurons, only for the feed-forward projection.

It is now necessary to compare the neurons’ receptive fields
at the end of the experiment to the receptive fields which the
neurons tend to develop in the absence of spiking input, for
example, the receptive fields in the initial condition. However,
σaff is dependent on the numbers and strengths of synapses
and these can change during development (i.e. during the
experiment); therefore to observe the effect of the activity-
dependent development mechanism irrespective of changes
in synapse number and strength, comparison was made in
two ways. Firstly, for evaluating change in feed-forward map-
ping quality based only on changes in connectivity without
considering the weights of synapses, a new mapping was
created from the same pool used to create the initial mapping,
using the final number of feed-forward synapses for each
target neuron.σaff was then calculated for each neuron in
each of the mappings and the means of these (i.e. mean
σaff ) were compared, applying significance tests between the
values for the population of neurons for the two mappings,
i.e. all the neurons for the final mappingvs for the recon-
structed mapping. Having established what effect there was
on connectivity, the additional contribution of weight changes
was considered, by creating a new mapping with the same
topology, taking the final weights of synapses for each target
neuron and randomly reassigning these weights amongst the

Table IV
SUMMARY OF RESULTS

Case Rewiring No rewiring
Target neuron mean spike rate 11.2 15.4
Final mean no. feed-forward 25.4 32
synapses per target neuron (as initially)
Weight as proportion of max 0.50 0.41
for the initial no. of synapses
Meanσaff−init 2.94 2.94
Meanσaff−fin−con−shuf 2.94 NA
Meanσaff−fin−con 2.51 2.94
p (WSR;σaff−fin−con 6.8 × 10−29 NA
vs σaff−fin−con−shuf )
Meanσaff−fin−weight−shuf 2.45 2.91
Meanσaff−fin−weight 2.16 2.48
p (WSR;σaff−fin−weight 2.3 × 10−22 7.3 × 10−33

vs σaff−fin−weight−shuf )
For comparisons, meanσaff was calculated for the feed-forward connections
of the following networks: (a) the initial state with weights not considered i.e.
meanσaff−init; (b) the final network with weights not considered but only
connectivity with all synapses weighted equally, i.e. meanσaff−fin−con; (c)
for comparison with meanσaff−fin−con, the final number of synapses for
each target neuron, “shuffled”, that is to say, randomly placed in the same way
as the initial synapses (not applicable in the case without rewiring), i.e. mean
σaff−fin−con−shuf ; (d) the final network including weights, i.e. mean
σaff−fin−weight; (e) for comparison with meanσaff−fin−weight, the
final connectivity for each target neuron with the actual weights of the final
synapses for each target neuron randomly reassigned amongst the existing
synapses, i.e. meanσaff−fin−weight−shuf . Results were compared using
Wilcoxon Signed-Rank (WSR) tests onσaff for incoming connections for
each target neuron over the whole target layer for a single experiment for
each of the two conditions under consideration.
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Figure 16. Mean feed-forward synapse density as a function of distance
between the post-synaptic neuron and the ideal location of the pre-synaptic
neuron, radially sampled at each whole unit of distance. Left: initial condition;
centre: final condition; right: difference between initialand final conditions;
Synapse density increased close to the centre but decreasedfurther away.

existing synapses for that neuron. The two mappings were then
compared as described above. The key of table IV explains the
abbreviations used hereafter.

The change in receptive field shape in the experiment with
rewiring is shown in figure 16. The effect of rewiring is
considered by comparing the case with rewiring to the case
with no rewiring. Considering topology change, in the rewiring
case, meanσaff−fin−con drops to 2.51, c.f. 2.94 for mean
σaff−fin−con−shuf ; this drop is significant. In the case of
no rewiring, meanσaff−fin−con is constrained to remain
at meanσaff−init = 2.94. Considering weight change, in
the rewiring case, meanσaff−fin−weight drops to 2.16, c.f.
2.45 for meanσaff−fin−weight−shuf . In the case with no
rewiring, meanσaff−fin−weight drops to 2.48, c.f. 2.91 for
meanσaff−fin−weight−shuf . Both drops are significant.

Meanσaff−fin−weight appears to be lower with rewiring than
without it. It is not possible to say for sure that this superior
reduction of variance is due to the effect of the rewiring
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mechanism because the different numbers and weights of
final synapses in each case make a comparison impossible.
However, there is a good reason to believe that this is so: the
drop in meanσaff−fin−con. This drop on its own indicates
that the rewiring mechanism has helped to reduce variance and
would also lay the groundwork for different final measures of
σaff when weights are considered.

