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Abstract. Classification and knowledge extraction from complex spatiotemporal brain data such as EEG or fMRI is a complex challenge. A
novel architecture named the NeuCube has been established in prior literature to address this. A number of key points in the implementation of
this framework, including modular design, extensibility, scalability, the
source of the biologically inspired spatial structure, encoding, classification, and visualisation tools must be considered. A Python version of
this framework that conforms to these guidelines has been implemented.
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Introduction

The classification and interpretation of spatio-temporal brain data is one of the
most complex challenges in modern machine learning. The sheer scale and complexity of the processing units and connections within the human brain lead to
highly non-linearly-separable patterns, which make classification of these patterns difficult at best. To this end, a novel computational evironment, the NeuCube, has been proposed in prior literature [1]. This paper introduces a general
implementation framework, and the specific version written in the Python programming language.
1.1

Overview of the NeuCube Framework

A detailed discussion of the NeuCube Framework is beyond the scope of this
paper. For further details see the paper in which it was first proposed [1].
It consists of the following modules: input information encoding module;
NeuCube Reservoir module; output module; gene regulatory network (GRN)
?
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Fig. 1. A block diagram of the NeuCube framework [1]

module. The input module encodes input data (EEG, fMRI and other brain
data) into trains of spikes and is then directly entered into the main module –
the NeuCube reservoir (NCR). The framework as a whole (incl. encoding and
classification tools) is the ‘NeuCube Environment’.
Example Application on Neuroinformatic data
Training of a NeuCube Architecture:
1. The NC Reservoir is structured to match the spatial distribution of the
EEG or fMRI data (or both). This retains the complex spatio-temporal
relationships within the data.
2. The available data is converted into spike trains by the encoding module and
entered into the corresponding neuron (neurons) in the NC Reservoir. STDP
learning is applied to establish the connection weights of spatial-temporal
patterns of pathway connectivity.
3. The output classification module (control module) is trained to recognize
the states of the NC Reservoir into predefined classes (activate desired control devices). The polychronisation patterns formed in the NC Reservoir
corresponding to each input data pattern are analysed for the purpose of
understanding the data.
Recall of the Trained NeuCube Architecture on New Data:
1. New input data is propagated through the NC Reservoir in the same manner
as it is initially trained.
2. Output classification (control) results are recorded and the activity of the
NeuCube in terms of polychronisation trajectories are analysed and conclusions are made regarding the new input data and the spatio-temporal
connectivity and pathways.

Further Adaptation of the NeuCube Architecture: If new data is available that belongs to either existing or new classes, further training of the NeuCube architecture is performed and new output classification (control) neurons are added/evolved
and trained in the same way.
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General Framework for Implementation

The following section describes the general framework for an implementation of
the NeuCube system. The italicised headings are aspects that should be considered over and above the standard implementation of the previously discussed
theory. The Python implementation of this framework conforms to all of these
suggestions, particularly the modular use of framework elements.
Spatial structure: The spatial positioning for the neurons within this reservoir is
drawn directly from the Talairach atlas provided by [2]. Each position in 3D space
represents a physical location within the brain, and has associated Talairach
data, including Broadmann areas and the gyri it is conceptually located in.
At present, in this model, the 1471 neurons used each represent 1 cm3 of
brain tissue. This spatial resolution (number of neurons) should be easily scaled
through the software environment, and should also be capable of mapping an
aribitrarily large number of neurons within the volume. It is noted here that this
arbitrarily large number is reasonably constrained by the computational power
available to the environment.
As these locations within the model retain their biological metadata including
functional gyri and Broadmann areas, it is easily possible for us to incorporate
genetic data, or location specific connection structures based on observed biological phemonmena in these areas. For example, neurons in the area representing
the occipital lobe could easily be connected in columns and layers, mimicking
more accurately the connections in the human brain’s occipital lobe.
Connections: These connections are generated homogenously over the whole
model, in a small-world manner. The degree and probability of the small-world
connections is configurable.
These small-world connections are also capable of performing Spike Time
Dependent Plasticity learning [3]. This learning can be adjusted or removed
depending on the specific experiment.
Input Mapping: Due to this realistic spatial structure, we can inject brain data
directly into the model location representing the physical location that it was
recorded. For example, with electroencephalographic data, we use the excellent
mapping presented in [4] to associate a standard International 10-10 or 10-20
electrode location with a specific voxel of brain tissue.
We then use this physical brain location, and map it to the nearest location
represented in our NC Reservoir, preserving the complex spatio-temporal relationships within the data. See Table 1 for an example of this electrode – location

