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Abstract: Limiting the area burned in a forest fire can be done by digging out a circle where the
fuel is removed so the fire cannot spread. Determining the size of this circle has previously been
solved in simulations where the circle is determined by 8 points, set at varying distances with the
neuroevolutionary algorithm ESP and having an agent navigate along these points by following
the shortest path. This paper instead controls the distance of the points by an adaptation of
CoSyNE, but the main focus lies on the navigation between these points. The performance is
compared between shortest path navigation, navigation with an adaptation of CoSyNE, and the
same adaption with the addition of dropconnect. These CoSyNE adaptations were given the input
of shortest path navigation as a recommendation. While the CoSyNE navigation, particularly
with the dropconnect addition, was able to find better solutions for each map than the shortest
path, the exploration required for this gave both algorithms a worse average performance on
each map.

1 Introduction

Due to the ongoing climate change, the number of
forest fires is inevitably going to increase (Stocks
et al., 1998). While the fires in and of themselves are
dangerous, even the air pollution caused by large
areas of forest burning away has been shown to seri-
ously affect the health of local populations (Sastry,
2002). Moreover, the fires release large amounts of
stored CO2 back into the atmosphere, reinforcing
global warming. To minimize this problem, and to
minimize the number of homes lost, we need strong
systems to combat these forest fires.

Forest fires, like all fires, depend on fuel, heat,
and oxygen. While many different reactive and
proactive approaches are used by different countries
(Calabri, 1982), a particularly interesting one is the
use of so-called ”Fire Lines”. These Fire Lines are
lines of forest which are cleared of vegetation, which
acts as the fuel, so that the fire cannot spread across
this line. This can be used as a proactive measure,
as done by the Spanish I.C.O.N.A. (Calabri, 1982),
but also as a reactive measure. In the latter case,
when a fire is detected, lines are mapped out at
varying distances around the fire. Each line is as-
signed to a group of workers who clear the line of
fuel. This can be done with for example bulldozers,
tractors, or chainsaws. When all the fire lines are

successfully cleared, the fire is contained, and so the
damage that it can cause is minimized. The tricky
aspect of these fire lines is that it can be challenging
to determine where these lines must be drawn. Ide-
ally you want to confine the fire to a small area, so
less land has to be evacuated. On the other hand,
you also need to keep in mind that the fire can
spread fast, and that clearing the land takes time.
If the latter is neglected and the fire is able to reach
the fire line before it is successfully drawn, it puts
the firefighters at risk and allows the fire to escape
the encapsulation.

While the fire brigades are extensively trained
and have a good amount of experience and ex-
pertise in fighting these forest fires, the problem
does pose an interesting challenge for Artificial In-
telligence. It has been proposed that this problem
can be solved using Reinforcement Learning (Wier-
ing and Dorigo, 1998), but the problem has also
been solved using an evolutionary algorithm called
Enforced Sub-Populations (ESP) (Wiering et al.,
2005). Since this research, a new evolutionary al-
gorithm called Cooperative Synapse Neuroevolu-
tion (CoSyNE) has been introduced (Gomez et al.,
2006), and shown to be more effective than many
other techniques for both simple and complex prob-
lems (Gomez et al., 2008). Since CoSyNE has been
shown to be more effective than ESP, this paper will
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be a reproduction of Wiering et al. (2005) where,
next to other changes, the evolutionary algorithm
is swapped out for two variations of CoSyNE.

The previous work introduced the idea of en-
suring encirclement by placing 8 sub-goals around
the fire in cardinal and inter-cardinal directions,
where the distance to the center of the fire is to
be determined by the evolutionary algorithm. The
agent (for example, a bulldozer) would then travel
over the map to each goal, forming a circle around
the fire. While the determining of these goals is
most influential on the performance of the agents,
the behavior asked from the evolutionary algorithm
can be considered somewhat simple. To expand on
the task, this paper also applies two variations of
CoSyNE to attempt to improve on the navigation
between the sub-goals. While the previous work
computed the shortest path to the next goal, this
paper will employ CoSyNE, so that it may make
smart decisions about the navigation, where it fo-
cuses on the goal of minimizing fire damages. In
particular it may look at nearby houses, so that
it may try to swerve in order to protect the house,
rather than have the house be encased with the fire.

