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Abstract. Spiking Neural Networks (SNNs) have become an important
research topic due to new discoveries and advances in neurophysiology,
which suggest that information among neurons is coded, interchanged
and processed via pulses or spikes. Two important aspects of SNNs are
coding and learning as means to represent information and acquire know-
dledge by experience, respectively. The SpikeProp algorithm has been
proposed as a learning algorithm for SNNs with good results in classifica-
tion and pattern discrimination. SpikeProp algorithm requires a coding
scheme called Gaussian Receptive Fields (GRFs), which converts real
data to firing times. In this paper we explore the feasibility of using FP-
GAs for developing specialized hardware modules for GRF coding and for
large scale simulations of SNNs. Modularized processing elements were
designed to evaluate different implementation tradeoffs and to promote
scalability of the model to larger FPGAs. Results and performance statis-
tics are presented, as well as a discussion of implementation trade-offs
using pattern classification problems as a case study.

1 Introduction

Spiking Neural Networks (SNNs), classified as neural models of third generation
[1], have become an important research area due to its biological plausibility.
Roughly speaking, the behavior of ideal spiking neurons is described as follows:
A typical neuron can be divided into three functionally distinct parts, called
dendrites, soma and axon. The dendrites play the role of the “input device” that
collects signals from other neurons and transmit them to the soma. The soma is
the “central processing unit” that performs a nonlinear processing step. If the
total input exceeds a certain threshold, then an output signal is generated. Then,
the output signal is converted by the “output device”, the axon, which delivers
the signal to other neurons. The biological neuronal signals consist of short
electrical pulses. The pulses, the so-called action potentials or spikes, have an
amplitude of about 100 mV and typically a duration of 1-2 ms [2]. It is recognized
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that SNNs are capable of exploiting time in a sophisticated manners a resource
for information coding and computation. Learning in traditional, artificial neural
networks is usually performed by gradient ascendant/descendant techniques to
find the network parameters to perform a given task. For SNNs these techniques
are extrapolated and the SpikeProp algorithm, has been proposed for learning
[3] [4] [5] [6] [7] for neurons modeled by the Spike Response Model (SRM) [8].
The motivation of digital implementations of SNNs is as diverse as the
background of the researchers, but most implementation look for performance
speedup and/or a large scale simulations. Spiking models are less hardware-
greedy than classical models, and accuracy results compared to classical neural
networks are similar [9]. Due to programmability, digital hardware offers a high
degree of flexibility and provides a platform for simulations on neuron level as
well as on network level [10]. In [11], several hardware platforms used for sim-
ulation of SNNs are reported, where the network sizes range from 8K to 512K
neurons. The presented results concluded that only supercomputers can cope
with the computer processing demands of these type of networks, however other
alternative exist, such as FPGA-based computing, for such kind of processing.
This paper is divided in 5 parts. Section 2 presents an overview of coding
schemes and recall phase of feedforward SNNs. Section 3 describes the proposed
architecture for each stage of the SNN processing. In Section 4, experimental
results about performance of hardware blocks are presented, with a tradeoff
discussion. Finally, in section 5, conclusion and future work are presented.

2 Background

2.1 Population Coding using Gaussian Receptive Fields (GRF's)

The application of GRFs for supervised learning was introduced in [3], where a
set of analog variables is fed into the GRF's to convert them in pulse streaming
suited for the SNNs processing and learning. A Gaussian function is defined by:

(z=b)2

f(x) = ac"57 M

for real constants a > 0, the height of the Gaussian peak, b > 0, the position of
the center of the peak and o > 0 controls the width.

A real input value is encoded by an array of receptive fields. The range
of the data is first calculated, and then, each input feature is encoded with a
population of neurons that cover the whole data range. For a variable with a
range [I7. ..., I" ], a set of m GRF neurons are used. The center b; of each

GRF neuron is determinated by:

1 2i—3
-2 (Imaa: - Imin)’
And the width o of each GRF neuron i is determinated by:

(2)
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where the proposed value for 3 belongs to the range [1, 2].

