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ABSTRACT

Spiking Neural Networks (SNNs) models have been ex-
plored in recent years due to its biological plausibility
where temporal coding plays an important role. Bio-
logical arguments and computational experiments sug-
gest than some perceptual tasks (vision and olfaction
for instance) are well performed by these models. More-
over, some other applications such as machine learning
might be benefited from this approach. However, effi-
cient simulation and implementation of SNNs still re-
main an open challenge. There are several issues that
must be addressed, being one of them the temporal
coding of real-value data itself. In order to study the
possibilities of embedded real-time implementations of
large scale SNNs, we have first chosen to implement a
well-known coding scheme based on Gaussian Receptive
Fields (GRFs) to map real-value data into spike trains.
This paper proposes a configurable parallel FPGA based
accelerator for GRF-based temporal coding. The pro-
posed architecture of the hardware implementation is
described in detail and implementation results, both
performance and resource utilization, when mapped to
a Virtex-II Pro FPGA device are reported.

Categories and Subject Descriptors

C.1 [Processor Architectures]: Parallel Architectures

1. INTRODUCTION
Spiking Neural Networks (SNNs) have been widely

used as an alternative paradigm for solving several ap-
plications, perception and Machine Learning (ML) to
name a few, due to its temporal coding and general-
ization capabilities. In spite of their wide use, efficient
simulations and implementations of SNNs still remain
an open challenge since current computing engines are
still far away from simulating large scale SNN systems
efficiently. One of the most important issues to address
for the implementation of SNNs is the temporal coding
scheme and related algorithms to map real-value inputs
to spike trains. Several techniques have been used, but
each technique is strongly related to the addressed ap-
plication (perception commonly uses a different coding
than classification or clustering algorithms).

For instance, in ML applications, the input datasets
used for SNNs are stored using a real (fixed or floating

point), integer, boolean or string representation. But
for SNNs, a dta representation in a spike train form is
required. A set of input patterns must be mapped into
a set of firing times, where the number of input neurons
must be related to the number of input variables (or
dataset columns). In case of string or boolean data (dis-
crete values), one common technique consists on assign-
ing integer values. When the input dataset is standard-
ized for having only integer or real values, it is required
to mapping these values to spikes or spike trains cor-
responding to firing times for each input neuron. This
mapping operation could be considered generic, because
both types of learning paradigms (supervised or unsu-
pervised), will use the coding technique for passing the
appropriate input values to the SNNs hardware module.

One of the most used techniques for mapping real or
integer values to spike times is the Gaussian Receptive
Fields. This technique has a biological foundation, an
it was used in [4] and [3] for both supervised and un-
supervised learning. An argument against the GRFs
is the high number of neurons used for mapping one
dataset column (in the original paper, 12 input neurons
are used, but several adaptation for using less neurons
compared with the original trial have been reported).
An argument in favor defined that GRF is a sparse cod-
ing scheme, which allows to distribute the input data
range over a simplified (normalized) range.

Inspired by the motivation of developing a high per-
formance input data preprocessing module for several
SNNs applications, we propose a parallel hardware ar-
chitecture for GRFs that consists of a set of modular
and flexible hardware modules. The motivation for im-
plementing the GRF as an efficient hardware modules
is that when processing complete datasets, it is desir-
able to parallelize several processing sequential tasks to
speed up computations. As explained in the proposed
architecture section, the GRFs coding can be obtained
by a parallel hardware implementation, instead of a
software implementation, allowing to other processing
states to obtain a benefit related to the availability of
the coding results, instead of obtaining the input coding
in a sequential form.

The originality of the proposed architecture consist
on there are not hardware implementations related to
temporal coding using GRFs for datasets reported in
the literature. The proposed architecture can be de-
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