This paper considers two variations of CoSyNE,
since it not only tests the possibility of CoSyNE as
a way to perform more conscious navigation, but
also investigates whether dropconnect (Wan et al.,
2013) can give beneficial effects. Dropconnect is a
technique that has been proven effective in back-
propagating neural networks (Wan et al., 2013), but
it has not been applied to networks under control
of neuroevolution. Therefore, this research investi-
gates whether similar benefits can be achieved for
this evolutionary algorithm.

Unfortunately, researching an accurate simula-
tion of forest fires is beyond the investigative and
computational scope of this research. Instead we
designed a simple cellular automaton to form a sim-
ulation environment for the evolutionary algorithm.
Since the simulation is not environmentally realis-
tic, no lessons can be drawn about how to fight
forest fires specifically, but it will be possible to
draw interesting conclusions about the navigational
problem.

Specifically, this research investigates whether an
improvement in the number of houses saved can
be achieved by applying CoSyNE as a navigation
compared to the shortest path, and an improve-
ment on that again when adding dropconnect to

the CoSyNE network.

2 Methods

As previously introduced, the experiment will be
run on a non-realistic cellular automaton simula-
tion. This keeps the computational cost of running
experiments low, as a lot of trials are needed for the
algorithms to be able to learn complex behavior. A
single simulation has been developed with challeng-
ing, but possible fire and agent speed. Over these
simulations, the different algorithms were used to
fight the fires, and their performance was evaluated
on the ability to minimize the number of houses lost
to the fire.

2.1 Simulation

To minimize computational cost, the simulation
works in discrete time steps. At every time step
the cells that are on fire will lose some of their fuel.
The cell stops burning when the fuel runs out. As a
cell burns through its fuel it gives off heat to the ad-
jacent cells. A cell ignites when the heat given to it
exceeds the ignition threshold, which is determined
by the material. This cell will then also proceed to
burn through its fuel and expel heat towards the
adjacent cells. In each time step the agent has a
certain amount of energy it can expend. This can
be spent on either moving or clearing a tile of fuel.

The maps of the simulation are procedurally gen-
erated, where the generation of the evolutionary al-
gorithm determines the outcome of the map. This
ensures that the varying algorithms are exposed to
the same sets of maps. The maps are fairly sim-
ple, consisting of mainly grass, some areas of forest,
and a lot of randomly placed houses, as can be seen
in figure 2.1. It also shows that the fire is always
placed in the center, while the agent is randomly
placed around the map. This is done to make the
placing of the sub-goals easier, without affecting the
performance of the algorithms.

The different materials and how they act in the
simulation are a key feature of making the prob-
lem of navigation interesting. Movement speed and
clearing speed over grass is faster than through
trees. This makes using a technique of determining
the shortest path a lot better than simple things
like moving in a straight line. Naturally, grass also
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Figure 2.1: An example of the procedurally gen-
erated maps. White represents houses, yellow
the agent, red is the fire, dark green is forest,
and light green is grass.

ignites faster than trees, so fire will spread faster
over this area. Grass also has less fuel than trees,
so the fire will die down faster as well.

The agent cannot clear tiles which have a house,
since the destroying of large brick structures would
take an absurd amount of time. To help ensure that
the navigation techniques do not try to go over
these houses, the movement cost on houses is set
to infinite. This ensures that the shortest path will
always be around a house, rather than over it.

Another important thing to note about the sim-
ulation is that the agent can burn as well. Like the
other tiles, when an adjacent tile is on fire and ex-
pels enough heat to the agent, it will die. At this
point, the agent is not able to do any more work,
so it is a given that the rest of the map will burn
down if the circle has not been completed.

The map was specifically chosen to be simple,
without rivers or roads, so that the maximum in-
fluence between the navigation techniques can be
attributed to the techniques, rather than to a dif-
ference in the maps.

The solution this paper considers consists of two
components. The primary component for this re-
search entails the navigation between the subgoals,

but for that the underlying component of placing
the subgoals is required. While this paper does not
concern itself with the optimal placement of these
subgoals, a self-learning technique was chosen to
support varying behaviour of the navigation tech-
niques. If one of the techniques were to take a slower
path, but still protect more houses on the way, that
should be beneficial. This is why the subgoals also
need to be learned along with the navigation tech-
nique.

The navigation will be governed by three dif-
ferent algorithms. The first algorithm will simply
identify and follow the shortest path while consid-
ering the different movement speeds, this will form
a baseline for the other algorithms. This shortest
path is determined by Dijkstra’s shortest path algo-
rithm (Dijkstra, 1959). The other algorithms work
on a variation of CoSyNE.

