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Abstract—Automated control of information diffusion in social
networks is a difficult problem with potential application to
marketing, security, and social organization. The θ-Consensus
Avoidance Problem (θ-CAP) is a social network control problem
modelling the specific case of maintaining a network within a
homoeostatic range of states. It is an important problem because
it represents social networks avoiding extreme views or situations
that might lead to extreme behaviour.

This paper presents a comparison of two Evolutionary Artifi-
cial Neural Network (EANN) variants acting in the behavioural
component of an autonomous control system for instances of
the θ-CAP. A novel variant of EANN is proposed by adopting
characteristics of a well-performing heuristic into the structural
bias of the neurocontroller. Information theoretic landscape
measures are used to analyse the problem space as well as
variants of the EANN.

The results obtained indicate that the two neurocontroller
variants learn very distinct strategies for balancing the states
of the social network, however, the newly proposed variant
demonstrates improvements in both solution quality and execu-
tion time. A ramped-difficulty evolution scheme using constraint
parameters is demonstrated to be effective at creating higher
quality results as compared to the standard scheme for EANNs.
A correlation between the proposed instance difficulty and
identifiable landscape characteristics is discovered as well.

I. INTRODUCTION

Social networks are an important part of the world in
which we find ourselves. Networked interactions of individual
agents coalesce to form anything from biological entities (e.g.,
multi-cellular organisms) to complex social structures (e.g.,
gangs or political parties). Intentional use of these networks
ranges in application from advertising to counter-terrorism, but
consistently places a great deal of importance on their stability
and predictability [2], [5]. Identifying network states of high
risk, as well as guiding the network back to more desirables
ones, are therefore essential components of our ability to use
and control the social networks around us.

The Network Control Problem (NCP) describes a social
network as a combination of structural and behavioural com-
ponents, known as the network and the diffusion model re-
spectively [30]. The NCP then defines a pair of dependant op-
timization problems in terms of discovering both the structural
and behavioural components of a control system. The objective
of the control system is to direct the state of the social network
with a high degree of precision via interactions at the node-
state level. The amount of direct influence a control system
has on the social network is constrained by a budget placed
on the size of the set of controlled nodes. Thus the control

system is required to determine both an optimal configuration
of connections to the social network, and an optimal state-to-
signal mapping for the control system’s ongoing output.

The NCP, in the general case, is a formalization of a set of
related subproblems. In all subproblems the objective remains
to control the state of a network, however the evaluation of
specific states varies by problem. In the well-known case of
the Influence Maximization Problem (IMP) [5], [28], [14],
[15], [3], [17], [19], the goal is to maximize the spread of a
single selected node state throughout the network. This implies
that the control system’s behaviour component for the IMP is
rigidly defined (outputting a single state), and so the search is
for an optimal structural configuration exclusively. Similarly,
in [22], the problem of structural controllability is examined
as a search for the minimum number of control sites and
optimal placement thereof, without the associated search of
an appropriate behavioural component for the control system.
Solutions to these problems offer insight to the optimization
of the configuration of the NCP, but not the behavioural
component.

In [30], the θ-Consensus Avoidance Problem (θ-CAP) is
defined as an NCP subproblem with both configuration and
behavioural search requirements. In addition to considering
the number and location of control sites on the network
required to deliver an appropriate control signal, the θ-CAP
considers the dependent search for a state-to-signal mapping
capable of maintaining an equilibrium of node states within
the network. This paper extends the previous work to consider
the optimization of the behavioural mapping for the θ-CAP,
with the control configurations determined randomly.

To optimize the θ-CAP behavioural component, two variants
of the Evolutionary Artificial Neural Network (EANN) meta-
heuristic are applied. The input to output mapping structure
of a feed forward neural network is a natural description for
the state-to-signal mapping required for network control. Ad-
ditionally, the universal function approximation characteristic
of ANNs [9] is practical for exploring this unknown search
space. In place of traditional gradient descent techniques for
the training of the neural network weights, this paper applies
Evolutionary Algorithms (EA). Evolution-based search tech-
niques have been shown to effectively search difficult problem
spaces, and are less prone to getting trapped at sub-optima
in multi-modal search spaces, particularly when supervised
training information is not available or costly to obtain [30],
[44].

In addition to establishing new benchmark results for the
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Fig. 1. Phases of the θ-CAP execution. 1. State information is shared between
neighbouring nodes in the network. 2. Nodes adopt shared information into
their own states. 3. The control system applies its control signals to the
controlled node(s).

behavioural component of the θ-CAP, this paper compares the
implemented neurocontrollers in terms of their relative fitness,
speed, and their evolved strategies of control. Landscape
analysis is applied to distinguish characteristic differences in
the search spaces explored by either algorithm variant, as well
as over varying ranges of difficulty parameters.

The remainder of this paper is structured as follows: Section
II provides background on the θ-CAP, EANNs, and fitness
landscape measures, Section III describes the experimental
approach taken here, Section IV presents the results of this
paper, and finally Section V concludes this paper, providing
insight into future work.

II. BACKGROUND

A. θ-Consensus Avoidance Problem

The θ-Consensus Avoidance Problem (θ-CAP) is a
homeostasis-type NCP defined in [30]. It is based on the
canonical pole-balancing problem, in which a state-to-action
mapping is required to determine the appropriate velocity
of a cart affixed with a hinged pole in order to maintain a
vertical orientation in the pole for as long as possible [1], [10],
[11], [20], [29]. It should be noted that the search objective
for the pole-balancing problem is strictly for a behavioural
component, as the control system configuration is specified in
the problem itself.

The objective for the control system in the θ-CAP is to
maintain the state of the social network within a bounded
range of equilibrium. Given a graph G = (V,E) of nodes
V connected by edges E (including self loops), each node
v ∈ V contains a single discrete memoryless state k ∈
{0, ..., (K − 1)} (here K = 2) initialized randomly. A control
system C is connected to G by selecting a set VC ⊆ V of nodes
to control, subject to a budgetary constraint and an associated
cost measure per node.:∑

v∈VC

cost(v) ≤ B (1)

where VC is the set of nodes in the social network controlled
by the control system C, B is the budgetary parameter for
the given problem instance, and cost(v) is a problem-specific

node cost function that associates a cost to each node in the
network. Here, as in [30], this cost function is equal to the
node’s degree.

