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Abstract-- A Neural Network consists of a network of 

interconnected artificial neurons that try to mimic the 
functioning of biological neural networks in the human brain. 
Artificial neural networks can be trained so as to produce the 
desired set of outputs for a particular set of inputs, which allows 
a neural network to be used to solve complex classification and 
prediction problems which are difficult solve by conventional 
methods. Backpropagation is the most common algorithm used to 
train neural networks. Training using backpropagation is a very 
slow and uncertain process; training failure arises from factors 
like network paralysis and local minima [1]. To overcome these 
drawbacks researchers are testing heuristic methods like Genetic 
Algorithms, Particle Swarm Optimization, Simulated Annealing, 
etc. to train neural networks more efficiently. One such swarm 
intelligence based meta-heuristic approach to problem solving is 
Ant Colony Optimization (ACO), which exploits the ability of an 
Ant Colony to find the shortest path between its nest and food 
source to solve problems. In this project ACO is used to train the 
neural network and its performance is compared with the 
performance of backpropagation, in the hopes that they will train 
neural networks more effectively.  
 

Index Terms—Ant Colony Optimization (ACO), Artificial 
Neural Networks (ANNs), Backpropagation Algorithm, Mean 
Square Error (MSE). 

I.  INTRODUCTION 
A Neural Network is a computational model that tries to 
simulate biological neural networks structurally and/or 
functionally. It consists of interconnected group of artificial 
neurons that process information using a connectionist 
approach. Artificial Neural Networks are used for a variety of 
tasks, a popular use is for classification [1-3]. You can collect 
datasets of images for example of different breeds of dogs and 
then train a neural network on the images, then if you supply a 
new image of a dog it will give a statistical score on how 
closely the new image matches the model and then will output 
what breed of dog the image is [4]. Neural Networks are also 
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used in Self Driving cars, Character Recognition, Image 
Compression, Stock Market Prediction, and lots of other 
interesting applications [5-9].  
 
The Artificial Neural Networks ability to learn so quickly is 
what makes them so powerful and useful for a variety of tasks. 
But how do they learn? Information flows through a neural 
network in two different ways. When the model is learning 
(being trained) or operating normally (after being trained 
either being used or tested), patterns of information from the 
dataset are being fed into the network via the input neurons, 
which trigger the layers of hidden neurons, and these in turn 
arrive at the output neurons. This is called a feedforward 
network [10-13]. Not all neurons “fire” all the time. Each 
neuron receives inputs from the neurons to its left, and the 
inputs are multiplied by the weights of the connections they 
travel along. Every neuron adds up all the inputs it receives in 
this way and (this is the simplest neural network) if the sum is 
more than a certain threshold value, the neuron “fires” and 
triggers the neurons it’s connected to [14]. 

 
For an artificial neural network to learn, it has to learn what it 
has done wrong and is doing right, this is called feedback. 
Feedback is how we learn what is wrong and right and this is 
also what an artificial neural network needs for it to learn. 
This is where you start to see similarities to the human brain. 
If you are learning to play a game like tennis you learn that if 
you hit the ball too hard it will go out of the court and you will 
lose the point, or if you don’t hit the ball hard enough it won’t 
go over the net but if you hit it perfectly it will go onto the 
other side in the court and if could win a point, this is a classic 
example of feedback where you lose the point or potentially 
gain a point. This is how we learn what we are doing correct 
or wrong and this is what a neural network needs to learn [2, 
8, 9, 12]. 

 
Neural networks learn things in exactly the same way as the 
brain, typically by a feedback process called back-propagation 
(this is sometimes shortened to “backprop”). This is where 
you compare the output of the network with the output it was 
meant to produce, and using the difference between the 
outputs to modify the weights of the connections between the 
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neurons in the network, working from the output units through 
the hidden neurons to the input neurons going backward. Over 
time, back-propagation causes the network to learn by making 
the gap between the output and the intended output smaller to 
the point where the two exactly match, so the neural network 
learns the correct output [11, 13]. 

II.  LEARNING IN ARTIFICIAL NEURAL NETWORKS 
The structure of an artificial neuron is shown in Figure 1; the 
neuron calculates its input as 

𝑠 = 	$𝑥&𝑤&

(

&)*

+ 	𝜃 

where s is the summation output of the neuron, x is an input, w 
is a connection weight and 𝜃 is the bias. Further, wi is the 
weight associated with each input which has a value between 
0 and 1 and xi is either the actual input or output of another 
neuron in the previous layer. The output, y, is calculated using 
the following sigmoid function [15, 16]: 

𝑦	 = 	
1

1 + 𝑒01 

 