The algorithms are evaluated on their ability to
protect as many houses as possible, as this is likely
the easiest component to learn on.

2.2 CoSyNE

Cooperative Synapse NeuroEvolution (Gomez
et al., 2006) is a technique which can be applied
to a neural network of any architecture to effec-
tively adapt its weights under the supervision of a
fitness function. It improves upon standard evolu-
tionary algorithms by not trying to select, breed
and mutate networks as a whole, but instead apply
this procedure to the individual connections. While
other approaches of evolving sub-sections of a net-
work (e.g. ESP (Gomez, 2003)) exist, the evolv-
ing of the smallest individual connections has been
found to be the most effective (Gomez et al., 2008).

Algorithm 2.1 presents the CoSyNE algorithm in
pseudocode as introduced by Gomez et al. (2006).
It starts by initializing a population P. This con-
tains subpopulations Pi representing each weight in
the neural network. Each subpopulation Pi consists
of m values in the interval [−α, α], to be defined for
the specific experiment. These Pi,j values represent
the different possible weights j for each connection
i.

After initialization the algorithm repeats over a
number of generations. Each generation starts with
forming networks Xj , and assessing its performance
on the environment through architecture Ψ. After
each network has been constructed and evaluated
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Algorithm 2.1 CoSyNE (n,m,Ψ)

Initialize P = {P1, ..., Pn}
repeat
for j = 1 to m do
Xj ⇐ (P1,j , ..., Pn,j) //Form networks
Evaluate(Xj ,Ψ)

end for
O ⇐ Recombine(P)
for i = 1 to n do

Sort(Pi) //Order weights based on fitness
for k = 1 to l do
Pi,m−k ⇐ oi,k //Replace least fit weights

end for
Permute(Pi)

end for
until solution is found

the breeding process occurs within each subpopula-
tion Pi. Firstly, new offspring O is created through
crossover and mutation from the best performing
25% of the subpopulation. This number of offspring
in each generation is again to be defined for the
specific experiment. The new offspring replace the
least performing weights, which allows the subpop-
ulation to converge to the best values.

Lastly, the weights within each subpopulation are
permuted, so that each weight can become part of
a potentially different network. This is the coevo-
lution component, and it ensures that all weights
within the network converge to their best value,
rather than having a non-contributing weight lift
along on the good performance in a well performing
network, as you might risk in a neuroevolutionary
approach that does not use a form of coevolution.

2.3 Applying CoSyNE to the forest
fires

The CoSyNE base-algorithm leaves a lot to be de-
fined for the specific experiment. The primary com-
ponent of this is the neural network architecture.
In this case, that would be a Multi-Layer Percep-
tron (Gardner and Dorling, 1998). Since the sub-
goal placement is somewhat trivial, and not the
focus of this paper, a sufficient implementation is
found easily, so no optimization is done.

The network for subgoal placement has one input
neuron, which is given the iterator of the subgoal,

divided by the total number of subgoals. This en-
sures values between 0 and 1, and allows the net-
work to somewhat change behavior based on the
location of the subgoal. The network has a hidden
layer of 3 neurons, and one output neuron. Because
all neurons have a sigmoidal activation function,
this comes to a value between 0 and 1, where 0 is
linked to putting the subgoal in the center of the
fire, and 1 is linked to putting the neuron at the
edge of the map. The values in between are scaled
linearly to the intermittent locations. The subpop-
ulations are initiated in the range [−3, 3], and at
each generation 5 new weights are created from the
top 25% of weights to replace the 5 worst weights.

The primary interest is the navigation problem.
This network has 26 input neurons, a single hidden
layer of 8 neurons, and 4 output neurons represent-
ing the different steps. A key influencer in this net-
work is a set of four extra input neurons connected
directly to the output layer. These four neurons
present the directions that would be recommended
by the shortest path to the next subgoal. This is
an essential component, as it gives the network key
information on how to navigate effectively, so that
it can slowly learn to improve upon that. These are
connected directly, rather than through the hidden
layer, because there is no non-linearity to be ex-
erted over this information.

The activation function for the hidden layer is
sigmoidal (Han and Moraga, 1995). This is done to
prevent the hidden layer from drowning out the ex-
tra shortest path neurons. The activation function
for the output layer is linear.