Table 1. Example locations of EEG data input positions in Talairach space [4], used
to select input neurons in the NeuCube Reservoir, retaining the spatio-temporal relationships within the data.
Labels

Talairach Coordinates
y
z

x
F7
FC5
T7
O1

-52.1
-59.1
-65.8
-25.8

±
±
±
±

3.0
3.7
3.3
6.3

28.6 ± 6.4
3.0 ± 6.1
17.8 ± 6.8
-93.3 ± 4.6

3.8 ± 5.6
26.1 ± 5.8
-2.9 ± 6.1
7.7 ± 12.3

Gyri
L
L
L
L

FL
FL
TL
OL

BA
Inferior Frontal
45
Precentral
6
Middle Temporal 21
Middle Occipital 18

mapping as used in the software environment. A list of these locations in the
same order as their data is presented in the input file is added to the experiment
configuration file, which allows this system to adapt to multiple different data
structures.
Experiment Configuration: A simple configuration script is generated for each
experiment series. This script is written in plain text and contains a number
of necessary configuration parameters for the modules used. These parameters
are grouped under several headings, defining neuron behaviours, connection parameters, simulation times, classification tools, and so on. These files are easily
generated in an automated fashion with an included tool, which is of particular
use when performing parameter space searches.
Experiments can be run singly or in a batch job form depending on the number of experiment files provided. Multiple experiments can be run on the same
data set, including the comparison of different classification tools or encoding
techniques. These experiments can be run remotely via a command line.
Spike Encoding: A number of different spike encoding schemes should be provided, as different forms of input data require different types of preprocessing.
These take input and provide an output in a standard form across all encoding
schemes. Examples can be found in [1].
Classification: The capacity for multiple classification tools to be implemented is
necessary, as these serve different end goals for the system. Particular examples
include SPAN [5] for motor signal control and deSNN variants [6] for simple
classification.
Statistics: A comprehensive statistics and monitoring package is necessary. This
package is responsible primarily for the calculation of statistics related to classification error rates, and connection parameters.
Parallelisation and Clustering: Scalability is handled through the use of local
machine parallelisation and multi-machine clustering. A standard protocol such
as MPI is encouraged.

Extensibility: The environment should be written in such a way that it is easily
extended with a common language. Functionality that may be extended includes
neural models (for example, implementing a probabilistic neural model as [7]),
connection models, or the addition of tools such as a neurogenetic optimisation
module [1] which directly affects neuronal paramters in real time.

2.1

Use of the Tools Independently

As this software environment has been developed in a modular fashion, each
of these modules can be used independently or in concert depending on the
user’s requirements, greatly increasing its flexibility. For example, a data sample
can be encoded into spikes using the Population Encoding module, and then
presented directly to the deSNN module without using the reservoir. Similarly,
a pre-encoded spike train can be presented to the NeuCube Reservoir and the
outputs recorded and used elsewhere. See Table 2 for a list of the independent
modules currently included in the environment. The main categories of these are
briefly discussed below.
Encoding Module: The included spike train encoding tools can be used to convert
a number of types of spatio-temporal data into spike trains suitable for general
use in either the PyNEST or Brian simulators.
NeuCube Reservoir Module: The NC Reservoir module can be used independently as a standard Liquid State Machine type SNN reservoir. An option is
provided to map input channels randomly into the model (as opposed to the
fixed spatial locations intended for NI data) and to disable the capacity for
STDP learning.
In addition, it can be noted here that this implementation has the capacity
to include a standard LSM in place of the NCR, to allow for non-NI data to be
modelled through the associated toolchain.
Classification Module: The classification techniques implemented can be applied
to a wide range of spiking neural network pattern recognition tasks, independent
of the NC module.
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Python Version

An implementation of this framework has been developed in the Python programming language, using the NEST spiking neural network simulator’s PyNEST
interface. This implementation has been created following the guidelines previously established in this paper, with particular emphasis on modularity and
extensibility.

