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ABSTRACT

Commodity brain-computer interfaces (BCI) are beginning to accompany every-
thing from toys and games to sophisticated health care devices. These contemporary
interfaces allow for varying levels of interaction with a computer. Not surprisingly, the
more intimately BCIs are integrated into the nervous system, the better the control
a user can exert on a system. At one end of the spectrum, implanted systems can en-
able an individual with full body paralysis to utilize a robot arm and hold hands with
their loved ones [28, 62]. On the other end of the spectrum, the untapped potential of
commodity devices supporting electroencephalography (EEG) and electromyography
(EMG) technologies require innovative approaches and further research. This the-
sis proposes a modularized software architecture designed to build flexible systems
based on input from commodity BCI devices. An exploratory study using a com-
modity EEG provides concrete assessment of the potential for the modularity of the
system to foster innovation and exploration, allowing for a combination of a variety
of algorithms for manipulating data and classifying results.

Specifically, this study analyzes a pipelined architecture for researchers, starting
with the collection of spatio temporal brain data (STBD) from a commodity EEG
device and correlating it with intentional behaviour involving keyboard and mouse in-
put. Though classification proves troublesome in the preliminary dataset considered,
the architecture demonstrates a unique and flexible combination of a liquid state
machine (LSM) and a deep belief network (DBN). Research in methodologies and
techniques such as these are required for innovation in BClIs, as commodity devices,

processing power, and algorithms continue to improve. Limitations in terms of types



v

of classifiers, their range of expected inputs, discrete versus continuous data, spatial

and temporal considerations and alignment with neural networks are also identified.
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Chapter 1
Introduction

There are numerous reasons why the lure of brain-computer interfaces (BCI) is at-
tracting consumer attention. Not only could the technology be critical for people
relying on assistive technology, but in a “hands-free” world of mobile technology,
ubiquitous interaction could be accomplished if button pushing and key pressing did
not rely on manual dexterity. Reading electric fields with electroencephalography
(EEG) is one way to record brain activity. Once this activity has been processed
and analyzed, trigger events can be isolated and associated with different intentional
actions. The intentional actions would align directly with mouse and keyboard ac-
tivity within a conventional system. The reason for this is that the neural activity in
the motor cortex that generates electric fieldsis the same activity that propagates to
the muscles which actuate the fingers. Each trigger event needs to be mapped in the
appropriate way to influence the environment.

Specifically, the critical components in building a BCI include (see Figure 1.1):
1. Large amounts of data output from high resolution EEGs.

2. Transformation of this into a form such that trigger events can be identified.
3. Classification of trigger events.

4. Mapping of trigger events into environmental effectors.

Currently, analyzing brain waves and extracting large amounts of data from high
resolution EEGs has proven to be challenging for all but very simple classification
problems. Even well known and robust classification algorithms appear to be lacking

in this domain. Type one errors, which are rejections of the null hypothesis when it
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Figure 1.1: The abstract critical components for a BCI. Some form of capturing the
state of the brain is required. Then, based on how you captured your data and what
signals you are looking for, the brain state is transformed into an optimal form for
classification. Finally, environmental effectors are created, capable of producing your
desired outcome (Drawn by Jason Cummer).



is in fact true, are common. This means an activity is not performed, even when the
user did intend it. Similarly, type two errors, or failures to reject a null hypothesis
that is false, are especially fatiguing and discouraging. That is to say that when a
user is just relaxing and an event occurs, the user’s anxiety level increases. When the
user is trying unsuccessfully to do something in a way that they have done it before,
it can tire them out and depress them. This is a big problem for using brain signals
as environmental effectors outside of biological systems. Man made systems, which
are not wired in like a natural neural network, are not always intuitive.

Though many commodity devices are starting to populate the landscape and can
handle very simple input events, this thesis focuses on the problem of how to architect
a framework for exploring sophisticated BCIs. The goal is to allow for flexibility and
sustainability in the approach as the technology rapidly evolves. This framework
accommodates a wide range of non-traditional input devices, such as commodity
EEG devices, several methodologies for transformation and representation of data, a
range of approaches for the identification of trigger events, any number of classification
algorithms and mappings to output behaviours.

In the use-case provided in the thesis, we provide a preliminary exploration with
a commodity EEG, domain specific recording software, customized transformation
software to generate spike trains, a Liquid State Machine (LSM) [56], and more
customized software to map LSM output to Deep Belief Network (DBN) [36] input,
see Figure 1.2 for LSM / DBN visualization.

The rest of this thesis is organized in the following way: Chapter 2 provides an
overview of the background and related work. Chapter 3 covers the general architec-
ture of such a system and the specific instance we used. Chapter 4 establishes the
setup of an example using an LSM and an overview of the results. Chapter 5 is a
discussion of the example system, specifically identifying how modularity allows for
isolation in troubleshooting and analysis. Chapter 6 is a summary and conclusion

chapter that also covers future work.



[ H/_: e ‘ﬁ A RBM RBM RBM
> o @ @
)_ y Q O Output
I N gl S o
! Classes
. | L / O @,
. ) 4 3
T \ 'Liquid / [Output |

Input
Neurons Eeumnsl

Figure 1.2: This figure shows the combination of the LSM and the DBN in series.
The LSM is on the left, and the DBN is on the right. Arrows represent information
flow. (Drawn and adapted by Jason Cummer) [64]



Chapter 2

Background and Related Work

This chapter covers the background information relating to brain-computer interfaces
(BCI). Some of the various ways of scanning the brain are reviewed. The preparation
of electroencephalography (EEG) data is explained. The example BCI system is
introduced. Certain algorithms in the discipline of machine learning are covered as
they relate to the test system. Artificial neural networks (ANN) are overviewed in
a general sense and two types of ANN that are specific to this thesis are covered in

more detail.

2.1 Brain Scanning

A number of neurological disorders can leave a person with diminished ability to
communicate and function in the world. Individuals with Parkinson’s disease, amy-
otrophic lateral sclerosis (ALS), or locked-in syndrome are in this category [43]. To
complete day to day actions, we require both gross and fine movements of our limbs.
The tools humans use to interface with the world change these gross and fine move-
ments. There is evidence that the brain can easily remap its sense of self to utilize
these tools [34, 25].

Research has shown that it is possible to gather the signals that the brain makes
when it initiates action planning and the execution of movements [54]. There are
a number of methods for collecting network activity in the brain; these range from
subcellular alteration to entirely noninvasive methods. Here we provide an overview

of some pros and cons associated with a variety of methods.



Optogenetics [29] - An invasive technology which requires the injection of a gene
editing technology (genetic engineering) to add genes to the brain’s cells and alter
the brain’s genome. It also requires the addition of hardware into the cranium to
read and write signals to the brain. The advantages that optogenetics brings are high
spatial temporal resolution of both input and output signals from cells [37]. These
signals can be targeted to specific populations of cells. The cell based targeting is
based on promoter sequences in the genome of the cells. The accurate targeting
used to insert genes into the right promoter sequences can be achieved with TALENs
(transcription activator-like effector nucleases) or zinc finger nuclease based genetic
engineering [60]. Specific cells produce internal signals or receive external signals that
can activate proteins. Some of these proteins bind to the promoter regions involved in
regulating other proteins. When genes added for optogenetics are on these promoter
regions they will be transcribed and produce the proteins for optogenetic interfacing.
The targeting of specific cells allows researchers to dynamically alter the network
dynamics of an organism. Ultimately the network dynamics can be used to drive an
effector for a BCI.

Microelectrode Array [54] - A set of electrodes, usually set up in a grid pattern,
that is implanted into the brain. Microelectrode arrays have the advantage of being
able to record in both high temporal and spatial resolution. With this high temporal
and spatial resolution, it is possible to correlate patterns of neurons firing with body
movements. Aspects such as limb trajectories and positions can be determined with
the recorded brain activity from the microelectrode array. Local field potentials give
the electrodes access to neurons in a volume of 65 to 350 um [33, 47] and a slow ionic
current in 0.5 to 3 mm [40]. Many electrodes are needed to record network dynamics
from a given region because the individual electrodes have a limited sensing range.
This is why many electrodes are combined in an array, forming the microelectrode
array. If high spatial temporal resolution of many brain regions is required, the micro-
electrode array will require more implantation sites. Currently, one of the problems
with microelectrode arrays is glial scarring [58]. The cause of this scarring can be
the implantation of the electrodes, the material’s interactions with the tissue and the
motion of the brain tissue against the implanted electrodes [24].

Positron Emission Tomography (PET) - An injected radioactive analog of
a biologically active molecule [35], coupled with gamma ray detectors to observe
metabolic activity in brain tissue. The brain areas that are actively processing infor-

mation exhibit greater use of resources, including the radioactive nuclide (radionu-



clide). By scanning for gamma rays, this brain activity can be detected. One problem
with such a system is the use of a relatively large and cumbersome ring of photomul-
tiplier tubes. One would find it difficult to engage in free exploration of the world
when utilizing such a large device. Radiation from the radionuclide, though it is from
a short-lived radioisotope, is still able to cause cellular damage. A system like this
would not be suitable for long term use as a BCIL. Another problem is that PET
requires a computed tomography scan to map the user’s individual cortical structure.
PET has low spatial resolution due to the positron traveling through the tissue of
interest in an unknown path and the unknown position of the electron with which it
collides. Considering the size of the machine and the side effects of radiation, PET
is impractical for a personal BCI.

Functional Magnetic Resonance Imaging (fMRI) - Magnetic resonance imag-
ing which uses a large magnet to polarize all of the spins of the electrons of an atom
[39]. A smaller magnet is used to resonate an atom of choice with an appropriate
resonant frequency. This causes an emission of a radio signal that is recorded and
interpreted by a computer. The computer creates an image of the material in the
scanner from the radio signal emissions. fMRI uses the blood oxygen level dependant
(BOLD) [39] signal to detect where activity is occurring in the brain. The BOLD
signal is a measure of the difference between two forms of the protein hemoglobin.
The two forms are oxyhemoglobin and deoxyhemoglobin. Oxyhemoglobin is satu-
rated with oxygen. deoxyhemoglobin is devoid of oxygen. As in PET, where neurons
use glucose and have to uptake more when they are active, in fMRI the active neurons
use oxygen and uptake more from the blood. This desaturates oxyhemoglobin and it
becomes deoxyhemoglobin. There is a difference in the magnetic susceptibility of the
these two forms of the hemoglobin protein. This is due to the presence or absence
of oxygen. The oxyhemoglobin is diamagnetic, while deoxyhemoglobin is paramag-
netic. Paramagnetic molecules have a stronger magnetic resonance then diamagnetic
molecules. Because the brain uses oxygen at different rates in different regions, the
ratio of the two forms of hemoglobin change. The difference in the magnetic reso-
nance can be used to tell the different activity levels in these regions. This difference
can be measured to map the location of the activity in the brain.

The temporal resolution of an fMRI is a couple hundred milliseconds [59] and
the spatial resolution is one millimetre (mm) voxels [39]. Resolution fine enough to
detect specific neuronal firing patterns is ideal, but fMRI does not give you this level

of accuracy. At lower resolutions, firing patterns are less useful for interpreting brain



activity [54]. You could use fMRI for the input of a BCI but it would be better to
use a technology that averages the neural network activity as little as possible.
There are several problems with using fMRI as a BCI. The scanners have to be
fairly large due to house a primary magnet large enough to generate a sufficiently
powerful magnetic field. The strong magnetic field necessitates an area free from
materials that could interfere with the magnet. Also electromagnetic shielding is
needed to get the best results from the relatively weak radio signals.
Electrocorticography (ECog) [55] - An invasive technology: electrodes must be
implanted in the skull, on the brain itself. A craniotomy is needed to gain access to
the brain’s surface and to place electrodes over the region of interest. Problems with
sampling could occur if the placement of electrodes was not correct when implantation
occurred. The resolution and the signal to noise ratio is better for ECog than EEG.
Signals are stronger than in an EEG system, as they are not being read through the
skull and other tissue between the brain and the electrodes.
Electroencephalography (EEG) [55] - The strength of electric fields are de-
tected on the scalp using electrodes. Ideally the activity of many neuronal axons
firing at the same time will produce a field that is strong enough to reach through the
skull and the scalp. The strength of the electric fields over time is mapped to a graph
and this yields an electroencephalograph. EEG is relatively inexpensive, has high
temporal resolution and is noninvasive. A major weakness of EEG is that it has low
spatial resolution [63]. Signals are averaged from areas of the brain. This is relative
to the number of electrodes in the system. Adding more electrodes increases spatial
resolution but also requires more signal processing: each electrode measures its own
stream of data. It is also difficult to get signals that originate in sulci (furrows in
the brain) as shown in Figure 2.1. Opposing electric fields from neurons in the sulci
cancel each other out, making the information of the network in the sulci difficult to
read. EEG has a low signal to noise ratio. This means that the signals recorded from
the neuronal electric fields are small versus the other electric fields that the electrodes
can pick up (unwanted noise). The opposite, a high signal to noise ratio, is when the
signal you are interested in is very strong and the other signals in the same medium
are weak. An example of a high signal to noise ratio is listening for thunder in a
rain storm. The low signal to noise ratio is an unfortunate consequence of living in
the electromagnetic soup of the industrial world. The signals of the EEG are often

flooded with electromagnetic radiation from all of the electronics in our environment.
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Figure 2.1: A simplified diagram of how EEG works. Ton flows generate electric fields
in the neurons of the grey matter. The fields interact: diametrically opposed fields
cancel each other out and electric fields with similar orientations amplify each other.
If the fields (red and blue on diagram) become large enough they reach the electrode
and are recorded as EEG. (Drawn by Jason Cummer).
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2.2 Data Preparation

There are a few different ways to monitor the state of the mind, one of which is the
EEG. This is the measurement of the electric fields on the scalp. These electric fields
are the combination of the fields from the environment and the brain. Electrical
fields from the brain are generated from the collective activity of excitable cellular
membranes in the brain. The resultant signal that the EEG detects is one that is
created by the synchronous firing of many cells. Axons that run parallel create electric
fields that are additive and they are detectable on the scalp [26].

2.2.1 Artifacts

Artifacts are strange waveforms in the EEG, that do not have anything to do with
the brain activity. External fields are generated from unshielded electronic equipment
that humans have created. These fields can create artifacts as their potentials interact

with the sensors of the EEG. Examples are the radio waves from any number of
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transmitters, the 60 hertz noise generated from the electrical transmission system,
lights switches and motors.

Artifacts are also created from the human body. They can come from the heart
(cardiac artifacts), muscles and eyes (ocular artifacts). Any time a muscle contracts
it generates an electrical field. These fields are orders of magnitude larger then the
electric activity detectable from the brain; their large size often dwarfs any detectable
smaller fields from the brain. Electrode movement on the scalp can also cause errors

in detecting the electric fields originating in the brain.

2.2.2 Emotiv EPOC

The Emotiv EPOC [31] is a commercial wireless electroencephalogram. It has four-
teen electrodes which provide a total of 14 channels of data. The electric field of the
scalp is sampled 128 times per second. The EPOC can function in a few different
ways: cognitively, affectively, expressively, and gyroscopically.

One of the ways that researchers using EEG attempt to keep their experiments
replicable is through the use of standardized electrode placement. One of the stan-
dards is the 10-20 [38] system, as shown in Figure 2.2. The location of the electrodes
in this system are based on percentages of the distance from either the front and back
of the scalp or the right and left side. The 10-20 locations for the Emotiv are af3, af4,
f3, f4, 7, 18, fch, fc6, t7, t8, cms, drl, p7, p8, ol, 02 [38]. These locations are easily
seen in Figure 2.3

The EPOC has the ability to discern a few cognitive states. The states that come
with Emotiv’s software are long term excitement, short term excitement, meditation
score, frustration score and boredom score. The EmoEngine analyzes those data
collected while the user is mentally performing tasks on a cube that is displayed on
a screen. The brain wave data are collected from all the channels. The user trains
for one action at a time. The collected data are then analyzed with proprietary
algorithms. Classifications are built for any of the thirteen possible actions a user can
do with the cube. An example screen shot of the training cube is shown in Figure
2.4.

The actions are the six directions of movement, six types of rotation and the
ability to make the block disappear. Once the user has trained the EmoEngine on
these states, they can assign actions to the states. With these actions the user can

interact with the computer via their thoughts.
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Figure 2.3: Positions of the electrodes on the Emotiv EPOC [5].

Affective states that can be detected with the EPOC are engagement, instanta-
neous excitement and long term excitement. A fast Fourier transform (FFT) can
be used to find the component wave frequencies in the EEG. These wave frequen-
cies have energy, also referred to as power. A group of frequencies is called a band.

The specific powers of the frequency bands have been identified and correlated with
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Figure 2.4: This image is the EMOTIV built in training system. It shows a few
different ideas / cognitive states for training yourself to move the cube [30].
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specific affective states. Many of the electrodes, especially those nearest to the face,
receive large changes in voltage when the muscles of the face activate. These voltage
changes can be classified to determine the expressive state of a user. The EPOC’s two
dimensional gyroscope allows for the position of the user’s head to be used as input
as well. Popular uses of the gyroscope are tracking head position and mouse control.
The EPOC headset also has built in wireless communication with the host computer.
This allows for more freedom when the user or subject is wearing the headset, as

there are no wires to hinder them.