It can be seen then that (a) the weight-changing learning
rule causes some reduction in the variance of the receptive
fields, and (b) when the rewiring mechanism is applied, the
network topology develops such that a variance reduction can
be observed in the placement of the synapses, irrespective of
their weight. Since the rewiring mechanism on its own can
only generate synapse distributions according to the variance
used by the formation rule it has no means to reduce this
variance except by the influence from the effect of the weight
change mechanism, whereby outlying synapses are weakened
and become subject to preferential elimination. Thus, the
variance reduction is caused by the weight-change mechanism
and becomes embedded in the network topology as a result of
the rewiring mechanism. In so doing, a developed trait which
is initially stored in volatile memory on the capacitors which
store synaptic weight is transferred to storage in the stable
memory elements which encode network topology.

VIII. D ISCUSSION

A. Distributed receiver

The address-event receiver which has been implemented rede-
fines synapse circuits as potential synapses and, in a straight-
forward manner, shifts the burden of decoding and receiving
spike events into them. Alternative designs are possible and
may prove beneficial. For example, if word-serial AER were
adopted the memory elements in synapses could be decoupled
from the circuitry which compares them to incoming address-
events. Thus, while there would be one memory element for
each bit of the address, there would only need to be enough
comparison elements for one digital word of the address.
This would allow for a more standard choice for a repeating
memory element, and for better area scaling as the address
space expands. If standard 6-transistor S-RAM elements were
used then the size of the repeating memory element could
be much reduced compared to the present implementation.
As a further alternative, whilst floating gate technology is
not best suited to storing synaptic weights because the high
frequency of changes usually required by synaptic learning
rules would lead to eventual dielectric breakdown, the low
rates of synaptic rewiring in natural systems make storage of
pre-synaptic addresses on floating gates an attractive option.
Analogue storage of many address bits on a single gate (a
form of multi-valued logic) could be explored for a possible
space saving. The similarity in the function of the distributed
address-event receiver to that of standard Content Addressable
Memory is notable [38]; such a design could be used instead
for a possible space saving, at the expense of a more complex
comparison cycle, since it requires that lines which indicate

a match are pre-charged before a comparison takes place.
The speed performance of the system could be optimised
by decoupling the delivery of an address event from the
production of currents which drive the synapse’s processes,
since the pulse lengths necessary are longer than the minimum
time necessary to simply register a pulse. Such optimisation
would require pulse generators at each synapse, or alternative
mechanisms for implementing synaptic processes. A simple
improvement to speed performance would be to replace PG1
in figure 1(b) with a state machine driven by PG2 and PG3,
eliminating one source of delay from the present design, since
PG1 must extend the delays of PG2 and PG3 to allow a margin
for error.

B. Rewiring circuitry

The synapse design which has been presented allows synapses
to be rewired during operation. Whilst it is possible to impose
an arbitrary network topology by external programming, it is
also possible to allow a topology to form probabilistically
and, if desired, to continue to develop within the system
according to the biologically inspired model presented in
section IV, without any details of the topology being made
available off-chip. This system therefore allows a black-
box approach to network wiring at the level of individual
synapses. Rewiring probabilities can be made arbitrarily low,
even achieving biologically-realistic rates of synapse formation
and elimination, i.e. hours, days or months between events.
Although supporting stochastic processes were generated off
chip for this test system, these could be integrated on-chip.

A demonstration has been given of the development of recep-
tive fields to achieve a reduction in spatial variance. Space
prohibits a full exposition of the capabilities of the system
but it is worth mentioning that it extends to less trivial forms
of receptive field development, such as patterns of ocular
dominance, in which receptive fields may become asymmetric
or discontinuous when driven by appropriate forms of input
(the interested reader is directed to [31]).

The proximity calculation circuits presented deliver a measure
of distance which is iso-directional, resulting in fully radially
symmetric receptive fields. This sets it apart from the systems
of [19] and [39] which could achieve receptive fields with
radial symmetry of limited order with angular phase linked to
the axes of the chips. The measure of distance is also linear.
Linearity is not in fact necessary for the system described,
as supporting PDFs could be profiled to compensate for
any monotonically decreasing measure of proximity, but the
calculations necessary to profile the PDFs are simplified with a
linear solution. This may prove advantageous if random value
generation was moved on-chip.

The cross-chip proximity calculation circuit represents an
advance in multi-chip neuromorphic systems. Whilst multiple
chips have previously been used together in single systems,
each chip has either represented a separate neural layer [40]
or else a separate set of cells or function within a layer
[39]. The system presented here, however, consolidates the
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use of multiple chips to create a single expansive layer, by
implementing a 2D cross-chip proximity calculation, which
requires that all chips have a dedicated place within a 2D
lattice of chips which form a neural layer. It remains to be
seen how expansive a neural layer can be created. As this
system scales, speed of operation may eventually become an
issue, since the maximum speed at which rewiring can take
place is inversely proportional to the number of synapses inthe
neural layer. Assuming, arbitrarily, that each synapse should
be given one opportunity to rewire each hour, then at the speed
of 10KHz used in this test system,3.6× 107 synapses can be
accommodated.