The 26 input neurons primarily help the net-
work see nearby houses. 16 of these neurons are re-
sponsible for a vision grid identifying houses. The
first 8 of these will hold the value 1 if the corre-
sponding cell around the agent is a house, and 0
if it is not a house. The second 8 of these govern
3x3 areas around the immediate connections, where
they value at 1 if one of the cells in the area is a
house, and 0 if none are. This allows the agent to
see houses in the 9x9 cells surrounding it, with in-
creased resolution in the adjacent cells. The vision
grid is visually represented in figure 2.2. Another 8
neurons are responsible for localizing the next sub-
goal and the fire. Four of these are dedicated to
the fire, while the other four are dedicated to the
next subgoal. The neurons encode for whether the
target is north, east, south or west. Since the tar-
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Figure 2.2: A visiual representation of the vision
grid, where the yellow cell represents the agent,
and the letters ”H” represent the houses. All
white cells are represented by neurons with the
value 0, while the red cells are represetented by
neurons with the value 1.

gets are rarely in a perfectly carthagonal direction,
usually two neurons will be active at the same time
to encode for, by example, having the target be
anywhere between perfect north and perfect east.
These neurons hold binary 0 or 1 values for whether
they are active or not. Another neuron is responsi-
ble for identifying if there are any houses between
the agent and the next subgoal, having a value of 1
if one or more houses are present, and 0 if none are
present. The last input neuron indicates the dis-
tance to the next subgoal according to the shortest
possible paths. This is computed by taking the av-
erage distance for the different valid directions the
agent can travel in from the current position, and
dividing it by 100. This ensures that the values will
be between 0 and 1, so differences do not get dimin-
ished by the sigmoid function. The network mainly
focuses on houses, as this is the most accessible to
translate into key points to protect.

This network consists of a total of 256 connec-
tions, which will be represented through 256 sub-
populations. Each subpopulation in turn will con-
tain 20 entries, in the range [−5, 5]. At each gener-

ational step 10 of these will be replaced by children
generated from the top 5. For each child, one of the
top 5 is randomly selected to be copied, but with a
5% chance of becoming a random new value within
the [−5, 5] range.

Some deviations from the CoSyNE algorithm
have been introduced however. Firstly, while the
CoSyNE algorithm exposes every weight to one net-
work before evolving, this approach exposes every
weight to 10 different networks, and assesses its fit-
ness as an average. This decreases stochasticity and
should allow for smoother convergence to the final
network.

Since the average fitness is tracked over multiple
generations, again to decrease stochasticity, calcu-
lating the true average can become computationally
expensive. Therefore, this is altered to the formula
Fold = Fold − 0.1(Fold − Fnew), where Fnew repre-
sents the fitness of the most recent run, and Fold

represents the previously estimated average. When
a weight does not yet have a previously estimated
average, Fold is considered equal to Fnew, so that an
accurate approximation is reached on the first run.
This makes it so that the fitness is tracked over the
most recent runs, so that the weight is evaluated
to its performance within the current set of net-
works, but it still holds some virtue if it was able
to contribute notably to previous networks.

Another interesting deviation is the addition of
SoftMax (Luce, 2012) to the output layer. The out-
put of the neurons are fed through SoftMax, so in-
stead of simply picking the action with the highest
activation, an action is chosen randomly, where the
neurons with the higher activation have a higher
probability of being picked. This allows to create
a more exploratory behavior, as well as ensuring
that a large difference in activation is beneficial
over a small difference. SoftMax is governed by the
formula Pi = exp(oi/T )/

∑3
j=0 exp(oj/T ) (Luce,

2012), where Px is the probability of action x, ox
is the activation of output neuron x, and T is a
parameter which determines the slope of the Soft-
Max. This can be predefined, but instead this was
made to evolve along with the network, as its own
subpopulation. This allows the exploratory behav-
ior introduced by SoftMax to be diminished as the
network learns to pick the appropriate actions.

A visual summary of the network is presented in
figure 2.3.
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Figure 2.3: A visual summary of the navigation
network, consisting of 26 input neurons, 8 hid-
den neurons and 4 output neurons. The curves
in the hidden and output layer represent the
activation functions, and the grey neurons rep-
resent the shortest path recommendations. The
figure also shows the post-processing of the out-
put neurons by SoftMax.

2.4 Dropconnect

As shown by Wan et al. (2013), dropconnect has
been found to have beneficial effects on perfor-
mance in backpropagating neural networks. How-
ever, no prominent research exists on how drop-
connect affects evolutionary neural networks.

