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Cuckoo Search for Portfolio Optimization

Mohammad Kamal El Medawar

ABSTRACT

Portfolio optimization is the problem of allocating capital over different assets in
order to maximize the return on the investment and/or minimize its risk, which has
been a major concern for investors throughout the world. Markowitz developed the
mean variance model as a part of the modern portfolio theory. When applying this
theory to real-world problems, investors would force certain constraints on the
solutions for a portfolio so that they meet their investment needs. Hence, the study of
the portfolio optimization problem can be tackled in different ways according to the
constraints to be included and the algorithms that will be applied. In this work, we
design a meta-heuristic method based on Cuckoo Search (CS). Cuckoo Search is an
optimization population based algorithm that imitates the reproduction strategy of
cuckoos. The meta-heuristic is evaluated using different problem model parameters
such as portfolio size, cardinality and lower and upper bounds. The dataset used is
one provided the OR Library. The measurement of the solution quality in the results
is compared with previous results and shows some improvement. For example, the
CS algorithm outperformed two algorithms out of three in all datasets. In addition, it
outperformed the third algorithm in 2 datasets out of 5.
Keywords: Cuckoo Search, Portfolio Optimization, Markowitz, Mean, Variance.
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Chapter One
Introduction
Usually, investors want to invest their money in objects of great value often referred
to as assets. Examples of assets include stocks, bonds or company shares. A
collection of assets which the investor invests in is referred to as a portfolio. In
general, the investors ask for financial analysts’ help in finding the best assets that
have acceptable risk with profitable return to invest in. The investor prefers investing
in multiple assets instead of one to divide his budget on multiple assets so that if
some assets’ values increase while others’ values drop, then the combined risk is
low, so by that the investor would be minimizing risk as much as possible.
Although some investors rely on instincts and observations to compose an efficient
portfolio, an approach can be suggested to calculate the expected returns and the
minimum risk, and to take into consideration a magnitude of parameters and
constraints.
Models are used to provide an abstract / mathematical representation of this process.
One of these models is the Mean Variance model (Cesarone, 2013). In this MV
Model, the expected return is the mean from the assets and the risk is the variance
from the assets. Calculating the return and the risk helps determine if a certain
number of assets are of great value for future investment. Portfolio optimization is
also considered to be the foundation for selecting the asset to invest in (Markowitz,
1952). This is considered to be the aim for portfolio optimization since what is
required is selecting the assets that can offer the investor highest profit and minimum
1

risk. There should always be a risk tolerance assigned to the problem, which
corresponds to the maximal risk an investor can tolerate. During the whole process,
the investor requires to maximize the return. Therefore a trade-off between return
and risk is always required.
Markowitz was the first to define the mean-variance model (MV) which is part of the
modern portfolio theory (Markowitz, 1952). This model is quadratic, which can be
solved by math programming methods. The model depends on trying to maximize
the returns for a given risk. The result of these sets of portfolios will be a Pareto
frontier having for each particular portfolio no other one with equal return and lesser
risk, and no other one with equal risk and greater return. Therefore, a heuristic or
meta-heuristic approach is needed. The motivation for this is to try new metaheuristics to the problem which saves run time and gives equal or better solutions
than existing methods in literature.
With respect to the complexity, the portfolio optimization problem is considered to
be an NP-Complete problem. Hence, we need to use heuristics to find good
suboptimal solutions.
Several algorithms have been used to solve the Portfolio Optimization problem,
which are summarized in Chapter 3. In this thesis, we design a Cuckoo Search
Algorithm for providing good suboptimal solutions. In the recent decades, we
noticed an increase in research on nature-motivated algorithms such as Evolutionary
Computing, Neural Networks, and Swarm Optimization. In our thesis, the naturebased algorithm that we are going to employ is Cuckoo Search. This algorithm was
inspired from nature and more specifically because of a bird type called Cuckoo.
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Cuckoo Search is an optimization population based algorithm developed by Yang
and Deb (Yang, 2009). They discovered that the random-walk style search is better
performed by Lévy flights, which is the concept of mutating and searching between
one nest to another for better solution, rather than simple random walk. We evaluated
our adapted cuckoo search algorithm by using real world / published data sets. The
experimental results showed comparable and better results compared to particle
swarm optimization and tabu search.
This thesis is organized into six chapters: an introduction in Chapter 1 and the
problem description in Chapter 2. Chapter 3 is dedicated for the literature review.
Then, in Chapter 4, I will explain the Cuckoo Search Background, and in Chapter 5, I
will talk in detail about the Cuckoo Search Algorithm design for the Portfolio
Optimization problem. Experimental results and discussion are shown in Chapter 6.
Finally, Chapter 7 will present the conclusion of my thesis.
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Chapter Two
Problem Description
For the Portfolio Optimization problem, we use Markowitz’s model (Markowitz,
1952).
By definition, a portfolio is considered to be a collection of assets which the investor
invests in.
It is composed of assets, and other variables like return, risk, and weight.
Return, also known as Mean, represents the amount of money gained.
Risk, also known as Variance, represents the amount of money lost.
Weight, also represented as the decision variables, is the value/percentage that
evaluates each asset.
By analyzing these terminologies, we noticed a tradeoff that leads us to the problem
that’s called portfolio optimization (Cesarone, 2013). The goal of this problem is to
maximize our return (mean) and minimize our risk (variance). This Markowitz
model has one major rule stating that the returns of our assets should normally be
distributed. This means that the shape of our data curve contains a single central peak
and it forms a bell shape. Accordingly, we can employ the following terminology:
The referral term for the return is mean.
The referral term for the risk is variance.
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The weights placed on our assets are considered decision variables
The total summation of our weights must be equal to 1
(We do normalization as  Σxi = 1)
The Markowitz Mean–Variance model specifies the objective function as
Return Function:

Risk Function:

The following symbols are used hereafter
Table 1: Return / Risk Variables Definitions

Indexes

i,j

Index of asset, i = 1, 2... n

μi

The expected return of asset, i, j = 1, 2... n

The covariance between the returns of asset i and
Parameters

σij
asset j

Decision Variables

E

The acceptable least rate of the expected return

xi

Investment weight of assets i

5

Covariance

-

σij = ρij . σi . σj

Our main goal is to minimize the value of the total risk of our portfolio. This goal is
represented in the Return Function stated above in Step 1.
Regarding the Covariance formula found in Table 1, it represents how two of our
assets are related to each other due to the correlation effect. The correlation ρij is also
taken into consideration between any pair i, j of assets. This sums up that our
Covariance formula is calculated by multiplying the Correlation ρij by the Covariance
of i and the Covariance of j.
According to Markowitz, who also named this model as “expected returns-variance
of returns” rule, we should always focus on our main rule which is maximizing the
expected returns for the investor. But unfortunately, this rule is usually discarded
because we cannot guarantee that it is always applicable. For this reason, we explain
for the investor that the expected return is what we wish for and the variance of
return is considered as an undesirable thing.
Although this model is considered to be one of the best models used for portfolio
optimization, it has disadvantages and is well known for being inapplicable to real
life data sets. Whenever we have large sets of assets, the high cost of transactions is
considered a main constraint and limitation when investing all our assets. Thus, this
problem is calculated using Quadratic Programming. Quadratic Programming is an
exact method that calculates the best solution, and it has been theoretically proven to
be unbeatable. The problem in Quadratic Programming is that it takes too much time
and running the algorithm is very costly (Yaakob, n.d.). The investor needs an
approximate solution within a reasonable period of time. Thus, the Quadratic
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Programming algorithm is not practical, and we are in real need of an algorithm that
gives the best solution with minimal time. This is where heuristics are needed.
One of the main constraints that we face in this model is the boundary because the
assets’ weights need to be exactly the same as the budget spent. One can propose to
put a limitation on the value of the transaction level and make it strictly greater than
0 since any investment value cannot be equal to 0% of our weights.

7

Chapter Three
Literature Review
Evolutionary Algorithms
Genetic Algorithm (GA)
Genetic Algorithm is a stochastic optimization algorithm (Soleimani, 2009),
originated in 1975 by John Holland who is known as the father of Genetic
Algorithms. It can be categorized as one of evolutionary algorithms, inspired by
evolution that happens in nature. Examples on this evolution include the ones
mentioned by Goldberg (1989): mutation, crossover, and inheritance. A trade-off
must be considered between exploitation and exploration in this algorithm. Through
the generations of solutions created, authors attempt to approach the optimal
solutions. They state that genetic algorithm has been theoretically proven to deliver a
robust search in sophisticated search spaces. Referring to Lin (2007) and Goldberg
(1989), on how the algorithm works, it starts with an original set of random solutions
to be used as the population. Each member in that population is given the term
chromosome which representing a solution to the problem. The chromosomes
progress through consecutive iterations which are called generations since the
chromosome changes or undergoes mutation or crossover when it goes from one
generation to another. Certain measures are taken to evaluate the chromosome to
create the next generation of chromosomes called offsprings. The number of
chromosomes is maintained during the process during which the offspring creates
assimilating two chromosomes using a crossover operator and changing a bit in it
8

using the mutation operator. The fitness of each chromosome (solution) is evaluated
and a number of the best candidates are selected to undergo crossover and mutation
processes to generate a new population (Walton, 2013).
The Algorithm can be briefly described in following steps:
Initialize the population
Evaluate the fitness of the individuals
Repeat the following steps until the termination criterion has been met
Step 1 – Select the solutions for the matting pool
Step 2 – Generate new offsprings performing crossover and mutation
Step 3 – Evaluate the fitness of the new individuals