Simulation then proceeds in three main phases as seen in
Figure 1. In phase 1, each node shares information regarding
its state along all outbound edges. In phase 2, each node adopts
a new state based on the information it received in phase
1. In phase 3, the control system applies its control signal,
directly setting the state of all nodes in the controlled set.
Following this, the state of the social network is evaluated.
This process repeats until the network exceeds a consensus
threshold parameter, θG.

Formulated as a search problem, the goal of the θ-CAP is
to find a time series of control signals, or equivalently a state-
to-signal mapping, that will minimize the following network
state utility function over an infinite time span:

U(t) =

{
0, if ||V

1(t)|−|V 0(t)||
|V | ≤ θG

1, otherwise
(2)

where V k(t) ⊆ V is the set of nodes at time t with state set to
k, θG is a threshold parameter representing the upper bound
of allowable disparity in the network, and 0 ≤ θG < 1. A
terminal failure state occurs when the proportion of converged
node states in the network exceeds θG. The fitness, f , of a
θ-CAP solution is the number of time-steps that the control
system maintains the network within the first case of Equation
(2).

Phases 1 and 2 of the θ-CAP correspond to the operation
of a diffusion model, which is the behavioural component of
the network used to govern the interactions between individ-
ual nodes. In order to both simplify and make explicit the
challenge posed to the control system this paper considers the
Voter Model (VM) [8], [6]. The VM is a simple diffusion
model with a guarantee to converge to consensus (if left
uncontrolled) in O(n5) time [6]. Specifically, a node randomly
adopts the state of one of its neighbouring nodes at each time
step as follows:

Sh(v) := s(v, t) (3)

L(v, I) :=

{
1, with probability |{s=1|(w,s,u)∈I(v,t)}|

|I(v,t)|
0, with probability |{s=0|(w,s,u)∈I(v,t)}|

|I(v,t)|
(4)

where, Sh(v) is the sharing strategy corresponding here to
s(v, t) the state of node v at time t, L(v, I) is the learning
strategy of node v based on the input information token I .
I(v, t) is the set of information tokens received at node v
at time t paired with the weights of all edges along with the
information travelled and the index of the source node, u. This
paper considers all edges to be unweighted (i.e., wi,j = 1).

Initial solutions to the θ-CAP behavioural search problem
were studied in [30]. The configuration component was left
unoptimized, using instead a random selection of nodes until
the given budget was exhausted. No attempt was made to opti-
mize parameters or algorithm design for the five control system
heuristics described therein. The use of a neural network
structure was found effective; however, the gradient descent
technique was considered unsuccessful when compared to the
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EANN and Anti-Majority (AM) control systems. The AM is a
heuristic-based controller that outputs signals that correspond
to the least-represented state in the controlled nodes’ immedi-
ate neighbourhoods. It was found successful at low budget, but
suffered poor performance when the problem instance budget
gave the control system a majority in the social network. The
EANN that was used consisted of a fully-connected feed-
forward network using the mutate-nodes operation from [25].
Testing results found the AM and EANN control systems
to be competitive over certain ranges of problem instance
parameters, but the EANN suffered from a comparatively very
high computational cost for training.

B. Evolutionary Artificial Neural Networks

Artificial Neural Networks (ANNs) are a universal function
approximation meta-heuristic modelled after the functioning
of the brain. For a full description of this meta-heuristic see
[31], [24]. In brief, a feed-forward ANN consists of an input-
to-output mapping represented as a layered structure of nodes,
called neurons, connected by directed and weighted edges,
called axons. Values are set at the input layer of neurons,
then fed-forward to a hidden layer. All values entering a
given neuron are combined using a weighted sum and then
a threshold function (such as a sigmoid function) is applied to
generate the output fed forward to the next layer.

Training a neural network consists of adjusting the weights
of each axon, typically in a supervised context, to reduce the
observed error from an expected output. A common approach
for this adjustment is the use of gradient descent techniques,
most notably back-propagation [42]. Gradient descent tech-
niques are limited to situations in which a differentiable error
gradient exists, and are prone to convergence to local optima
[44]. This makes these techniques less attractive in situations
for which error information is not known or costly to compute,
as is the case for the θ-CAP, since the optimal control signals
are not known in advance. An attempt was made in [30] to
estimate the error based on relative changes in output and
fitness values, but the resulting ANN showed erratic learning.

Evolutionary Algorithms (EAs) are a potentially unsuper-
vised, population-based, stochastic search meta-heuristic in-
spired by the concepts of biological evolution and survival
of the fittest. For a full description of EAs see [31], [23]. In
brief, a population of potential solutions is initialized randomly
and each evaluated. Individuals are selected stochastically for
the next generation based on their relative fitness among the
current population, and are subsequently combined and/or
mutated to form the next generation. This process repeats until
a solution of sufficient quality has been found or until the
population ceases to improve over time.

Evolutionary Artificial Neural Networks (EANNs) perform
a search for an approximately optimal neural network without
requiring gradient or supervisory information [25], [44], [45].
EANNs have been used to optimize weights, architecture, and
learning rules, but this paper considers only the former. Here, a
population of weight arrays is maintained and each is evaluated
according to the resulting network’s performance on some task
(e.g., balancing the states in a social network). Representation

Algorithm 1 Pseudo-code of the EANN algorithm with a
single individual elitism, used to evolve ANN weights.
Require: Pop is the initial population of weight arrays

1: procedure TRAINEANN(instance, maxGen, Pop)
2: gen← 1
3: while not Termination(gen, maxGen, Pop) do
4: Evaluate( Decode(Pop),instance )
5: best← maxFitness(Pop)
6: Pop← Select(Pop, best)
7: Pop← Mutate(Pop)
8: gen← gen+ 1

9: return Pop

of an ANN in the EA population as a list of real values
has been demonstrated to be effective [25], [45]. This allows
standard real-valued genetic operators to be used; however,
[25] present several crossover and mutation operators that take
ANN-specific features into account.

