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ABSTRACT

This paper presents a spiking neuro-evolutionary system
which implements memristors as neuromodulatory connec-
tions, i.e. whose weights can vary during a trial. The evo-
lutionary design process exploits parameter self-adaptation
and a constructionist approach, allowing the number of neu-
rons, connection weights, and inter-neural connectivity pat-
tern to be evolved for each network. Additionally, each
memristor has its own conductance profile, which alters the
neuromodulatory behaviour of the memristor and may be
altered during the application of the GA. We demonstrate
that this approach allows the evolutionary process to dis-
cover beneficial memristive behaviours at specific points in
the networks. We evaluate our approach against two phe-
nomenological real-world memristive implementations, a the-
oretical “linear memristor”, and a system containing stan-
dard connections only. Performance is evaluated on a simu-
lated robotic navigation task.
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1.2.6 [Artificial Intelligence]: Learning—connectionism
and neural nets, parameter learning

General Terms

Experimentation
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1. INTRODUCTION

The memory-resistor, first implemented as a “memistor”
by Widrow [39], then theoretically characterized by Chua [3]
and renamed a “memristor”, has recently enjoyed a resur-
gence of interest from the research community after being
manufactured in silico by HP labs [36]. A memristor is a fun-
damental passive two-terminal device whose state (memris-
tance) is both nonvolative and dependent on past activity.
Nonvolative memory [13] is perfect for low-power storage,
and the device’s dynamic internal state facilitates informa-
tion processing. These properties make the memristor an
ideal candidate for use in nanoscale neural architectures [22],
where the memristor can function as a synapse between -
for example - Complementary Metal-Oxide Semiconductor
(CMOS) neurons [27].

In this paper, we introduce the notion of a variable mem-
ristor e.g. a memristor whose conductance profile can vary
as a result of the evolutionary process. As the conductance
profile of the memristor is responsible for its behaviour, vari-
able memristors can potentially impart a variety of adaptive
behaviours to the networks. We analyse the computational
properties of variable memristors when cast as synaptic con-
nections in evolutionary Spiking Neural Networks (SNNs
[10]).

Neural architectures require some form of learning mech-
anism in order to harness their computational power. A
typical approach involves utilising a form of Hebbian learn-
ing [12] to realise Spike Time Dependant Plastictiy (STDP)
[18], so that memristors between a presynaptic and post-
synaptic neuron can alter their efficiacy dependant on the
spike timings of those neurons. Here, the memristive ele-
ment of the network allows the weight of the connections to
vary during a trial and provides a neuromodulatory learning
architecture which is shown to be beneficial to the evolution-
ary design process. We couple this neuromodulatory process
with a constructive model of neuro-evolution, whereby the
evolutionary process can add or remove both neurons and
connections (which may be memristors) during the applica-
tion of the Genetic Algorithm (GA) [14].

Our hypothesis is that the additional degrees of func-
tional freedom afforded to the variable memristors can be
benficially harnessed by the evolutionary process. To test



this hypothesis we compare the variable memristor networks
to a number of alternates, (i) PEO-PANI networks [8], (ii)
HP networks, [36], (iii) idealised“linear memristor” networks,
(iv) networks comprised of static (e.g. non-memristive) con-
nections. A simulated robotics navigation task is selected for
this purpose. To our knowledge, this is the first approach
that allows for the self-adaptation of the characteristic per-
formance of the memristors alongside neuroevolution of both
neurons and connection structure.

The remainder of the article is ordered as follows: Section
2 introduces background research, Section 3 introduces the
system, Section 4 details SNN implementation, and Section
5 outlines the static memristors. Section 6 details the dis-
covery component and Section 7 details the topology mech-
anisms used. Following this, Section 8 details the variable
memristor implementaiton, Section 9 gives the environment
and Section 10 shows the experimental setup and analyses
the results of the experiments that were carried out. Sec-
tion 11 concludes with a discussion and future research di-
rections.