There are many types of mutation operators. Examples are: twors mutation, center
inverse mutation (CIM), Reverse Sequence Mutation (RSM), throas Mutation, and
Partial Shuffle Mutation (PSM). In twors, the position of the genes is exchanges
randomly. In (CIM) the chromosome is divided into two sections during which all
genes from each section are inversely positioned in same section of the child. In
(RSM), a sequence of genes is reversed and placed in same way as previous operator.
In throas, when there is a sequence of genes, the last becomes the first, the second
becomes the last, and the first becomes the second in the sequence. Finally, in
(PSM), the order of the genes is altered partially in the genotype. They keep on
giving generations until the result is chromosomes having the solution closest to
optimal if we know the optimal solution for the problem. Genetic algorithms work
very well on mixed, combinatorial problems (Soleimani, 2009). Noticeable
advantages of this algorithm over others are its ability to deal with complex problems
and its parallelism. It deals with optimizing objective functions regardless of whether
9

it’s stationary, linear, and continuous or not. Moreover, it can explore the search
space in various directions simultaneously. The proposed method is valid for the
portfolio optimization problem (Lin, 2007). In the work of Chan (2002), genetic
algorithm provides highest expected return while any risk aversion constraint is
taken, On the other hand, if there is no risk aversion, then genetic algorithm gives
less values for the variance. Results show that the two- stage genetic optimization
algorithm is an “effective portfolio optimization approach”, which can search the
most valuable portfolio for investors.

Differential evolution (DE):
It is an evolutionary algorithm, introduced by Storn and Price in 1997 (Krink, 2011).
In contrast with other evolutionary algorithms, it has remarkable performance
regarding continuous numerical problems since it has an operator that creates each
new candidate solution by evaluating the difference vector of two randomly selected
candidate solutions, which is scaled down and added to a third randomly selected
solution in the population(Krink, 2011). The size and direction of this difference
vector is biased by the distribution of the population in the search space in each
iteration and for each candidate solution in the population (Krink, 2011).
Furthermore, this solution after being created is modified by a crossover with another
individual to inherit few parameters and it will replace an existing solution in the
population if its fitness is better (Krink, 2011). Applying DE on the portfolio
optimization problem as DEMPO, ”Differential Evolution for Multi-objective
Portfolio Optimization”, shows that results are comparable to other techniques since
the solutions are very close to each other. Still, one disadvantage of it showed that

10

the DEMPO solutions did not cover the shape of the efficient frontier similar as the
other algorithms (Krink, 2011).

Local Search
Tabu Search:
Tabu Search is a stochastic optimization used for optimization problems. It was
originally developed by Glover in 1995. According to Schaerf (2002), it belongs to
non-exhaustive general-purpose techniques. TS enhance the performance of a local
search method by using memory structures called Tabu list. The algorithm initiates
with an initial state which is obtained randomly. Then it goes into a loop that will
traverse the search space. This will let algorithm go from the state it is in to one of its
neighborhood. Therefore Tabu search will explore the entire neighborhood to find
the state having the lowest cost will become the new current state to start with and
process is repeated until reaching the state having the least cost achievable. In other
words, TS uses a local or neighborhood search procedure to iteratively move from a
solution xi to another solution xi+1 in the neighborhood of xi, until stopping criterion
has been satisfied. The admitted solution in the neighborhood of a solution is
determined through the use of a memory structures, called Tabu list. It is a “shortterm memory” which contains the solutions that have been visited previously.
Schaerf (2002) states that there is a problem with the algorithm that is one of the
states might be local minima. Glover (1989) states that the Tabu list enhances the
algorithm’s performance. This Tabu list describes the visited solutions or userprovided sets of rules.” As stated before, the algorithm reaches a stop criterion when
it used all the iterations available, or when the state with the least cost is reached if
there is already a least cost and we are comparing to it.
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When the algorithm was applied to the problem taking into consideration risk
management through Conditional Value at Risk as discussed by (Aldaihani, 2008),
the results show that Tabu search can give good results within good sufficient
computational time taking into consideration that in their work their aim was to try to
reach greater returns without having to increase the risk. TS applied on 5 instances
from real stock markets with cardinality and boundaries constraints showed how
adjustments and randomization could help in decreasing the problem of parameter
setting such as using step parameter (Schaerf, 2002). In (Glover, 1989), Studies
comparing Tabu search to more particular methods gave results that give evidence
that Tabu search may be useful for solving “combinatorial optimization problems”.