In comparison to standard back-propagation, EA is claimed
to be a more robust search operator with improved scalability
and decreased likelihood of being trapped in local optima
[34], [44]. Experimental comparisons on various function
approximation and classification test problems demonstrate
consistently better performance in terms of both speed and
accuracy using EA over BP [25], [33], [34], [45]. Successful
applications of EANN to various control problems have been
reported [18], [21], [26], including variations of the relevant
pole balancing problem [7], [11], [13], [32], [43], [39].

Difficulty was noted in problems of fine-tuning very small
numbers of weights, which is a task better suited to gradient
descent techniques. The permutation problem, in which the
change in location of a neuron in any given layer of a fully
connected ANN does not alter its functionality, has been
identified as challenge for training EANNs [25], [45], [16]. It
was suggested that the use of mutation as the primary genetic
operator could reduce this issue [45], [16]. That is the approach
taken in this paper.

C. Fitness Landscape Analysis

The fitness space of a problem is the set of evaluations of all
feasible solutions, ordered according to some neighbourhood
function. Fitness landscape analysis considers samples of this
space taken as random walks, in which a single solution is
evaluated and then altered according to a search operator (e.g.,
a mutation operator) to obtain a neighbouring solution. This
process is repeated until a walk of sufficient length is acquired.

Measurements are performed on the sampled walks to
determine features of the landscape, with a goal of predicting
the difficulty of a given problem or explaining the observed
performance [27], [40]. In effect, fitness landscape analysis
is used to discern whether the neighbourhood function of
two compared samples differs, and to present a characteristic
description of their differences that may offer insight to their
relative difficulty.

A local optimum is a solution which has a greater fitness
than all of its neighbours. The epistasis of a problem is the



4

level of inter-dependency of genes within the solution. A
landscape with many optima or a high epistasis is said to be
rugged, while one with fewer optima is relatively smooth [35],
[37]. An attractive basin is a series of solutions in the region
of a landscape surrounding a local optimum which form a
progressively improving gradient of fitness as it approaches
the optimum itself. Small attractive basins are considered
isolated, while larger attractive basins are considered to make
the overall landscape smoother and thus easier to search [12].
A plateau is a series of solutions which have a difference of
fitness within some specified sensitivity parameter, ε. Here,
ε = 0 indicating the most sensitive measurement as in [40].

A number of information theoretic landscape measurements,
as proposed in [38], are used in this paper. It is shown in
[40] that these measures correlate with the performance of EA
using various mutation and crossover operators. To allow the
application of landscape analysis measures, the fitness space
is commonly assumed to be statistically isotropic [41], [12],
[38], this is the case in related work with EANNs as well
[36], [37], [39]. For a detailed review of a variety of fitness
landscape measures see [27]. The remainder of this section
defines the specific measurements used in this paper.

The Information Content (IC) characterizes the variety and
frequency of transitions along the random walk. A lower
IC corresponds to more consistency among transitions which
likely implies a less rugged landscape. The measure is calcu-
lated as:

IC(ε) := −
∑
p 6=q

P[pq] · log6(P[pq]) (5)

where P[pq] is the observed probability of transitioning from
state p to state q in the random walk ensemble Ψ:

Ψ(i, ε) =


1̄, if fi − fi−1 < −ε
0, if |fi − fi−1| ≤ ε
1, if fi − fi−1 > ε

(6)

where fi is the fitness observed in step i of the random walk,
and ε is a sensitivity parameter used to classify steps in the
random walk as increasing, decreasing, or plateaued.

The Partial Information Content (PIC) measures the modal-
ity of the landscape as the ratio of peaks and valleys in the
walk to the length of the entire walk itself. Large values here
indicate a highly modal landscape while smaller values suggest
a flat or smooth landscape.

PIC(ε) :=
µ

n
(7)

where n is the length of the walk and µ is the result of
the summarized walk, µ = Φ(1, 0, 0) computed using the
following recursion:

Φ(i, j, k) =



k if i > n

Φ(i+ 1, i, k + 1) if j = 0, Ψ(i) 6= 0

Φ(i+ 1, i, k + 1) if j > 0, Ψ(i) 6= 0,

and Ψ(i) 6= Ψ(j)

Φ(i+ 1, j, k) otherwise

(8)

which has the effect of counting all of the transitions from a
decreasing walk to an increasing walk and vice versa while
excluding plateaus and smooth edges.

Fig. 2. Connectionist algorithms for control of a social network. a) A sample
social network with 3 controlled nodes b) Standard EANN. c) CAM control
system. d) ECAM control system.

Finally, the Density Basin Information (DBI) characterizes
the smoothness of the landscape using an entropic measure of
the regions of the ensemble which do not transition.

DBI(ε) := −
∑

p∈{1̄,0,1}

P[pp] · log3(P[pp]) (9)

where P[pp] represents the observed probability of two con-
secutive elements in the ensemble Ψ having the same state.
Landscapes with large basins of attraction or plateaus will have
a higher DBI.

III. ALGORITHM DESIGN

This section discusses the design and implementation details
of two variants of EANN algorithm that are used in the
experiments of Section IV. Note that this paper is concerned
exclusively with the optimization of the behaviour component
of the θ-CAP control system. The configuration component
uses a seeded random selection in all considered experiments
of this paper.

Results from [30] demonstrate that an EANN control sys-
tem is capable of consistently learning network balancing
behaviour over a variety of random control system configura-
tions and network types. Additionally, the Anti-Majority (AM)
control system showed results competitive to the EANN over
select problem instances of lower budget.

The AM heuristic can be modelled as a connectionist
architecture with fixed weights as shown in Figure 2(c). This
form of the AM is termed the Connectionist Anti-Majority
(CAM) heuristic. The CAM control system requires no train-
ing, and computes an identical input-to-signal mapping as the
standard AM control system. The number of input nodes is
set to the number of unique observable nodes in the social
network (|NVC

|). The number of hidden and output nodes
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are both set to the number of controlled nodes (|VC |). Axons
between the input layer and hidden layer are added if and
only if there exists an edge in the social network between the
observed node and the controlled node. Inputs to the CAM
control system are scaled and shifted to the range [-1,1] (from
the VM-defined social network states as discrete values in
[0,1]). Weights on axons between the input and hidden layer
are fixed at 1, and the hidden layer neurons use a tangent
sigmoid activation function to output a positive or negative
value corresponding to which of the two states was more
prevalent in the neuron’s input. Thus the hidden layer neurons
encode an observed majority feature for each controlled node.
The hidden layer connects in a 1-to-1 manner to the output
layer. Weights on the hidden-to-output axons are fixed at -1 to
produce an anti-majority value at each output, which are then
processed through a logistic sigmoid activation function to
produce a value in the required [0,1] range. Values are rounded
to produce a discrete value for the resulting control signal, with
values of 0.5 (corresponding to an equal proportion of states
as input) given a random signal value as in the original AM
heuristic.