Dropconnect is a technique where each connec-
tion has a chance to be ”dropped”, which means
that its weight will be 0, so that it does not con-
tribute anything to the network. This probability
can be changed per layer, but in this experiment
it is kept to a static 20% over all weights and gen-
erations. When a connection is dropped, it renders
in the network as a weight of 0, but in the sub-
population the fitness of the weight is simply not
updated.

To concretely identify whether this gives any
beneficial behavior, the addition of dropconnect is
compared to the network as discussed before with-
out dropconnect. Dropconnect supposedly helps to
solve the problem where one concept is divided over
multiple connections. By occasionally removing one
of the connections, the other connections will have
to be able to represent the concept on their own.

2.5 Fitness

As the goal of the networks is to maximize fitness,
we define our fitness according to the problem we
want it to solve. Therefore the fitness is defined as
the inverse of the houses burned, so that protecting
houses grants a higher fitness. To further decrease
stochasticity, this fitness is determined as a ratio of
all houses, rather than the absolute number. This
can help solve the problem where a map with more
houses would always result in higher performances
than maps with fewer houses. This works well as a
fitness for defining the performance of the subgoal
placement. However, for the navigation between the
subgoals, the network only gets a reward if the cir-
cle is completed, since all the houses burn down if
it is not. This leads to a problem, since it can not
learn anything until a circle has been completed,
which is hard to achieve randomly. Instead, the fit-
ness is slightly altered, where a small component
of the number of subgoals reached is also added to
the fitness. This has some risky disadvantages as
discussed in Sutton and Barto (1998, chapter 3.2).
The risk here is that the agent will execute behavior
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Figure 3.1: A map of the forest fire simulation,
where the fire has been successfully encircled
and the fire died down.

to reach the reward, rather than solve the problem.
This might result in a problem where a house is
sacrificed in order to reach the subgoal. However,
since completing the circle is essential in being able
to protect anything, it is a risk worth taking.

3 Results

Successful solutions of encircling the fire were
found easily, as can be seen in figure 3.1. In this
image of the simulation, we see that an irregular
circle has been drawn around the fire. The irregu-
larities are likely caused by the agent avoiding the
forested areas, as they are harder to traverse. This
image is taken from the first generation of subgoal
allocation with navigation through the shortest
path. Therefore, the size of the circle has not yet
been defined to be an optimal match.

Figure 3.2 shows that determining a good dis-
tance for the subgoals is trivial for CoSyNE. The
graph shows that from the start the best fitness per
generation is around 18% and this is maintained
throughout the generations. There is a slight de-
flection found at the data points, where between

Figure 3.2: The best fitness per generation over
the first 100 generations where subgoals are de-
termined by CoSyNE, and navigation is done by
following the shortest path.

20 and 50 generations there are a few maps where
apparently, performance is very low. As the genera-
tions progress this dies out again, while the houses
burnt on the good generations go up slightly. This
is probably because CoSyNE learned that a small
circle, while good sometimes, might be devastating
other times, so a larger circled is learned. All in all,
this confirms the expectation that picking the dis-
tance for the subgoals is trivial, and does not need
to be discussed into much further detail.

3.1 CoSyNE Navigation

The performance of the CoSyNE navigation adap-
tation can be clearly identified in figure 3.3. When
looking at the best fitness per generation CoSyNE
performs notably worse than the shortest path over
the first 600 generations, but better over the 1400
generations after that. Since CoSyNE still needs
to learn for this first 600 generations, we con-
sider generations 600-2000, where the mean per-
centage of houses burned for shortest path naviga-
tion is 13.3%, while for CoSyNE it is 10.2%. The
best run per generation for CoSyNE is 3.1 per-
centage point better than the shortest path. This
difference is statistically significant according to a
Wilcoxon signed rank test (Woolson, 2007) for non-
parametric, paired data, with p < 0.01.

On the other hand, when looking at the mean fit-
ness for each generation, shortest path navigation
performs better than CoSyNE. In these measure-
ments shortest path navigation keeps an average
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Figure 3.3: The best fitness per generation
and the mean fitness per generation over 2000
generations, where subgoals are determined by
CoSyNE, and navigation is done by the shortest
path or CoSyNE.

performance of having 49.4% of houses burnt, while
CoSyNE burns 59.5% over generations 600-2000.
Again, this difference is clearly highly significant
and confirmed by a Wilcoxon signed rank test for
non-parametric, paired data, with p < 0.01.

