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Abstract—An FPGA-based systolic architecture for the high
speed simulation of spiking neural networks is presented. The
design is an implementation of Izhikevich’s neuron model and
employs optimizations for the typical case where neuron activity
is low. Since execution time required is proportional to the
activity level, performance of the design can be improved by
an order of magnitude. A parameterised implementation of this
architecture is also presented which is scalable and flexible,
supporting different precisions, wordlength and network sizes.
Results are given which demonstrate the utility of this approach.

I. INTRODUCTION

The goal of computational neuroscience is to obtain an
understanding of how the brain processes information. Sim-
ulations are an important tool for modelling the massively
parallel computational processes involved, but the execution
time associated with a large scale cortical model is a lim-
iting factor in many cases. In this work, an accelerator for
simulating biologically plausible spiking neural networks is
presented which allows for the simulation of arbitrary size
networks using a single FPGA device.

In a biological neural network, information is exchanged be-
tween neurons through the frequency and phase relationships
between spikes. At any given time, only a small percentage
of neurons are firing (sparse firing), the actual percentage
being known as the activity level. This activity level may
vary substantially, for instance over the period during which
the brain of an organism develops [1]. It is thus important to
develop spiking neuron simulation architectures which can be
optimised for a given activity level. The main contribution
of this work is an event-driven hardware architecture for
simulating a network in which a neuron state is only updated
when a neuron spikes. Since spikes occur infrequently, a
savings in execution time proportional to the activity level
can be achieved. Thus for a typical case in which the activity
level is 10%, performance is improved almost tenfold.

The architecture is also designed to operate at high fre-
quency and be scalable. This is achieved using a systolic
organisation involving mostly local interconnections between
processing elements [2]. Multiple FPGAs can be easily con-
nected to produce a larger network and arbitrary size networks
can be simulated provided that sufficient memory resources to
store the synaptic weights are available.

The rest of this paper is divided into the following sections.
In Section II, spiking neural networks and Izhikevich’s neuron
model are introduced. Section III describes the algorithmic
level changes introduced in this paper, namely activity factor

optimisation and parallelisation. Section IV explains the ar-
chitecture and implementation of the simulator. Experimental
results are presented in Section V. Finally, conclusions con-
cerning this work are given in Section VI.

II. BACKGROUND

A typical neuron integrates signals from other neurons via
synaptic inputs onto its dendrites and soma, applies a non-
linearity and generates an output spike if the total exceeds
a threshold. While relatively biophysically accurate models
such as the Hodgkin-Huxley model have been developed to
simulate neurons, it must be noted that these models (which
are still phenomenological) are computationally intractable for
more than a small number of neurons, and hence not a good
choice for large scale spiking networks. Izhikevich proposed
a simplified phenomenological model which can reproduce
much of the known spiking and bursting behaviour of a wide
variety of cortical neurons while allowing simulation of tens of
thousands of neurons in real-time on a personal computer [3].
In the description below, the general notation of Thomas and
Luk [4] is first introduced and used to describe the neuron
dynamics model in an abstract fashion and then the specific
implementation of Izhikevich’s model is described.

The spiking neural network with N neurons is assumed
to be fully connected and hence the output of each neuron i
is connected to every other neuron. The synaptic strength of
these connections are given by the N ×N matrix W where
W [i, j] is the strength between the output of neuron j and
the input of neuron i. Thus W[i, :] represents the synapses at
the input of neuron i, whereas W[:, j] represents the synapse
values connected to the outputs of neuron j.

Each neuron has its own static parameters and varying
state values. The set P represents the set of possible constant
parameters and S is the set of neuron states. The set of possible
inputs to the neurons is denoted by R.

The neuron updated function f : (P ,S,R) → (S, [0, 1]).
takes as inputs the neuron parameters, states and inputs and
produces the next neuron state and binary output.

The computation of a timestep of the simulation is described
in Algorithm 1. For each neuron in the network, its input
is computed by calculating the dot product of all neuron
outputs with the associated synapse value to neuron i, i.e.
ii = W[:, i]̃f . We call this the ACC phase. This neuron input
is then used along with the neuron’s state and parameters to
compute the new state and output (~si, ~ti)← f(~ci, ~si, ii) in the
CAL phase.



begin
// ACC phase ;
for i=1..n do

ii ←W [i, :]~f ;
end
// CAL phase ;
for i=1..n do

(~si, ~fi)← f(~ci, ~si, ii) ;
end

end
Algorithm 1: Timestep (dense)