The CAM control system performs identically to the AM:
fast, competitive results for low-budget instances, but severe
decrease in performance with high budgets. The EANN control
system on the other hand achieves consistently high-quality
results at the cost of a slow training phase. This paper proposes
the Evolutionary Connectionist Anti-Majority (ECAM) control
system as a middle ground between the prior two approaches.
This is achieved by reducing the number of axons in the
EANN scheme which require settable weights based on the
fixed weights in the CAM scheme, as seen in Figure 2(d).
Axons between the input and hidden layers of the ECAM
are configured as in the CAM structure, and weights are
fixed at 1.0. The hidden-to-output layer is fully-connected and
adjustable; however, it was found during experimental tuning
that initializing the ‘horizontal’ axons (bold in Fig. 2(d)) to -1
as in the CAM scheme, but still allowing them to be adjusted
through the EA training, improved the quality of results. All
other axons are initialized randomly in the standard [-0.5,0.5)
range.

Unless otherwise specified, the EA system used throughout
experimentation consists of 100 individuals over 100 genera-
tions, with an elitism of a single individual. Due to variance
in fitness for any given solution (individual), the elitism
individual is tested once at the end of each generation. Early
termination occurs if the population converges to a standard
deviation of fitness less than 0.0001, or if the elitism individual
achieves the same testing fitness for 5 consecutive genera-
tions. Selection is performed using a best-of-3 tournament to
maintain relatively high diversity despite the small population
size. The search operator used is the outbound variant of the
mutate-nodes operator defined in [25], in which neurons are
selected at random from the given network and all weights
on axons originating from the selected neuron are given a
small random shift (U[-0.5,0.5]). EANN uses a mutation rate
of 0.1, while ECAM was found to improve with a higher rate
of 0.4 (likely due to the bias of its initialization). Additional
mutation operators were tested but changes in results were

Algorithm 2 Pseudo-code of the Ramped evolution EANN
for the θ-CAP.
Require: instance is a tuple (θG, B, G)

1: procedure RAMPEDEANN(instance, maxGen)
2: instance.θG ← 0.9
3: Pop← InitPop(instance)
4: while instance.θG ≥ 0 do
5: Pop← TrainEANN(instance, maxGen, Pop)
6: Report(Pop)
7: instance.θG ← instance.θG − 0.1

found to not be statistically significant. The number of hidden
layer neurons for both EANN and ECAM were set to equal
the number of output layer neurons, specifically |VC |. Once
the training is complete, the final elitism individual is tested
over 100 independent simulations.

In addition to the standard EA scheme, this paper presents
a ramped difficulty evolution, in which the population begins
by initially evolving to solve a problem instance with a high
θG (=90%). The termination criteria of the standard EA are
extended to include a single individual in the population
reaching the simulation step limit (500000 steps). As with the
standard evolution scheme an upper limit of 100 generations
is used. Once the evolution is complete, the difficulty of the
problem is increased by lowering the value of θG by 10%
and the evolution is begun again. The population is evolved
continuously through each level, so the population that reached
the limit condition (step- or generation-) for one value of θG
is the initial population for the next. This process is described
in Algorithm 2.

The time required to evolve a solution to a given problem
instance is proportional to the quality of the found solution; the
longer a control system can balance the network, the longer
the simulation will run. A number of early stopping criterion,
described above, are aimed at reducing long series of simula-
tions which routinely reach the simulation run limit. However,
these only limit testing of instances which consistently do
so. Instances which come close, but are not consistent will
still require a considerable amount of execution time. Real
world applications of this problem are likely to be interested
only in control of a network using a minority of the nodes
in that network, likely a very small minority at that. Thus,
consideration of budget values that are greater than 50% re-
quire a great number of lengthy executions that are ultimately
uninteresting and unnecessary. This compels the decision to
narrow the focus of experimentation to a limited area of
interesting problem instances. Throughout experimentation in
Section IV, the main region of the parameter space considered
is that which resides below the diffusionless threshold (see
[30]), and uses a minority set of controlled nodes (B < 50%).

One final design note, the fitness of repeated testing results
of any single solution to the θ-CAP is observed to form a right-
censored exponential distribution. While a corrected average
can readily be calculated to present a more accurate view of
the expected testing results for any given solution, it is less
informative for purposes of understanding the problem-fitness
space that each learning algorithm is faced with. So, for the
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Fig. 3. Comparison of ramped evolution versus standard evolution using an
EANN control system. Values presented are condensed logarithmically for
scale. Comparisons with a statistically significant difference of means are
marked with a dot.

purposes of this comparative study, in which both considered
algorithms are faced with the same censored information, there
is no tangible benefit to reporting corrected averages (which
may approach infinite simulation length).

IV. EXPERIMENTAL RESULTS

The experimentation performed in this paper is aimed to-
wards both comparing and understanding the execution quality
of EANN algorithms acting in the behavioural component of
an autonomous control system for the θ-CAP. In brief, the
experiments considered here are as follows:
• comparison of a ramped evolution scheme for training of

EANNs versus the standard fixed-parameter scheme,
• comparison of EANN and ECAM algorithms in terms

of solution fitness, control signal characteristics, and
execution speed, and

• analysis of fitness landscape characteristics relative to
changes in both problem instance parameters and control
system implementation.

A. Ramped Evolution

The EANN results of [30] are considered using independent
evolutions for each combination of the problem instance
parameters B and θG. There, poor results are observed for
low consensus threshold values where the problem difficulty
is greater. Two potential causes for this are: a) There is a limit
to how narrow the constraints to the problem can be before
the solution space is unexploitable, in that no solution is better
than any other, or b) The execution time is too short to allow
for the sufficient training of better solutions to these instances.
The ramped evolutionary scheme is considered in order to
distinguish between these two cases. Using this scheme, each
evolved population will have been given considerably more
training time prior to the final testing for the lower values of
θG.