 
Figure 1: Basic Artificial Neuron 

 
Figure 2 shows the structure of a neural network with four 
inputs and one output. The input layer gets the actual input 
and sends it directly without any change as its output, the 
input then flows through the hidden layer and the final output 
is obtained at the output node. Training a neural network is 
actually a process of finding the optimal set of weights for the 
links between neurons which will make the neural network 
produce the correct output corresponding to the given input. In 
backpropagation an iterative approach is used to find the 
correct set of weights. Backpropagation is a supervised 
learning method, which means a data set of inputs and its 
corresponding outputs for a particular problem is required to 
train the neural network. The inputs are applied to the neural 
network and the calculated output is compared with the actual 
output to get the error. The calculated error is then used to 
adjust the weights such that it is minimized. This process is 
repeated until the error is within a criterion value [17, 18].  
 
The initial connection weights may be obtained by using a 

randomization process. After randomly initializing all weights 
and parameters in the network, the network will start to 
compute outputs by calculating the weighted sum of each 
neuron from the previous layer, then using activation function 
that defined, compute the output into the next layer until the 
output layer is reached, thus getting the target prediction. This 
process is called “forward propagation”. Of course because 
with random initialization, the network will certainly make a 
errors for the prediction. Whatever the prediction is, the 
network will compute the error from the true value, and 
propagate the error signal back through the entire network. 
This process is called “back propagation”. The process is 
repeated until the cost is minimized to a certain point to which 
the network is said to have converged [19-22]. 
 

 
Figure 2: A Feed-forward Neural Network Structure 

 
Gradient Descent is one of the optimization techniques 
commonly used in machine learning. In neural networks, the 
gradient descent algorithm is used for finding a local 
minimum of a cost function [17]. 

 

III.  ANT COLONY OPTIMIZATION (ACO) 
Ant colony optimization is a metaheuristic approach to solve 
difficult optimization problems. ACO is inspired by the 
foraging behavior of ants, which enables ants to find the 
shortest paths between food sources and their nest. In ACO, a 
set of artificial ants search the solution space for better 
solutions to a given problem [13]. The general idea of ACO is 
described in Figure 3. Initially the ants wander randomly until 
food is found, and when an ant finds food; it returns to its nest 
depositing pheromones on its way back. Pheromone has a 
property such that it evaporates with time and ants follow a 
pheromone trail which has the strongest concentration. Over a 
period of time more and more ants follow a trail which has the 
highest pheromone concentration which will also be the 
shortest path [16]. Because, the pheromone deposit on longer 
trails evaporate faster than that of the shorter trails as it takes 
relatively more time for an ant to traverse that path. Finally 
every ant will follow the shortest path which will have the 
highest pheromone concentration as illustrated in step 3 of 
Figure 3. There are two types of ACO algorithms, continuous 
and discrete. ACO was originally developed to find the 
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shortest path through a graph, which is a problem with a 
discrete solution space. A few ACO algorithms were 
developed later to solve problems with continuous solution 
space [22].  
 
 
 
 

 
Figure 3: Ant Colony Optimization 

 
 
The algorithm used in this project is belongs to the Continuous 
ACO category, as the solutions space problem of finding the 
optimal set of neural network weights is continuous. So, in 
this project the ACO algorithm for continuous optimization as 
defined by Krzysztof Socha and Christian Blum [2] is used. 
The summary of the algorithm is given below: 

1. Construct candidate solutions probabilistically using a 
probability distribution over the search space. 

2. Use the candidate solutions to modify the probability 
distribution in a way such that future sampling is 
biased toward high quality solutions 

 
 

 
Figure 4: ACO for Continuous Optimization 

 
For combinatorial optimization problems ACO algorithms use 
the pheromone model to probabilistically construct solutions, 

the pheromone trail acts as the memory that stores the search 
experience of the algorithm. In ACO for continuous 
optimization the search is modeled with n variables, which is 
the number of neural network weights in our case. The 
candidate solutions are stored in an archive and are used to 
alter the probability distribution over the solution space. The 
probability distribution is analogous to the pheromone model 
used in combinatorial optimization problems. Given below is 
the high level pseudocode of the algorithm [2]:  
 

Figure 5: ACO Pseudocode 
 
The algorithm maintains a solutions archive where are all the 
candidate solutions are stored; each candidate solution 
contains the values for all the ‘n’ variables that define the 
search space. In this case ‘n’ is equal to the number of weights 
in the neural network that is trained. The archive contains ‘k’ 
solutions. The fitness vector contains the result of the 
objective function f for all the solutions in the archive. This is 
the function that we are trying to minimize. In this case we are 
trying to minimize the sum squared error for our training set. 
The archive is sorted against the values of this vector. This 
vector contains the weight assigned to each solution, which is 
calculated using the formula [2]: 
 