© GRF()=087 - GCRF(=098 - GRF(9062 + GRF@4)=023]

Fig. 1. Example of GRF's coding

The process of coding an analog variable is shown in figure 1, where the total
number of GRFs is four, and the overlapped GF's are plotted together. The value
to be coded is 0.3 (shown as a vertical line), and the evaluation of that value in
each GRF is shown by a horizontal line.

2.2 Spiking processing in recall phase

A neuron j, having a set I'; of immediate predecessors (“pre-synaptic neurons”),
receives a set of spikes with firing times ¢;,7 € I';. Any neuron generates at most
one spike during the simulation interval, and fires when the internal state variable
reaches a threshold ¥. The dynamics of the state variable x(t) are determined
by the input spikes, whose impact is described by the spike-response function
A(t) weighted by the synaptic efficacy (“weight”) w;;:

zj(t) =) wijelt —t;) (4)

=

A network consists of a fixed number of m synaptic terminals (or connections),
where each terminal serves as a sub-connection that is associated with a different
delay d and weight w. The unweighted contribution of a single synaptic terminal
k to the state variable y is given by:

yb =e(t—t; —d") (5)

where €(t) is the spike response function, with e(t) = 0 for ¢ < 0. The time
t; is the firing time of a previous neuron i, and d* is the delay associated with
the synaptic terminal k. The spike response function is given by:

e(t) = %O*%) (6)
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Extending (4) to include multiple synapses per connection and, substituting
in (5) the state variable x; of neuron j receiving input from all neurons 4, the
network can be described as the weighted sum of the pre-synaptic contributions:

zi(t) =Y Y (wij"y] (1)) (7)

i€l k=1

The target of learning through the SpikeProp algorithm is to get a set of firing
times t?, at the output neurons j € J for a given set of input patterns Plt;...tp],
where P[t;...ty] denotes a single input pattern described by single firing times
for each neuron h € H. The error-function is defined by:

1
B=g 3 -ty (®)
JET;
where t;l are the desired firing times and ¢ are the actual firing times. The
details of the SpikeProp algorithm are out of the scope of this paper, but it is
being considered for further on-chip implementation. See [3] for further details
on SpikeProp.

3 Proposed Architecture

The dataflow for the architecture is shown in figure 2. The input data set is or-
ganized in rows and columns. The columns are the dataset attributes, while the
rows are the dataset samples. The class column is stored in a separated memory
region. The input dataset is passed through the GRF's, which main function con-
sists of codifying the input data into firing times. Once this transformation has
been carried out, the firing times are passed to the SNN module, which computes
the output as firing times. Then, the output firing times are passed to a class
decoder, which obtains the class assigned by the network to the input pattern.
Finally, the network performance can be evaluated, comparing the class obtained
by the network with the original class assigned to that pattern. Additionally, a
hardware-based learning module can be implemented for adjusting weights and
delays for learning from a dataset for a specific application.

3.1 Architectural Overview

The proposed hardware for carrying out the dataflow previously explained is
shown in figure ?7. A system with 2 data buses is proposed. The Global Data Bus
connects external memory elements with internal routers. The internal routers
send data to each one of the processing elements. The processing elements read
from the bus their input data, process them and output the results on other data
bus, which feed an output router. The output router can send data to memory,
or to other router (the input router of other process).

The control bus contains all the control signals generated by the global control
unit. The control unit generates the synchronization signals required for each
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Fig. 2. Architectural dataflow

module in the proposed architecture. There are two type of processors. The
first one is the Gaussian Receptive Fields Processor (GRPF), which transform
the input data into firing times. The second one is the Spiking Neural Layer
Processor (SNLP), which obtains the network output for a given input firing
times pattern. These processors are explained more in detail in this section.

