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Abstract. This work is demonstrating the use of a supercomputer plat-
form to optimise hyper-parameters of a proposed by the team novel SNN-
ESN computational model, that combines a brain template of spiking
neurons in a spiking neural network (SNN) for feature extraction and an
Echo State Network (ESN) for dynamic data series classification. A case
study problem and data are used to illustrate the functionalities of the
SNN-ESN. The overall SNN-ESN classifier has several hyper-parameters
that are subject to refinement, such as: spiking threshold, duration of
the refractory period and STDP learning rate for the SNN part; reservoir
size, spectral radius of the connectivity matrix and leaking rate for the
ESN part. In order to find the optimal hyper-parameter values exhaus-
tive search over all possible combinations within reasonable intervals was
performed using supercomputer Avitohol. The resulted optimal param-
eters led to improved classification accuracy. This work demonstrates
the importance of model parameter optimisation using a supercomputer
platform, which improves the usability of the proposed SNN-ESN for
real-time applications on complex spatio-temporal data.

Keywords: Spikking Neural Network · Echo State Network ·
Classification

1 Introduction

Electroencephalography (EEG) is a method to record the electrical activity of
the brain. It is typically non-invasive, with the EEG electrodes placed along the
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scalp. The measured in this way signals represent the postsynaptic potentials
of pyramidal neurons in the cortex. Since the electrical activity in the brain
surface originates in the deeper brain areas that do not contribute directly to
an EEG recording, their influence could be assessed accounting for the elec-
trodes orientation and distance to the source of the activity. By far EEG has
been applied to numerous domains from brain-computer interface [1–3], emo-
tion recognition [4–8], control of movements [9,10], diagnostic of brain diseases
[11] etc. Through the years the EEG data processing methodology has evolved
from simple methods, such as mean and amplitude comparison to complicated
methods, such as connectivity topology and deep learning [12,13]. In particular,
deep learning exhibits better performance in EEG classification in comparison
with the conventional methods. Nevertheless, accurate on-line classification and
explanation of dynamic spatio-temporal brain data, such as EEG is still an open
problem. While there are many methods introduced for brain data classification,
most of them lack explainability in relation to the measured brain functions as
spatio-temporal patterns.

In order to exploit EEG data for analysis the first step traditionally is to
“decode” them [10,14] or to extract a range of signal properties referred to as
“features” which are then utilized for detection or classification purposes [15].
The analysis outcome is largely influenced by the quality of extracted features. A
recent trend in EEG features extraction and processing exploits recurrent neural
networks [11] and especially a member of reservoir family - fast on-line trainable
Echo state networks (ESN) [6–9,16,17]. The reservoir computing advantage is
in its training algorithms. They usually need a single training epoch by Least
Squares (LS) algorithm or on-line training via the Recursive Least Squares (RLS)
method. However, their randomly initialized pool of neurons does not account for
brain structure, so reservoir computing lacks explainability. Accounting for spa-
tial brain structure in the design of RNN decoders or feature extractor became a
natural direction of work nowadays [4]. Recently developed brain-inspired spik-
ing neural network (SNN) models, such as NeuCube [1–3,5,18], demonstrated
a good classification accuracy and excellent explanation of the spatio-temporal
patterns learned from spatio-temporal brain data, such as EEG and fMRI [19].

In [24] we proposed another combination between fast trainable reservoir
computing and brain-inspired architectures - the integration of the SNN module
with an ESN classifier, aiming at improved classification accuracy in an on-line
learning mode. The overall SNN-ESN classifier has multiple hyper-parameters
that are subject to refinement, such as spiking threshold, duration of the refrac-
tory period and STDP learning rate for the SNN part; reservoir size, spectral
radius of the connectivity matrix, leaking rate and scalling parameters for the
ESN part. Since all possible combinations within reasonable intervals of these
parameters are too much, their refinement using the exhaustive search on a desk-
top computer would take enormous time. That is why it was performed on the
supercomputer Avitohol.

Further the paper is organized as follows: Sect. 2 presents briefly NeuCube
and ESN structures and the proposed hierarchical architecture SNN-ESN for
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EEG classification; Sect. 3 presents the optimization procedure and the obtained
best hyper-parameters values; finally the concluding remarks summarize the
main achievements in the presented work and points the directions for future
work.