Izhikevich’s model uses 2 variables to represent the state
of a single neuron i, namely its membrane recovery variable
u[i] and membrane potential v[i], i.e. (u[i], v[i]) ∈ S. An
additional 5 parameters are used for the configuration of
the neurons: a - time scale of u; b - sensitivity of u; c -
value of v after the neuron fired; d - value of u after the
neuron fired; s - scaling factor for a normally distributed
random input which is added to each neuron and simulates the
contribution of noise from non-modelled sources [3]. Hence
the neuron parameters are (a, b, c, d, s) ∈ P . These parameters
can be tuned to represent different neuron classes (for instance
by fitting membrane potential traces from whole-cell patch
clamp recording experiments [5]); in practice, in a large scale
simulation each parameter might be selected from a narrow
distribution for the respective cell class, thus incorporating
network inhomogeneity.

The dynamics of u[i] and v[i] are given by the two dimen-
sional system of ordinary differential equations:

du[i]/dt = a(bv[i]− u[i]) (1)

dv[i]/dt = 0.04v[i]2 + 5v[i] + 140− u[i] + I [i] (2)

If the value of v[i] is above 30, the output is set to 1
(otherwise it is 0) and the state variables are reset:

if v[i] ≥ 30 then
{

v[i] = c
u[i] = u[i] + d

(3)

III. OPTIMIZATIONS

The time complexity of a spiking neural network simulation
lies in the O(N2) floating point operations required to perform
the dot product ii = W[:, i]̃f for all neurons. However, the
number of nonzero entries in ~f is small. A more efficient
sparse implementation uses setbits() which returns the indices
of a binary vector which have set bits, followed by an empty
sentinel (denoted by e).

Although this has the same O(N 2) complexity as the
previous algorithm, the number of floating point operations
required is now equal to the number of set bits in ~f , and hence
reduced by the activity factor. In the implementation described
in this paper, setbits() is implemented using a leading ones
detector (LOD).

A parallel implementation of the Algorithm 2 is now
described. The number of processing elements (PEs) is K and
they are connected together in a unidirectional ring. C neurons

begin
// ACC phase;
for j in setbits(~f ) do

~i←~i + W [:, j] ;
end
// CAL phase;
for i=1..n do

(~si, ~fi)← f(~ci, ~si, ii) ;
end

end
Algorithm 2: Timestep (sparse)

are handled per PE. A total of KC weight tables each holding
W [:, i] is required for accumulation of weights during the ACC
phase. The computation of the sparse dot product proceeds in
parallel as follows:

1) PE k applies a LOD over the subvector ~fk = [fCk,
fCk+1 . . . fC(k+1)−1] and determines the offset d of the
first nonzero bit (indicating neuron j = Ck + d has
fired). If the LOD returns e, no updates are applied in
the next step below.

2) Each PE computes ~ik ← ~ik + W [:, j] for each of the
C neuron that it handles, where ik are the associated
inputs.

3) j is passed to the neighbouring PE and a new j is
received. Step 2 is repeated until all K fired neurons
have been processed.

4) Repeat from step 1 until all LODs return e.

The parallel implementation method just described has
several advantages: as mentioned before, the number of cycles
required is proportional to the activity factor; the PEs operate
in parallel to reduce the execution time by a factor of K; and
only a small number of local connections between PEs are
required.

IV. IMPLEMENTATION

A. Architecture

The overall datapath of the neural network simulator uses
the parallel implementation of Algorithm 2 described in the
previous section and is illustrated in Figure 1. Each PE is
responsible for computing the response of its C neurons as
well as storing their state and synaptic weights. A finite state
machine (not shown) is used to control the datapath.

A timestep computation is divided into two phases. The first
phase is the ACC phase which performs accumulation of the
spikes from other neurons according to Algorithm 2. The CAL
phase updates the neurons’ states according to Equations 1-3.

A key block in the design is the LOD. This block determines
the first set bit in a binary vector of length C. For example,
if C = 6 and the vector is “011001” the LOD should
return 0, 3, 4, e. The current implementation uses a parallel,
single cycle implementation of the algorithm below. Note that
successive calls to the LOD return new values of set bits due
to x being a global variable.
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Fig. 1. Datapath of spiking neural network simulator. In the figure, four PEs K = 4 are shown, each handling two neurons C = 2. Thus a total of
N = KC = 8 neurons can be simulated.

Although this implementation is sufficient for the values
of C used in this work, for large C the LOD may affect
the performance of the system. As the simulation does not
require a new value from the LOD every cycle, a multi-cycle
implementation could also be considered.