2. BACKGROUND

2.1 Spiking Networks

Spiking Neural Networks (SNNs) are a relatively recent
phenomenological model of neural activity in the brain. In
an SNN, a number of neurons are linked via unidirectional,
weighted connections that provide a method of intra-network
communication. The medium of communication is the ac-
tion potential, or spike, which is emitted from a neuron and
received by all connected neurons that the given neuron is
presynaptic to. Each neuron has a measure of excitation,
known as "membrane potential”. A spike is emitted after
an arbitrary neuron surpasses a certain level of excitation
within a given window of time. This build-up of membrane
potentials and release of postsynaptic current within a net-
work is able to produce dynamic activation patterns through
time, providing increased computing power [20] [31] when
compared to other network models, such as the Multi Layer
Perceptron (MLP) [30]. Two well-known formal SNN imple-
mentations are the Leaky Integrate and Fire (LIF) model
[10] and the Spike Response Model (SRM) [10]. Neuro-
evolution involves the use of evolutionary techniques to alter
the topology or weights of neural networks. A survey of var-
ious methods for evolving both weights and architectures
is presented in [9], similarly the evolution of networks for
robotics tasks is covered by Nolfi and Floreano [24].

2.2 Memristors

Memristors (memory-resistors) are the fourth fundamen-
tal circuit element, joining the capacitor, inductor and resis-
tor. A memristor can be defined as a resistor whose current
resistance value (a) depends on the previous charge that has
passed through it (b) is nonvolatile. Formally, a memristor
is a passive two-terminal electronic device that is described
by the non-linear relation between the device terminal volt-
age, v, terminal current, ¢ (which is related to the charge
q transferred onto the device), and magnetic flux, ¢, as (1)
shows. Resistance increases or decreases depending on the
direction of the current.
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v=M(q)i or i = W(p)v (1)

The memristance (M) and memductance (W) properties
are both nonlinear functions, defined in (2) as:

M (q) = dp(q)/dg and W (p) = dq(p)/de (2)

Previous applications of memristors within neural paradigms

include HP memristors [36], which have been used in the
manufacture of nanoscale neural crossbars [32], and AgSi
memristors, which have been shown to function in neural
architectures [17].

2.3 Synaptic Plasticity

Hebbian learning [12] is thought to account for adapta-
tion and learning in the brain. Briefly, Hebbian learning
states that “neurons that fire together, wire together” - in
other words in the event that a presynaptic neuron causes a
postsynaptic neuron to fire, the synaptic strength between
those two neurons is increased so that such an event is more
likely to happen in the future. Such a mechanism allows for
self-organising, correlated activation patterns.

Integration of neuroevolution with heterogeneous neuro-
moduation rules (which are similar to the different memris-
tor types used here) is investigated by Soltoggio (e.g., [34]),
and has been extended to robot controllers [7]. Probabilis-
tic spike emission, governed by modulatory Hebbian rules,
have also been investigated [21]. Urzelai and Floreano [3§]
present a nodes-only encoding scheme where synapses are
affected by four versions of the Hebb rule.

Previous studies have presented methods to implement
STDP learning using memristive synapses, notably [2][17]
[19][33]. Consistent between the papers is the use of a “two-
part spike”. The temporal coincidence between a spike sent
backwards from a postsynaptic neuron and one sent for-
wards from a presynaptic neuron is used to alter the voltage
across the memristor between those neurons; if it surpasses
a threshold voltage the weight of the synapse is altered. The
main difference between [17][33] and [2][19] is that in [17][33],
the two-part spike is implemented as a discrete-time step-
wise waveform approximation, whereas [2][19] use values cal-
culated from continuous waveform equations, allowing them
to operate in continuous time.