1) Does a ramped difficulty evolution improve the quality of
the resulting neurocontroller?: The ramped evolution scheme
is compared against the standard variant over budgets from
10% to 40% for both EANN and ECAM algorithms, and are
presented in Figures 3 and 4 respectively. The best solution

Fig. 4. Comparison of ramped evolution versus standard evolution using an
ECAM control system. Values presented are condensed logarithmically for
scale. Comparisons with a statistically significant difference of means are
marked with a dot.

found per parameter set throughout either evolution is tested
over 100 independent simulations. A Wilcoxon Signed-Rank
test paired by control system configuration seeds with a 99%
confidence interval, was used to determine if the observed
improvements in test results were significant in terms of
improved solution quality. Results showing statistically sig-
nificant improvement over their counterpart are indicated as
dots along the x-axis in Figures 3 and 4. Dots below or
above the x-axis indicate instances for which the ramped
evolution performs significantly better or worse respectively
on average. There it can be readily seen that the ramped
evolutionary solutions exhibit improved results as compared to
their independently evolved counterparts for low values of θG.
A lack of improvement over the θG = 0 instances suggests that
this level of constraint may be too severe to solve effectively
with low budget values, however the improved performance
over the 10-30 range suggests that the earlier hypothesis of
additional time requirements is a feasible one. Notably, the
ramped evolution fails to outperform the standard evolution at
higher θG values. This trend is presumed due to the single-
limit early stopping condition used in the ramped evolution, as
compared to the early stopping occurring after five consecutive
limits in the standard evolution. This was done in order to
hasten the execution time of the ramped evolution over the
set of all levels of θG, as well as to avoid the potential of
overfitting the population prior to resuming evolution for an
altered problem.

Overall the ramped evolution outperforms the standard
evolution more consistently as measured by the frequency of
instances for which statistically significant improved results
are obtained. For the EANN algorithm ramped evolution
outperforms standard at a ratio of 10:7:19 (ramped : standard
: neither) over the 36 considered instances. For ECAM the
ratio is 14:7:15. Many of the instances for which the ramped
approach is outperformed could likely be improved if the more
lengthy standard early stopping criteria are observed (at a loss
of speed), since it is the only practical difference between
the populations at high values of θG. The results of this
comparison show the effectiveness of the ramped evolution
in training control systems that are capable of preventing
convergence for greater time-spans on average for low values
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Fig. 5. Typical learning curve of a ramped evolution. Vertical lines indicate
a decrease in θG.

of θG. The diminished performance at high levels of θG are
seen as acceptable losses that do not prevent the development
of higher quality solutions for the lower, more difficult values.

2) Why does the ramped approach outperform the standard
evolution?: Interestingly, the weights of the final population
for low consensus threshold perform poorly when tested on
higher and thus easier values. For example, the best weights
evolved for the θG = 20% portion of a ramped evolution
achieve much lower testing results on the θG = 70% instance
than the weights evolved for that instance specifically. This
implies that the intuition which prompted the use of ramped
evolution, namely that lowering θG simply creates a narrower
constraint around the same optimal areas of the solution space,
is unsupported. This is further corroborated by Figure 5,
which shows a typical learning curve for a ramped evolution.
The sharp decreases in fitness correspond to decreases in
θG, followed by increases in fitness where possible, which
indicates convergence towards new local optima. Despite this
pattern, the quality of solutions is still improved for lower
values of θG as compared to the standard evolutionary scheme.

If selection pressure is too high in independent standard
executions of small θG values, leading to comparatively poor
results (premature convergence to local sub-optima) then the
benefit of ramped evolution may come from pre-conditioning
the population into potentially fit regions along the low-
pressure fitness surface within large θG instances prior to
narrowing the constraint. This would explain both the shape of
the convergence curve, as well as the improved testing results
versus standard evolution, but not the ineptitude of the best
solutions of narrow problems when applied to wider ones. It
was considered that the improved testing results may have
simply arose from the larger range of potential values for
ANN weights given the additional generations of random shift
diffusion from their initial [-0.5,0.5) range. However, testing
of standard evolution with wider initial ranges demonstrated
poor performance. If the highly fit regions of the solution space
for larger values of θG are simply distinct from those of lower
ones, then it remains unclear why the ramped evolution would
provide superior results.

Fig. 6. Average testing fitness over the (θG,B)-parameter space using the
EANN control system.

Fig. 7. Average testing fitness over the (θG,B)-parameter space using the
ECAM control system.

Fig. 8. Surface coverage of average testing fitnesses exceeding 105 with either
algorithm. The dashed line represents the approximate threshold between
diffusionless and diffusive instances.

B. Evolutionary Neural Network Comparison

1) Does the performance of the EANN and ECAM algo-
rithms differ by problem instance?: To consider the quanti-
tative differences in solution quality between the EANN and
ECAM control systems, first observe the results of using either
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Fig. 9. Comparison of fitness of averaged best results of ECAM vs. EANN control systems over the (B,θG)-parameter space. Values presented are
logarithmically scaled differences grouped by θG.

algorithm over the (B, θG)-parameter space. A visual repre-
sentation of the surfaces of average test fitness are presented
in Figures 6 and 7. Each displayed value is the average result
of 30 runs of the control system in question with different
random seeds (this implies 30 different random control system
configurations). The result of a single run is determined as the
average number of simulation steps prior to exceeding the θ-
consensus criterion (see Eq. (2)) over 100 test simulations of
the final best individual discovered in a given EA execution.

The surface plots illustrate the performance of either al-
gorithm over the parameter space for a given network struc-
ture. The ridge of sharp increase in the order of magnitude
of the average fitness shows the exponential growth of the
ease and thus duration of control of the network as the
constraints loosen. This ridge corresponds approximately to
the line indicating diffusionless instances as defined in [30].
The algorithms here are capable of extending the high quality
results (f > 105) to instances beyond that line, indicating their
learned ability to cope with limited amounts of uncontrolled
influence diffusion. For example, in the presented network,
if θG = 70% then the diffusionless threshold budget is
B∗ = 186 (u 30%). However, the observed results indicate
average control fitnesses in the 105 order of magnitude with
a B = 60 (10%), and the ECAM algorithm in particular
reaches the simulation run limit in approximately half of the
considered configurations with B = 120 (20%).