The proposed architecture reads the first k-columns of the dataset, and the
GRF coding is applied to that input data (using one or more GRFPs) for ob-
taining the input firing times corresponding to those input data. Later, the
architecture takes the input firing times and generates the network output (or
output firing times). Depending of the layers implemented in the SNN, is the
number of implemented SNLPs (at least one SNLP must be implemented for
2-layer SNN). This process is repeated until all the patterns in the dataset (or
a number of patterns previously established) have been evaluated.

Gaussian Receptive Field Processor In figure 4, the main components of
the GRFP are shown. The main components are described below:

— Internal Control Unit. This component receives control signal from Global
Control Unit and generates the appropriate control signal for the components
of the GRFP.

— Mazimum-Minimum-Range Computation Module (MMRCM). This module
accesses to the dataset and computes maximum, minimum and range for
each data column of the dataset. This module can be excluded from the
architecture or not synthesized if these parameters are known or were pre-
computed before coding. The results obtained by this module are stored in
the Maximum-Minimum-Range Memory(MMRM).

— Centroid Computation Module (CCM). This module computers the gaussian
centroids as defined by equations 2 and 3. The total amount of centroids
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Fig. 3. Complete architecture with GRFPs and SNLPs modules

required depends of the number of gaussian fields required. The results ob-
tained by this module are stored in the Centroid Memory (CM).

— Parameters Memory (PM). The statistics and centroids are stored in this
memory and later sent to each GP for the Gaussian Field Computation.

— Temporal Registers (TR). Data from the input dataset are stored in an array
of temporal registers. Each one of the GPs accesses to this register for ob-
taining the corresponding firing times according to the number of gaussian
fields processor outputs.

— Gaussian Processor (GP). This module performs the computation of each
gaussian function of the gaussian array. Each GP reads data from all the TRs
and obtains the Gaussian codification of that value, and later the results are
stored in the corresponding F'T.

— Firing Times Memory (FTM). The firing times generated for each GP are
stored in this memory. Later, the data are sent to the router for storing in
external memory or to be sent to the SNLP.

The proposed architecture for the GRFP is designed to be flexible and mod-
ular depending of the required degree of parallelism. The parameters for archi-
tecture compilation that can be set for this processor are the number of gaussian
fields, the width of the gaussian fields and the gaussian fields separation.

Spiking Neural Layer Processor (SNLP) This processor performs the recall
phase in SNNs, which consists on the firing time computation of both hidden
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Fig. 4. Main components of a GRFP

and output neurons layers. The neural computation takes as input the firing
times generated by the GRFPs. In the actual implementation, this processor is
designed for working only with feed-forward SNNs, but it can be modified for
supporting other connectivity schemes. The quality and precision of the GRF
coding performed by the GRFPs is a critical factor for the network performance
(related to the classification accuracy, not performance). The processor contains
a set of modules called Neural Processors (NPs), which are grouped in layers
depending of the requirements of the implemented SNN. A SNLP contains a
set of fixed NPs, which are assigned for computing the neuron firing time for
exactly one network layer. As reported in several applications, for the proposed
architecture only two layers of Spiking neurons are defined (and only 2 SNLPs
are implemented), but the proposed architecture is designed for implementing
more neuron layers by defining more than one SNLP.

4 Implementation and Results

4.1 FPGA implementation

The proposed architecture was implemented and synthesized on an Alphadata
ADM-XPL board, which hosts a Virtex- Il PRO FPGA. The hardware resources
for the target FPGA device are shown in table 1. The target platform has a PCI
interface, thus it is hosted on a desktop PC. The proposed architecture is fully
modeled using the Handel-C Hardware Description Language.