3. THE SYSTEM

The system consists of a population of SNNs which are
evaluated on a robotics test problem, and altered via GA
operation which is detailed in Section 6. To introduce the
terminology to be used throughout this paper: each exper-
iment lasts for 1000 evolutionary generations; each genera-
tion involves new networks in the population being evalu-
ated on the test problem (a trial). Each trial consists of a
number of timesteps, which begin with the reading of sen-
sory information and calculation of action, and end with the
agent performing that action. Every timestep consists of 21
steps of SNN processing, at the end of which the action is
calculated.

4. SNN IMPLEMENTATION

We base our spiking implementation on the LIF model, al-
though our model is heavily simplified in terms of the num-
ber of simulation steps used per action calculation. Neu-



rons can be stimulated either by an external current or by
connections from presynaptic neurons. Each neuron has a
membrane potential, y, where y>0, which slowly degrades
over time. As spikes are received by the neuron, the value of
y is increased in the case of an excitory spike, or decreased
if the spike is inhibitory. If y surpasses a positive threshold,
ythresh, the neuron spikes and transmits an action poten-
tial to every neuron to which it is presynaptic, with strength
relative to the connection weight between those two neurons.
The neuron then resets its membrane potential to some low
number, given in Section 10. At time ¢, the membrane po-
tential of a neuron is given as (3):

y(t+1) =y(t) + (I +a—by(t)) ®3)

(4)

Equation (4) shows the reset formula. Here, y(t) is the
membrane potential at time ¢, I is the input current to the
neuron, a is a positive constant, b is the degradation (leak)
constant and c is the reset membrane potential of the neu-
ron. A model of temporal delays is used so that, in the
single hidden layer only, a spike sent to a neuron not imme-
diately neighbouring the sending neuron is received z steps
after it is sent, where x is the number of neurons between
the sending neuron and receiving neuron.

If(y(t+1) > ythresh)y(t+1)=c

4.1 Action Calculation

Action calculation involves the current input state being
repeatedly processed 21 times by each network (an experi-
mentally determined number of steps). Each network was
initialised with six input neurons, nine hidden neurons, and
two output neurons (used to calculate the action). Neurons
are arranged into layers based on this classification. Each
output neuron had an activation window that recorded the
number of spikes emitted by that neuron. To calculate the
three possible actions that a network could advocate, we
classified the spike trains at the two output neurons as be-
ing either low or high activated. A neuron was said to be
highly activated if it had spikes in over half (>11) of the po-
sitions in the sampling window after 21 steps; otherwise it
was said to have low activation. The combined spike trains
translated to a discrete movement; (high, high) or (low, low)
= forwards, (high, low) = left turn, (low, high) = right turn,
which was calculated once at the end of each timestep. See
Section 9.1 for precise details of sensory state generation.

S. MEMRISTIVE CONNECTIONS

From the description of SNNs in Section 2.1 and that
of memristors in Section 2.2, the strength of a connection
weight in a neural network can be intuitively seen as the
inverse memristance of that connection. The impact of the
memristor on the functionality of the network depends on
the memristive equations used. Next, we describe the equa-
tions governing the three comparitive memristors; details on
creating variable memristors are given in Section 8.

5.1 HP Memristor

The HP memristor is comprised of thin-film TiO2 and
TiO2_4, which have different resistances. The boundary be-
tween the two compounds moves in response to the charge on
the memristor, which in turn alters the resistance of the de-
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vice. To allow for future self-adaptation, memristance equa-
tions are refactored from the original, as given in [36]. The
static memristor profiles are recreated using g = 1.