2.2.3 Artifact Removal: Independent Component Analysis

Artifact removal is not a focus of the exploratory study in this thesis. The Emotiv
EPOC headset has some digital filters built in, but no additional filters were added.
The reason for this choice is that the system used should be able to tolerate the noise
of the world.

2.2.4 Pre-processing of Data

For a simple test of data mining, we used the Waikato environment for knowledge
analysis (WEKA). This is a Java software package designed to help with the study
and use of big data [50]. It is a collection of data mining algorithms that utilize
machine learning. With WEKA and its built in neural networks, an attempt was
made to find a relationship between the EEG data and the direction in which the
mouse was moving. The mouse position data were used to find the cardinal and
intercardinal directions of the movement.

To find these directions, the deltas for the z and the y of two mouse positions
were found. The arctan function was used to get a measure of the angle of the vector
that the deltas formed. The angle of the vector was then rounded to the nearest
cardinal and intercardinal direction of the compass. The rounding was done based on
the division of a circle into 22.5 degree segments. The two mouse position deltas that
were chosen were based on the amount of time the mouse was moving. This time was
related to the time between line writes in the data. The first point was taken when
the first change in a mouse point was detected. If the mouse had not moved in 30 lines
of data, then the mouse movement was considered to have stopped. The last point
change recorded before the 30 lines was the second point used for finding the delta.

An example of the number of 128ths of a second that occurred in the spaces between
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recorded mouse movements is shown in Appendix A.1. Thirty lines corresponds to
about 234 ms. This assignment was based on an analysis of the mouse position data.

The time it took me to move my mouse on to an object, for example.

Libet's E}(pe riment W - Awareness of intention
-200 ms

Voltage
scalp EEG

Rise of RP Action \/

Time (ms)
- 550 ms 0 ms

Figure 2.5: Libet’s experiment showing that EEG can capture the time at which the
user is generating an intent to act [1].

Date collected during the second before the mouse movement started was used for
training the WEKA neural network. This approach was based on Benjamin Libet’s
work in the 1970s. Libet used EEGs for his experiments. His subjects wore EEG
sensors and they were told to press a button or extend a finger. Libet also told them
to watch a timer. When his subjects became aware that they wanted to press the
button or extend a finger, they were instructed to note the time. This allowed the
researchers to look at the EEG for a signal that would correlate with the button press.
After analysis, Libet found that the participant reported the urge to act at 200 ms
before the button press, with a margin of error of 50 ms, as shown in Figure 2.5.
The EEG showed that there was a rising potential 500 ms before the button press.
This means that 300 ms elapsed between the execution of the action and when the
brain showed signs of initiation of the action. This means that after about a third of
a second the user becomes aware of an action that they could execute [48]. Daniel
Dennett’s comment was “the action originally precipitated in some part of the brain,
and off fly the signals to muscles, pausing en route to tell you, the conscious agent
what is going on” [27]. Given that it is possible to discern from analysis of the EEG
data that movements are coming, this should be a reasonable feature to look for in
the data from the EPOC.
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2.3 Biological Neural Networks

Information processing in animals is done with networks of neurons. In vertebrates,
information processing is done in large networks of neurons called brains. Humans
have advanced brains capable of simulating environments and planning for the long
term future. With the help of the circuits contained within it, the brain is able to
figure out what events will happen in the world. An example is the ability to catch
a fly ball. The brain is able to simulate the ballistics of the ball and this allows one
to move to intercept it.

The human brain is an approximately 1.5 kg mass of information processing and
support cells. Here are some numbers that provide a picture of the complexity of
the human brain. Genetic variation and life events in humans lead to variety in the
following estimates. The human brain contains approximately 100 billion neurons.
Neurons have about 1000 to 10 000 inputs per cell, leading to about 100 trillion
synapses in the brain. These neurons exist in various levels of organization, somewhat
related to our evolutionary history. Omne of the newer structures to evolve is the
neo cortex. The neocortex is a continuous sheet of neurons 1.5 to 3 mm thick and
approximately 2500cm?. One level of sub organization is known as a minicolumn, of
which there are about 300 million in the human brain. These minicolumns contain
about 80 to 120 neurons. These minicolumns are classification units; an example is
an ocular dominance column. The minicolumns are classification units because they
have one level of classification they do. They then pass on their information to the
next column or to other cortical regions. The basic circuit of a minicolumn can be
seen in Figure 2.6. One last interesting fact is that the brain creates new neurons
which partake in learning new information. About 700 new neurons are added every
day. Not many ANNs incorporate new neurons after their initial training is complete.

A feature of natural neural nets (NNN) is bottom up processing. This concept
involves sensory neurons sending information into the nervous system and then that
information is filtered and abstracted until it reaches the highest levels of abstraction
the network is capable of. An interesting second feature is that NNN also engage in
top down processing. This is when neurons that have the highest levels of abstractions
send information back to the lower levels of the network. In NNN, this often leads
the neurons to expect a specific type of input. The expectation and the resulting
difference can be used to alter the bottom up filtering of information. This allows the

network to be more flexible in the kinds of information and contexts it can process
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Figure 2.6: The basic wiring of the cortical column. (A) shows the simplified neurons
and their connections in a cortical column. Green arrows represent connections to
and from the thalamus. Internal connections are shown in black. Output to other
cortical areas is shown in blue. The red connections are input and output for feedback
connections. (B) is the same set of neurons as in (A) but it shows that there are more
than one of these circuits in a cortical column. [32]

successfully. On the architectural level, one can see the inputs and the outputs from
the minicolumns in Figure 2.7.

The brain is composed of many different higher level structures. The cerebellum
is a largely repetitive structure located at the base of the brain. The cerebellum is
primarily used for motor learning and fine control of motor actions. The brain stem
consists of a few sub regions. At the top of the spinal cord is the medulla oblongata.
The medulla oblongata contains many of the automatic functions to maintain home-
ostasis such as heart rate and breathing. Above the medulla oblongata is the pons
which has white matter tracts to move information to and from the body. The pons
also has some regulatory functions such as helping control the muscles of the face,

eyes and throat, equilibrium, hearing, taste and facial sensations. The last region in
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Figure 2.7: Cortical Column abstracted and showing connections. Bottom up input
from the thalamus feeds into layer IV. Top down processing flows from the column
from layer V. The lateral connections to other units are shown from layers I and III.
These lateral connections can be viewed as both bottom up and top down processing.
On the inside of the column there is also a mix of both types of processing as can be
seen in Figure 2.6 [20]

the brain stem is the midbrain which oversees vision, hearing, motor control, sleep
patterns and temperature regulation [44].

Physically on top of the brain is the cerebral cortex. The cerebral cortex is divided
into four main lobes: the occipital, parietal, temporal and frontal. These regions play
a role in almost everything you do as a human being. The occipital lobe takes in
input from the eyes; it processes shape, colour and motion, and passes this on to
secondary processing areas. The parietal lobes take information, primarily from the
skin, and combine it with information from the ears and eyes in secondary processing
areas. They give us our sense of the body and space, helping us deal with many
spatial problems and movement. The temporal lobes take information from the ears
and secondary information from the eyes, and it stores patterns. It is involved in
semantic and episodic memory. The frontal lobe is the primary output for motor
activity, including speech. It receives input about smell, helps to regulate attention,

personality and mood and it is involved in long term planning.
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The network that these regions create is known as the connectome. The con-
nectome could be used as a template for creating ANNs with similar functions as
the brain. Later we will look at a new neural net architecture, the NeuCube. The

NeuCube has utilized the connectome to create some of its structure [42].

Figure 2.8: A partial representation of the human connectome [8] Tt displays how
the long range connections from cortical columns are arranged across the brain, thus
showing how the overall network of the brain is constructed. The different colours of
the lines allow one to trace the different connections in the connectome.

The brain is made up of two types of cells. Glia and neurons are the main cells
of the brain. Neurons are the main information processing units of the brain, with
glia being an important partner cell to neurons. Glia cells help to maintain the
environment for neurons and help regulate synaptic connections. Neurons have some
specializations that allow them to process information and pass the new information
to any neurons with which they share a connection.

Specialized structures known as azons and dendrites exist on neurons. Axons are
extensions from the soma (cell body).Their primary purpose is to carry an action

potential to the axon terminals. Action potentials will be discussed in more detail
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Figure 2.9: A basic neuron, with its various constituent components [13].

below. The axons may or may not be myelinated by special glia. If they are myeli-
nated they have a higher conduction speed. This faster conduction speed influences
the networks dynamics. Higher conduction speed is due to the ability of the myelin
to transmit voltage via saltatory conduction. The action potential is thus conducted
past the myelinated section of the axon to a section that is not myelinated. This
non myelinated section is called a node of Ranvier. At nodes of Ranvier, the action
potential is regenerated via the ion channels present in the cell membrane. If the ax-
ons are entirely non myelinated then the action potential is transmitted entirely with
ion channels. Dendrites are postsynaptic terminals. They work to sum the incoming
information of the connected synapses.

Synapses occur between two neurons and are the location at which information
is passed from one neuron’s axon to its neighbour’s dendrites. The synapses work
either with a chemical or electrical connection (gap junction). Chemical connections
are the most common in vertebrate brains. Chemical synapses work by the following
mechanism: when the action potential reaches the location of a synapse, it triggers
the release of neurotransmitter chemicals. The neurotransmitter diffuses across the
synaptic cleft and binds to specific receptors in the postsynaptic cell. The receptors
on the postsynaptic cell allow for the flow of ions which alters the voltage of their cell
membranes. Electrical synapses function by allowing ions and other small cytoplasmic
molecules to diffuse or flow across them. This is what affects the postsynaptic cell’s

membrane voltage.
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2.3.1 The Action Potential

Action potentials occur when the cell’s membrane voltage increases above a threshold
regulated by ion channels in the cell’s membrane. The voltage can increase due to
an influx of Na™ ions. When the voltage increases to +30 mV the flow of Na™ stops.
The K ion channels open and potassium flows out of the cell, rapidly dropping the
voltage back down to below its resting potential. As all the ion channels reset, the

voltage returns to -70 mv. An action potential is shown in Figure 2.10.
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Figure 2.10: A graph of the membrane’s voltage as the action potential flows through
a region of the axon. (Drawn by Jason Cummer).
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2.4 Machine Learning

Observing the world with sensors creates vast amounts of information. Saving all
these data creates huge amounts of what is called big data. Humans can learn from
these data but often times there is too much to look through in a useful time period.
This has given rise to a field of study called machine learning that uses algorithms
and computers on big data. Machine learning deals with how algorithms can learn
about the structure of data. The algorithms can be used to learn how to extract facts
from the data that are usable for a further process.

The most common of these algorithms are decision trees (DT), association, naive
Bayes, clustering, support vector machines (SVM), logistic regression, multilayered
perceptrons (MLP) and ANN. Amongst these algorithms, the few we are going to

consider are logistic regression, MLP and ANN.

2.4.1 Supervised Learning and Unsupervised Learning

Supervised learning is like doing math problems and checking your answers. You
go through the questions and then look at the back of the book. If your answer is
the same as the book’s answer, you move to the next question. If your answer is
different, you have to go back and try to adjust your approach to the question. This
is similar to how supervised learning works. There is a set of data, targets and results
or classes to which the algorithm has to match the data. Over the time that the
algorithm is running, it is trying alter its internal representation of the data to allow
for the desired output. Once the desired output is predicted or an acceptable level
of error has been achieved, the algorithm terminates. The saved model can then be
used for predictions of new data from the same source.

In unsupervised learning there are no answers given for the data presented. The
algorithm has to learn the structure of the data by itself.

This thesis will focus on supervised learning. The reason for supervised leaning
is that the desired outputs were recorded. This allows the collected data to be used
with the recorded outputs for training. Zero-one loss is used to calculate the number

of errors in the prediction function against the data [15].

D
los =0, T (2) 24
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Uy p is the empirical loss of the prediction function f, parameterized by 6 on dataset
D. 0 is the set of all parameters for a the model. D is the number of dimensions. I,
is the indicator function. The definition of I, is 1 if x is true and 0 otherwise. I; was

defined for the tutorial, as:
f(z) = argmazy P(y = k|z,0)

Zero-one loss is not differentiable and uses a lot of computational power if you have
thousands to millions of parameters [3]. This makes it less practical than other func-
tions for the purpose of machine learning. negative log-likelihood loss (NLL) is a
function that is similar to the zero-one loss but is differentiable. This allows it to
handle thousands to millions of parameters [3]. NLL is used instead of zero-one loss
gradient decent for the pre-training of the restricted Boltzmann machines (RBM).
This is for training larger problems in a reasonable amount of time. The function for
NLL used by Theano is as follows:

NLL(,D) = — Y PLlogP(Y = y®]z®, 0)

This equation finds the log of the probability of class Y, when the input of 3 is
correlated with a'.

The error of the NLL function is used in conjunction with L1 and L2 regularization
to provide the gradient for gradient descent [3]. The regularization penalizes certain
parameters if they are too large. This reduces nonlinearity in the model. The gradient
of the error surface is calculated from the input data. The function that is supposed to
represent the data is often created as a linear equation. The gradient of the function
can be found by taking the derivative of the error surface.

Small alterations in the equation are introduced and a new gradient is calculated.
The continued alterations of the equation hopefully allow one to converge on the
global minimum. More often, several minima, maxima and saddle points are found.
The equation is at its optimum for the prediction of a class when the gradient is 0 on
the error surface [22].

Stochastic gradient descent (SGD) [3] is a variant of gradient descent. If the
set of data are very large, iteration over all the training data takes a long time.
The first step is to shuffle the training examples. Then, the first example in the

randomly shuffled input examples is used to calculate a partial derivative. The partial
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derivative allows the algorithm to move down a gradient on the error surface of the
function. The vector for the optimization function is slightly altered. This is done
by adding the coefficients to the gradient, multiplied by the learning rate. The next
point of the shuffled input examples is then used to repeat the process of finding
the partial derivative and altering the optimization function. The advantage of the
partial derivative is to speed up the gradient decent algorithm. Convergence on the
minima may only take a single loop through the data, but a dozen loops is common in
the literature review undertaken. It might not settle in the minima, but it is usually
close enough for a satisfactory classification rate [22].

Minibatch stochastic gradient descent is a modification of SGD. The algorithm
uses only a subset of the data to find the gradient. It can be some number of the
previously processed data points. The error is calculated the same way as SGD but
only the subset of data is used. The greater the number of data the smoother the
plotted error will look. Minibatch can be faster then SGD. If the algorithm hasn’t
made any progress on learning in the latest batch, it can terminate. Minibatch works
better with vectorization and it allows for better parallelization. The implementation
that we use, Theano, is designed to use parallel processing. This makes minibatch a

good choice for Theano [22].

2.5 WEKA

WEKA [50] is an open source data mining software package. It was created at the
University of Waikato and named Waikato environment for knowledge analysis, hence
WEKA. It contains modules for data pre-processing, classification, regression, clus-
tering, association rules and visualization. It includes many of the commonly used
machine learning algorithms such as multilayered neural networks, which was used

earlier for testing the EEG data for directional information.

2.6 Artificial Neural Networks (ANN)

In “Introduction to Neural Networks in C#”, written by Jeff Heaton [34], a simple
multilayered neural net is described. The basic points from his book on simple nets

follow. ANNs can have different numbers of hidden layers:
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e No hidden layers - these are only capable of representing linear separable func-

tions of decisions.

e One - these can approximate any function that contains a continuous mapping

from one finite space to another.

e Two - these can represent an arbitrary decision boundary to a arbitrary accuracy
with rational activation functions and can approximate any smooth mapping to

any accuracy.
e Omne hidden layer is practical for most any function.

e There is no theoretical reason to have more than two hidden layers.

Hidden layers are layers that are not directly observable. The input and output layers
can often be seen, but hidden layers are supposed to be internal to the ANN. ANNs
are also characterized by the number of neurons in the hidden layers. Too few neurons
in a hidden layer leads to underfitting. This is not good for a complicated data set.
Too many neurons may result in overfitting, where the ANN learns the noise of the
model. With limited information, there may not be enough to train all the hidden
layer’s neurons. With sufficient information and too many neurons, an ANN may
require too much training time.

Some ANN rules of thumb follow: The number of neurons in the hidden layer
should be between the number of output and input neurons. The number of hidden
neurons should be 2/3 the size of the input plus the number of output. The number
of hidden neurons should be less than twice the size of the input layer. You will have
to ultimately try various numbers of hidden neurons - Ray Kurzweil says evolutionary
algorithms [45]. With the addition of an evolutionary algorithm, you can alter many of
the parameters of the neural net in a more automated fashion. Running evolutionary
algorithms can also give you specialized neural nets that may be better for some

applications but not others.

2.7 Liquid State Machine (LSM)

A liquid state machine is a type of neural network known as a spiking neural network.
An LSM also fits into the category of a reservoir computing system [49]. Reservoir

computing uses a system that is dynamic and thus, information about timing in
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the system matters. In an LSM, the system is a number of nodes or neurons that
pass information along to their downstream connections. In the case of this neural
network, the downstream neurons reconnect causing recurrent connections. These
recurrent connections allow information that has been presented to the network to
flow back to the origin of the data and through other loops. LSMs can be created
with structures, but most are created as a set of randomly connected neurons, see
Figure 2.11.