3.2 Dropconnect

Lastly, the experiment investigated how dropcon-
nect would affect the performance of CoSyNE. The
results of this can be found in figure 3.4. This shows
that the performance of the best run per generation
is slightly improved overall with dropconnect. Over
all generations dropconnect improves performance
from 17.5% to 16.5%. After most of the learning,
which is again considered from generation 600 on-
wards, the performance is increased from 10.2% to
9.1%. Both of these difference are considered sta-
tistically signiciant by a Wilcoxon signed rank test
for non-parametric, paired data with p < 0.01.

When investigating the mean performance per
generation dropconnect gives a disadvantage. Over
all generations CoSyNE without dropconnect loses
63.4% to the fire, but the addition of dropcon-
nect increases this to 81.8%. Clearly this difference
is significant, as again confirmed by a Wilcoxon
signed rank test for non-parametric, paired data
with p < 0.01. While the mean performance per
generation does improve somewhat over learning,
performance clearly remains minimal.

Figure 3.4: The best fitness per generation and
the mean fitness per generation over 2000 gen-
erations, where subgoals are determined by
CoSyNE, and navigation is done by CoSyNe
with or without dropconnect.

4 Discussion

As expected, allocating subgoals with CoSyNE and
navigating between them with the shortest path is
a simple and effective way to encase the fire. It
takes practically no learning to reach a good per-
formance.

However, there does exist a very large dispar-
ity between the best run and the average run in a
generation. If this technique would be applied as-is
to a real world problem the performance would be
considered insufficient, as the average run per gen-
eration is likely the most accurate heuristic for the
performance of any single fire.

This is likely because the allocation of the sub-
goals relies on a very limited amount of informa-
tion. If the allocation of the subgoals would also be
based on things like forest density and the spawn
location of the agent, performance might be better
overall.

Fortunately, when considering the best run per
generation, performance is fairly good. While this
is not a good heuristic for one-shot problems, like
a real forest fire, it can be useful when applied to
a realistic simulation. If a realistic simulation rep-
resentative of an actual forest fire is developed this
technique can be effectively applied to the simula-
tion to identify a good solution, which can then be
executed on the real fire.

A similar thought process can be applied to
the use of the CoSyNE adaptation for navigation.
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While the average performance per generation is
fairly bad, and even worse than the baseline short-
est path navigation, the best performance per gen-
eration is notably better.

Like the disparity between best and average per-
formance for the baseline algorithm, this can be ac-
ceptable when considering a simulation where there
is the option for trial and error. In this light, using
the CoSyNE adaptation for navigation is a benefi-
cial addition over shortest path navigation.

With a critical eye there are some insights to be
seen as to why there might be better alternatives
over CoSyNE. As CoSyNE introduces a certain de-
gree of stochasticity to the movement made by the
agent it is likely that one of these random changes is
better than the baseline, while many other changes
would be worse than the baseline. This is also re-
flected in the results, where average performance
per generation decreases, while best performance
per generation increases.

There is some space to explore discrediting this
CoSyNE adaptation for navigation by comparing
it to a simple shortest path navigation with some
noise component added to it. There is a good pos-
sibility that this might perform similarly, or even
better, than this specific CoSyNE adaptation.

The same problem exists for the addition of drop-
connect to the CoSyNE adaptation. While there
is again an increased performance in the best run
per generation, the addition of dropconnect is detri-
mental to the average run per generation.

This can partly be attributed to the fact that
the neurons which feed shortest path recommenda-
tions to the output layer are essential to the perfor-
mance of the network. When these connections are
dropped, the ability to reach a good performance is
hindered immensely. Therefore, it is hard to reach
a general conclusion about whether dropconnect
would have a beneficial effect to regular multi-layer
perceptrons under the evolution of CoSyNE.

Fortunately, the performance of the best run per
generation is still notably increased overall, so for
problems where the ability to explore different solu-
tions before settling on a final decision is available
this can still be considered a good addition.

Like the original CoSyNE adaptation without
dropconnect, there is still the risk that the bene-
fits on the best run per generation might be at-
tributable to the increased stochasticity that drop-
connect adds to the original CoSyNE.

Overall we can confidently conclude that the
CoSyNE navigation adaptation, particularly with
the addition of dropconnect, is very effective at
finding a good solution to save houses over a set
of simulations. It notably improves on the perfor-
mance of simple shortest path navigation. However,
it should not be applied as a solution for one-shot
problems, since the average performance per gen-
eration, for all of these techniques, is insufficient.
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