𝜔3 	=
1

𝑞5√2𝜋
𝑒
0(30*)

;

<=;5;  

 
Here, if the parameter q is small high quality solutions are 
preferred more and if it is large then the weight distribution is 
almost equal (l is the index of the solution in the archive). For 
the probabilistic construction of solutions we use the Gaussian 
PDF to define the probability distribution over the search 

Archive 
Update 

Probabilistic 
Solution 

Construction 

Archive 
Initialization 

START 
Initialize archive with random values 
WHILE True: 

Calculate fitness and sort the archive 
Select the top k solutions 
IF (fitness of first solution is acceptable) 
 BREAK LOOP 
END IF 
Calculate the weights for each solution 
Generate k more solutions by sampling 
the Gaussian Kernel PDF (explained 
later) 

END LOOP 
PRINT solution 
STOP 
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space. Gaussian distribution is a bell shaped distribution 
centered at the mean. To create a Gaussian distribution we 
need two parameters µ -mean and σ -standard deviation. The 
Gaussian function has a disadvantage that has to be dealt with, 
due to the fact that the variation in the shape of the Gaussian 
function is limited, a single Gaussian function cannot be used 
to define a situation where there are two disjoint areas which 
are promising [5]. So, we use the enhanced Gaussian Kernel 
PDF which is a weighted sum of several one dimensional 
Gaussian functions g(x) as given below [8].  
 

𝐺&(𝑥) 	= 	$𝜔3𝑔3&(𝑥)
5

3)*

	= 	$𝜔3
1

𝜎3&√2𝜋
𝑒
0
(A0BC

D);

<EC
D;

5

3)*

 

 
Where k is the number of solutions in the archive, l is the 
index of the solution and i is the dimension. The kernel PDF 
helps us to create an n dimensional probability distribution 
space as show that can be sampled to generate a set of biased 
weights for the neural network under training.  
 

 
Figure 6: Visualization of Gaussian Kernel PDF [2] 

 
Each dimension of the solution has its own Gaussian Kernel 
PDF - Gi (x), constructed using the weights of the same 
dimension in the archive. To find the value for a dimension i 
(NN weight) of a newly constructed solution, G(x) is sampled. 
Sampling is done in two phases.  

1. One of the Gaussian functions that compose the 
Gaussian Kernel PDF is chosen with the probability of 
choosing the l-th Gaussian function given below [2] 

𝑝3 =
ω3

∑ ωI
5
I)*

 

2. The chosen Gaussian function is sampled to get the 
value for the dimension. 

Once a Gaussian function is chosen, the same function (i.e. 
index l of the archive) is used to generate values for all the 
dimensions of that solution, each time by plugging in the 
values for mean µl and σl from each i of solution l in the 
archive. The mean is equal to the value of the variable i.e. the 
i-th variable of all the solutions in the archive become the 
elements of vector µi. The standard deviation is calculated as 
the average distance between the chosen variable of the 

chosen solution to the same variable in all other solutions in 
the archive [2].  

σ3& = ξ$
L𝑥M& −	𝑥3&L
𝑘 − 1

5

M)*

 

Here, the standard deviation is multiplied by ξ, which is 
analogous to the pheromone evaporation rate in ACO for 
combinatorial optimization. High value for ξ results in low 
convergence speed [19]. Thus, all the n Gaussian Kernel 
PDF’s are sampled to create a solution. This sampling is 
process is repeated to create k solutions (sets of neural 
network weights) for each training iteration. 

IV.  RESULTS 
Two test data sets given below are used from University of 
California, Irvine machine learning database. Seeds dataset [6] 
- Measurements of geometrical properties of kernels belonging 
to three different varieties of wheat. A soft X-ray technique 
and GRAINS package were used to construct all seven, real-
valued attributes. Glass dataset [7] -  From USA Forensic 
Science Service; 6 types of glass; defined in terms of their 
oxide content (i.e. Na, Fe, K, etc). Both these datasets are used 
for comparing the performance of the described continuous 
ACO algorithm with that of backpropagation.  
 
The metric used for comparing continuous ACO with back 
propagation is the number of passes performed on the neural 
network for training. The structure of the neural network used 
in both the algorithms is same. The back propagation 
algorithm used for comparison needs three runs through the 
neural network for each set of weights.  One forward pass to 
calculate the output of the neural network, one backward pass 
to propagate the error backwards to all the nodes and another 
backward pass to adjust the weights of each connection. In 
ACO, we just have one pass for each set of weights and the 
adjusted weights are generated by the algorithm. Each set of 
weights in the solution repository is given a forward run to 
calculate the error and the algorithm uses the error as a 
variable to calculate another biased set of weights. So, a 
training iteration has three passes for backpropagation and k 
passes for ACO, where k is the size of the repository used to 
store the weights. So, the number of training iterations 
required for the neural network to converge to the acceptable 
error rate for ACO can be considered to be equivalent to that 
of backpropagation as given below. 
 