Figure 2.11: A simple example of a liquid state machine with random inhibitory and
excitatory circuits. Circles are neurons. Y shapes represent excititory synapses. T
shapes represent inhibitory neurons. (Drawn by Jason Cummer).

The separation property of the state vectors of an LSM is a measure of the Eu-
clidean distance of the states of the network with different samples. This can be used
to determine whether the network is able to create different states for the different
input fed into it. Two states can be seen with this technique: over-stratification be-
ing that there is too little power in the input to create continuous firing patterns and

pathological synchrony, which is excessive firing of too many neurons [51].
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2.8 Parallel Neural Circuit Simulator (PCSIM)

PCSIM is a tool for simulating neural networks [56]. It is a software library written
in C++ for speed, and has a Python interface for ease of use. The Python interface
as abstracted version of the C++ functions and classes to allow the user to easily use
them. It is built to use objects called network elements, which are base classes for
higher order objects. Some of the higher order objects are neurons and synapses, see
Figure 2.12. There is code to build and simulate a neural network based on these
network elements. PCSIM also allows for the network to be run on many different
machines if available. The simulation can be advance based on a number of user

defined time steps or a user defined amount of time.

“a

network
element [—

network
element

Figure 2.12: On the left is an image of the generic network element. They are the
parent class to the neuron and synapse on the right [56].
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It can take many seconds to run an advanced cycle of the simulation in the LSM,
but this is where the liquid state machine implemented with PCSIM excels. It has
been designed to be run in parallel. It can be run on the same machine in a single
thread or multiple threads, or it can be run in many machines that are networked
[56]. It has many different ways to create a liquid. One of them is the cubic volume.
For example, the LSM used for this thesis is filled with 20 x 20 x 10 (4000) neurons
in a cube pattern. The input for the LSM can either be normalized analog data or
spike trains. Output is in the form of floats, being the recorded analog values of the
simulation’s neural membranes that were sampled at random from the liquid.

The utilization of an LSM to incorporate and compress time series data into a

smaller output for the DBN was investigated for the example system.

2.9 Deep Belief Network (DBN)

DBNs are constructed as an MLP. They utilize RBMs as part of the layers in the
MPL. An example of an RBM is shown in Figure 2.13.
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Figure 2.13: A restricted Boltzmann machine. There are two layers of neurons. One
layer contains neurons with the set of h;. This is also known as the hidden layer. The
second layer, the visible layer, contains the set of neurons v;. C is the biases for the
visible layer. B is the biases for the hidden layer. The symmetric weights between
the layers are indicated by W [64].

The RBM is created from two layers of the MLP (see Figure 2.14). The weights of
the MLP’s layers and the weights in the RBM are shared. Thus, training the RBMs
will alter the weights that are shared with the MLP.

The training is done in a greedy layer-wise manner for a fixed number of epochs
for each layer. The DBN training then moves onto the final stage, to train the MLLP
with stochastic gradient descent. If the training is successful, the DBN will be able
to classify data into the target classes.

During gradient descent, the algorithm periodically check, with the validation set
to test the model on the real objective function. The SGD saves the first model
and its score, which is a measure of how well the model fits the training set. Upon
checking again, it will save over the previously saved score and model with models
that have better scores. The algorithm keeps making checks to see if it can find a

better model. There is a built in patience score. Every time there is no significant
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Figure 2.14: An MLP that is built with RBMs. Each set of layers would be an RBM
[64].

change in the score, 1 is subtracted from the patience score. When the patience
reaches zero the searching for a better model stops. Once we have our best model
based on the training data, we evaluate the model with the test set. This evaluation
against the test set allows us to determine if the model is still generalized enough to
classify data it has not seen before [3].

The training of DBNs might not be real time, but the implementation of the filters
that they create is utilizable in real time [64]. Results from the DBN are given in the
form of validation error.

Theano [23] is used to dramatically decrease the training time for the DBN.
Theano uses a computer’s graphics processing unit (GPU) to achieve parallelization
of data processing. It also contains optimizations that allow it to compile functions
directly into GPU code.
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2.10 Brain-Computer Interfaces

(Classification of EEG signals is not perfect. If a user is trying to create a desired
outcome and the machine will not detect this intent, it can be extremely frustrating
and disheartening. On the other hand, if the user is doing nothing and the system is
acting erroneously, it can be annoying and interruptive. Current methods to classify
EEG such as MPL, SVM and DBN do not yield reliable classifications for the near
ideal user interface [42].

The method presented in this thesis borrows from natural neural networks (NNN).
In NNNs, recurrent connections allow for a second type of memory in the network.
Put another way, there is information in the state of the network itself. Typically
in ANNs, there would only be information in the weights of the connections between
nodes. The information in the weights is from previous learnt input, but not current
input. This knowledge of NNNs is used to attempt a better classification rate by
adding a processing step into the classification.

For humans to further merge with their machines, methods that allow for fast,
accurate interaction must be developed. Ideally, the system would integrate seam-
lessly with the user’s thoughts. It is essential to have less than 250 ms for feedback
to the brain in order for the brain to incorporate the information into its networks
[54]. Longer than this time and the feedback loop from the BCI to the brain is too
large. The larger the delay in the feedback, the more difficult learning the interface

becomes.

2.11 Summary

In this chapter we started by covering brain sensing technology that ranged from
intimate to topical. Next we covered NNNs from the basic units of ion channels, up
to the overall network that makes up the brain and the connectome [8]. We finished
the chapter with machine learning algorithms and how they can combine to form a
few types of ANNs known as DBNs and LSMs. In the next chapter, we will cover
the basics of the proposed architecture this thesis takes to classify user intent and

demonstrate a concrete implementation of a system as a case study.
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Figure 3.1: General architecture of a brain data classifier (Drawn by Jason Cummer)

The general framework for building a brain-computer interface (BCI) is shown in

Figure 3.1, minus the final stage of an environmental effector. In general, a BCI will

use some electroencephalography (EEG) or other device to capture the information

about the user’s brain. Other good example devices that could be used are microelec-

trode arrays, or an optogenetic interface. The brain data will then be formatted for

signal processing. There might be a few different layers of signal processing depend-

ing on what is called for in your design. Eventually the data will be classified and

a system interface will inform the environmental effector based on the classification

results.
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In order to assist others researching BClIs, one of the contributions of this thesis
is the proposed modularization of the system, shown in Figure 3.1. To the best of
our knowledge, no current framework exists. Though the framework we explore in
our case study would take more work to completely generalize to be “plug-and-play”,
the overall breakdown remains intact. The temptation to perform more fine-grained
integration into a monolithic system is strong in this case. The reason is that it could
decrease the processing time, making this more of a real time system. However, other
optimizations are possible once the efficacy has been established, such as making
more sustainable software systems. The specific case study in this chapter overviews
the behaviour of a liquid state machine (LSM) coupled with a deep belief network
(DBN) in an exploratory experiment. In future work it would be possible to replace
the DBN with a different classification component, such as an Echo State Network,
and the subsequent testing could be done with a Support Vector Machine.

The case study to demonstrate the proposed architecture in this thesis uses the
abilities of an LSM to help analyze EEG data. The EEG data were recorded while
the user typed at a computer keyboard and used a mouse. Key presses, mouse
movements and mouse clicks are the events to be associated with brain states from
the EEG data. LSMs have the ability to encode the incoming data from the EEG
into a spatiotemporal pattern in the liquid. A sample is taken from the network at
the time of a keyboard or mouse event. The set of events and their corresponding
samples is then sent to a classifier. The classifier for this case study is the DBN. Let

us explore this system in increasing detail in this and the following chapter.

3.1 Overview of the Exploratory System

The system, in a more complete sense, is a commercial EEG (the Emotiv EPOC), a
series of intermediate processes, the LSM and the DBN (See Figure 3.2).

The LSM is a dynamic system. This means that the system’s components interact
with one another and their locations or states depend on the time of the interactions
in the system. For computer science, this falls into a set of computing known as
reservoir computing [49]. With reservoir computing there are some forms of nodes
that communicate with each other and interact in potentially non-linear ways. That
is, they can suddenly shift the state of the system. When applied to the way that
computers emulate natural neural networks (NNN), a common result is a spiking

neural network (SNN). In the same way that an animal’s neural network will send
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Figure 3.2: Overview of the exploratory system (Drawn by Jason Cummer)

signals from neuron to neuron, so does an SNN. This is often a result of trying
to optimize the way that computers use their internal processing resources. What
happens, though, is that the network of neurons, or nodes in a computer system, is
created such that they have loops of connections. Information, in the form of spikes,
flows from one neuron to many neurons and loops back to its starting location, forming
a highly dynamic form of memory. This highly dynamic memory has the property
that information is held in the system from an input that came at an earlier time.
With many of these memory loops of various sizes, information from the past is
retrained by the system. As the information from different previous time points flows
and interacts, new patterns emerge in the system. These patterns are used in the
next stage of processing.

With the LSM, the current patterns of information in the system are of interest.
In Figure 3.3, ripples from various drops of water create a specific pattern on the
water’s surface. There would be many ways to sample the water’s surface, such as
very high resolution ultrasound, a camera measuring the intensity of light at a given
location or some system of mechanical floats on its surface. What is important is
that a sample is taken from a randomly selected set of locations on the surface. With
this set of sample measurements of the liquid’s surface, associations can be made
of what occurred to create this state. With the water ripple examples, you can see
where the drops came from by the patterns they formed. Those patterns could be
associated with some outside phenomenon. If there were enough examples, confidence
in the association would increase, and it could be said that the outside phenomena z

creates the state y.
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Figure 3.3: The surface of a liquid, water, after some drops of water have been added
over time [11].

In the brain and in SNNs,; these ripples are spikes flowing through the neurons
of the system. For the LSM, there is a set of neurons that sample the state of the
neurons in the liquid.

For the exploratory study in this thesis, it is important to note that the state of
the network is created from a brain state that had intention. This means, as in the
water example, when an outside phenomenon created a particular state, it can be
associated with the phenomenon. In the case of the LSM, with inputs from the brain,
the phenomenon that is being associated has a state from the intention of the user.
Because the state and the intention are linked, in the LSM’s case, the correlation tells
the overall system that if the state was detected, the intention was desired.

To find the relationship between the state and user intent, DBNs were used. They
are multilayered neural networks. They differ from deep neural networks in the way
they are trained and the way they are set up. DBNs use a method of modeling the
input, in our case the states of the LSM, that is learned by the DBN, layer by layer.
There are two stages for training such a network. One is to have the input data
modeled internally by restricted Boltzmann machines constructed of the layers of the
DBN. The second is fine tuning the model’s last layer to recognize the classes of the
data, based on the data that have moved up through the layers of the DBN. Once
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this has been done, the DBN should be able to predict the final classes. In our case,
the intentions of the users are recorded from electric fields created from the brain, by
electrodes.

This thesis proposes a pipelined architecture for classifying user intent from EEG
data. The LSM and DBN system demonstrate a concrete manifestation of this archi-
tecture. This exploratory pipelined system includes training of networks to filter the
data they receive. For example, the DBN creates a set of filters that, once trained,
are fast at processing the input. The LSM does not require any training so its infor-
mation flow rate will remain the same. An LSM can be created in such a way that
the neurons are processed at the same time at different locations. This parallelization
can increase the speed of the overall system to allow it to process the input as it
comes from the EEG. If the system were set up with the LSM running in parallel
and existing DBN filters, it would run in real time. At this point, it might be the
case that if a user was wearing the EEG headset with the system processing the data
from it, the system could produce an output matching the user’s intent. With one
more small program the intent could be translated into computer commands for key
presses and mouse output, making a system with which users could type with their
thoughts.

3.1.1 Emotiv EPOC

The Emotiv EPOC, a commercial EEG headset, was used for this study. As expected
in a commercial system, the resolution is less than that of systems intended for
scientific research. Temporal resolution of research systems can be as high as 20
000 Hz but as low as 250 Hz [21]. The EPOC’s sampling rate is 128 Hz. The spatial
resolution of the EPOC is not as good as those of research systems, either, with only
14 electrodes. High density research models can have 256 electrodes. Overall, this
EEG is not high quality, however, it resembles what an early functional system or

prototype of a BCI might use.

3.1.2 Input Recording Software

A program was developed in C#, to receive the recorded values from the EPOC
headset. The types of values were the power of the electric fields on the surface of the
scalp and the user head movements, sensed with the built in gyroscopes of the EPOC

headset. The recorded power values were saved to a file along with some of the user’s
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actions. Key presses and the mouse movements were recorded with User32.dll on a
Windows 7 computer. User32 is explained in the next section. All these data were

saved to binary files for later use.

3.1.3 User32

Windows USER is the general name given to the section of the Windows operating
system that receives, uses and creates interfaces for the user. The implementation
of this is in the dynamic link library, User32.dll. Sixty-four bit versions of Windows
have the SysWOWG64 directory and this is where a modified version of the User32.dll
exists for these systems [57].

Platform invoke is a feature that allows managed code to call unmanaged or
native code. With platform invoke, a program can hook the functions in User32.dll
[53]. Using this, the program can collect the following data from the mouse: right
and left mouse click, up and down on the mouse wheel and the position of the mouse
on the screen. From the keyboard, the data collected were all the letters, numbers
and other keys from the keyboard. The shift keys, capital letter-lock key, tab, alt,
left Windows and numlock key states are collected in a slightly different manner. The
reasoning behind this was to capture the moment the key was pressed and possibly
held down for interaction with other keys. For example, if the user wants to capitalize
I in their text, the user would hold down the shift key, press the i key and then release
it. These might all be detectable depending on the overlap of the timing. On the
other hand, they may represent entirely different classes.

The recording of the control key was missing in the original set of data that
was collected. The code necessary for recording the control key was added into the
input recording software, but no new data have been collected with the control key
recording. The absence of this key is of no concern to the exploratory study. If it
is possible to train the ANN to recognize the other recorded classes it would then
become useful to get more data with the control key and train a recognizer for the

key.

3.1.4 Saving Data and File Formats

The initial recordings of the data were saved to custom binary files in the hope of
saving hard drive space. In the end, hard drive space was not an issue for this study,

but could be useful in some situations. The binary files were extracted and saved
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as text files of larger size. The purpose for the extraction was conversion of mouse

position data to mouse movement direction data.

3.2 Spike Train Generator

Initially the use of PCSIM, and its implementation of a LSM seemed to have no way
to get analog data into the LSM. I had read that it was possible with the correct
combination of neurons, synapses and inputs. Later it was revealed that it was
possible to do so with a StaticAnalogSynapse. The code to read in analog data is as

follows:

net.connect (inp_nrns, nrn,
StaticAnalogSynapse (delay = 1e—=3W = 1e—10))

The arrival of this information was after the completion of a program to take the EEG
data and create spike trains as LSM inputs. The spike train generation is thoroughly

described in Chapter 4 Exploratory Experiment and Results.

3.3 PCSIM

In Section 2.8 PCSIM was introduced and some very basics were covered. The LSM
implementation is done with the network elements as neurons. It has been created
as a single threaded network, rather then a distributed network. On a lower C++
level the single or multithreaded network is controlled by a simulation engine. To
run the network one of two functions is called. There is a network advance and an
network simulate function. “The simulation engine integrates all the network elements
(typically neurons and synapses) and advances the simulation to the next time step,
and uses its communication system to handle the routing and delivery of discrete and
analog messages (i.e. spikes and e.g. firing rates or membrane voltages) between the
connected network elements.” [56]. In this way PCSIM simulates its neural circuit.
If the neural circuit is run as a multithreaded distributed network it can run in
other networked locations on many machines. The way that PCSIM implements
the LSM in parallel, speeds up the simulation of the network.Some of the speed
comes from optimized C++ code, allowing the network to operate efficiently. The

parallelizability of the networks created with PCSIM is also a way that the networks
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can increase their processing speed. For this exploratory system we did not utilize
this ability to run the network in parallel.

The code that I have utilized for the LSM has a cubic volume filled with 20 x
20 x 10 (4000) neurons. The input for the LSM is fourteen channels of EEG. The
EEG collected data at a sampling rate of 128 Hz. With this sampling rate there is
128 sample from each of the 14 channels and a state for the mouse and all the keys
every second. The encephalograms were transformed into spike trains and stored as
14 channels in a file for the LSM to use. There is also a set of data in the file that
is the direction of the mouse at the time the EEG was recorded. The spike trains
are fed into the LSM. The LSM is run in a way that every 128th of a second is
simulated. One 128th of a second converted into a decimal is 0.007 812 5 s, or 78.125
ms. The advance step of the LSM is 0.1 ms for this setup.What this 1/128th of a
second means in practical terms is that for every 8th set of 78 simulation steps, an
extra net.advance(1) has to be called. The reason is that there is a remainder of 0.000
012 5 seconds. If a step in the simulation is 0.0001 s then 0.0001/0.0000125 = 8. On
this extra step the network is just advanced one time unit, 0.1 ms in this case.