In the following equations, W is the scaled weight (con-
ductance) of the connection, G is the unscaled weight of the
connection, M is the memristance, sf1 and sf2 are scale
factors, Rosy is the resistance of the TiO2, R,y is the resis-
tance of the TiO2_; , q is the charge on the device, gmin
is the minimum allowed charge, and 8 encompasses physical
properties of the device. Equations are presented in order
of calculation.

sf1=0.99/1 — (

1
_RoffRonBQmin +Roff>
5f2 _ 1/ <_RoffR0n6(Ron - Roff)8f1> -1

_RonRoff6+Roff
_ 1 sfl
q= <—RoffRon/8> ((W+sf2) _Roff)

M = —RopsRonfBq + Rofy (8)
G=7 9)
W =Gsfl—sf2 (10)

5.2 PEO-PANI Memristor

The PEO-PANI memristor consists of layers of PANI, onto
which Lit-doped PEO is added [8]. We have phenomenolog-
ically recreated the performance characteristics of the PEO-
PANI memristor in terms of the HP memristor, creating a
memristance curve similar to that seen in [8]. Two addi-
tional parameters, G, ... and Gg,,.., are the values of G
when g is at its minimum (gmin) and maximum (gmas) val-
ues respectively. As with the HP equations, 8 = 1 will
produce the static PEO-PANT profile.

Gmaz = Ron — Royj/ = RonRoyyf3 (11)
Gapnin = 1/(=Rog s RonBmin — Ron) + Ron (12)
Gamas = 1/(—RoffRonfBqmaz — Ron) + Ron (13)
The two scale factors are recalculated as

sf1=0.99/(Gamae — Gapmin) (14)
sf2 = (Gq,,;nsf1) —0.01 (15)

7= <((W T s R‘”‘) (W) (16)

M = (=RofsRonBq — Ron) + (1/Ron) (17)
G is calculated as in (9), and W as in (10).

5.3 Linear Memristor

The variable memristor alters W by 1/mem_lifetime,
therefore it takes mem_li fetime memristance events to lin-
early increase W from Roff to Ron.

54 STDP

In Section 2.3 a number of STDP implementations were
reviewed. We have elected to follow [33][17] in using discrete-
time stepwise waveforms, as our SNNs operate in discrete
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Figure 1: Displaying memristive profiles attained with dif-
ferent values of 5. The z axis shows 1000 positive STDP
events, followed by 1000 negative STDP events, assuming
mem_lifetime=1000. Static HP and PEO-PANI memris-
tors have =1

time. We augment each neuron with a variable, last_spike,
which is initially 0. When a neuron spikes, this value is set
to some positive number. At the end of each of the 21 steps
that make up a single timestep, each memristive connection
is analysed by checking the last_spike values of its presy-
naptic and postsynaptic neurons. If the calculated value
exceeds some positive spike_threshold, memristance of the
synapse occurs. Whether the connection increases or de-
creases depends on which neuron has the highest last_spike
value, providing pre- to postsynaptic temporal coincidence.
If the last_spike values are identical, memristance does not
occur. At the end of each step, each last_spike value is de-
creased by 1 to a minimum of 0, creating a discrete stepwise
waveform through time. Each STDP event either increases
or decreases ¢, by Ag, as detailed in (18), which is then used
to calculate the weight as detailed in Sections 5.1 - 5.3.

Aq = (Gmaz — Gmin)/mem_lifetime (18)

From Fig. 1 it can be seen that the amount of change in
connection weight depends heavily on the memristors value
of B and current connection weight. Both HP and PEO-
PANI memristor types display increased sensitivity (larger
AW per STDP event) when § is a low number and either
W > 0.1 for HP networks, or W < 0.9 for PEO-PANI net-
works. Linear memristors display constant sensitivity.

6. DISCOVERY COMPONENT

Having described the component parts of our networks, we
now detail the implementation of the GA that acts on them.
In our GA, two parents are selected fitness-proportionately,
mutated, and used to create two offspring. We use only
mutation to explore weight space; crossover is omitted as
sufficient solution space exploration can be obtained via a
combination of self-adaptive weight and topology mutations;
a view that is reinforced in the literature, e.g. [29]. The off-
spring are inserted into the population and two networks
with the lowest fitness deleted. Parents stay in the popula-
tion competing with their offspring.