𝑁QR × 3 ≡ 𝑁VWX × 𝑁YIZ&( × 𝑁ZI[\&]M 
 
Where, NBP is the number of backpropagation iterations, NACO 
is the number of ACO iterations, Ntrain is the number of 
training cases in the dataset and Narchive  is the number of 
solutions in the archive. The parameter q which is used when 
each solution in the archive is assigned a weight using the 
expression presented earlier. When the value is q is small 
solutions with high fitness are highly preferred, when it’s large 
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the probability of choosing a solution is uniformly distributed, 
allowing more randomness. The optimal value is found to be 
0.85 for both the datasets. The number iterations required for 
the neural net to converge with different values of q is 
described in Table 1, below. 
 

Table 1: Analysis of Parameter q 
q Iterations for 

Seeds dataset 
Iterations for glass 

dataset 
0.06 59056 Did not converge 

0.07 31789 56534 

0.08 23788 37789 

0.09 29682 46523 

 
The parameter ξ is analogous to the pheromone evaporation 
rate in ACO; this affects the long term memory implicit to the 
archive. Higher the value of ξ, slower the convergence speed, 
i.e. low quality solutions are forgotten faster and will have a 
lower influence on constructing new solutions. Performance of 
the algorithm with different values for ξ with the optimal 
value 0.08 for q is compared in Table 2.  
 

Table 2:  Analysis of parameter ξ 

ξ Iterations for 
Seeds dataset 

Iterations for Glass 
dataset 

0.65 Did not converge Did not converge 

0.75 56789 61945 

0.80 29378 47834 

0.85 23788 37789 

0.9 36784 54578 

 
An archive size of 20 is used for all the test data generated. 
After studying different values, the results indicate that the 
archive size itself does not affect the efficiency of the 
algorithm for the test data sets used for comparison. From the 
data collected in Table 1 and Table 2, the optimal values for ξ 
and q for the studied datasets are 0.85 and 0.08 respectively. A 
continuous ACO algorithm with the optimal parameter values 
are compared with backpropagation algorithm run for the 
same datasets, the raw iterations required for the neural 
network to converge within the error criterion is are populated 
in Table 3. 
 

Table 3: ACO vs. Backpropagation 
Training 

Algorithm 
Raw Iterations 
(Seeds dataset) 

Raw Iterations 
(Glass dataset) 

Backpropagation 3936163 5678934 

Continuous ACO 23788 37789 

 
The number of passes through the neural network that is 
trained is used as the comparison metric. For backpropagation, 
there are three passes through the neural network for each 
training iteration. So the number of passes is three times the 
number of iterations needed for the network to converge. For 
ACO, one iteration equals the number of raw ACO iterations 
times the number of training case passes times the archive 
size. The raw iterations required by ACO for each dataset is 
normalized and populated in Table 4 for comparison against 
backpropagation. From the comparison results in Table 4 it is 
clear that the ACO algorithm used in this project on the 
selected datasets performed poorly when compared with 
backpropagation. The ACO algorithm was only 12% and 3% 
efficient as backpropagation for the Seeds and Glass datasets 
respectively.  
 

Table 4: Continuous ACO performance analysis 

Dataset Training 
cases 

BP 
Iterations 

Raw 
ACO 

Iterations 

Normalized 
ACO 

Iterations 

ACO 
efficiency 

Seeds 210 3936163 23788 33303200 12% 

Glass 214 5678934 37789 161736920 3% 

 

V.  CONCLUSION 
Training a neural network is the process of finding the optimal 
set of weights for connections between neurons in the 
network; the values for the neural network weights form a 
continuous solutions space. An ACO algorithm to solve 
continuous optimization problems has been identified and 
studied. The studied algorithm is implemented in Java and is 
used to train the neural network for the Seeds and Glass 
datasets. The parameters that govern the algorithm behavior 
are studied and the findings are documented to find their 
optimal values for the dataset under study. A metric is defined 
for comparing ACO with backpropagation and their 
performance is compared against the same datasets and 
documented. From the test results it is clear that this 
implementation of the continuous ACO algorithms performs 
poorly when compared to backpropagation for the datasets 
used. ACO parameters can further be investigated and 
optimized. Other probability distribution methods need to be 
investigated for solution weight calculation and neural 
network weight calculation. Also, each solution in the archive 
can be improved using other neural network training methods 
to investigate the performance of algorithms hybridized with 
ACO. 
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