The proposed architecture was designed for supporting as many processors as
possible, limiting the implementation to the hardware resources available on the
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target FPGA. In order to explore the parallelism tradeoffs, different implemen-
tations were synthesized. In table 2, the hardware resource utilization for each
implementation is shown. For validating the GRF coding, only one GRFP mod-
ule was synthesized (In table 2, second column). For validation the GRF coding
and network performance, several NPs (4,8, and 16 NPs) per SNLP (only 2
SNLPs) were synthesized (In table 2 from third to fifth column).

Table 1. Characteristics of the target FPGA device

4-Input Total Total Total
FPGA LUTs Slice-FFs Slices BRAMs MULT18x18s
xc2vp30-6f1896 27,392 27,392 13,696 136 136

4.2 Performance results

The implemented architecture was tested using several variations of the input
parameters. The input simulation parameters that can be set are:

— Number of examples (rows) and variables (columns) of the input dataset.

— Number of gaussian fields used for each variable (the number of input neu-
rons is given by the product of total variables by the number of gaussian
fields associated to each variable).
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Fig. 5. HW versus SW execution time comparison for the GRFPs

Execution time comparison for the coding module is shown in figure 5, where
the “SW” label means execution time in software, on a PC with a Pentium-4
processor running at 2.66 GHz. The “HW-2GRFP-4GPs” label means execution
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time in hardware using 2 GRFPs with 4 GPs, the “HW-1GRFP-4GPs” label
means execution time in hardware using 1 GRFP with 4 GPs, the “HW-2GRFP-
8GPs” label means execution time in hardware using 2 GRFPs with 8 GPs and
the “HW-1GRFP-8GPs” label means execution time in hardware using 1 GRFP
with 8 GPs. The number of computed GRFs is 4 GRFs for figure 5(a) and 8
GRFs for figure 5(b).

Execution time comparison for the overall architecture is shown in figure
6, where the “SW?” label means execution time in software, on a PC with a
Pentium-4 processor running at 2.66 GHz. The HW-XP means execution time in
hardware with 2 SNLPs with X NPs each. The experiments were performed with
real data obtained from standard datasets used in machine learning applications.
For the first experiment, the Iris dataset from the UCI Repository of Machine
Learning Databases [12], with 150 instances and 4 discrete attributes was used.
The performance for several topological variations of the implemented SNN for
the Iris dataset is shown in figure 6(a). For the second experiment, the Wisconsin
Breast Cancer (WBC) dataset from the UCI Repository of Machine Learning
Databases [12], with 699 instances and 9 attributes was used. The performance
for several topological variations of the implemented SNN for the WBC dataset
is shown in figure 6(b). The reported execution time is the total amount of
time required for both hardware and software implementations to perform the
network output computation for the entire dataset.
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Fig. 6. HW versus SW execution time comparison (real datasets)

4.3 Discussion

The architecture described in this paper is an extension of work reported in the
past. A first attempt for implementing an FPGA-based architecture for Spike-
Prop is reported in [13], using the original Spikeprop algorithm reported in [3].
The proposed architecture was validated by obtaining the same classification re-
sults as the original application. In a second attempt [14], several improvements
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Table 2. Hardware resources for the complete architecture

Resources GRFs &8 NPs 16 NPs 24 NPs

ONLY
Slices 4,166 6,843 8,225 9,711
30% 50% 60% 71%
Max clock
freq 66,8 66,84 65,17 64,22
(Mhz)
Gate

Count 458,161 2,523,393 4,155,493 5,791,707

to SpikeProp were integrated into the architecture previously proposed. It is
specially interesting the reduction of the number of synaptic terminal from 16
synaptic connections in the original SpikeProp algorithm to 2 synaptic connec-
tions reported in [15], and the adaptations of RProp and QuickProp algorithm
established in [4]. The recall phase is fully implemented, but the learning is vali-
dated only by an off-chip execution. In the first and second attempts, the coding
problem was not explored. In a third attempt [16], a hardware architecture for
the gaussian receptive fields coding is reported. Tests with randomly generated
datasets are reported. In a fourth attempt [17], a generic hardware core for ob-
taining the network output for multilayer SNNs based on SpikeProp algorithm
is reported. A previous version of the learning implementation is reported, as
well as an estimation of hardware resources and performance. In this work, an
integrated architecture and new improvements are reported. The novelty of the
present work consists on the flexibility and scalability of the proposed archi-
tecture, as a compact core that can be used for a wide variety of classification
problems, allowing the tunning of several parameters for both coding and recall
phases of SNNs and improving in performance.