The inverse relationship ofσform to the coefficient of variation
of σmeasured suggests that this effect will become more
problematic if the size of neural layers were scaled up and
σform were not scaled up accordingly. That is, if receptive
fields over small regions of a large neural layer were desired,
the resulting receptive fields would be poorly matched in size.
There are a few possible solutions to this. Firstly, there is
the aforementioned possibility of stretching the range of the
Proximity measure which represents close values for greater
accuracy at the expense of accuracy at a distance. Secondly,
with more complex decoding circuitry it would be possible
to set two complementary locations on each resistor chain,
a certain distance away from the source location in each
direction; this would set a boundary for the range over which
the proximity calculation would work, but would give better
definition within that boundary.

The approach of distributing the circuitry which achieves
rewiring throughout the synaptic array has been pursued on
the grounds of conceptual neatness, and was achieved to some
extent, although the rewiring rule does not run autonomously
at each synapse but requires central control and central gener-
ation of supporting stochastic processes. As such, this design
serves to highlight a pole on a spectrum of design choices
regarding the amount of functionality implemented within
synapses and indeed on-chip as opposed to in external digital
processing. However, hybrid approaches are possible and may
prove beneficial. Rewiring functions could be centralised to
a single circuit on the periphery of each chip. This would
remove about 20% of the area of the synapse design in the
present system, with the expense that the synapse would have
to buffer its analogue weight value out to the periphery and
some additional signal rails would be required. A hybrid
approach might be to implement disconnection in the synapse
but connection at the level of the chip or the network. The
decision to disconnect could then be easily based on the weight
and would result in a simple digital message to peripheral
circuitry. This could trigger the reassignment of that potential
synapse circuit by external circuitry with the benefit that the
implications for higher level network routing tables such as
those proposed by [9] could be resolved at the same time.

The model in section IV assumes a fixed relationship between
neural layers. Additionally, the neural layers are of the same
size and shape and there is no transformation in the mapping
between the layers. This allows for the address of the pre-
synaptic neuron in the source layer to be directly decoded

and used to specify a cell in the target layer as the ideal
location of the pre-synaptic neuron. However, the model is
not incompatible with transformations between layers. To
apply transformations between layers in this system, some
transformation must be applied to the source address. For
simple transformations such as rotation through right-angles,
mirroring, or expansion or compression by multiples of 2,
simple bit-wise or bit-shifting operations on the source address
prior to decoding would be sufficient, as in [39]. Any linear
transformation could be achieved by matrix multiplication, and
for ultimate generality, there could be a piecewise arbitrary
mapping between addresses implemented by a look-up table;
note that this proposal differs from the use of the look-up table
identified in section I since source neuron addresses would not
be converted to target synapse addresses but rather to source
neuron addresses in a transformed topology, and axonal fan-
out would still be implemented by the distributed address-
event receiver.

IX. CONCLUSIONS

A design has been presented for an address-event receiver,
which is composed of elements which are distributed through
the synaptic array and act simultaneously on broadcast
address-events. This allows a spike to be received simulta-
neously by all the synapses on the axonal arbor, allowing
for arbitrarily large axonal arbors to be implemented with-
out reducing channel capacity. This receiver is compatible
with existing address-event senders. The receiver is repro-
grammable during run-time, allowing synaptic rewiring to
be implemented. The scalability of this system has been
analysed and compared against existing systems with respect
to the silicon area, transmission energy and transmission time
required, as numbers of neurons and synapses in a system
increase. This system scales particularly well in terms of speed
as synaptic fan-out increases. Results have been presented
from fabricated chips. In particular, spike sending rates have
been shown which, when multiplied by the axonal fan-out
being implemented, can be interpreted as spike delivery rates
which are in excess of those achieved by any published AER-
based neuromorphic system to date, except those which also
implement simultaneous fan-out, demonstrating the potential
speed advantage.

Circuitry has been developed for implementing synaptic
rewiring within each synapse and results have been presented.
The circuit is capable of connecting and disconnecting a
synapse in response to either explicit external programming
or a probabilistic learning rule. The connection rule requires a
calculation of the distance between a neuron and the ideal
location of a potential pre-synaptic partner; consequently,
circuitry for Euclidean distance calculation has been presented.
This circuitry is based on established principles for calculat-
ing Euclidean distance; its notable features include current
mode operation across multiple chips and the capability of
implementing both toroidal and non-toroidal topologies. The
ability of the rewiring circuitry, together with the distance
calculation circuitry, to allow the formation of receptivefields
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based on radially symmetric PDFs with arbitrary relationships
of connection probability to distance from the centre, has been
demonstrated. Finally a demonstration has been given of how
receptive field changes which develop from the influence of
spiking input on synaptic weights, can become embedded in
the topology of the network.
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