2 SNN-ESN Architecture

2.1 SNN Structure

The NeuCube architecture is an open one, allowing for new algorithms to be
explored for encoding, learning, classification, regression [21]. It consists of three
parts [19]: data encoding part, where input streaming data is encoded into spike
sequences using a suitable algorithm [22]; a 3D Cube structure of spiking neu-
rons, where every neuron has a 3D spatial coordinates defined through the use
of brain-template, such as Talairach or MNI. Initial connections were generated
randomly based on the distances between each two neurons; SNN classifiers
of evolving spiking neuron networks (eSNN) or dynamic evolving spiking neu-
ron networks (deSNN) [23] are used to separate the outputs of NeuCube into
classes. After encoding of the spatio-temporal EEG data into sequences of spikes
(spike-time information), the Cube, structured according to a brain template,
receives as input EEG recordings at neurons corresponding to the electrodes’
positions on the scull. As a result all neurons in the Cube generate spike trains
whose dynamics depends on the input signal as well as on both the connec-
tivity within the Cube (small world connectivity at the beginning) and on the
spike time dependent plasticity (STDP) of the connections (synapses). Finally,
the output classifier takes the Cube spike trains as classification features. The
hyper-parameters of the SNN are the parameters of neurons such as threshold of
the membrane potential Vth, refractory period tref during with the membrane
potential returns to its base value as well as STDP learning rate λ.

2.2 ESN Structure

Echo state networks (ESN) belong to a novel and rapidly developing family
of reservoir computing approaches [25–27] whose aim was development of fast
trainable recurrent neural network (RNN) architectures able to approximate
nonlinear time series dependencies. It incorporates a pool of neurons with sig-
moid activation function (usually the hyperbolic tangent) that has randomly
generated recurrent connection weights. The only trainable parameters of ESN
are the output weights. In case of identity output function the least squares
method is applied to train the ESN in a single iteration. For the purpose of on-
line training the recursive version of least squares (RLS) can be applied too [25].
The ESN hyper parameters that are subject of manual tuning, usually via grid
search, are the reservoir size (number of neurons), reservoir connection matrix
sparsity and spectral radius and leaking rate. Additionally input and output
scaling could be included.
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Fig. 1. Proposed NeuCube - ESN structure.

2.3 SNN-ESN Brain Data Classifier

The proposed novel brain data classifier called SNN-ESN is a hierarchical RNN
composed by two recurrent architectures - a brain inspired NeuCube, that is a
spatio-temporal structure of SNN neurons and a fast trainable ESN as a nonlin-
ear time series classifier. The overall structure is shown on Fig. 1.

In contrast to NeuCube approach, here the EEG data is scaled and fed into
the Cube as generating currents into neurons corresponding to the electrodes
positions. A 3D SNN Cube is initialised by defining the size of the Cube of neu-
rons and their 3D locations, including positions of EEG electordes. The Cube is
designed according to the scalable Talairach atlas [28]. Small-world connectivity
method is used to derive the initial connections in the Cube, where the closer
two neurons are in the 3D space, the higher the probability of them to be con-
nected is. All synapses are plastic, i.e. they adapt their weights via Spike Timing
Dependent Plasticity (STDP) rule that is a kind of unsupervised learning. Thus
the achieved after feeding the input signal to the Cube connectivity will reflect
the EEG data characteristics. Spiking activity of all neurons was recorded and
for a given time window the spiking frequency of all neurons in the Cube is
calculated. Thus a sample EEG record a new time series of Cube firing rates is
extracted as feature vector as shown on Fig. 1. The output classifier is an ESN
reservoir. It receives generated by Cube time series feature per given EEG sam-
ple. The achieved reservoir state after presentation of each EEG sample feature
vector was send to its readout and the output weights were adjusted to predict
the correct EEG class. The training was done via RLS in on-line mode.

3 Grid Search Optimization

The SNN Cube is implemented in NEST Simulator, version 3.3 [29], using leaky
integrate-and-fire neuron model. The ESN was implemented in Python.

The benchmark data used here is taken from [20]. The EEG data of 14
channels Emotiv measuring device were collected for 1000ms with sampling
frequency of 128 Hz. The test subject is asked to perform three different types
of wrist movement - up, down and straight - that are separated into three EEG
classes and 20 examples per class are collected, making all number of samples
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60. The location of the input neurons, corresponding to the used in this case 14
EEG channels, is defined following the 10–20 EEG location system. The Cube
consists of 1471 neurons with initial randomly generated connectivity having
80% positive and 20% negative values.

The parallel implementation of the ESN module in Python was done using
mpi4py library1. The NEST Simulator has its own MPI that distributes the SNN
module simulation among the specified number of threads. However it does not
allow to run it as a part of another parallel simulation. That is why we run both
modules separately.

Two optimization experiments were performed:

1. Complete SNN-ESN model exploration running consecutively each one of
them

2. Exploration of the ESN module that receives as input directly EEG data

Hyper-parameters of both modules that has to be refined and their values are
given in Table 1. The number of all possible combinations of the SNN module
parameters is 3×6×3 = 54. The ESN module parameters yield 5×5×5×6×6 =
4500 combinations. Thus the grid search should evaluate accuracy of totally
243000 variants of SNN-ESN model and 4500 for only ESN module respectively.