In the first part of the chain of processing of the proposed architecture, the
GRF coding is performed using GRFPs. When synthesizing the proposed ar-
chitecture with only GRFPs (the SNLPs were excluded), execution time results
were obtained, and the obtained performance improvement falls in the range
from 4X to 16X depending of the number of implemented GPs. The maximum
number of GRFs that can be computed is established to 4, as proposed in [4],
since 4 if good enough for obtaining an acceptable network performance, but if
more GRF's are required, the architecture can be synthesized for fitting that re-
quirement. These improvement rates are obtained because each GRF is mapped
in one separated module, and several patterns (when adding more GRFPs) can
be processed in parallel. About 30% of the target FPGA device is used when only
GRF coding is implemented. The implemented GRFP uses only 4 GPs. If more
GRFPs and GPs are required, then the architecture can be extended, but this
involves more hardware resources for the GRFs coding. Using the implemented
cores only for coding, at least a 2X performance improvement is obtained, and
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for the performed experiments, a maximum performance improvement of 16X is
obtained.

In the second part of the processing chain, the SNLP are added to the im-
plemented architecture. The obtained performance improvement is from 4X to
20X depending of the number of NPs. About 50% of the FPGA device is used,
with 1 GRFP and 2 SNLPs implemented. This core combination can be con-
sidered as the “minimal” implementation that functionally can achieve all the
computations required for the SNNs described in this work. When using the
“minimal” architecture, at least a 3.5X performance improvement is obtained
for the smallest tested network, and a maximum 9.5X performance improvement
for the large network tested in this work. When using more that 4 NPs for SNLP,
the area required for the design is increase by a 1.5 factor. The limitation for
the implementation of more SNLPs is the target FPGA available resources. The
used hardware resources scale linearly with the number of neurons, and the per-
formance decreases linearly but with a small slope compared with the hardware
resources increasing. The performance improvement is very good (in the order
of 7X to 9X), when using regular topologies (networks with the same number
of neurons in each layer), and not too good (about 2X - 4X) when using an
unbalanced number of neurons in the layers (see figures 6(a) and 6(b) for an
example).

5 Conclusions and future work

A scalable and modular hardware core for SNNs has been proposed. The archi-
tecture is based in two phases: one preprocessing phase (GRF coding) and one
processing phase for multilayer SNNs: the recall phase. For each one of these
phases, a hardware core is proposed. For the coding phase, the GRFs is per-
formed by a set of processors called GRFPs, a performance improvement of at
least 4X is obtained. For the GRFs combined with the Recall Phase, a per-
formance improvement of at least 3.5 X is obtained. The improvement to the
first hardware core is reported in this work, while the second hardware core was
left unmodified from the original version reported previously in [17]. The inte-
gration of both cores is fully documented in this work, as well as performance
and resource utilization statistics. The proposed results shown an important im-
provement in performance with respect to SW-based implementation, and the
modularization of the proposed architecture allows to implement the proposed
architecture using larger FPGA devices.

As future work, the integration of both learning and recall blocks with the
implemented modules is proposed. The reuse of hardware resources can improve
the execution time, allowing to have a better network performance. If all the
stages of the neural processing are implemented on-chip, the compactness of
this core can allow the implementation of high-performance classifying systems.
The testing of the proposed architecture with more standard datasets used in
Machine Learning algorithms is required, and the integration of the core with
more challenging neural networks applications, like speech recognition is needed.
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