If the input file for the LSM has an event associated with the current simulation
time, the current state of the liquid is saved to an output array.The information
(output array), is saved to the format needed for the DBN. The format needed by
the DBN is a pickle file and is discussed further in Section 3.4. The saved state is a
set of floats and a target value. The target value is the number associated with the
transformed mouse data. There are also classes for the states of many buttons that
the user might be holding down. The floats are the recorded analog values of the
simulation’s neural membranes that were sampled at random from the liquid.

It is believed, due to the nature of technological progress, that computers will
continue to become more powerful. With an increase in computational power, this
network of 4000 neurons and perhaps larger LSMs can be created and simulated in
real time. The second thing that could be done is that the network could be reduced
in size and parameters tested to get faster results.This is explored more in Chapter

6, in the future work Section 6.5.

3.4 Reformatting LSM Output for DBN Input

The last part of the exploratory BCI system is a DBN, which processes the state of
the LSM. The information about the state of the LSM is in the form of arrays of floats.
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The Theano DBN uses pickled files for input. Python pickle is a form of serialization:
a way to store or save Python object hierarchies without losing information. These
files can be later deserialzed to reconstruct the original Python objects [10]. The
internal structure is three sets of data: one set each for training, validation and
testing. In each of these sets there are two lists: one for the target class and one for
the matching state array. There is a small program that reformats the pickle file from
the LSM into the correct format for the DBN. The format is shown in Figure 3.4.

Pickle File
Train_set Valid_set Test_set
[ 201 ] [{0.085, ..., 0.051, 201 | [[0.068, ..., 0.065, 205 | [[0.053, ..., 0.056,
0.056, ..., 0.058 ] 0.059, ..., 0.055] 0.058, ..., 0.061 ]
[ 205 | [[0.055, ...,0.065,| [| [~ ]| [ wvoeson, L]
0.052, ..., 0.054 ] B B
BN 65 |[[0.055, ...,0065,| || |85 ||[0.049, ..., 0.054,
B 0.062, ..., 0.057 ] 0.059, ..., 0.51]
[ 214 | [[0.053, ..., 0.061,
0.052, ..., 0.064 ]
| 65 |[[0.058, ..., 0.065,
0.053, ..., 0.059 ]

Figure 3.4: The format of the pickle file created from LSM output. The format is
used as input for the DBN. Three sets of data are contained within the file: one for
training, one for validation and one for testing. The training set is five times larger
than the validation and testing sets. In each set there are two lists: one for the classes
and one for the data corresponding to that class. (Created by Jason Cummer)

3.5 DBN

The DBN used in this study was based on the Theano version of a DBN at Deeplearn-
ing.net [4]. Not much had to be changed to make the data from the LSM flow into
the DBN. The number of inputs had to be altered to match the number of elements
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in the state arrays from the LSM and the number of outputs had to be altered to
match the classes in the output. All other parameters remained the same, initially.
Minimal changes were done to tune the network. More of the details for this will be

covered in Chapters 4 and 5.

3.6 Summary

The use of a recurrent neural network that utilizes spikes in a manner similar to a
biological neural network was tested in this thesis as an exploratory study of the
classification of EEG data. The specific implementation used was a LSM and a DBN
for classification. The EEG data were transformed into a set of fourteen spike trains
with a semi random conversion technique. The key press and mouse events were
propagated forward to be used in the LSM and finally in a classifier. Chapter 4 will
demonstrate that, though it is unclear from the results if any classification possible,
the pipeline architecture is both flexible and useful for troubleshooting. Much more
tweaking and investigation should be done with this combination of algorithms to
find a clear result, along with a substantial set of users to execute a definitive case

study.
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Chapter 4

Exploratory Experiment and
Results

This chapter delves in to the details of the exploratory system that attempts to read
the intention of a user and translate the intent into input for a computer. We will
look at the details of the system, from the computers that it was run on to the design
of the pipeline architecture and an example of the system using specific components

for neural networks. Finally, we will look at the results of the investigation.

4.1 Setup

The computers used in this study were quad core Intel I7s with four, eight or twelve
gigabytes of random access memory (RAM) as described in Appendix A.1. The
computer that ran Theano had 4 GB of RAM and two Nvidia Tesla cards with 1000
CUDA cores each. The virtual machine (VM) that was utilized, was an 8 GB machine
with three cores.

The data for this project were all electroencephalography (EEG) recordings from
the author, while freely operating and programing on the recording computer. This
was done with the use of User32 platform invokes to collect the mouse and keyboard
data. The brain’s electric fields were sensed with the Emotiv EPOC headset and
recorded to the computer.

These EEG data and the mouse direction data were tested in WEKA: both the
direction based data and raw data were run through the naive Bayes, Bayes network

and multilayered perceptron algorithms. The direction based data are comprised
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Figure 4.1: The Emotiv EPOC headset [6]

of the mouse event data and one second chunks of EEG channels. These chunks
are taken from the overall data such that only the second directly preceding the
corresponding mouse event of the channel data is used. For the raw data, it did not
contain information separated into one second chunks. It did contain the changes of
direction, rather than the mouse positional data. WEKA used the raw data to create
a model that represented the classes. Neural nets with greater utility had to be tried
next. So preparation of these data were adapted, not for WEKA, but for the LSM
and DBN.

4.1.1 Spike Train Generation

The input for the LSM needed to be in spike times for the LSM to accept it. To
transform the EEG data to spike trains the value of the EEG recordings had to be
normalized and brought into a range that was similar to a natural neural network
(NNN). The range of EEG data is received in a range of 0 to 8000 muV. The actual
numbers in the file sit around 3500 to 4000 muV. The means vary, based on each of

the channels. To calculate the spike trains, the maximum firing rate of neurons must
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be known, though this rate is variable. For this experiment, the maximum firing rate
was assumed to be 200 spikes per second. This number is from the typical action
potential; it includes the relative and absolute refractory periods as recovery times
between the neurons action potentials. The use of only the absolute refractory period
could be utilized for recovery. Assuming the absolute refractory period is 3 ms, this
would yield a maximum firing rate of approximately 333 Hz. The problem with the
firing rate of 333, is that to overcome the relative refractory period’s hyperpolarization
you have to have a larger input to the neuron then the initial stimulus. Though, if
one was trying to simulate a real neural system it would seem that a higher number of
inputs would have to be accounted for to simulate overcoming the hyperpolarization
of the post synaptic cell. Coming back to generating our spike trains from the EEG
data; the value of the EEG is divided by the maximum value of the channel (8000),
then multiplied by the maximum firing rate. If the spike rate is greater than the
maximum firing rate then the firing rate is set to the maximum firing rate. The spike

rate is then appended to an array of spike rates.

spikeRate = ( ( float( arrayIn[i]|[0]) / max) % 200 )
#if it 1s over the largest threshold bring it into range
if ( spikeRate > 200 ):
spikeRate = 200
subOutPutSpikes.append(spikeRate)

The array of spike rates are then multiplied by 1/128 of a second. This gives a spike
rate probability for the time step of 1/128.

subProbList.append (spikeRateArray[i][]j] % TIMESTEP)\\

The maximum value is 1.5625. 1.5625 is the value of the maximum spike rate divided
by 1/128th of a second: (200/(1/128) = 1.5625).

The spike rate probability is then used to come up with a spike train. There is a
maximum of 1.5625 spikes per time step in the initial EEG sampling rate of 128 Hz.
If the spike rate probability is higher than one, a spike time is added to the output
spike train. If there is a probability remainder, a random number is generated. If
the random number is less than the remainder, a spike time is added to the output.
Likewise, if the probability is below one, it is treated like the remainder from the
greater than one example. The appropriate amounts of time are added to the time

count to keep the count in data in the correct alignment with the events.
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The next few lines of code below show how the time is added to the spike train.
BuildSpikeTrain

if spikeProbabilities[i][]j] > 1:
time += THIRDTIMESTEP
singleChannelSpikeTrain .append (time)
time += THIRDTIMESTEP
spikeProbabilities [i][j]-—= 1
if (randint(0,100) % 0.01) < spikeProbabilities[i][]]:

singleChannelSpikeTrain .append (time)

time 4= THIRDTIMESTEP

elif (randint(0,100) % 0.01) < spikeProbabilities[i][]]:
time += HALFTIMESTEP
singleChannelSpikeTrain .append (time)
time += HALFTIMESTEP

else:
time 4= TIMESTEP

Spike trains are in the format of a list of spike times. The list of spike times for

each channel acts as input to an input neuron in the LSM’s set of input neurons.

4.2 Liquid State Machine

The LSM in this study evolved from the spatial_inh_exc_populations.py file on the
main PCSIM website A.3.2. Functions that were added are as follows: Data were
read into the LSM from files containing the spike trains and the targets. One of the
tasks that needed to be repeated many times was reading the state. Thus, reading
the state of the liquid was moved into its own function. A section in the simulation
code was added at the Python level for testing for events. This section took care of
how much time to advance the LSM. An attempt was made to compensate for the
time drift of the remainder of the 1/128th of the simulation: the 0.000 012 5 s. If
there was an event detected, the event was added to the output array in preparation
to write the output pickle file.

Functions were also added for saving the output as a pickle file. This is so that
the DBN would accept the file. Ultimately, the output pickle file would have to be

reworked, which is covered in this Section 4.3.
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The LSM was created with 4000 neurons in the liquid. The neurons in the liquid
were composed of both excitatory and inhibitory neurons. The LSM was built on
a cuboid grid with 20 x 20 x 10 neurons as a SpatialFamilyPopulation.The spatial
family population is a population of neurons with built in spatial coordinates. The
coordinates can be used to calculate the probabilities of connections based on distance.
The LSM has a 4:1 ratio of excitatory to inhibitory neurons. The neurons are all
leaky integrate and fire neurons. The network simulation is a single treaded local
network. Details about the settings for the excitatory and inhibitory neurons are in
the Appendix A.5

4.2.1 Input Neurons

Spike trains generated from the EEG data were used as input for the LSM’s network.
The spike trains are represented as a series of time values. The times tell the system
when a spike occurs. Input neurons were created with the spike trains as a param-
eter which was passed into the neurons’ constructors as an array of time values in

milliseconds. These neurons connect to random excitatory neurons in the liquid.

4.2.2 Recording Neurons

Spike Time Recorders

The spike time recorders connect to all the neurons in the liquid and record the times
at which there is a spike. The spike time recorders were left in but were not really
utilized for the testing that was done. Some uses are discussed in the evaluation and
future work sections.

Voltage Membrane Recorders (VMR)

The VMR neurons are connected to a random sample of 256 neurons in the liquid.
For Theano’s internal processing, the 256 connections make for a square matrix. A
population of AnalogRecorder() neurons is created and then connected. The analog
recorder neuron records the membrane voltage of a cell in the liquid so that it can be

used for output later. Sample time is one millisecond.

4.2.3 Simulation of the Circuit

The time at which the simulation starts is taken. The network is then reset. The

network steps through the number of steps specified in the input file, for the desired
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simulation time. The number of steps originally comes from number of samples there
were in the EEG recording. The number of steps propagates through all the file
processing steps before the LSM.

The simulation has a resolution of one millisecond. The original sample was taken
at 128 samples a second. So that is 78.125 milliseconds. The LSM was told to process
78 steps (seventy eight milliseconds).

Time Compensation
Due to the remainder of the 128th of a second (1/128 = 0.0078125, 0.0078125/0.0001 =
0.125), it is necessary to compensate for the difference. The difference is (0.0001,/0.0000125 =
8) of 8% 0.125. A for loop was introduced to compensate for this drift in time. Every
eight loops the program advances the simulation one more time and checks the events
to see if anything will occur during this time step. That is to say every eight loops,
of 78 loops, there is an an extra simulation step (net.advance(1), in code).

During the time that the LSM stops, between its 78 ms and compensation times,
it looks through its list of events. The LSM checks the directions, the mouse buttons,
the states of some of the keys that might be in a held state and the key codes of most
of the main keys. If there is an event at this time, the LSMS writes the event class
to a list and retrieves the state of the liquid based on the analog recording neurons.

The LSM can take a lot memory, and initial investigations were hampered by the
virtual machine crashing after too much simulation run time. A solution that was
pursued, was the clearing of the analog recorders. Their recordings and states were
reset every 78 steps. This solution has allowed the virtual machine of 4 GB of memory
to run the simulation. Other papers do not use files as long as the files used in this
simulation, so it may never have been a problem before. The counts for the types of

events are taken so that they can be verified with later processing.

4.2.4 Pickling

For the later processing of the data, a DBN is used. The DBN used in the exploratory
system utilizes Theano and takes input in the form of a pickled file. There are three
arrays of data for the DBN: one for training data, one for a validation, and one for

testing. The arrays are setup in the following format:

[[ class /target <int> ],[ <list> [information,<float >]]
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4.2.5 GZip

The DBN takes its pickled input as a GZip file. After the processing of the spike
trains is finished by the LSM and the input arrays are processed, the command gzip

<filename> will compress the file to a .gz file.

4.3 Reprocessing for Training, Validation and Test-
ing Sets

The ratio for the training, validation and testing set was determined by reading the
pickle file for the Mixed National Institute of Standards and Technology (MNIST)
data and retrieving the length of the arrays.

Train:Valid: Test

50 000:10 000:10 000

or

5:1:1

The format for all three input sets was in the following form:

dtype=float32 ,
array (

[5,0,4, ... ,8,4,8]
dtype=int64

)
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The data from the LSM was in one list so events had to be separated into training,
validation and testing sets, as can be seen in Figure 3.4. This was done by reading
in the data and counting the number of instances of all the 154 classes. If there
were fewer than five instances of a given class, the count was used to determine what
should be done. On a count of one, the three sets all receive the same instance of an
event. Then the count for that class was increased by one. A pointer to the output
arrays is kept for all the classes in the three sets; this points to the last updated
position. The pointers to the last updated positions are used in the later encounters
of classes to replace replicated instances of events. On a count of two, that is the
second time a class code or target is found, the values in the training and validation
sets are updated so they differ from the testing set. On the count of three, the only
value that is updated is the value for the training data. On counts from four to seven,
the test set is appended to. This makes five values for the training set and one for
both testing and validation sets. This would allow for sets that might not have the
ratio of five to one. There could also be a set where all three sets have the same list
of floats for a given event. If there were no examples of a class, it was not included
in the training.

A later revision to the reformatting was done. The reason for this was to exclude
classes that did not have the required minimum number of training examples for the
DBN. This is important because, if there was a class that had any overlap in the sets,
the training would be compromised. It could appear that the training was better then
it was, but if the trained DBN was used for classification, the results would not be as
good as expected. The later revision saved all the examples into separate arrays as
they were encountered. When the count reached seven, the examples were appended
to the appropriate lists. This ensured that there was no overlap in the data sets and

that the validation and testing would be accurate.

4.3.1 Deep Belief Network (DBN)

For the implementation of the DBN, I started with the Theano DBN which was used
to classify the MNIST data set. I altered only a few settings including the number of
inputs, the number of outputs and the number and sizes of the layers. The learning
rate had no modifications.

The following two settings in the python code were not altered: a random number

is created for numpy_rng = 123; Random number generator. Theano_rng = none.
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Theano random generator; if none is given then one is generated based on a seed
drawn from 'rng’.

The default input size of the DBN in the Theano “getting started” tutorial is 784
inputs. I altered this to a number that was close to the value of the outputs from the
LSM, and a square, so that it can be input more easily in matrix form: 256. This
number could be increased to be more similar to the 784 used above, but one would
have to go back to the LSM for that modification, for the output from the LSM is
the input of the DBN.

The DBN started with three layers of 1000 neurons each. The intermediate layers
must contain at least one neuron each. The size of the intermediate layers is a
parameter that was not experimented with much in this study. One or two layers
were added or removed at a time, with minimal effect on the validation error. The
size of the first layer was altered to an order of magnitude larger or smaller. This also
had no effect as validation error was never below 99%.

The number of outputs for the DBN was originally 10. This was the number of
targets in the MNIST data: one target for one of the integers from 0 to 9. The EEG
data contained 154 classes. Most of these classes were not represented in the data fed
into the DBN. Once again, if there are less than 7 examples of a class, that class is
not represented. This is due to the stratification od the data.

The LSM output needed to match the DBN input, which was set to 256 input
neurons. This was the first major impediment to having the LSM output be usable
in the DBN input. Once the output neuron number was altered for the LSM, the
output from the LSM process was able to be fed into the DBN. The validation error
was still 99 to 100%.

4.4 Evaluation, Analysis and Comparisons

The remainder of the chapter shows the results of the LSM and DBN system. The
results of the original MNIST data set is included. The MNIST data are handwritten
digits from 0 to 9. There are 60 000 examples contained within it. It is a standard set
of items with which to test classification algorithms. The MNIST data set is discussed

in more detail in the next chapter. This is to contrast the results from the EEG data.



49

4.5 Electroencephalography Results

This section shows the results of training the DBN after processing all the data. Table
4.1 shows the parameters that were tried in DBN of the exploratory system. More
files and more tuning of the network should be done, but this is discussed in the

future work section.