Steepest Ascent Hill Climbing (SAHC)
It is a subset of meta-heuristic optimization methods. SAHC starts with a random
solution which is considered a single node and generates new solutions by searching
randomly within the current solution’s neighborhood. Solutions are a node with
different types. The neighborhood of a node is deﬁned by the values in the set of its
type. The algorithm starts by making moves in a discrete-space neighborhood. The
algorithm calculates a number of random solutions, and the best found so far is
saved. |For each of the nodes, the solution is evaluated with a range of the different
values deﬁned for the node type. If these values improve the solution ﬁtness, the new
solution remains with the change applied to it and process repeats itself according to
the iterations inputted. When applied to the portfolio optimization problem, the
algorithm consumes little memory and its implementation is very simple. It is fast
and its performance is close to a more complex approach, the GA. Since its run time
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is lower than the GA and fewer calculations are needed to ﬁnd good and even better
solutions, the SAHC approach was considered a good method to quickly ﬁnd
practical solutions.

Simulated Annealing:
Simulated annealing (SA) is a probabilistic approximation algorithm which is
considered one of the widely used meta-heuristics (Bertsimas, 1993). It is also one of
the most studies in terms of convergence analysis.Simulated annealing is an
algorithm that does the search in the neighborhood of the solution and is often
referred to as the “neighborhood search of the solution space” (Crama, 2003).
According to Crama and Schyns, the main benefit of simulated annealing over
traditional local search approaches is that avoids being trapped in local minima. The
algorithm works as a trajectory-based random walk of a single agent, starting from
an initial guess x0. It acts as a Markov chain whose transition probability from the
current state to the next state depends on the current state’s location and the
acceptance probability. In other words, the algorithm starts with a solution and then
searches the neighborhood solution. The neighborhood solution replaces the one if it
is better. If not, it is still acceptable with certain probability. The Markov chain will
not only accept changes that improve the objective function, but also keeps some
changes that are not ideal. In minimization problems, moves that decrease the
objective function will be accepted and some moves that will increase it a bit will
also be accepted within certain probability.
To apply this algorithm to our specific problem which is portfolio optimization, the
solution shall be a vector during which each variable in it encodes for weight that an
asset shall take in the portfolio. The fitness of the solutions will be compared. To
13

check feasibility of the algorithm, they made sure that all the solutions in the
neighborhood of the current solution are feasible. In addition, the algorithm showed
some disadvantage according to Crama and Schyns which is that algorithm performs
the search in large search solution space which makes the algorithm takes up more
run time and needs more number of iterations to reach the best solution.
Moreover, the algorithm was applied on the same problem with regression model
which ranks assets by expected future returns and then selects a portfolio from
among the highest ranked stocks (Lai, 2010). It was noticeable that the algorithm
gives good results regardless of the investment length. It is the period of time during
which the asset prices have been collected to be used for calculation of the returns
and risks and is referred to as window size. Other algorithms have showed that
results of portfolio optimization might not be efficient when the investment length is
small. However, with simulated annealing, Lai (2010) showed that this is one
advantage over the rest of the algorithms.

Swarm algorithms
Particle Swarm Optimization (PSO):
The particle swarm optimization is considered one of the evolutionary algorithms
and it is a nature based algorithm. Its general purpose is due to Kennedy and
Eberhart. It works by preserving a swarm of particles that move around in the searchspace which are affected by the improvements discovered by the other particles. The
pool of solutions is referred to as swarm where each solution is a particle. In his
study, he followed the work of Kennedy (2001) during which the algorithm stores
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the best position previously visited. Each particle has N dimensions, each for an
asset. Each particle as well has proportion and decision variables. Kennedy said
(2001) that a particle travels in solution space according to its previous position
where it acquired the best fitness value and the neighbor’s position. The algorithm
starts to iterate going from one position to the other. In each iteration, the particle’s
position and its neighbor at their best in the swarm have to be updated when there is
an improvement in the fitness values. If not, the positions do not change on that
iteration (Kennedy, 2001). His work showed that in certain problem during which the
investor needs to invest in assets that request small risk in investment, the algorithm
gives better results than the other methods he implemented and compared it to.