Figure 8 illustrates the ridge of high quality results projected
and overlaid for both algorithms. There it can be readily
observed that both algorithms achieve high quality results over
a majority of the parameter space. The location of this ridge is
comparable between both algorithms, with EANN spreading
slightly wider. From Figures 6-8, the EANN algorithm appears
to begin the lower end of the ridge with lower θG values, while
the ECAM algorithm appears to rise sharper bringing both
algorithms to the simulation cap at approximately the same
range of instances. By means of example, the average rate of
increase over θG values with B fixed at 40% is 7100 ( ∆f

∆θG
)

for ECAM and 6300 for EANN. All of this suggests that the
ECAM algorithm is more consistent once the problem instance
parameters become favourable, while the EANN algorithm

may be more robust over greater ranges of parameters. Finally,
it is observed that the ECAM algorithm does not suffer the
inability to control large budget instances that its predecessor,
the AM control system, suffered in [30].

2) Is the ECAM algorithm variant a statistically significant
improvement over the standard EANN?: A more direct com-
parison of these two neurocontrollers is performed using the
difference of their average solution quality. The results are
presented as log-ratios to prevent the significantly differing
magnitudes from diminishing the scale of more difficult prob-
lem instances. As above, a Wilcoxon Signed-Rank test with a
99% confidence interval is used to determine if the observed
results differ significantly by algorithm alone. Indications of
such are presented as dots along the horizontal axis in Figure
9.

The most glaring result from Fig. 9 is the performance
of the EANN algorithm on the θG = 20, 30 instances, in
which its average results outperform the ECAM algorithm by
up to nearly two orders of magnitude. These results, while
interesting, are somewhat misleading. The high quality is
contributed by a few very good results averaged over 30
random configurations. This causes many of the results for
which EANN appears superior to not measure as statistically
significant. Instances for which the ECAM algorithm appears
superior are typically significant. Of the 95 considered θ-CAP
instances with B ≤ 50% over 4 network structures, the ECAM
algorithm outperforms the EANN algorithm with significance
at a ratio of 39:4:52 (ECAM:EANN:neither).

The increasing trend of the EANN’s results for θG = 20%
and decreasing trend for θG = 30% implies that parameters be-
come more favourable for the ECAM algorithm as the budget
increases, but still insufficient for the narrow balance required
for the smallest values of θG. The ECAM algorithm, however,
is particularly consistent in its superiority for instances near
the ridge of high quality solutions. This sharper increase
in solution quality relative to θG suggests that the ECAM
algorithm is more sensitive to changes in this parameter than
the EANN algorithm.

Figure 10 presents a comparison between these algorithms
over the complete parameter space. The algorithms are com-
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Fig. 10. Comparison of superior average testing fitnesses over the (B, θG)-
parameter space.

pared in terms of which has a higher average testing fitness
over the 2D range of instances in the (θG,B)-parameter space
for a given network. The significance ratio when considering
the full range of budget values is 17:23:60 and is nearly
divided by the B = 50% line of instances. The ECAM algo-
rithm consistently shows statistically significant improvements
versus the EANN algorithm at both the low and high ends of
θG values for instances with B < 50%. However, the AM
biased initialization of the ECAM algorithm clearly loses its
advantage for instances with B > 50%. Although the ECAM
is capable of learning high quality results over large budget
instances (see Figure 8), it does so from a disadvantaged initial
condition, causing the standard EANN to show significantly
better results for the same duration of training.

To state outright whether or not the ECAM algorithm
is strictly an improvement over the standard EANN would
overlook the consequence of the No Free Lunch theorem
[4]. It is more accurate to discuss under which conditions
the use of either algorithm is appropriate. From the above
results there is a clear distinction among θ-CAP instances for
which either algorithm outperforms the other. Given interest
in the complete parameter space one could construct a hyper-
heuristic for algorithm selection based primarily on the budget
parameter. However, as discussed in Section III, the primary
interest in this work is towards the more difficult instances
(low budget, low consensus threshold). Over the restricted
space of these instances the ECAM algorithm appears to be
an improvement.

3) What qualitative differences exist between the EANN and
ECAM algorithms that could account for the observed quanti-
tative results?: The qualitative differences between the EANN
and ECAM algorithms derive from the differences of their
initialization and structures. The initial state of the ECAM
algorithm is similar by definition to the CAM algorithm, while
the initial state of the EANN algorithm can only be described
as random. It is observed accordingly, that the population of
the standard evolution ECAM algorithm consistently begins
with a higher average fitness than that of the EANN for low
budget instances (B ≤ 50%), and a lower average fitness

for the high budget instances. The speed of convergence and
relative final fitness, however, do not appear to be dependent
on the initial conditions. These are instead determined to be
a factor of the properties of the instance under consideration,
as is explained below.

One advantage to the design of the ECAM algorithm is that
the hidden layer neurons therein are given prescribed meanings
prior to training. Specifically, the output from each hidden
neuron corresponds to the ratio of states at its inputs. It follows
that what the ECAM algorithm then learns by adjusting
the hidden-to-output layer axon weights is the strength of
connections in a fully connected network of reinforcing and
oppositional relations between controlled nodes. In this way,
the decision making is done on the level of setting signals
the same or different from other controlled nodes (and their
corresponding neighbourhoods). The same cannot be said
of the EANN algorithm in which hidden nodes align with
controlled nodes in quantity alone.

A visual assessment of the neurocontrollers in operation
revealed the two algorithms evolved different forms of control.
It was observed that when possible, the EANN algorithm
evolved to maintain fixed output signals at different regions of
the network, which creates converged regions of the network
that were in opposition to each other, thereby creating a
balanced network overall. On the other hand, the Anti-Majority
foundation of the ECAM algorithm leads it to a rapid flickering
behaviour that, when successful, maintains balance in the
social network by injecting noise into its otherwise converging
diffusion.