Inverted | Input Layers Neurons | Best Validation
Numbers Out Error %

false 256 [100] 153 99.629 630

false 256 [1000,1000] 153 99.629 630

false 256 [10 000] 153 99.444 444

false 256 [1000,1000,1000] | 153 99.259 259

true 256 [1000,1000,1000] | 153 99.629 630

true 256 [12 layers 1000 | | 153 99.25

Table 4.1: DBN training results from EEG data collected on January 18th, 2013, for
the hour 13:00

One can see from the class count that there are only 12 classes that had more
than seven instances in the data. Table A.4 shows the class counts for the EEG
data collected on January 18th, 2013 for the hour 13:00. As a result of analyzing the
numbers in this file, the number of outputs for the DBN was reduced to 12, for the
classes that had representation in the data (more than seven instances), to see if this

had any effect on validation error. As can be seen in Table 4.2, there is little effect.

Inverted | Input Layers Neurons | Best Validation
Numbers Out Error %

true 256 [1000,1000,1000] | 153 99.629 630

true 256 [1000,1000,1000] | 12 99.629 630

Table 4.2: DBN training results from EEG data collected on January 18th, 2013, in
the hour 14:00

The next input error that was discovered was that the output from the LSM should
be between 0 and 1, but the actual output was between -1 and 0. The output from the
sampling neurons in the LSM was the membrane voltage, which has a negative resting
potential. The simple alteration of multiplying the inputs by negative one was tried,

but had no apparent effect on the validation error. The only effect was the cost in
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the pre-training functions. Before, the cost of the pre-training had always been above
zero and proceeded to numbers greater than one million. After the multiplication by
negative one, the cost was closer to the MNIST data sets: the cost value started at
-91 for layer 0, epoch 0 (the first of 100 training stages for each layer, epoch 0 to
epoch 99) and by the end of the pre-training of layer 0, at epoch 99, the cost was -55.
By contrast the MNIST data set at epoch 0, layer 0, was -98 and moved up to -68 by
the 99th epoch. Ultimately the inverting of the input data had no effect on the final

validation error. The results are shown in Tables 4.1 and 4.2

4.6 MNIST Results

Here is an example of some of the numbers from training the Theano DBN with the
MNIST data set: In the 127th epoch, mini batch 5000/5000, the validation error was
1.36%. The best validation score occurred earlier with a result of 1.35%, with test
performance 1.37%. The total time to complete the fine tuning stage on the MNIST
data set was 46.85 m, much longer than the time for the EEG data sets.

4.7 More Results

Retrieving outputs from intermediate steps in the pipeline has not been implemented
yet. This means that it is difficult to get results for training of specific classes, either
during validation or testing of the model. There appears to be an output array
that holds the testing data for verification in Theano’s DBN implementation. It is a
shared array, which means that it is accessible to Theano and to the graphics card.
The structure of this array is not known at the time of writing, but these data should
be sought after for future understanding.

Early on when I was starting to test with the DBN, the input arrays seemed to
be the incorrect size for the gemm function. The reason for this was that the input
number was too high for the expected input. The number of inputs did not match
the expected number of inputs from the original MNIST based DBN. This caused
the DBN to expect 784 inputs, but was getting 250 initially. This would cause the
CUDA code to throw an exception. I added six recording neurons to the LSM, this
makes it a square (16 x 16) so the matrix operations in CUDA do not have wasted

space.
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Changes were made to fix the LSM’s output. It was passing all 78 states from
the recording neurons, not just the one that was currently relevant for a particular
event. The fixed LSM only passes on the state of the LSM from the millisecond at
which the event is detected. Once again, this had no impact on the validation error.
This fix is one that is fundamental to the design, though. Some of the data from the
previous states of the LSM should be propagated into the current state. This means
that only the last state need be sampled. This is one of the main reasons for using a
recurrent neural network like an LSM.

While the results from the DBN may not be promising at this time for the basis
of a BCI, there are lessons to be learned. The piperline architecture facilitates the
investigation into possible reasons, processes and programs that may have created
problems for the classifier. The parameters for the DBN may also be incorrect. The
information intrinsically may not be suitable for the DBN or the combination of the
LSM-DBN. It may be that there is some ability of the DBN to classify the EEG data,
but it is not evident from this exploration. We will look at these sources of problems

in detail in the following chapter.

4.8 Summary

EEG data has a spatial temporal nature to it that should be analyzed on a system
that is designed to process spatial temporal data. One system that is designed to
help the analysis of temporal data is the LSM. The use of an LSM to assist in the
classification of EEG data was examined here. The LSM and the DBN, in this test,
were able to work together in the sense that data could be passed from one to the
other. Whether that is useful for classification in the DBN is not necessarily known.

This exploratory study shows that the LSM and DBN did not do a good job at
classifying EEG data. With a validation error of approximately 99%, the system
could not classify any of the target classes. The error could have come from any
stage in the pipeline: the EEG, data transformation or processing, the LSM, or
the DBN. The good news here is that exploring the problems is not hampered by a
monolithic representation. Instead, a systematic approach to trouble shoot the results
can correspond to the stages and modules in the pipelined architecture. There are
plenty of directions in which to test the system and other ideas to try. A newer neural
net, the NeuCube, reported results of 100% accuracy for one class in a classification

of EEG data [42]. The NeuCube shows many similarities with the system considered
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here. The NeuCube and the future tests and ideas will be examined more in the next
chapter. Possible reasons for the poor classification will also be discussed further in

the next chapter, as we examine the components of this system one by one.
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Chapter 5

Discussion and Trouble Shooting

the Pipeline

In this chapter we look at the various potential reasons why the combination of liquid
state machine (LSM) and deep belief network (DBN) did not produce a functional
classification system. Figure 5.1 shows some of the modules that might have errors.
All components of the system will be covered, starting from the electroencephalogram
(EEG) used to collect data, moving through the stages of processing the data for
both the LSM and the DBN and finally noting potential sources of error in the
neural networks employed in the system. This process demonstrates the advantages
of the modularity of the proposed architecture to localize trouble shooting when

experimenting with different algorithms and assumptions in the system.

Liquid Deep Belieix
Electroencephalography State Network
(EEG] Machir§@ DBN
(LSM) ( )

LA

LSM Qutput
for
DBN

to
Spike Train

Figure 5.1: Locations in the exploratory system that may contain faults which con-
tribute to the system’s error. (Drawn by Jason Cummer)
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5.1 Systematic Remedies Aligned with Modular

Decomposition

The stages which may contain errors are EEG, spike train conversion, LSM, data
stratification and the DBN. With the EEG there may be spatial resolution problems,
myographic interference issues or the headset needs more time to collect enough data
for a state determination. The conversion of the EEG channels to spike trains might
cause overstratification or pathologic synchrony. Some of the problems with the LSM
could be network dynamics caused by the input or internal network properties. Data
alignment might also cause the classes to be out of sync with their states. Data
stratification, relating to having the correct number of examples for the training
validation and testing sets, is a factor. The DBN likely needs tuning to use input
data for classification and there could also be some hidden classification.A systematic

examination of the possible issues of the exploratory pipeline follows.

5.1.1 Electroencephalogram

The EEG sensors may not have fine enough resolution for determining the user intent
behind the commands. Without access to the proprietary algorithms that Emotiv
uses for the EPOC, the spatial resolution might be too limited. The space between
the brain and the electrodes of the EEG can cause distortions of the electric fields.
These distortions make it difficult for classification of the signals that originate in
these regions. The Emotiv EPOC uses training data for a neutral state that is 30
seconds long. Then the other states take 10 seconds to train, but may have to be
trained multiple times for good results. One other issue is that EEG in general has
to deal with large amplitude noise from muscle contractions. This type of artifact
would overpower the signals from the brain. A module for removing artifacts and
extracting what information is left in the data should be investigated.

In 1999, Karet found the typing rate of composition to be 19 words per minute
[41]. The composition rate from our data was not determined from the collected
data, but could be. If one assumed 19 words per minute, that is approximately 3
seconds per word. The average word length from English, at the time of writing this
thesis, was 5.1 characters [17]. This gives each character 0.6192 s. This is a short
amount of time to look for a general increase in brain activity in a region. In the

brain, some of the regions that generate typing behaviour are the pre-motor, motor
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cortex and Wernicke’s area. Without high resolution information from these areas the
information may be averaged together. With low resolution, it would be difficult to
distinguish the motor signals in these regions. The homunculus for motor movement
has regions representing the hand. Within each of these regions are representations of
smaller and smaller regions of the hand. As the region of the hands become smaller,
their corresponding cortical representations are smaller. The difference between the
action of pressing the r and t keys is small in terms of the resolution of the EEG.
Despite the fact that Migal Nicolelis found that information for most processes can
be found in neurons across the brain, the information may not be available to the low
spatial resolutions of EEG.

Another possible fault with the EEG stage of the pipeline is all the combinations
of electric fields occurring. With noise from other electronics, information can be
lost. The state of the brain over longer time periods may allow for clearer data to be
generated.

It may be possible to recover the information from the EEG necessary to have a
real time brain-computer interface (BCI) from the EPOC. My current setup does not
allow for this. The quick set of readings I collected are certainly shorter then 10 to 30
second recordings Emotiv uses. So the data collected may need to be extended. The
amount of information collected in a longer time window. This is entirely possible with
the LSM setup. Infact, this should already be happening. The recurrent connections
in the liquid should be holding information from the previous states.An LSM though
it has this ability it is more of a fading memory. It might be the case that the
information in the recurrent connections is not lasting long enough. This could likely
be fixed by alter the composition of the liquid. It is some what dependant on the

randomness of the network’s creation.

5.1.2 EEG to Binary Files and to Text Files

The functions in the EEG recording program that wrote the data to a binary file were
tested during development. The functions were found to accurately write to the file.
The file extraction from binary to text files was also tested during development and

was found to be correct.
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5.1.3 Pre-processing Text File: Mouse Point Information to

Cardinal and Intercardinal Directions

User key press and mouse data may have been lost after the addition of code to
include the keys into the output file. It seems unlikely that this would have happened
due to the testing during development, however there was not strict unit testing.
Creating some unit tests for the program would have resolved the question during

development.

5.1.4 Neutral State

One potential confounding issue is the use of a neutral state for training the DBN.
There was no neutral state class used in this study. The main use of a neutral state
is for the classifier to have a state for when the user is idle. In the idle state, no
user output would be generated. For a neutral state, there would be a class defined
so that the classifier could generate an internal result that has no assigned output.
It is possible to get the data for a neutral state from the existing EEG recordings.
To collect the requisite data, a function can be created to keep track of the time of
the EEG data, and the user’s input. If the user does not enter any input for a time
period, say two seconds, save that time point to a data structure (a list or array).
The reason for this relates to the work from Libet (see Figure 2.2.4). If there was two
seconds of time, it should be the case that there is no intentionality for any event of
interest. If two more seconds passed and no input was detected, then the recorded
time point could stay in a data structure. If input was detected, the time point would
be removed from the data structure. When the file is to be saved for the next step
in the pipeline, the information in the data structure is written to the output file.
There is no need to extract the neutral state at the moment, as we are still trying
get the key and mouse classifications operational. This process can be revisited if the

classifier is able to extract the intended output reliably.

5.1.5 Pre-processed Data to Spike Train

The EEG channel data were converted to spike trains for LSM input by one of the
programs that was developed for this study. One problem that might have occurred

in this program is data misalignment of spike generation frequency.
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This type of error may result in user key and mouse events aligned with incorrect
brain states. These incorrect states would manifest in the liquid as the target classes
not being aligned with the EEG states. After examination of the process this pos-
sibility was dismissed. The spike trains were generated based on their EEG values
in the data and some constants related to how the brain generates spikes. The spike
trains were generated without affecting the recorded key and mouse events. The time
of the events can be found independently from the time of the spikes in the spike
train. The event classes are passed on through the pipeline, as they are, in their own
streams of input. Each one of the values in the stream represents 128th of a second.
These values, which are the class information, are processed further in the LSM. As
the LSM is simulated, the input is tested for events. If there is an event, then it is
linked to the state of the liquid at the point in time of the event. If there is a data
misalignment error, it is in the LSM.

There could be an error in the network dynamics of the LSM, which originate in
the generation of the spike trains. If the number of spikes is too great, the network
becomes saturated. This could happen if the probabilities chosen for generating a
spike were too high for the LSM, see Section 4.1.1. The probabilistic way the spikes
are generated seems to follow a logic that would approximate a natural spike rate. If
the odds were greater than one that there would be a spike within the time period of
0.007 812 5 seconds, then one was added to the spike list. The max probability for
a spike generation is 1.5625 for a value equivalent to 200 spikes per minute. There
are values lower than 1.5625 but higher then 1, so after the first definite spike is
generated and the definite probability of one is subtracted there is a remainder. An
example would be an EEG value of 6000 muV would have a probability of generating
1.171875. This means there is one spike in that time due to the one. The one is then
subtracted and the remainder is 0.171875, which is compared to a random number
to see if a spike is generated. If there was a remainder, then there would be a chance
for a spike in that time period, and it would be generated. The probability is tested
against a random number and the result of that test generates a spike or not. If a
spike is generated, it is added to the list of spike times at a fraction of 128th of a
second later. Problems may be introduced if too many spikes are generated by the
function used to generate and process the random number and the probability. This
would result in all states associated with target classes having almost all the neurons
at full excitation. If there are too many neurons firing at the same time, this has to

be known so steps can be taken to ameliorate this.
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One other thought is that the input from the EEG channels hovers around a central
value that varies by approximately +/-100 V. The normalization to fit this under
8000 ©V results in about 2.5% variation in the signal. With this much normalization
the signal might be lost in the noise and become too difficult to discriminate.

If the frequency of the spikes is too low, the network might not have sufficient
power to continue firing after a stimulus stops. As with the case of too many spikes
being generated, the spikes would follow the same generation method as discussed in
Section 4.1.1. The manifestation of this effect could be little excitation at the time
of recorded events. The resulting LSM output would have little to no variation, as
all states would have same neuronal resting values.

If the probabilities of the spike generation was off then there might be too many or
too few spikes. The number of spikes generated by this algorithm has not been tested.

Testing should be done to determine errors introduced by the spike generation.

5.1.6 Liquid State Machine (LSM)

The LSM could have had problems that relate to data misalignment or network
dynamics. The data misalignment problems, in the LSM, are related to remainder
compensation or advancement cycles.

A major error discovered was the math for the main loop of the exploratory LSM
program. This main loop was for finding how many times to call the network’s
advance function (net.advance()). In the read file function, the number of samples
was taken from the first line of the file. The first input from the spike train files are a
number that represents the number of total samples. That is the number of samples
that were written to the file, one every 128th of a second. Ultimately this is used to
calculate the amount of total time for which to simulate the LSM.

The first thing done is to find the simulation time. An example here of a large

file is concurrently used to illustrate the calculation.
From the first line of a spike trains file we get TotalTimeSteps = 460 349. The level
of precision is just from the initial 1/128th of a second, which is 0.007 812 5 s. To
set the total simulation time (Tsim), we have Tsim = 0.007 812 5 * TotalTimeSteps.
Multiply the 128th of a second by the number of time steps in the file. This yields
0.0078125s * 460349 = 3596.4765625 seconds. The PCSIM internal setting for ad-
vancing is set to DT'sim = le — 4;0.0001 ms.
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A constant was created for representing 128th of a second, it is oneTwentyEightInt=
78. To find the number of times to loop the 128th of a second simulation loop I
did the following. (Tsim/DTsim ) / oneTwentyEightInt , for our example that is
(35964765.625) /78 = 461086.738782. The value 78 is a problem and causes an align-
ment error. The 0.0001 can be used to cancel out the 0.007 812 5 and that leaves
78.125 multiplied against the total time steps in the file to give 35 964 765.625.
Upon conversion back to the number of simulation steps used in the loop for the
net.advance(), the number of 78 was used to get the number of times to loop through
the advance loop. The result from 35 964 765.625 / 78 is 461 086.738 782 0. As an
integer the result is 461 086. The difference is 460 349 - 461 086 = 737. This amounts
to 5.763 584 seconds over the recorded hour of time. The 5.763 584 seconds of drift
divided by 60 minutes is 0.096 059 7 seconds of drift per minute. If I once again use
Libet’s one second of intentionality, the simulated LSM would take
Lsecond/0.0960597second /minute = 10.410 minutes of time to drift the one second.
With the LSM operating with this drifting, the states and target classes would really
start to be misaligned after approximately 10 minutes. This is obviously one of the
reasons that the classification is wrong. If there are shifting examples of states from
the LSM that the DBN is trying to learn it would be “confusing”.

It appears that dealing with the remainder, and the incorrect math both resulted

in data misalignment.

5.1.6.1 To .advance() or .simulate()

The reason for the conversion between TotalTimeSteps and total simulation time
(Tsim), was because at the time of programming the LSM, the minimum advance
time was assumed to be 0.0001 s. Many of the examples of PCSIM had this number
with the net.advance() function. The number of times to advance the net.advance
loop is an issue of how many advance cycles go into the network. There might be a
minimum for PCSIM’s networks, but that value of DTsim 0.0001 is set in the example
files and not well documented. The minimum is unclear. PCSIM does not specify a
minimum for this variable in any of the files I explored. The net.advance() function
takes an int, and has a minimum set to one. The common use of DTsim and the
default int value of one in the advance function implied a minimum. The PCSIM

examples with DTsim 0.0001 seemed to imply convention. It would have been better
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to set the advance time to 0.007 812 5 s for the network, to match the EEG sampling
rate.