Data: x (global variable)
while (x 6= 0) do

// clear all but first unset bit
z = x&(−x);
for i = 0 . . . (N − 1) do

if (((1 << i)&z) 6= 0) then
x = x&(∼ z);
return i;

end
end

end
Algorithm 3: Leading ones detector

An example of the accumulation is presented in Figure 2.
Some points about its implementation are:

1) At the beginning of the first pass, the ACC units receive
the relative position of the first non-zero bit of each f k

from the LODs (0, 1, e, 0 in the example).
2) An offset (+6, +4, +2, +0) is added to obtain the abso-

lute fired neuron number (6, 5, e, 0). The corresponding

entries in the weight tables for each PE will then be
accumulated in the input Ii. Since the offset can be
predicted by the ID of the PE, it can be implemented as
a counter local to the PE.

3) The relative address is passed to the adjacent PE.
4) Steps 2 & 3 are repeated until all fired neurons in the

pass have been processed by each PE. Hence each pass
requires a runtime of K cycles.

5) If all LODs return e the ACC phase ends, otherwise go
back to Step 1.

The implementation requires a runtime of KA cycles where
A is the maximum number of non-zero bits among all of the
subvectors ~fk.

B. Fixed Point Precision

Calculations in the proposed implementation are made with
18-bit two’s complement numbers which have a sign bit, 9
integer bits and 8 fractional bits. Weights are 9-bit two’s
complement fractions, having 1 sign bit and 8 fractional bits.

These values were chosen to most efficiently use the 18-
bit two’s complement multipliers available in the DSP blocks
of the Xilinx Virtex-5 FPGA used [6]. Any larger precision
would double the DSP utilisation. The range of neuron state
variable v is typically between -110 and 390 and is calculated
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Fig. 2. ACC computation for an 8 neuron simulation. Neurons 0, 5 and 6 have fired and Ii values are accumulated in the 4 PEs, each one handling two
neurons.



in mV. Weights were chosen to be half of that precision (9-
bits) as they are the limiting factor in our design for large
networks.

We believe 9 bits is a reasonable estimate of the precision
with which a synaptic weight is defined in the central nervous
system. For instance, at the mossy-fibre to parallel fibre
synapse in the cerebellum, the most numerous synapse in the
brain, there are 200-400 quantal release sites [7] suggesting a
resolution of at most 9 bits. In practice, a more limited range
is likely to be used. It should also be noted that this is a
generalisation that can only be carried so far - for instance,
the calyx of Held, a synapse in the auditory brainstem, might
potentially have greater resolution [8].

C. Memory Organization

Three different types of data values need to be stored in
CAL unit for an implementation of Izhikevich’s model. These
are the neuron states v & u, the neuron parameters ab, 1−a, c
& d and synaptic strength W. ab&1− a are stored instead of
a&b since it reduces the delay of the equation 1 of Izhikevich
model by 2 levels by evaluating u <= (ab)v+(1−a)u instead
of u <= a(bv−u)+u. This representation is suggested by [4]
in their implementation of spiking neural network on FPGA.
The synaptic strength dominates the storage area since the
required storage area is O(N 2) whereas the others are O(N).
For this reason, W are stored in dedicated Block RAMs [6]
whereas the states and parameters are stored in Distributed
RAM [6].

Each neuron has its own table of width N each storing the
synaptic strength W[i, :], where N is the number of neurons
to be simulated. Since the size of Block RAMs is 18Kbit [6],
each can hold at most 2000 9-bit synaptic strength values.
To simulate a network with B < N ≤ 1000 where B is the
number of Block RAMs available on the target device, a single
address can store 2 or more synaptic values to increase the
memory utilisation.

D. ACC Unit

During the CAL phase, the spike accumulation is achieved
by accumulating one entry of each synaptic strength table in
every cycle. Fig. 3 shows the architecture of the ACC unit. The
memory tables W[i, :] for i ∈ [kC + 1..k(C + 1)] are stored
in the ACC unit of PE k. As a result, a total of ceil(C/2)∗K
Block RAMs are required in the full implementation.

The Block RAM receives an address from LOD at the first
cycle, and then receives address from the other PEs for the
remaining K-1 cycles. A counter is used to record the status
of the accumulation and determine the address source of the
Block RAM. The counter will reset itself whenever it reaches
K to repeat the above procedure. The CAL unit selects the
accumulated values through a multiplexer during CAL phase.