These behavioural differences between the EANN and
ECAM algorithms can be measured in terms of their intra-
and inter-neuron output standard deviations as presented in
Figure 11. The intra-neuron output standard deviation is the
observed standard deviation of all of the outputs of a single
neuron in the output layer of the elitism ANN over the
course of a simulation. This value is averaged over all output
nodes, and then over 30 separate executions to produce a
point in Fig. 11. The inter-neuron output standard deviation
is calculated as the standard deviation over all neurons of the
average output of each neuron in the same elitism ANN. As
such, a control system which outputs a cleverly constructed
fixed signal across the network will have a very low intra-
neuron standard deviation (because each given node will have
very little change), and a relatively high inter-neuron standard
deviation (owing to the fact that different states will be fixed
for different neurons). Conversely, an ANN control system
which exhibits a flickering behaviour will have a large variance
within each node, but all nodes will behave approximately
the same (from this measure). This is precisely the observed
behaviour in Fig. 11.

The foregoing results indicate a clear distinction in evolved
strategy brought about by the bias (and lack thereof) in the
structure and initial conditions of the two considered EANN
algorithms. The fixed output strategy of the standard EANN is
considerably more effective than the ECAM strategy when it
is successful. However, discovering a successful combination
of control system and ANN weight configurations appears
to have a low likelihood. Even a single solution that suc-
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Fig. 11. Intra- and inter-neuron output standard deviations averaged over 30
executions of EANN and ECAM algorithms.

cessfully manages to stabilize the social network within the
given threshold is inconsistent in its ability to do so. This
inconsistency is likely a result of the reliance of the control
system on the stochastic process of convergence among the
uncontrolled local subsections in the network prior to reaching
a steady state. Selection of appropriate choke-point nodes is
expected to play a significant factor in the outcome of this
strategy, however, the study of configuration strategies is the
subject of ongoing investigation to be reported in future work.

4) What is the relative efficiency between the EANN and
ECAM algorithms?: In addition to its superior results, the
biased structure of the ECAM algorithm requires significantly
less memory. Whereas the EANN algorithm uses two fully
connected layers of axons requiring storage for O(V ·VC+V 2

C),
the EANN must train only a single layer requiring only
O(V 2

C). This smaller network structure consequently requires
fewer calculations to determine a control signal from a set of
inputs. This means that an ECAM control system requires less
execution time to balance a network to the same simulation
fitness as the standard EANN control system. A comparison
of the execution times of the EANN and ECAM algorithms,
over the range of θG = {0, 10, ..., 90}, B = 30% problem
instances, is presented in Figure 12. Simulation times were
measured in nanoseconds from the beginning of simulation un-
til termination, and do not include the set-up and configuration
steps of the network and control systems. Simulations were
carried out in serial on an Intel Core i7-3632QM 2.20GHz
CPU with 8GB RAM. Implementation is available online1.
From the figure there is a clear distinction in the linear
trend lines supporting the above claim, with results for the
simulation step limit requiring up to twice as much execution
time for the EANN control system as for the ECAM for the
selected problem size.

C. Landscape Analysis

The remaining experiments aim to explain the results ob-
served in the previous experiments using information theoretic
measurements of the fitness landscape. First, the measures
are considered according to their variance over the (B,θG)-
parameter surface to validate their use on θ-CAP instances

1http://sourceforge.net/p/influence/

Fig. 12. Comparison of simulation execution time versus run length for a
range of θG values using B = 30%.

Fig. 13. Characteristic curves of the IC, PIC, and DBI measurements over
the range of θG values for a fixed budget.

and observe the characteristic differences that are observable
with known changes in difficulty. Next, the results of the
landscape measures using EANN and ECAM representations
for the random walk are compared with interest toward finding
correlations with the previous algorithm fitness comparison.

The experiments performed consisted of 30 random walks,
each of 1000 steps per random configuration. Thirty random
configurations were used for each problem instance for a total
of 900000 simulations per result. The landscape measures are
calculated independently for each walk then averaged over all
walks to present the results for each instance.

1) Do the information theoretic landscape measures corre-
late with changes in θ-CAP instance difficulty?: The landscape
measurements taken over the (B,θG)-parameter space show
consistent trends corroborated over all observed networks. The
characteristic curves of the three landscape measures over a
range of θG values for a fixed budget is shown in Figure 13.
The specific curve shown is for B = 10%, however the same
curve is observed for each budget. As the budgets increase
the transition phase of the curve adjusts, inline with the cliff
observed in the surface plots (Figs. 6,7).

Random walks for instances with θG = 0, as with evolu-
tionary searches of these instances, typically have simulation
run lengths of only 1. The average fitness for random walks
with this value (for all considered networks/budgets) is u 1.05
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with a standard deviation of u 0.2. This implies that the typical
surface of such a walk consists primarily of long plateaus. As
such the initial points of all three measures describe very little
variety, and stand out as distinct from the rest of the curves.

The information content (IC) characterizes the frequency
and variety of transitions in the random walk (where larger
numbers refer to all transitions being more likely and smaller
numbers refer to one or few transitions being more likely).
The high initial IC value for θG = 10 indicates a reasonable
balance between all 6 transition types on average over the
random walks of this instance. The IC is observed to decrease
in line with the instance difficulty over both threshold and
budget values. The curve downwards approaches a limit of
0.4 which corresponds to the equal likelihood of two (out
of six) possible transitions with probability u 0.3. That is,
the decrease in IC likely corresponds to the disappearance of
plateaus from the random walks as the fitness space becomes
less predictable. Note, that due to the exponential distribution
of testing results for any given solution to a single instance
of the θ-CAP, a greater variety of fitnesses with a random
solution (corresponding to a more rugged landscape) counter-
intuitively implies a more fit region and/or an easier to solve
instance.

The partial information content (PIC) measures ratio of
transitions in the random walk to the total length. Here, the
PIC increases as the threshold and budget parameters increase
(corresponding to decreased difficulty). This supports the
findings of the IC measure as it indicates increased modality
of the random walks. Interestingly, the PIC for all considered
instances curves towards a value of 0.6̇, indicating that at
most two thirds of any walk are spent transitioning between
increasing and decreasing fitness, while the remaining third
are so-called ‘smooth’ edges. There is no clear evidence to
suggest why this limit exists.

The density basin information (DBI) measures the flat
(non-transitioning) regions of the random walks. The DBI
values remain relatively consistent throughout all considered
instances between 0.52 and 0.54, accounting for the remaining
one third as an approximately equal number of flat-increasing
or flat-decreasing steps.