A different way to simulate the LSM was discovered. With the same net =
SingleThreadNetwork(), there is a simulate function as well: net.simulate(<time
in seconds>) is the signature. An example is net.simulate(0.2) for 200 millisec-
onds of time. Searching for this functions in the code was not intuitive. Generally
class.function() implies that function() is within the class. The function “simulate”
was nowhere to be found in SingleThreadNetwork or its documentation. Upon a
search through all the header files, the function was found in SimNetwork.h [12].

A better way to utilize the LSM would be to use net.simulate(0.007 812 5). This
would allow for some code simplification in the main loop of the program. This
simplification should allow for the removal of the data alignment error. The math
above would be removed as the number of 128th samples would be the number of
times to do the loop.Then the loop would simulate 0.007 812 5 s and test for the
target classes, thus removing the two main errors so far identified in the LSM.

There could be more constants causing errors or other programing errors that
were less obvious, which would require more experience with the PCSIM software to

learn.

5.1.7 Network Dynamics

The network dynamics of the LSM might also present a problem, either with the
input data or the network’s setup. The setup that I used for the liquid was not
altered much from the original example file [12]. The only edits to the working
program were additional inputs and outputs. This mitigated problems of introducing
bugs. There are the different ratios of excitatory to inhibitory neurons, as well as the
strength of those connections, that could be experimented with. If the ratios are off,
then either states of pathological synchrony or overstratification could occur. The
use of the spike time recorders could diagnose this possibility and create feedback for
training the LSM. This is discussed more in the future work section.

The spike time recorders could be used to see the states in the liquid of the
LSM. PCSIM is able to use pylab to create charts of the data from the LSM. Pylab
is a python library for numeric analysis, which includes the creation of charts to
visualize data. These charts could be used to determine if the network was functioning

correctly. Such charts should be able to determine if the network was in a state of
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pathological synchrony or overstratification and would help to tune the LSM. The
tuning, altering the ratio of the excitatory and inhibitory neurons, may bring the
network to a level where there was separation between all the classes. One could also
tune the types and properties of the synapses to change the information flow in the

network.

5.1.8 Robust Timing and Motor Patterns

“The main challenge has been that recurrent neural networks operating in "high- gain’
regimes in which recurrent connections are strong enough to generate self-sustained
patterns of activity are highly sensitive to noise and are often formally chaotic. Thus,
although the dynamics in these networks are potentially computationally powerful,
the fact that minute levels of noise can produce vastly different neural trajectories
effectively abolishes their computational power because a given pattern cannot be
reliably reproduced across trials.” [46]. If the noise is too much then it is a case for
altering the network. Unless the noise in the EEG is just to much for the network
to handle. I would hope that at least 70 percent of the data could be recovered from
some classes. WEKA was able to do some classification in the earlier experiment.
The results were with the raw EEG data(not normalized) with the cardinal and
intercardinal mouse directions, see Appendix A.2.

One other piece of information that came later than I would have liked: I had
posted to the Source Forge online help forums to find out how to get data into the
LSM. I got a response, but it was after I had done my initial creation of the program.
The response, was about a StaticAnalogSynapse.
net.connect(inp_nrns,nrn, StaticAnalogSynapse(delay = le — 3, W = le — 10))
StaticAnalogSynapse would have been the method to use as it takes normalized input.
Instead of creating spike trains from the original stream of EEG data, one would
simply normalize it into a range the network could use. This could be done in the
LSM if a function was written for it. This might also alleviate the network dynamics
problems. Spikes would automatically be created from the neuron that received the
analog input. These spikes would then be fed into the main liquid. By using the
static analog synapse it would provide a contrast for problems arising from my spike

train generation function.



62

5.1.9 Deep Belief Network (DBN)

The possible errors of the DBN could be insufficient data, non separable data, data
that are not similar enough to learn, configuration, or perhaps the classification might
not be evident.

The EEG information may not be classifiable. The MNIST set has 60 000 exam-
ples in it, for MNIST information see Section 4.4. There are 50 000 training examples
in the training set and in the validation set there are 10,000. This is based on reading
the MNIST file and calculating the ratio of training to test and validation to be 5:1:1.
The data were then formatted according to this ratio: 2745 for a training set and
549 for the validation and test sets. The MNIST data set should have about 6000
instances of every class. That is 6000 for each of the ten numbers from 0 to 9. The
data used in this study have more classes and far fewer examples. The number of
training examples might be 700 for a best case of a direction (see Appendix A.10).
The number of examples for the most represented classes are more than an order
of magnitude smaller then the MNIST training set. The size difference between the
MNIST and EEG data sets used for the DBN has likely had an effect on classification
training. That effect being that there is insufficient data to train the DBN on the
EEG data set.

Initially some of the same data points were used for training, validation, and test.
This is not good for the final results. The reason for the overlap was an attempt to
see if the DBN would even process the data, regardless of correctness of classification.
Once the DBN did accept the data, the reformatting program was altered. This
resulted in sets that were in a ratio of 5:1:1 that had no repeats of example states.
With the new data format, the validation error results were still high (See Appendix
A.12). Machine learning techniques sometimes use a technique called stratification.
Stratification is when you have examples of your classes in all your training sets [61].
In this case for training set, I am referring to the training set, validation set, and
testing set. Stratification was used, as there is at least one test for each of the five
training examples.The classes that have seven or more examples are stratified.

Target classes might need to be represented in proportion to frequency. Depending
on what was typed at the time of recording, the inclusion of certain key codes can
vary in the EEG and class data files. If, say, the Z key was pressed in one file but not
in another, does this mean the number of outputs from the DBN must be changed
for each file? There would be 154 classes with all the key codes and the null states.
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The modification to include 154 output classes did not seem to have an effect on the
classification ability. The classification currently does not need the null state. An
offline system was discussed in Chapter 3.

One issue with the data recording and processing is that there are classes that
only have a few or even one example in the set. This is not a good representation.
If the examples that come out of the LSM are not as random as initially thought,
there might be a chance to add the output from various files together for the DBN.
Examples from many of the files compiled into one set may make the training of the
DBN more accurate. This compilation will be addressed further in the future work.
The classes with low representation, if allowed to train on the DBN, would have a
lesser effect on the network then other more prominent classes. The classes that have
only a few examples would have the worst testing results against the test data.

Another idea is that the number of inputs to the DBN is too low. The default
dimensions of the “getting started” tutorial for the Theano DBN has 784 input sam-
ples. T altered this to a number that was close to the value of the outputs from the
LSM, 256, but it might be the case that giving more information to the DBN would
help it classify the examples.

5.1.10 Separability

The structure of the data might not be separable. If this were the case, the samples
from the different classes would have values that are too close for the DBN to classify.
This could be a result of the LSM having incorrect network dynamics or the creation
of spike trains that were too similar. Separability issues may be caused by the EPOC
head set. The EPOC might not have recorded the data well enough. This seems a bit
unlikely as the initial testing of the data with WEKA showed some positive results.
The multilayered perceptron (MLP) had a true positive rate of 70% for some of the
direction classes.

For the mouse direction data finding the delta between two points might be sub-
optimal. The number of time points sampled might have to be tweaked. If the sample
was too small, the variations in the mouse position might contain noise that does not
reflect the user’s intent. If the number of samples included in the averaging was too
large, the intent might also be lost. In this case the user might have altered the tra-
jectory of the mouse and the intent for the earlier or later direction might not reflect

the user intent that drove the movement initially.
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5.1.11 Overly Dynamic

In this case the LSM creates output that is too dissimilar between target classes. The
samples of the liquid’s state from the same class might not be similar enough to each
other to be classified with the same label. This is due to the integration and dynamic
nature of the system of the LSM. The internal cause would be that the complex
interactions of the neuron’s spiking patterns in the liquid would always create unique

patterns. If these patterns are unique then they would be hard to classify.

5.1.12 Configuration

There are a large number of ways to configure a neural net and the DBN is no
exception. In this case, the DBN is not configured correctly. It might not be able to
classify the data with its set up. The DBN might be too small for the complexity of
the data. These possibilities would have to be explored with experimentation. There
are certainly ways to alter the configuration, such as varying the number of neurons
in the hidden layers. It is also possible to change the number of hidden layers.
Some of these alteration have been experimented with, as described in Chapter 4,
Exploratory Experiment and Results. There might also be some value in varying the
learning epochs, learning rates and patience levels for the DBN. Variations for the
DBN is future work.

5.1.13 Classification Not Evident

It might be the case that some part of training of the classifier worked but is obscured
in the Theano layer. The Theano DBN that was utilized did not report the results
from every test. The results returned were only the average of the sets of tests done on
the test_set. In cases where there were disproportional class representations it would
appear that there was a higher validation error then might be present for specific
classes. Once again if the worst classes were in the same mini blocks as better classes,
they would increase the average validation error. The ability to examine the data
closer would be beneficial to the process as a whole. Looking at the evaluation results
within each minibatch, class by class, is what is needed. Examining each class would
allow one to find out what the classification rates for the class was. If there were
some good classification accuracies for specific classes, this would partially validate

this approach. As it is, there is still insufficient data to confirm or deny the DBN’s
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ability as a classification system. The modularity of the pipeline does allow us to look

at the DBN in isolation and trouble shoot the errors that originate within it.

5.2 Comparison of Classifiers

The fact that there are possible errors throughout the entire pipeline make the overall
analysis of many different classifiers and their interaction with the LSM impossible
at this time. It might be possible in the near future to use different classifiers to help
diagnose problems in the attempted system. For example, the results from WEKA
would indicate that the EEG data contains at least 70% utilizable for some data. One
test that should be run is the LSM data against the collection of WEKA’s classifiers.
The data from the LSM would have to be put into the arff file format for WEKA.
Once in that format, it could be run in the WEKA classifiers. If WEKA classifiers
were able to classify a high percentage of the data, it would likely be that the DBN
needed tuning or reconsideration. If WEKA was unable to classify the same data it
had previously classified at 70% true positive, the LSM could be reconfigured and

retested.

5.3 Summary

The exploratory system created from an LSM and a DBN did not produce usable
results. We have now covered many of the reasons why the test system could have
preformed poorly. We have also looked at how the modularization within the archi-
tecture supports a systematic approach to troubleshooting and further exploration.
Looking at the data pre-processing of the EEG data, there could be fault in the spike
generation density. The factors that influenced the LSM are network dynamics, cre-
ation of the liquid, and timing issues in the simulation of the network. The DBN’s
poor classification might have been caused by mis-aligned training and testing ex-
amples from the LSM, or the configuration of the DBN itself. In the next and last
chapter we will cover the conclusions we have drawn from working with the archi-
tecture and the test system, we will also talk about what might be done in the next

iteration of research for this system.
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Chapter 6
Conclusions

The idea of creating a system that generates an input for a computer using the mind is
very enticing. There are varying difficulties in extracting information about the intent
of a user. These difficulties range from user discomfort to the risk of death. Discomfort
with electroencephalography (EEG) because the best results require the user to be
still for the duration of the recording. Possibly deadly infections of the brain can
arise from intracranial technologies. Due to EEG’s combination of temporal, spectral
and spatial resolution, its non-invasiveness, relative ease of use, cost and availability,
it is an acceptable system for simple brain-computer interfaces (BCI). The ways in
which natural nervous systems (NNS) work to solve problems for animals is extremely
varied but inspiringly powerful. One of the ways NNS add power to their processing
ability is to have circuits that feed back upon themselves. In the cortex, this gives
the ability to alter the filtering of the data as they come into the organism. The
filtering can allow the organism to adapt its behaviour to its environmental context
more rapidly.

I did not get the chance to experiment with learning synapses in a fully recurrent
artificial neural network (ANN) but I did start using one. The use of PCSIM’s liquid
state machine (LSM) is a form of reservoir computing system that allow for recurrent
connections in the ANN. The input, in the form of 14 channels of EEG data, fed into
the LSM allows for the incorporation of the previous temporal information into the
current state of the liquid. This would allow for past information to propagate into
the future state of the liquid and add information for classifiers to differentiate.

The sampled output from the LSM was then stratified in a 5:1:1 ratio for training,
validation and testing sets. This created a training set for a deep belief network
(DBN). The DBN utilized a graphics processing unit (GPU) enabled system to learn
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the set’s features in a reasonable time. The filters created by the DBN can be used
in real time against the data to classify the output from the EEG. This allows for
the theoretical prediction of computer input from EEG data. With the envisioned
system there is still some work to be done to get both real time interactivity and
classification of the data. It is hoped that some more thought and some tweaking of
the system will help to resolve these issues and allow any human mind to interact
with the computer with thought alone.

The goal of this thesis was to investigate whether off-the-shelf tools could be used

to create a brain computer interface for input into the computer.

6.1 Data Collection & Preparation

The data were collected as if in a normal office environment. This is a good start
for a system like this. Noise from electrical systems would have to be dealt with by
users while they work in their typical setting. The data were collected in real time
and were passed on to a set of subsequent programs. As long as the total time for
feedback is less then 250 ms, the human brain will most likely be able to incorporate
it easily. The programs that prepare and format the information are quick: they can
process the entire hour’s worth of data in a second or two. The fact that they can
process the information so quickly means that the 250 ms threshold should be easy

to stay below.

6.2 Real Time

The directional processor and the spike train generator could be combined into one
program. They could even be linked right into the recording program. There are
application programming interfaces (API) for retrieving data from the Emotiv EPOC
in Python. The APIs are not created by Emotiv but are open source. If the EEG
recording code was all written in Python, it would be able to be linked from the
recorder to the DBN. Converting the system into one process would definitely save
memory and time loading and saving. Due to the LSM’s processing time, the system
would still be slower than real time.

The virtual machine that ran the LSM code only used a single thread on a single
processor. The creation of more threads on other processors would immediately take

the time down. On the host machine, for example, it could be 8 times faster. Instead
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of the time it takes for one second of time being processed in 22 seconds it would
be processed in 2.75 seconds. With more time to play with the distribution of the
neurons in the multithreaded multicore local machine, I would expect a slightly faster
time. With more than one machine or a machine with more cores such as some of the
machines at WestGrid one could parallelize the program more. It might be possible
to get the LSM to process in real time with a machine with 88 cores or some other
cluster running the simulation.

If the virtual box can not utilize the full number of processing cycles of the current
computer, I would expect the native installation of the PCSIM software to run faster
as well. This needs to be investigated.

Another interesting idea would be to see how one could use a GPU for running
the neurons of the LSM. Perhaps it could be done with the matrix of neural states all
in the memory of the GPU. The data would be streamed into the GPU and input to
the internal states of the neurons in the GPU memory. From there the output would
be sampled and streamed back out or shared with Theano. The newest Nvidia cards
like the Titan Z have the same memory as the host computer we used to run the LSM
on a virtual box [9, 7, 16, 2]. That 12 Gb of memory on the card is greater than the
guest system at 8 Gb. Overcoming the conversions to CUDA capable code might be
difficult, but Theano could help with that too.

6.3 NeuCube

The NeuCube is a spiking neural network (SNN); a new type of neural net created for
the EvoSpike project. The initial structure of SNN has a large role to play in how it
can process the data it receives [51]. It is a reservoir computing system. The set up of
SNN in the NeuCube is created from connectivity patterns in the mammalian brain.
Its overall 3D architecture is built to approximate the mammalian brain. NeuCube’s
SNN can evolve, with the addition of new connections and new neurons. It also evolves
its synaptic weights with the alteration of the leaky integrate and fire neurons. It uses
unsupervised learning with the STDP technique [14]. The gene regulatory network
(GRN) can modulate the learning. The GRN can regulate the expression of the four
types of synapses in the NeuCube. It takes into account both fast and slow excitatory
and inhibitory synapses [42]. “The human brain has the amazing capacity to learn
and recall patterns that occur at different time scales, ranging from milliseconds,

to - years and possibly to millions of years (e.g. genetic information, accumulated



69

through evolution). Thus the brain can be considered the ultimate inspiration for the

development of new machine learning techniques for STBD” pg 64 [42].

6.4 Analysis

The results of the exploration of this topic are null results. If the null hypothesis
was that it is not possible to create a brain-computer input device with off-the-
shelf components, then the results support the null hypothesis. The system of a
commercial EEG recorder, spike train generator, liquid state machine, and finally
deep belief network, as they were, could not accomplish the task. That is to say that
the initial setting and attempts seem to indicate this. It may be the case the this type
of system is fundamentally flawed and would never work. The investigations needed
to prove there is a fundamental flaw are far from done and are explored more in the

future work.

6.5 Future Work

One thing to be done is the testing of other classifiers. Specifically for me is the
MLP in WEKA, tested with the LSM. An interesting experiment would be to use
fast Fourier transform (FFT) to format the input, more like nature would. The LSM
has lots of potential tests: testing more of the internal parameters, classes based on
biological counterparts, aspects of the LSM’s random creation, saving and reusing
the LSM and perhaps the most useful for future work and testing would be the
classification of an astable multivibrator. For the DBN, it would be nice to do more
tweaking, test more data, save filters to see how various LSM instances compare to
one another and have the ability to print more of the intermediary and final results.
Other classifiers might be useful to classify all or part of the EEG data. Alternative

pipelines can been seen in Figure 6.1.