E. CAL Unit Architecture

A pipelined CAL unit produces an output every cycle with
a latency of 6 cycles. The datapath is shown in Fig. 4. A
counter looping through 0 to C-1 during the CAL phase is

TABLE I
RESOURCE USAGE

Resource Used (%)
Occupied Slices 13635 (56%)
Flip Flops (FF) 31960 (32%)

LUT 35229 (36%)
DSP 128 (100%)

Block RAM 208 (98%)
Clock Rate 110.47MHz

TABLE II
RESOURCE UTILISATION FOR THE K = 32 & C = 25 CASE.

used to control the input and output sequence of the data. It is
connected to the accumulator selection of the ACC unit and the
read address of the memory tables. The neuron update pipeline
receives the accumulator value, neuron parameters and states
and produces a new u&v after 6 cycles. The new u&v is
connected to the write port of the neuron states table. The
write address of the table is connected to counter value minus
6 since the output is delayed by 6 cycles.

The implementation of equation 1-3 includes 5 multiplica-
tion, in which one of them is a constant-variable multiplication
which can be implemented without a DSP block. Hence the
unit requires at least 4 multipliers, and the number of DSP
blocks available on the device is the limiting factor of the
number of PEs K of the device.

V. RESULTS

A fully-connected 800-neuron network was implemented
on a Xilinx Virtex-5 XC5VLX155T device. It is a medium-
size device comparing to other FPGA devices in the Virtex-5
family. The device has 424 18Kbit single port Block RAMs
(or 212 36Kbit dual port Block RAMs) and 128 DSP blocks.
Hence this device support at most 128/4 = 32 PEs and 848
neurons.

Xilinx ISE 9.2i was used to generate the implementation.
VHDL generic parameters are used throughout the design
so the values of most parameters including K and C can
be adjusted with ease. Parameters K = 32 & C = 25
and wordlength of 18 bit were used for the implementation.
Table II gives a summary of the resource utilisation.

ACC phase requires approximately AN cycles for the ACC
phase and C+11 cycles for the CAL phase, where A is
related to the activity level of the network. Thus a total of
A ∗ 800+36 cycles are required to simulate a timestep in this
implementation.

A simulation with standard level of firing activity of 6.5Hz
has been carried out. The results shows that a timestep requires
approximately 716.8ns. Using timestep size of 1ms, 716.8us
is required to simulate a real time second, which is equal to
a speed up of 1395x over real time speed.

The design employed in this work is compared to a
pipelined design employed in [4] which also employs Izhike-
vich’s model for small size neural network simulation. The
model provides a constant speed up of 148x over real time
speed and is not affected by the network’s activity level.
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Fig. 3. Architecture of ACC Unit

TABLE III
DESIGN COMPARISON WITH PIPELINED DESIGN IN [4]

Our Design Pipelined Design
AN+C+11 cycles per time step N+96 cycles per time step

Run time ∝ activity level Run time is fixed
Can be directly cascaded Cannot be directly cascaded

into a larger network into a larger network
Slightly complicated architecture Slightly simpler architecture

Require more DSPs Require less DSPs

VI. CONCLUSION

*** stream of thought *** To mention: (I can write this
stuff but perhaps better to do it after you’ve written the other
bits and we can see how well it fits)

• mention Izhikevich’s newer paper where he simulates
(or pretends to) the entire cortex. There are some small
differences between the neuron model used in the earlier
paper, which we have followed, and that in the later paper.
Our approach certainly applies to the later model, but we
have used the earlier one for simplicity [9]

• mention that our architecture allows for optimum use
of hardware to be maintained in the face of systematic
changes during development. This is likely to be an
important issue, because as we build larger and larger
scale cortical models, they are not going to come ”pre-
wired” - and the problem of wiring them up to per-
form particular tasks is going to be more and more

a critical issue. The way nature solves this problem
involves initially allocating a large number of synapses,
which are eliminated during sensory experience during
the ”critical” developmental period. At the same time,
the firing rates of individual neurons begin quite low,
but increase during development. Some other properties
of neurons (such as temporal integration) also change.
FPGA architectures are thus ideally suited to this job, as
they (through reprogramming, perhaps periodically) allow
the architecture to be adjusted to maintain an efficient
architecture for the balance of number of synapses and
activity level found at each stage in the developmental
process.

• comment: I am assuming that it is best for us to just get
this idea out there (so if someone else does it first we
can insist they cite us!), but if there is a big problem
with ”scooping” in your field (as there is in mine) it can
be better to say little and give the idea only when we’ve
done it. My feeling is the former - just get it out there.
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