6.1 Self-adaptive Mutation

We utilise self-adaptive mutation rates as in Evolutionary
Strategies (ES) [28], to dynamically control the frequency
and magnitude of mutation events taking place in each net-
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work. This allows increased structural stability in highly
fit networks whilst allowing less fit networks to vary more
strongly per GA application. Here, the p (0 < p < 1) value
(rate of mutation per allele) of each network is initialized
uniformly randomly in the range [0,0.25]. During a GA cy-
cle, a parent’s p value is modified as in (19), the offspring
then adopts this new p, and mutates itself by this value,
before being inserted into the population.
pu— > pexp¥ OV (19)
Only non-memristive networks can alter their connection
weights via the GA. Connection weights in this case are
initially set during network creation, node addition, and
connection addition randomly uniformly in the range [0,1].
Memristive network connections are always set to 0.5, and
cannot be mutated from this value. This aims to force the
memristive networks to harness the plasticity of their con-
nections during a trial to successfully solve the problem.

7. TOPOLOGY MECHANISMS

In addition to self-adaptive mutation, we apply two evolu-
tionary topology morphology schemes to allow the modifica-
tion of the spiking networks in two ways; by adding/removing
hidden layer nodes, and adding/removing inter-neural con-
nections. The effect of this self-adaptive, constructivist frame-
work is to tailor the evolution of the network to the complex-
ity of the environment explicitly. This allows each network
to control its own architecture autonomously in terms of (i)
amount of mutation that takes place in a given network at a
given time (ii) adapting the hidden layer topology of the neu-
ral networks to reflect the complexity of the problem consid-
ered by the network. Both memristive and non-memristive
networks use these topology mechanisms.

7.1 Constructivism

Constructivist learning postulates that neural structures
are initially small and sparsely connected [26]. Learning
acts to add emergent neural structure as a result of the
learner’s interaction with its environment. Implementations
include Synapsing Variable Length Crossover (SVLC) [16],
and its inspiration, the Species Adaptive Genetic Algorithm
(SAGA) [11]. Also relevant is Neuro Evolution of Augment-
ing Topologies (NEAT) [35], which combines neurons from
a predetermined number of subpopulations to encourage di-
versity and enforce niche-based evolutionary pressure. The
implementation of constructivism in this system is based
on that used to evolve constructive SNNs in neural Learn-
ing Classifier Systems (LCS) [15], due to the demonstrated
utility of this approach when using spiking neurons. Each
network has a varying number of hidden layer neurons; ad-
ditional neurons can be added or removed from the single
hidden layer. Constructivism takes place during a GA cy-
cle, after mutation. Two new self-adaptive parameters, )
(0 < <1)and w (0 < w < 1), are incorporated into the
model. Here, 1 is the probability of performing a construc-
tivism event and w is the probability of adding a neuron;
removal occurs with probability 1 —w. Both have initial val-
ues taken from a random uniform distribution, with ranges
[0,0.5] for ¢ and [0,1] for w. Offspring networks have their
parents ¢ and w values modified using (19) as with u. Nodes
created during constructivism are initially excitatory with
50% probability, otherwise they are inhibitory.



7.2 Connection Selection

Automatic feature selection is a method of reducing the
dimensionality of the data input to a process by using com-
putational techniques to select and operate exclusively on
a subset of inputs. In the context of neural networks, the
connection structure - as opposed to the connection weights
- of artificial neural networks was first evolved by Dolan
and Dyer [5]. In this paper we allow each connection to be
individually enabled/disabled, a mechanism termed “Con-
nection Selection”. During a GA cycle a connection can be
enabled or disabled based on a new self-adaptive parame-
ter 7, which is initialised as with p with range [0,0.5]. If a
connection is enabled for a non-memristive network, its con-
nection weight is randomly initialised uniformly in the range
[0,1], memristive connections are always set to 0.5. During
a node addition event, new connections are set probabilisti-
cally, with P(connectionenabled) = 0.5. Connection selec-
tion is particularly important to the memristive networks.
As they cannot alter connection weights via the GA, vari-
ance induced in network connectivity patterns plays a large
role in the generation of STDP in the networks.