6.5.1 Alternative Classifier

One way to test the system is with data that has already been tested. For this I
would take the data from the LSM and use WEKA’s MLP. With the same setup of
the MLP, but instead of the preceding second’s data that I had used, I would input
the LSM output. The MLP in WEKA was able to get a true positive of 70%. I would
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Figure 6.1: Possible alterations to the components of the pipeline. Changing the EEG
input device is shown here. One could use an input device that is not an EEG, such
as a microelectrode array. There are also variation in the classifiers and effectors that
could be altered. (Drawn by Jason Cummer)
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hope that the positive results from the multilayered perceptron (MLP) would mean
that it is possible to classify the data. This could eliminate earlier steps of processing

as sources of error.

6.5.2 EEG Substitution

The use of a commodity EEG system has been posited as a primary concern. If the
system has unclassifiable data entered into the start of the pipeline, then there will be
no classification possible at the end of the pipeline. To overcome the potential errors
of the EEG, a known signal should be tested. A known signal could come out of a
signal generator. The square wave, triangle wave and sine wave should all be able to
be converted to spike trains and used in the pipeline. The DBN could be trained to
test the value of the wave. If the results came back as having low validation error,
one would know that the EEG data are not classifiable. Investigation into the reason

why could be pursued, or an entirely different set of data could be explored.

6.5.3 Pre-processing

To better simulate the brain, one might use frequency mapped data for each channel.
This would be more like the cochlea of many animals. The cochlea has an ability to
physically separate sonic vibrations based on receptor position on the basilar mem-
brane. A similar effect can be replicated with an FFT. The FFT data from each
channel should then be used as input for the LSM. This would increase the number
of inputs that the LSM would have, as there are bins for frequencies from the FFT.
The number of bins is at the programmers discretion. It is estimated that there are
about 3000 frequency bands that exist in the human cochlea [18]. There is likely no
need to use this number of frequency bands. When you look at an FFT you can see
the amount of energy in the waves that make up a frequency band. The energy in
the frequency bands are often referred to as power. Most of the power from EEG is
from 0 to 30 Hz, rather then the full range of 20 Hz to 20 000 Hz for optimal human
hearing. One could create a different conversion algorithm to analyze the variation
in the EEG signal. The Emotiv EPOC captures data about the electric fields as un-
signed integers representing microVolts. The EEG values captured have a variation
of +/-100 pV from a central point in the data. This variation is approximately 2.5%

of the maximum value of 8000 1V used for normalization.
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6.5.4 LSM

Try to use the StaticAnalogSynapse for the testing as it should be easily switched
in, according to the experts of PCSIM. This would require some thought on the data
inputs, but I think all that would be needed is to transpose the input arrays for the
EEG and normalize them. This alteration might the fastest to find out if the LSM
processing was at fault.

Use spikeTimeRecorder neurons to chart the overall network dynamics. With the
data from the charts one could see if some tuning was required.

Try different ratios of excitatory to inhibitory neuron in the liquid and different
types of populations of neurons rather then the SpatialFamilyPopulation. Could a
training algorithm be created to help deal with these problems based on the recorded
spikes?

Evaluate the LSM not just at the time of transition of the event, but include the
times before. The fact that an event is coming can be told from the brain one second
before the event, such as an arm movement. This has been shown [54].

There is a need to analyze multiple LSMs, as they are all randomly created with
the default parameters. The random creation might not be a problem if the settings
of the LSM are right. With the right set up you should get LSMs that are able to
differentiate different inputs into different liquid states. This being said, there must
be some LSMs created that perform better then other LSMs. If there was a set of
parameters that was known to produce better machines, it would save a lot of time
testing at random every time you needed something similar. Perhaps the parameters
could be derived from experiments in which high performing machines were classified
and analyzed deeper.

Another beneficial action would be to know if the network object can be pickled or
saved in some way. This way the network created for the first file would be utilizable
for subsequent files and perhaps realtime processors. Saving and reloading randomly
created liquids, would allow the EEG data to be all be processed on the same network.
This prevent outputs from different EEG files from coming from different temporal
processing / compression. This would allow users to create larger data sets. The
readings from many EEG files could be collected into one data set and run through
a classifier. The classification results might be better if the problem was that the

classifier needed more data.
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One of the techniques used for studying neural ensembles is to build a neural drop
off curve (NDC). An NDC allows a scientist to know how many neurons are important
for a particular representation to transmit through a neural ensemble. Building NDCs
from LSMs or other newer reservoir computing systems would allow for the reduction
in size of the liquid. If one knows the size of the liquid needed for a problem, they can
reduce or increase the size to optimize for their needs. Hopefully, smaller machines
would come out of the analysis, as this would allow for the LSM to run faster.

A few other parameters to investigate would be the following: vary the numbers
of neurons and their types in the liquid. There are a number of synapse models built
into the PCSIM framework. Some types of synapses could provide better separation
of states, while other types would allow learning within the LSM’s set of neurons.
The learning occurs in the weights between the neurons. Investigate the influence of
more recording neurons on external classifiers. The ability of certain classifiers varies
with particular parameters, so altering the number of neurons in the output neurons
could mitigate some problems.

Another thing to build and test would be a simple LSM for testing classifiers to
see if they could distinguish a binary data set. To produce the data set a simple
astable multivibrator could be built. An input file or neurons could be built that
would alternate at a given frequency a given number of times. Before the switch of
input state, the liquid would be sampled and the samples saved and formatted to be
passed on to a classifier. This would show whether the classifier could handle the

data or if the outputs needed some alteration to maximize performance.

6.5.5 DBN

Further investigations would include more alterations with the structure of the DBN
layers, number of neurons, various constants and training epochs. A genetic algorithm
would allow the testing of many of the variables so that the resulting DBN is the one
with the best suited design.

One of the test sets should have all the classes saved in it. One way to do this
would run PCSIM on a large, faster computer cluster so that it could process many
of the files with the same liquid.

Having sufficient training examples would allow better training. As stated earlier,
MNIST had 6000 samples for each class whereas I only had about 700 samples for

the best classes.
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The filters from the trained DBN should be saved. This would allow testing of
LSM outputs against each other, to see if they are similar enough for inputs from
one LSM to be used with another. This would allow one to observe just how random
are the LSMs. The saved filters could also be used for a real time system. When
many filters had been saved, the best ones could be employed, based on the results of
the classification. Printing out the results from each test class would allow for more
detailed analysis. A breakdown of classification accuracies would show which classes
need more training examples to be collected. This might also show some insight into

the way the system collects data from the brain.

6.5.6 General Classifiers

Investigating other classifiers for the LSM output would be interesting. It might
be the case that the classes of computer input (key or mouse events) are best ana-
lyzed with a specific classifier that is not a DBN. Other examples are the perceptron,
Support Vector Machine, binary tree, and random forest. A lot more research and

thought should go into the design of this idea to see if it is even a potential direction.

6.6 Future Computation Platforms

IBM has recently come out with a new processor. It is designed to be more like the
brain. Instead of using Von Neumann architecture, it integrates the computation and
memory to build a low power, event driven microprocessor [52]. Chips of this design
are scaleable and could process the data quick and efficiently. This chip would be an
ideal candidate to replace the LSM. It would be great to investigate the potential of
this neuromorphic chip. It would both increase allow realtime processing and increase
the capabilities of a BCI.

6.7 Final Thoughts

The exploratory system I envisioned and worked towards requires more work and
has not shown initial promise. Along the way however, I was able to establish the
importance of a modularization that supports both future innovation and trouble

shooting better then a monolithic system would. The off-the-shelf components that
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were used in this particular pipeline mostly used Python as a programming language,
so development was not too difficult. The components of the exploratory system are
all separate at this stage. Integrating the components would decrease the time it
takes for information to flow through the system. This would make it closer to real
time, but compromise modularity. The modularity will allow researchers to work on
the individual components of the system. One final point on the modularity is that it
would allow myself or other researchers to try substituting various components in the
pipeline. For example, one could remove the LSM and try an echo state network, then
test the pipeline with a support vector machine. It is hopeful that all the technical
difficulties can be overcome and that individuals with upper spinal cord injuries,
amyotrophic lateral sclerosis or any interested individual can use BClIs to influence

their environment and free their mind of its biologic boundaries.



Appendix A

Additional Information

A.1 Computers:

A.1.1 Wardenclyffe

Pentium I7 CPU, 920@2.67GHz

Intel processor identification utility:
Intel(R) Processor Identification Utility
Version: 5.00.20140627

Time Stamp: 2014/10/11 18:29:28
Operating System: 6.1-7601-Service Pack 1
Number of processors in system: 1

Current processor: #1

Active cores per processor: 4

Disabled cores per processor: 0

Processor Name: Intel(R) Core(TM) i7 920 CPU @ 2.67GHz
Type: 0

Family: 6

Model: 1A

Stepping: 5

Revision: 11

Maximum CPUID Level: B

L1 Instruction Cache: 4 x 32 KB

L1 Data Cache: 4 x 32 KB
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L2 Cache: 4 x 256 KB

L3 Cache: 8 MB

Packaging: LGA1366

Enhanced Intel SpeedStep(R) Technology: Yes
MMX(TM): Yes

Intel(R) SSE: Yes

Intel(R) SSE2: Yes
Intel(R) SSE3: Yes
Intel(R) SSE4: Yes

Intel(R) AES-NI: No

Intel(R) AVX: No

Enhanced Halt State: Yes

Execute Disable Bit: Yes

Intel(R) Hyper-Threading Technology: Yes

Intel(R) 64 Architecture: Yes

Intel(R) Virtualization Technology: Yes

Intel(R) VT-x with Extended Page Tables: Yes

Expected Processor Frequency: 2.67 GHz

Reported Processor Frequency: 2.80 GHz

Expected System Bus Frequency: 133 MHz

Reported System Bus Frequency: 133 MHz

Expected QuickPath Interconnect Speed: 4.80 GT/s

Reported QuickPath Interconnect Speed: 4.80 GT/s

Expected Integrated Memory Controller Frequency: 1066 MHz
Reported Integrated Memory Controller Frequency: 1066 MHz

System Memory 12Gb
Windows 7 64 bit, service pack 1

A.1.2 Beast

CPU = Intel Core i7-2600 3.40 GHz
Memory = 4 GB
Linux Ubuntu 14.04

7



A.1.3 Oricle VM Virtualbox: Knoppix with PCSIM

Knoppix = special setup that includes the compiled PCSIM

CPU

triple core

Memory 8 GB
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Setting up guest additions (makes it easier to use) The steps I used to set

it up:
1.

2.

10.
11.
12.
13.
14.
15.

16.

Run your VM
Go to device in the VM window

Install guest additions *

. You might need to add your profile to sub

vi sudoers or visudo **

Ctrl i **

Under, root ALL=(ALL) ALL

. Add <username> ALL=(ALL) ALL

Save and exit

Open the cd drive with the ISO of guest additions
Copy the VBoxLinuxAdditions.run to the Desktop
Navigate to the Desktop

Type : ./VBoxLinuxAdditions.run

It should install

Turn off the VM

In the system that you're working on you need to navigate to where you have

the Oricle Virtualbox software installed.
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17. Then you need to run this command:
VBoxManage setextradata global GUI/MaxGuestResolution >width,height<

18. Where the width and height are your screen resolution. Supposedly, if you set

the max resolution higher than your monitor, it will resize accordingly

* A video for this: https://www.youtube.com/watch?v=mBAbcwsKog8
** Adding yourself to su
http://askubuntu.com/questions/124166 /how-do-i-add-myself-into-the-sudoers-group

*#% This is to insert text in VI. I would suggest finding a list of basic VI commands.
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A.2 Emotiv EPOC

A.2.1 EPOC Properties

Property

EEG Headset

Number of channels

14 (plus CMS/DRL references,
P3/P4 locations)

Channel names (In-
ternational 1020 loca-
tions)

AF3, F7, F3, FC5, T7, P7, O,
02, P8, T8, FC6, P3 (CMS), P4
(DRL), F4, F8, AF4

Sampling method

Sequential sampling. Single ADC

Sampling rate

128Hz SPS 2048 H zinternal

Resolution 14 bits 1 LSB 0.51 V (16 bit ADC,
2 bits instrumental noise floor dis-
carded)

Bandwidth 0.2 45Hz, digital notch

Filtering 0.2 45hz, digital notch filters at
50Hz and 60Hz

Dynamic range (input | 256 V pp

referred)

Coupling mode AC coupled

Connectivity Proprietary  wireless, 2.4GHz
band

Power LiPoly

Battery life (typical) | 12 hours

Impedance Measure-
ment

Realtime contact quality using
patented system

A.2.2 Emotiv EPOC Use Procedure

The procedure to use the Emotiv EPOC is as follows. Insert electrodes by twisting
them into their slots. Wet the felts on the electrodes with a saline solution of concen-
tration 0.154 mols per litre. A common solution is contact solution or saline solution
which is commercially available. Once the electrodes are wetted, open the Emotiv
control panel program. In the headset setup tab there is an image of a superior view
of the human head. There are a sixteen circles on the view that will be red. The red

dots indicate the state of the electrodes and the connection. Black denotes no signal,
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red is a very poor connection, orange is a poor connection, yellow is fair and green
means that the connection is good and the signals from the brain will be strong. Place
the EPOC on the head and fit it snugly with the reference electrode on the temporal
bone behind the ear. The solution in the felt pads on the electrodes improves contact
with the scalp and allow for better conduction of the electric field to the electrode.
Sometimes the hair of the user gets in the way and due to capillary action on the
hairs surface the water moves from the electrode along the hair. If this happens it
can be necessary to replace the solution in the electrodes. The refilling of the liquid
in the felt pads might have to be done a few times. If attempted more then 5 times,
check the felt pads and their connection to the EPOC. Make sure the electrodes are
not corroded and that they make proper electrical contact. The user or technician
can tell if the headset has a proper connection to the scalp with the Emotiv control

panel. When the circles turn green then the EEG signals can be received.

A.2.3 Sample of Pre-processed Mouse Movement Data

x Delta | x(0) | y(0) |y Delta | count(1) | Direction | 128ths | seconds
-2881 2881 | 928 | -928 64 e 64 0.5
0 2881 | 931 | -3 448 s 448 3.5
0 2881 | 933 | -2 32 s 32 0.25
0 2881 | 937 | 4 16 s 16 0.13
-99 2980 | 1084 | -147 16 w 16 0.13
-125 3105 | 1111 | -27 16 e 16 0.13
-11 3116 | 1099 | 12 16 ne 16 0.13
32 3084 | 1069 | 30 16 nw 16 0.13
12 3072 | 1062 | 7 16 nw 16 0.13
37 3035 | 1060 | 2 64 w 64 0.5
-201 3236 | 1056 | 4 16 e 16 0.13
o4 3182 | 1063 | -7 16 w 16 0.13
132 3050 | 1067 | -4 16 W 16 0.13
0 3050 | 1068 | -1 16 s 16 0.13
13 3037 | 1085 | -17 16 SW 16 0.13
1 3036 | 1086 | -1 17 SW 17 0.13

Continued on next page




Table A.1 — Continued from previous page

x Delta | x(0) | y(0) | y Delta | count(1) | Direction | 128ths | seconds
=75 3111 | 1086 | O 16 e 16 0.13
-61 3172 | 1087 | -1 116 e 116 0.91
81 3091 | 1114 | -27 15 W 15 0.12
71 3020 | 1130 | -16 15 w 15 0.12
-127 3147 | 1130 | O 31 e 31 0.24
-8 3155 | 1129 | 1 16 e 16 0.13
103 3052 | 1148 | -19 15 w 15 0.12
-181 3233 | 1140 | 8 16 e 16 0.13
-17 3250 | 1140 | O 12 e 12 0.09
0 3250 | 1141 | -1 20 S 20 0.16
1 3249 | 1126 | 15 281 n 281 2.2
14 3235 | 1164 | -38 4 s 4 0.03
2 3233 | 1177 | -13 16 s 16 0.13
-12 3245 | 1188 | -11 16 se 16 0.13
-7 3252 | 1197 | -9 4 se 4 0.03
0 3252 | 1198 | -1 12 S 12 0.09
0 3252 | 1201 | -3 12 S 12 0.09
0 3252 | 1200 | 1 36 n 36 0.28
-1 3253 | 1200 | O 4 e 4 0.03
17 3236 | 1148 | 52 12 n 12 0.09
3 3231 | 1059 | 89 32 n 32 0.25
-17 3248 | 1093 | -34 16 se 16 0.13
-17 3265 | 1135 | -42 4 s 4 0.03
35 3230 | 1136 | -1 12 w 12 0.09
222 3008 | 1070 | 66 4 W 4 0.03
135 2873 | 1027 | 43 12 w 12 0.09
95 2778 | 975 | 52 12 nw 12 0.09
49 2729 | 960 | 15 4 w 4 0.03
3 2726 | 960 | 0 16 w 16 0.13
-113 2839 | 993 | -33 15 e 15 0.12
-11 2850 1 993 | 0 1 e 1 0.01

Table A.1: Example of mouse direction for WEKA pre-

processing
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A.2.4 WEKA Results

Correctly classified Instances (53) 70.6667%
Incorrectly classified instances (22) 29.3333%
Kappa statistic 0.5271

Mean absolute error 0.0793

Root mean squared error 0.2411

Relative absolute error 54.6544 %

Root relative squared error 91.4514 %

Total Number of Instances (75)

Ignored Class Unknown Instances 3445
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TP Rate | FP Rate | Precision | Recall | F-Measure | ROC | Class

0.667 0.063 0.667 0.667 | 0.667 0.83 | North

0 0 0 0 0 ? Northeast

0 0 0 0 0 ? East

0 0 0 0 0 ? Southeast

0 0 0 0 0 ? South

0 0 0 0 0 ? Southwest

0.758 0.214 0.735 0.758 | 0.746 0.673 | West

0.667 0.2 0.69 0.667 | 0.678 0.665 | Northwest

0 0 0 0 0 ? ?
Weighted Avg. | 0.707 0.184 0.706 0.707 | 0.706 0.695

Table A.2: WEKA Results for the mlp_raw16_norm_01_21_14 file.