Table 1. Hyper-parameters subject to optimization

Parameter Values

SNN

threshold of membrane potential Vth −60,−55,−50

refractory time tref 0, 1, 2, 3, 4, 5

STDP learning rate λ 0.1, 0.01, 0.001

ESN

leaking rate 0.4, 0.5, 0.6, 0.7, 0.8

reservoir size 3000, 3500, 4000, 4500, 5000

reservoir sparsity 0.4, 0.5, 0.6, 0.7, 0.8

scale in 0.00001, 0.0001, 0.001, 0.01, 0.1, 1

scale out 0.00001, 0.0001, 0.001, 0.01, 0.1, 1

We compare time needed for grid search on an HPC facility of our institute -
the supercomputer Avitohol2 - with estimated time needed to run the same task
on a desktop computer architecture. The desktop configuration has 2.60 GHz
Intel(R) Core(TM) i7-6500U CPU with 2 cores and 16.0 GB RAM. The HPC
System Avitohol consists of 150 servers ProLiant SL250s Gen8 each with dual
Xeon CPU E5-2650 v2 at 2.60 GHz and dualXeon Phi 7120P accelerator cards.
1 https://mpi4py.readthedocs.io/en/stable/index.html.
2 http://www.hpc.acad.bg/system-1/.

https://mpi4py.readthedocs.io/en/stable/index.html
http://www.hpc.acad.bg/system-1/
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In total it has 9600 GB RAM accessible by the regular CPUs and 4800 GB
RAM on the accelerator cards. The operating system on the servers is Red Hat
Enterprise Linux. The exact version on the servers that were deployed during
our tests was 6.7. Table 2 summarizes the estimated simulation time of both
optimization tasks on the desktop and supercomputer architectures.

Table 2. Estimated optimization times on desktop and HPC architectures in days.

Task Module Time Processes Nodes (Cores)

Desktop

1 SNN 0.868 1 1(2)

1 ESN 112.808 2 1(2)

2 ESN 1.981 2 1(2)

Supercomputer

1 SNN 0.622 32 1 (16)

1 ESN 8 54 4 (64)

2 ESN 0.124 30 2 (32)

It is obvious that HPC allows to decrease significantly the time needed to
solve the optimization time, especially with respect to the Python module. The
best SNN parameters are: threshold of membrane potential Vth = −60, refractory
time tref = 0, STDP learning rate λ = 0.001. The obtained optimal ESN hyper-
parameter values for all considered reservoir sizes and corresponding test error of
the classifier are given in Table 3 for task 1 and in Table 4 for task 2 respectively.

Table 3. Minimum test error for each size of the ESN reservoir and SNN parameters
Vth = −60, tref = 0, λ = 0.001 (task 1)

Reservoir size Reservoir sparsity Leaking rate Scale in Scale out Test error

3000 0.7 0.4 1e−5 1e−5 1.589e−05

3500 0.7 0.6 1e−3 1e−2 1.358e−05

4000 0.6 0.4 1e−4 1e−2 1.590e−05

4500 0.7 0.4 1e−3 1e−5 1.360e−05

5000 0.6 0.4 1e−5 1e−2 1.292e−05

While for task 1 the smallest test error was obtained using the highest tested
ESN reservoir size (5000 neurons), for task 2 the best results were obtained with
ESN having smaller neurons number (4000). However, the test error in that case
is much higher for all considered reservoir sizes. So the features extracted by the
SNN module improved significantly the classification accuracy.
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Table 4. Minimum test error for each size of the ESN reservoir without the SNN
pre-processing (task 2)

Reservoir size Reservoir sparsity Leaking rate Scale in Scale out Test error

3000 0.4 0.7 1e−5 1e−2 0.013

3500 0.4 0.5 1e−5 1e−1 0.015

4000 0.4 0.5 1e−5 1e−5 0.011

4500 0.7 0.5 1e−5 1e−2 0.013

5000 0.7 0.4 1e−3 1e−2 0.018

4 Conclusions

The carried out simulation investigation confirmed the significance of HPC facil-
ity in solving hard optimization tasks such as presented here grid search of hier-
archical RNN model parameters. The decrease of simulation time was about
14–16 times in comparison with a given desktop configuration.
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which permits use, sharing, adaptation, distribution and reproduction in any medium
or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were
made.

The images or other third party material in this chapter are included in the
chapter’s Creative Commons license, unless indicated otherwise in a credit line to the
material. If material is not included in the chapter’s Creative Commons license and
your intended use is not permitted by statutory regulation or exceeds the permitted
use, you will need to obtain permission directly from the copyright holder.

http://creativecommons.org/licenses/by/4.0/

	Grid Search Optimization of Novel SNN-ESN Classifier on a Supercomputer Platform
	1 Introduction
	2 SNN-ESN Architecture
	2.1 SNN Structure
	2.2 ESN Structure
	2.3 SNN-ESN Brain Data Classifier

	3 Grid Search Optimization
	4 Conclusions
	References