8. VARIABLE MEMRISTORS

Despite being a field in its infancy, a number of differ-
ent memristors have been manufactured from a variety of
different materials, including Ti02 [36], conductive polymer
[8], AgSi [17], and crystalline oxides [6]. Unique memris-
tive profiles are being discovered regularly; for this reason
it is assumed that any evolved memristors will have an ap-
proximate physical analogue and thus any results will be
(eventually) physically replicable. The notion that varied
memristive behaviours could be combined in a single net-
work is an attractive one from a computing perspective,
as more functional degrees of freedom are afforded to the
synapses. Additionally, certain memristive behaviours may
be more beneficial than others in certain positions within
the network. Mixing different types of synaptic plasticity
has been previously investigated by Soltoggio [34] , Maass
and Zador [21], and Urzelai and Floreano [38].

To allow the memristive profiles of the connections to
change, we self-adapt 3, which is derived from the physical
characteristics of the device. The self-adaptive memristor
profiles are allowed to range from HP-like to PEO-PANI-like
profiles, each of which are governed by different equations,
outlined in Sections 5.1 and 5.2. Because of this, we aug-
ment each memristor with a type, which is set to either 0
and 1 on memristor initialisation, with P=0.5 of each type
being selected based on a uniform distribution. S is then
initialised randomly uniformly in the range [Bmin, Bmas]. If
type = 0, the refactored HP equations are used to calculate
the profile of the device; otherwise the PEO-PANI equa-
tions are used. During GA activity, on satisfaction of a new
self-adaptive parameter ¢, which is self-adapted as with u, a
memristors 8 changes by +/—10% of the total range of 3.
If a memristors new value of 8 surpasses a threshold Bmaz,
the type of the memristor is switched and a new (3 calculated
as AB - Bmaz. In this way, a smooth transition between the
different profile types is provided.

9. TEST ENVIRONMENT

Our chosen robotics simulator was the Webots platform
[23], a test bed that is popular amongst the research com-
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Figure 2: (a)The sensory configuration of the simulated
Khepera agent (b)The test environment; the agent starts in
the lower left triangle and must navigate to the upper-right
triangle, avoiding the central obstacle.

munity; alternatives are summarised [4]. Previous applica-
tions of Webots in the field of evolutionary robotics include
the application of incremental neuro-evolution to generate
complex behaviours [37], and investigations into hierarchi-
cal neural control [25].

9.1 The Agent

The agent was a simulated Khepera II robot. At each
timestep, the agent sampled its light sensors and IR dis-
tance sensors. All sensor readings were scaled to the range
[0,1] for computational reasons. Six sensors were used to
comprise the input state for the SNN, three IR and three
light sensors at positions 0, 2 and 5 as shown in figure 2(a).
Additionally, two bump sensors were added to the front-
left and front-right of the agent to prevent it from becoming
stuck against an object. If either bump sensor was activated,
an interrupt was sent causing the agent to reverse 10cm and
the agent to be penalised by 10 timesteps. Movement val-
ues and sensory update delays were constrained by accurate
modelling of physical Khepera agent. Three actions were
possible: forward, (maximum movement on both left and
right wheels based on physical Khepera data) and continu-
ous turns to both the left and right (caused by halving the
left /right motor outputs respectively).