Table 2. Software tools within the Python NeuCube Environment capable of being
used in a modular fashion either within or external to the environment.
Category

Type

Encoding

AER
BSA
Population

Reservoir

NeuCube (STDP)
NeuCube (static synapses)
Standard LSM

Classification MultiSPAN
sSPAN
deSNNs
deSNNr
Utilities

SNN Visualisation
Experiment file generator
Statistics

Extensibility: This implementation (including the PyNEST simulator) is easily
extended through standard Python and C++. Computationally intensive tasks
(probabilistic creation of connections, etc.) are vectorised, moved down to C++
and wrapped with Python, or compiled just-in-time through the Numba3 Python
library, giving performace comparable to standard C++ code.
Visualisation Tools: A number of tools to visualise various aspects of the system
have been developed. Of specific interest is the capacity to visualise both spiking
activity and the evolution of neural connectivity over the life cycle of the simulation, in three dimensions. This is particularly useful for knowledge extraction
from the model, and in itself represents a novel contribution to the field.
Standard SNN visualisation tools including raster plots of spiking activity
and so on are included, and can be extended easily through the matplotlib4
library used
Hardware Implementations: The Python software implementation will allow direct neuromorphic implementations on SNN chips and systems as follows:
1. Implementation of the NeuCube framework on a SNN SRAM chip. The
following features characterise the SRAM SNN chip [8, 9]:
– It consists of 32 x32 SRAM matrix of weights, each 5 bits (values between
0 and 31); 32 neurons of the adaptive, exponential IF type – each neuron
has 2 excitatory and 2 inhibitory inputs to which any of the 32 input
dendrites (rows of weights) can be connected;
3
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http://numba.pydata.org/
http://matplotlib.org/

– It use AER for both input data, changing the connection weights and
for output data streams;
– It does not have any learning rule implemented in hardware, so it is possible to experiment with different supervised and unsupervised learning
rules; Learning (changing the synaptic weights) is calculated outside the
chip (in a connected computer) in an asynchronous manner (only synaptic weights that need to change at the current time moment are changed
(calculated) and then loaded into the SRAM), allowing us to apply the
learning rules of the NeuCube framework.
2. Implementation on the SpiNNaker SNN supercomputer [10]. A Python version of the NC is desirable as the SpiNNaker project is compatible with
PyNN scripts [11], providing the NC environment with the capacity to be
run on this large-scale, dedicated hardware system.
3. Implementation on a memristor based highly-parallel computation system
currently in development [12] is also theoretically possible, and warrants
exploration.
3.1

Future Additions

A number of extensions are planned for future versions of this environment. The
primary two are mentioned briefly below.
Neurogenetic Optimisation Module: The neurogenetic optimisation module described in [1] will be implemented in the near future. This module takes real
genetic data acquired from the Allen Brain Atlas [13] associated with the spatial location of the neurons in the NC Reservoir and uses this to modulate the
behaviour of these neurons and their connectome. It is also possible to use this
gene and brain composition data to structure the simulation’s connections in
such a way that they are more biologically plausible.
Multi-Simulator Support: As aspects of the model are already compatible with
both the PyNEST and Brian SNN simulators, it is a trivial matter to add the
necessary functionality to make this environment fully compatible with Brian.
The feasibility of implementing this environment in PyNN will be explored
in the near future. This would provide implicit multi-simulator support [14].
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Conclusion

This paper has presented an introduction to a new spiking neural network brain
data classification framework, and a specific Python implementation of the same.
The environment is also capable of application on general spatio- or spectrotemporal data. As it is implemented in a modular fashion, selected components
can be utilised separately or as a whole depending on specific user needs. Simple configuration of experiments through a standard text file format allows for
automated generation and execution of large numbers of experiments. Large

experiments completed at high speeds are possible through the use of local multithreading, and clustering via MPI. The code is easily extensible, and visualisation tools allow for novel knowledge extraction from the system’s dynamic
behaviour.
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