For all instances there is a sharp decrease in all three
measurement values when the simulations of the random walks
plateau at the simulation limit. However, certain budget levels
show a slight increase in IC and DBI values prior to this
owing to the increased variety from the presence occasional
simulation limit plateaus in the walk.

2) Do the landscape measures differ between the EANN and
ECAM algorithms?: A comparison of the landscape results
from the EANN and ECAM algorithms offers very little dis-
tinguishing characteristics between the fitness space explored
by the two algorithms. Although the algorithms have distinct
structures including different dimensionality of solutions and
initial search space biases, landscapes using either algorithm
reveal the same trends relative to changes in the θG and B
parameters as described above. This similarity implies that the
differences between the two algorithms cannot immediately
be attributed to an easier search space for one over the other.
This is surprising given the evidence of significant differences

EANN B=20%
θG Avg. Fit. St.Dev.Fit. PIC IC DBI

10 2.2 1.95 0.767 0.528 0.537
20 6.2 6.78 0.690 0.633 0.530
30 16.7 18.61 0.559 0.654 0.528
40 43.1 49.95 0.488 0.662 0.534
50 125.4 162.38 0.449 0.666 0.539
60 568.3 970.85 0.427 0.666 0.542

ECAM B=20%
θG Avg. Fit. St.Dev.Fit. PIC IC DBI

10 2.2 1.95 0.774 0.537 0.538
20 6.3 6.52 0.685 0.636 0.525
30 17.0 17.38 0.550 0.656 0.527
40 46.2 49.04 0.478 0.663 0.535
50 177.2 257.15 0.439 0.667 0.539
60 2487.9 7070.30 0.420 0.666 0.543

TABLE I
SAMPLE RESULTS COMPARING THE LANDSCAPE MEASURES OF EANN

AND ECAM STRUCTURED RANDOM WALKS.

in the fitness of the evolved solutions. Similar difficulty in
landscape measurements of EANN fitness spaces was noted in
[36], where any single solution had a non-uniform distribution
of potential fitnesses.

Table I presents sample landscape data for a cross-section
of the parameter space fixed at B = 20% for the network
instance discussed in the previous section. The results are
similar in nature to all other diffusive instances considered.
A slight decrease in IC measure for the majority of ECAM
results suggests the EANN algorithm may be less consistent
in its results. The IC measure of the ECAM algorithm is less
than that for EANN in 30 of 40 considered instances by an
average amount of 0.0068. More low-valued plateaus would
contribute to a higher IC versus the rapid oscillating fitness of
an IC with a greater success rate. The random walks using the
ECAM algorithm tend to have higher average fitness (in 34 of
40 instances) and a lower average standard deviation (in 22 of
40 instances), supporting the above suggestion. The improved
quality of the ECAM random walks may also be attributable
to the fact that they traverse a smaller biased fitness space, as
compared to the EANN which is double in dimensionality and
uses strictly random initial locations. The very high quality
results of the EANN algorithm depicted in Fig. 9 are not
observed within any of the 900 random walks of the given
problem instance, which is further indication of their outlier
status in the solution space.

V. CONCLUSION

This paper demonstrates the ability of an evolutionary neu-
rocontroller to successfully act as the behavioural component
for the θ-CAP. The novel, problem specific, EANN variant,
ECAM, consistently outperformed the standard EANN variant
in a majority of considered problem instances. ECAM, which
was designed as a middle ground between the EANN and
CAM algorithms, provides benefits from both. It achieves bet-
ter quality results in less time on the more difficult small bud-
get instances. While the standard EANN attains consistently
better results for instances with large budgets, the ECAM
overcomes the weakness of the Anti-Majority heuristic to
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demonstrate extended durations of control for these instances
as well.

Two distinct strategies for balancing the network were
observed in the best solutions from the two neurocontroller
variants considered. The standard EANN evolved a fixed-
output convergence to two or more opposed subsection of the
network of size equal enough to prevent exceeding the θG
threshold. The ECAM, on the other hand, evolved to inject
noise into the network, sewing enough chaos to prevent con-
vergence among the highly communicative agents of the social
network. It is important to note that this was accomplished via
limiting and biasing the search space of all possible EANN
weights to only those available in the ECAM definition.

The landscape analysis comparison of the two algorithms
revealed unexpected similarity in the nature of the fitness
landscapes traversed. Slight changes in the observed values,
and increased average fitness over the majority of random
walks, suggests that both networks search on the same fitness
space, with the ECAM simply biased to a promising region
thereof.

A ramped evolution scheme was proposed and analysed
with the intent of gradually training the neurocontrollers
over increasing levels of difficulty. The ramped scheme was
observed to improve the quality of the evolved solutions,
however some uncertainty remains regarding the exact cause
of the improvement.

Future Work

There are many potential directions for future research
in the θ-CAP and more broadly the NCP areas of study.
Most pressing is the need to optimize the control system
configuration component in place of the random configuration
used here. Results using random configurations show a distinct
inequality in the ability of a given control system between
various random seeds. Optimization of this component will
likely improve overall testing quality at the cost of increased
dimensionality of search.

It is likely that the inconsistency arising from the fixed-
output control strategy of the standard EANN variant could be
alleviated be more intentional selection of choke-point nodes
and/or broader diffusion of the controlled set throughout the
social network. Alternatively, it is well known that EAs are fast
global optimizers, but poor local optimizers when compared to
gradient-based techniques [44]. Thus, the addition of gradient
descent or some other local search could aid in improving the
consistency of the EANN neurocontroller.

Further study of the applicability of landscape analysis to
the θ-CAP, as well as for EANN search in general is needed.
Correlation between landscape values and instance difficulty
suggests that some information could be gained by using the
landscape measures prior to execution; however, the exponen-
tial distribution of testing results makes their use difficult.
Future work should consider varying the sensitivity param-
eter according to the observed standard deviation of some
sample testing results to potentially alleviate these negative
effects and provide more accurate information. Alternatively,
multiple evaluations of each step in the walk would give an

averaged fitness per location, with the effect of smoothing the
observations for the non-homogeneous fitness spaces observed
here.
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