9.2 Environment

The agent was randomly located within a walled arena
which it could not leave, with coordinates ranging from [-1,1]
in both = and y directions. We constrained the agents initial
starting position to a triangle in the lower left-hand corner
of the environment, where z + y < —1.5. Adding to the
complexity of the environment, a three-dimensional box was
placed centrally in the arena, with vertices on “ground level”
at (r = —04, y = —0.4), (0.4, 0.4), (0.4, 0.4), and (0.4,
—0.4), and raised to a height of z = 0.15. A light source,
modelled on a 15 Watt bulb, was placed at the top-right
hand corner of the arena (z = 1, y = 1), which the agent
must approach. The environment is shown in figure 2(b).
When the agent reached the goal state (where x +y > 1.6),
the responsible network received a constant fitness bonus of
2500, which was added to the fitness function f (f > 0)
outlined in (20), where posx and posy is the agents current
z and y position, and st is the number of timesteps taken



Table 1: Detailing performance t-test results (p values) for all systems in the experiment

Performance | High fitness | Neurons | Connectivity | w T
SA-HP 0.036 0.146 0.198 0.316 0.08 | 0.002 | 0.09
SA-PEO | 0.128 0.421 0.232 0.79 0.058 | 0.005 | 0.061
SA-LIN | 0.132 0.048 0.520 0.227 0.865 | 0.008 | 0.915
SA-GA 0.077 0.532 0.046 0.019 0.478 | 0.005 | 0.017

to solve. The fitness of an agent is calculated at the end of
every timestep, with the highest attained value of f during
the trial kept as the fitness value for that network. Opti-
mal performance gives f = 11800, which corresponds to 700
timesteps from start to goal state with no collisions.

f=(1/(1.6 — (|posz + posy|))) x 1000 — st (20)

10. EXPERIMENTAL SETUP

In the following experiments we gauged the impact of vari-
able memristor connections, comparing to benchmark sys-
tems comprised of homogeneous static HP, PEO-PANI and
linear memristors, and constant connections. We refer to
the various network types as follows: variable memristor =
SA, static HP memristor = HP, static PEO-PANI memris-
tor = PEOQ, static linear memristor = LIN, non-memristive
network = GA. All experiments had a population size of
100 networks and were evolved for 1000 generations, with
a maximum of 4000 timesteps per trial. SNN parameters
were initial hidden layer nodes = 9, a = 0.3, b = 0.05,
c = 0.0, ¢ini = 0.5, ythresh = 1.0 , output window size=21,
last_spike = 3, spike_threshold = 4 . In memristive net-
works, all connections were memristive. Memristive param-
eters were R,, = 0.01, Ropy = 1, static =1, Bmin = 1,
BmazHP = 1007 /BmazPEO—PANI = 100 qmln = 000987
mem_li fetime = 1000.

The experiment was repeated ten times, the statistics
recorded were the averages of these ten runs. Every 20 tri-
als, the current state of the system was stored and used to
create the results that follow. To facilitate useful compar-
isons, we defined a notion of “performance”. As the start
location was tightly constrained, we say the performance of
the system is equal to the first trial in which the goal state is
found, so that a lower value indicated higher performance.
This measure allowed us to perform t-tests to compare the
respective performances of the four systems. In the follow-
ing tables, “Performance” was the average performance as
outlined above. “High fitness” refers to the average fitness
of the highest-fitness network in each run. “Neurons” were
the average final connected neurons per network in the pop-
ulation and “Connectivity” was the average percentage of en-
abled connections in the population. During a trial, some of
the memristive connections in the networks may experience
STDP, altering their weights. After every trial, memristive
connections were reset to their original values of 0.5.

10.1 Results

In solving the test problem, two general high-fitness strate-
gies were employed by the SA networks. In either case,
STDP was harnessed to turn the agent. HP-governed SA
beta profiles were found to quickly reduce synaptic efficiacy
to the left (right) motor, causing peturbation of calculated
action during turn by bringing that motor below the “high
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Figure 3: An example evolved network. Light coloured neu-
rons are excitory, dark neurons are inhibitory

activited” threshold. PEO-PANI-governed SA profiles to the
same motor were used to swiftly increase the level of spik-
ing activity (usually in response to a light sensor surpassing
some threshold) until a “forwards” action was calculated af-
ter the turn was completed. A typical evolved network is
shown in Figure 3.