A.3 Preprocessing Information

A.3.1 MinMax EEG from Five Files, Multiple Channels

min: 3838, max: 4912
min: 3605, max: 7519
min: 3921, max: 4722
min: 3972, max: 4934
min: 3639, max: 4503
min: 4191, max: 4418
min: 3762, max: 4433
min: 3768, max: 4412
min: 4183, max: 5164
min: 3933, max: 4708
min: 3815, max: 4626
min: 3953, max: 4800
min: 3681, max: 5828
min: 3434, max: 5815
min: 1325, max: 2076
min: 1468, max: 1912

A.3.2 MinMax All Files, All Channels

min: 0, max: 65431
min: 0, max: 161061
min: 0, max: 8401

min: 0, max: 107374
min: 0, max: 209720
min: 0, max: 137575
min: 0, max: 172821
min: 0, max: 157723
min: 0, max: 110732
min: 0, max: 179518
min: 0, max: 82210
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min: 0, max: 189599
min: 0, max: 164433
min: 0, max: 203007
min: 0, max: 137575
min: 0, max: 137575

Original file for LSM The Liquid State Machine that I built was created from
the file in the following link. http://www.lsm.tugraz.at/pcsim/examples/
spatial_inh_exc_populations.py

Data Storage My data are stored on Beast. The data are also stored on a per-

sonal external hard drive.

A.4 Liquid State Machines & PCSIM

PCSIM is found here: http://www.lsm.tugraz.at/pcsim/

The Knoppix distro with PCSIM is here:
http://www.lsm.tugraz.at/pcsim/download /KnoppixP CSim.iso

The versions of PCSIM at Sourceforge: http://sourceforge.net/projects/pcsim/

A.5 Liquid State Machine

Number of neurons 4000

Number of recording neurons 256

Number of analog recording neurons was two hundred and fifty six.
network setup

time delay le-3

single threaded

ssimulationRNGSeed = 345678

constructionRNGSeed = 349871

Liquid excitatory neurons LifNeuron
Cm Normal Distribution 2e-10, le-11

Rm normal distribution 1e8 , 5e6
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Vthresh, ConstantNumber(-50e-3) voltage threshold for membrane depolarization
Vresting -49e-3, resting potential of the membrane
Vrest -60e-3
H
Trefract , UniformDistribution(4.8e-3, 5.2e-3)
Vinit -60e-3

Liquid Inhibitory Neuron LifNeuron
Cm Normal Distribution 2e10, 2ell
Rm normal distribution 1e8 , 5e6
Vthresh, ConstantNumber(-50e-3) voltage threshold for membrane depolarization
Vresting -49e-3, resting potential of the membrane
Vrest -57e-3
Trefract , UniformDistribution(4.8e-3, 5.2e-3)
Vinit -57e-3

SpatialFamilyPopulation
Ratio Based Family 4:1
CuboidInterGrid3D(20,20,10). That is to say there are 4000 neurons in the liquid.

Excitatory Liquid Synapses
type: staticSpikingSynapse (W=Wexc, tau = 5e-3, delay = le-3)
range: EuclideanDistanceRandomConnection(ConnP, 10), ConnP = connectivity prob-
ability = 0.02
Erev_exc 0
Vmean = -60e-3
Wexc = (Erev_exc - Vmean) * 0.27e-9

Inhibitory Liquid Synapses
type: staticSpikingSynapse (W=Wexc, tau = 5e-3, delay = 1e-3)
range: EuclideanDistanceRandomConnection(ConnP, 10), ConnP = connectivity prob-
ability = 0.02
“The connection probability is C exp(—|z —y|*lambda®) where |z —y| is the Euclidian
distance between the SimObject’s x and y.”

http://www.lsm.tugraz.at/pcsim/pyclassreference/html/pypcsim.
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Euclidean\\DistanceRandomConnections—class.html
Erev_inh = -80e-3

Vmean = -60e-3

Winh = (Erev_inh - Vmean) * 4.5¢-9

SpikingInputNeurons
Input spike trains generated from the EEG Data.
Two hundred and fifty SpikingInputNeuron that generate spikes as output. These
neurons connect to random excitatory neurons in the liquid.
static spiking synapse (w = (Erevezce — Vmean) % 2e9, tau = 5e-3, delay = le-3)

randomConnections inpConnP = 0.01

SpikeTime Recording Neurons
net.setDistributionStrategy (DistributionStrategy. ModuloOverLocalEngines())
spike_rec_popul = SimObjectPopulation(net, SpikeTimeRecorder(), all_ nrn_popul.size())

rec_conn_project = ConnectionsProjection( all_.nrn_popul, spike_rec_popul, Time.ms(1)

)i

Voltage Recording Neurons

vm_rec_nrn_popul = SimObjectPopulation (net ,
random . sample( all_nrn_popul.idVector (),
nRecordNeurons ));
vm_recorders_popul = SimObjectPopulation (net, AnalogRecorder (),
nRecordNeurons );
for i in range(vm_recorders_popul.size ()):
net.connect( vm_rec_nrn_popul[i], 'Vm’,

vm _recorders_popul[i], 0, Time.ms(1l) );

A.6 Theano Deep Learning

Theano is found here: http://deeplearning.net/software/theano/
Theano at Github: https://github.com/Theano/Theano
Theano Deeplearning tutorial: http://www.deeplearning.net/tutorial/
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Theano Deep Belief Network: http://deeplearning.net/tutorial/code/
DBN.py

Theano Logistic regression node tutorial: http://deeplearning.net/tutorial/
logreg.html

Theano Logistic regression node code: http://deeplearning.net/tutorial/
code/logistic_sgd.py

Theano Multi Layer Perceptron tutorial: http://deeplearning.net/tutorial/
mlp.html

Theano Multi Layer Perceptron code: http://deeplearning.net/tutorial/
code/mlp.py

Theano Restricted Boltzmann MachineRBM tutorial:
http://deeplearning.net/tutorial/rbm.html

Theano Restricted Boltzmann MachineRBM Code: \\http://deeplearning.
net/tutorial/code/rbm.py

Theano utils.py: http://deeplearning.net/tutorial/code/utils.py



A.7 MNIST Format

train_set

(array ([[0., 0., O., ... , 0., 0., 0.],
[07 70]7
(0., , 0.]
I,
dtype=float32 , array ([5,0,4, , 8,4 ,8]dtype=int64)
)
valid_set :
(array ([[0., 0., O., ... , 0., 0., 0. ],
(0., , 0.],
(0., ... , 0.]
I,
dtype=float32 , array([3,8,6, 5,6 ,8] dtype=int64)
)
test_set:
(array ([[0., 0., O., , 0., 0., 0.],
[07 70]7
0., , 0.]
I,
dtype=float32 , array ([7,2,1, , 4,5,6]dtype=int64)

)
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A.8 Deep Belief Network Setup

First Runs number of layers = 3

numpy_rng = 123 ;Random number generator

Theano_rng = none. Theano random generator; if None is given one is generated
based on a seed drawn from 'rng’

n_ins = 256. Dimension of the input to the DBN

hidden_layers_sizes = [1000, 1000, 1000]. Intermediate layers size, must contain at
least one value.

n_outs = 10

Ubuntu 12.04.5 (Precise Pangolin) is here: http://releases.ubuntu.com/
12.04/
Later Runs numpy_rng = 123 ;Random number generator
Theano_rng = none. Theano random generator; if None is given one is generated
based on a seed drawn from 'rng’
n_ins = 256. Dimension of the input to the DBN
hidden_layers_sizes = [1000, 1000, 1000]. Intermediate layers size, must contain at
least one value.
Other test contained [100], [10000], [10000,1000] [10000,1000, 1000], [1000,1000,1000,1000]
n_outs = 153 Or 154

results: Validation error was never better then 99.6%.

A.9 Class Code List

A.10 Class Code Count Example File 18-13

Class Name Count
Null 0
North 119
Northeast 0

Continued on next page



Table A.4 — Continued from previous page

Class Name Count

East 265

Southeast 0

South 130

Southwest 0

West 221

Northwest

MouseLeft Button True

MouseLeft Button False

MouseRight Button True

MouseRight Button False

Tab True

Tab False

Shift True

Shift False

Ctrl True

Ctrl False

Alt True

Alt False

LeftWindows True

LeftWindows False

Apps True

Apps False

Numlock True

o|lo|lo|lo|o|loc|lo|Oo|m|RlOTlOO|lO|lOC OO O

Numlock False

Key Codes

41

# 2

#3

44

(o) Nevll Nevll Nanll Hen)

#5

Continued on next page



Table A.4 — Continued from previous page

Class Name Count

46

o

#HT

#38

49

# 10

411

4 12

413

414

415

# 16

# 17

4 18

# 19

4 20

4 21

4 22

4 23

4 24

# 25

4 26

4 27

# 28

4 29

# 30

# 31

4 32

# 33

4 34

4 35

[l Nl B =] R=l Nl Hol Rl Rl Nl Nl el Nl el Nl Nl Hol ol Holl Nl Bl Nl Foll Heoll Rl el B \VE Nl Nl

Continued on next page
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Table A.4 — Continued from previous page

Class Name Count

4 36

)

4 37

# 38

4 39

4 40

4 41

4 49

4 43

4 44

4 45

# 46

# 47

4 48

# 49

# 50

4 51

# 52

4 53

# 54

# 55

4 56

4 57

# 58

4 59

# 60

# 61

4 62

# 63

4 64

4 65

(=l Nl Nl Holl Hol Fol Fol ol E el ol Fol Foll Heol Fol Hol Foll lol ol Fol ol el Faol Il Il ol Eal el S k=

Continued on next page
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Table A.4 — Continued from previous page

Class Name Count

# 66

4 67

# 68

4 69

4 70

# 71

472

473

# 74

4 75

# 76

# 77

478

# 79

4 80

4 81

# 82

4 83

# 84

# 85

4 86

4 87

# 88

4 89

# 90

# 91

4 92

# 93

4 94

4 95

(=N Nl Nl Nl el o K= RN RS20 I B VN el el BN o) enll BN o N Il lenll B i BN o) lenll IR eI BN GV NGV \V)

Continued on next page
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Table A.4 — Continued from previous page

Class Name Count

4 96

)

497

# 98

4 99

# 100

4 101

4 102

#4103

4 104

4 105

# 106

# 107

4 108

# 109

# 110

4 111

4112

# 113

4 114

4 115

4 116

4117

4 118

4 119

#4120

4 121

4 122

#4123

4 124

4 125

[l Nl Nl Holl Holl Foll Foll fol Eel ol Fol ol el Hol Holl Fol lol ol Fol el ol el el S L N Rl K=l K=

Continued on next page
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Table A.4 — Continued from previous page

Class Name Count
4 126 0
# 127 0
# 128 0

Table A.4: The number of examples for each class of
input. The classes included in the DBN input are floored
to the nearest 7. This is so that the data are stratified
in a ratio of 5:1:1. If less than seven, the class is not

represented.

A.11 Key Code Constants

http://msdn.microsoft.com/en-ca/library/aa243025%28v=vs.60%29.

aspx

A.12 DBN Results

https://docs.google.com/spreadsheets/d/1luFa-1Bpvz0eUQTM2yiyT
AcuKeFQuWIN6nD1yA3iYNc/edit#gid=1967290946

pre-training layer 2 now EPOC 57

Results
epoch 1, minibatch 274/274, validation error 100.000000 %

("this_validation_loss.shape: 7, ())
epoch 1, minibatch 274/274, test error of best model 100.000000 %

("len(test_losses): 7, 54)

larray(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),



Class Name Value
Null None State
North 201
Northeast 202
East 203
Southeast 204
South 205
Southwest 206
West 207
Northwest 208
MouseLeft Button True 209
MouseLeft Button False 210
MouseRight Button True | 211
MouseRight Button False | 212
Tab True 213
Tab False 214
Shift True 215
Shift False 216
Ctrl True 217
Ctrl False 218
Alt True 219
Alt False 220
LeftWindows True 221
LeftWindows False 222
Apps True 223
Apps False 224
Numlock True 225
Numlock False 226
Key Codes 1-128
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Table A.3: The list for mapping the class codes from the LSM and DBN data to

actions
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array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0)]

epoch 2, minibatch 274/274, validation error 100.000000 %

("this_validation_loss.shape: 7, ())
epoch 3, minibatch 274/274, validation error 100.000000 %

("this_validation_loss.shape: 7, ())
epoch 4, minibatch 274/274, validation error 99.629630 %

(*this_validation_loss.shape: 7, ())
epoch 4, minibatch 274/274, test error of best model 99.629630 %

("len(test_losses): ’, 54)
larray(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
1.

array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(0.9), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(0.9), array(1.0), array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0), array(1.0),array(1.0),
array(1.0), array(1.0), array(1.0), array(1.0), array(1.0)]

Optimization complete with best validation score of 99.629630 %,with test perfor-
mance 99.629630 %
The fine tuning code for file JasonsDBN.py ran for 0.08m

MNIST DATA epoch 127, minibatch 5000/5000, validation error 1.360000 %
Optimization complete with best validation score of 1.350000 %,with test performance
1.370000 %

The fine tuning code for file DBN.py ran for 46.85m
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A.13 Beyond Boundaries

pg 107. Broadly tuned neurons are working in concert. There are no label lined
neurons in the barrel cortex. Receptive fields in the ventral posterior medial (VPM)
nucleus varied through time and were dependent on the reciprocal connection to the

reticular nucleus Thalamocortical neurons TC)

pg 2, 151 With 96 neurons sampled, it was possible to reproduce the cursor move-

ment very accurately in real time.

pg 139 wiener filter - essentially a perceptron just after the summing it isn’t work-

ing on a threshold for firing its output. The output from a Weiner filter is continuous.

pg 165 Based on the work done on neural drop off curves by Nicolelis et all [54]
about 60 neurons should give an accurate sample for a prediction of movement. It
could be the case, though, that the information fed to the neural net should be at a

sufficient level of abstraction for this to work reliably.

pg 168 Single neuron insufficiency Neural dropping curves (NDC): when you have
approximately one hundred neurons that is a good number for a prediction from the
network of their activity. As the number of neurons is 20 to 30, it degrades quickly.

Interesting cortical columns tend to be about 150 to 300 neurons as well.[44].

pg 172 Thought:

different random samples from a LSM should have different information density

pg 263 p4 “The way the cortex responds as a whole, to an incoming stimulus or the
need to produce a particular motor behaviour, depends on the global internal state
of the brain at that instant; That is, ongoing brain dynamics are essential in defining

the optimal solution the brain derives for the generation of any given behaviour.”
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A.14 Glossary

DBN - Deep Belief Network - A type of artificial neural network, composed of both a

multilayer neural network and pairs of layers built as Restricted Boltzmann Machines.

LSM - Liquid State Machine - There is a pool or collection of neurons/nodes that are
connected, usually at random, that form a neural network. They are spiking neural
nets. Input is fed generally into a random selection of neurons and output is read

from a random selection of neurons. A LSM is a form of reservoir computing.

Over-stratification - A problem with an LSM. The pattern of firing in the liquid
does not continue for long after an input is injected. The amount of time is not long

enough to be of use for classification.

Pathological synchrony - When there are many loops that have positive feedback.
This causes overstimulation of the liquid and thus the neurons fire continuously.
Classification would be more difficult or impossible if neurons are always in an on

state.

Reservoir computing - A type of computing that utilizes a dynamic system to gen-
erate its output. A dynamic system being one that generates its outputs from both

the input and the time values.

Separation property - A measure of the FEuclidean distance of an LSM’s states of

the network at different times.

SGD - Stochastic Gradient Descent - An algorithm that uses the derivative of an
equation to alter the constants of said equation. The purpose of which is to minimize

the error in the results from the equation and the data.

STDP - Spike Time Dependent Plasticity - A form of neural plasticity that depends
on how close in time two neurons fire together. If neuron one fi