10.1.1 Performance

T-tests (data columns 1-4, Table 1) show a number of
promising results. SA networks achieved statistically higher
“performance” than HP networks (p=0.036), and higher “high
fitness” than networks LIN networks (p=0.048). Figure 4(a)
shows SA networks trail slightly behind PEO and LIN net-
works in terms of performance, but are better than HP and
GA. This is an encouraging result considering the vastly
increased search/behaviour space the SA discovery compo-
nent has to deal with due to 3, as it indicates that the vari-
able memristor induces no significant performance overhead.
Similar results can be seen for average fitness, Figure 4(b).

Figure 4(c) reveals that SA networks finish with the
fewest number of required neurons, significantly less than
GA networks (p=0.046). However, Figure 4(d) shows that
GA networks have statistically sparser connectivity (p=0.019)
than SA networks. Connections were expected to be more
prolific in SA networks as they are computationally more
powerful than static connections, a notion echoed in recent
literature [1]. Considering possible hardware implementa-
tions, CMOS neurons are larger and more complex than the
synapses that connect them. As neuron numbers are more
likely to be a constraint, a reduction in neurons despite in-
creased connectivity can be said to be beneficial. In the
case of both Figure 4(c) and 4(d), the profile of the HP
memristor did not infer statistical significance.

10.1.2  Self-adaptive parameters

Self-adaptive parameter results can be seen in the final
3 columns of Table 1 (figures not shown). p was not com-
pared as it was only used in GA networks (final average value



0.022). Similarly ¢ was only used in SA networks (final av-
erage value 0.026). Two main results were of interest (i)
SA networks had a universally lower w, which governed the
rate of neuron addition. This result indicated more parsimo-
nious SA network evolution, allowing significantly less neu-
rons than GA networks (ii) GA networks had lower 7 than
SA networks, allowing sparser connectivity (Figure 4(d)).

10.1.3  Evolution of 3

As B varied between 1-101 in the case of SA HP-governed
profiles and 1-100 in the case of SA PEO-PANI-goverened
profiles, the total range of 8 is 199, where a value between 1-
101 is considered to be a HP-governed profile and anything
>101 is a PEO-PANI-goverened profile.

Analysis of the SA networks revealed that the connections
to the motor on the side that made the turn evolved less lin-
ear profiles, allowing for quicker action switching behaviour.
In addition, connections between the input and hidden layer
had a lower average maximum (145.98 vs. 150.11) and
higher average minimum (50.945 vs. 27.533 ) than those be-
tween the hidden and output layer. This suggests that con-
nections to motors in general were evolutionarily preferred
to have more nonlinear conductance profiles. Connections
in both of these areas had higher average maximum and
lower average minimum [ values than connections within
the hidden layer (116.16 and 84.1 respectively), suggesting
that more steady memristance profiles were preferred there.

11. CONCLUSIONS

In this paper we have introduced the notion of a variable
memristor and analysed its synaptic performance when com-
pared to three static memristor types and non-memristive
connections in a simulated robotics environment. The main
benefit of memristive STDP over other STDP implementa-
tions lies in hardware implementations, as the efficiacy and
past history of the synapse is stored in the nonvolatile phys-
ical state of the device and thus does not require simulation.

Our hypothesis was that the additional degrees of func-
tional freedom afforded to the variable memristors allowed
them to outperform these other networks. Numerous find-
ings support this hypothesis, including higher performance
than HP networks, higher quality solutions than linear mem-
ristor networks, and fewer required neurons than GA net-
works. These findings suggest that self-adapation of 3 is
harnessed by the evolutionary process to provide flexible
plastic networks with more implicit degrees of freedom than
the other network types. Variable plasticity was harnessed
via STDP to achieve more expedient goal-finding behaviour
with reduced topological complexity when compared to cer-
tain other network types. Importantly, the self-adaptation
process itself was found to be non-disruptive with respect
to network performance. Possible future research directions
include hardware and mixed-media implementations.
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