The Ant Colony Optimization (ACO):
It is a nature inspired algorithm using ant behaviors to create algorithms for
optimization reasons (Haqiqi, 2012). Scientists realized ants can find shortest path to
from their home to their food even if an unexpected obstacle has interrupted the
initial path, they can reconnect. The reason for that is that ants deposit a substance
called pheromone while walking so that other ants following it will know the path to
walk through since ants prefer to follow a direction rich in pheromone (Haqiqi,
2012). The algorithm starts with all the possible solution fragments have their
pheromone initialized. Each ant will go through the potential solution fragments, in
order to construct a complete solution. During construction, at every stage, an ant
will select the section which has the max pheromone level (Haqiqi, 2012). After all
the ants have constructed solutions to the problem, the fitness of each of these
solutions is evaluated, and this information is used to update the pheromone trails
15

using the evaporation step, and the pheromone deposit step. Applying this algorithm
to the portfolio optimization problem, results confirm that small portfolios can
indeed be very well diversified if a good method is applied for asset and weight
selection. This algorithm was efficient in solving the problem with constraint of
having a nonnegative investment ratio. Moreover, with cardinality constrain on the
maximum number of assets on Tehran Exchange Market, results showed that a small
portfolio of assets could be found having a comparable performance with much
diversified portfolios. Other work also used assets from Tehran Stock Exchange
which also showed that the algorithm is reliable for the problem yet, the performance
is little bit slow and can be improved.

Hybrid Heuristic Algorithms
While some literatures has based their work on single heuristic algorithms for
portfolio optimization problems, other authors have tried applying hybrid heuristics
on the problem by combining two or more heuristics. Hybrid heuristic algorithms
mix distinctive characteristics of two or more methods so as to improve searching of
the solution space. In general, it is noticed that while the algorithms help give more
optimal points on the efficient frontier, a disadvantage of hybrid over single heuristic
algorithms in some literatures is the fact that it needs more run time. In the work of
Giannakouris (2010), ant colony optimization and firefly algorithms have been
combined. Both are nature-inspired algorithms. Ant colony optimization has proven
to be efficient in examining generally the solution space (Giannakouris, 2010).
Firefly algorithm is considered to have great search abilities. Combining them is
efficient in searching complicated solution spaces. According to Chen (2012), a
16

hybrid artificial bee colony algorithm (HABC) is introduced by combining improved
artificial bee colony algorithm (ABC) with differential evolution algorithm (DE).
ABC is proved to be good for a lot of optimization problems. DE implies applying
mutation, crossover, and selection. Selection is applied until the solution with the
highest achievable fitness value is obtained. Combining both will result into a new
algorithm with greater accuracy in the portfolio optimization problem.
In the work of Wang (2010), a hybrid evolutionary algorithm is proposed by
combining genetic algorithm and particle swarm optimization. It is an effective
global optimization method (Wang, 2010). The suggested GA-PSO algorithm gave
closer solutions to the optimal solution. Moreover, the convergence speed of the
solutions towards optimum was accelerated. In the work of Ruiz-Torrubiano and
Suarez (2010), a hybrid method is proposed consisting of a genetic algorithm having
a mutation operator and Random Assortment Recombination (RAR-GA). The
algorithm was effective for the cardinality constrained portfolio optimization
problem. Moreover, it is observed that the algorithm still gives good run times even
if the size of the problem increases to hundreds of assets. In the work of Subbu, a
hybrid multi objective algorithm is proposed by combining evolutionary computation
with linear programming. The purpose is maximizing the return and minimizing the
risk while assuring all constraints are applied. This algorithm was applied to a
problem of thousand and five hundred assets. It showed that is able to give good
results in large problems and helps in the finding the non-dominated points. In the
work of Miguel, a hybrid search is introduced by adding simulated annealing (SA) to
genetic algorithm (GA). Unlike standard SA, the SA uses set of solutions instead of
one solution during which they will be classified according to evolutionary
principles. This algorithm when applied gave lower risk than using (SA) alone.
17

In other works, Yaakob and Watada (Yaakob, n.d.) proposed algorithm called
velocity controlled hybrid particle swarm optimization algorithm (VC-HPSO). It is
composed of combination of particle swarm optimization and genetic algorithm
operator and controlled velocity. The algorithm shows that although mutation
process of algorithm makes it slower, it gave improved and better solution. Their
results also showed that the objective values enhanced for both algorithms together
with respect to each one alone. Chang (2000) implemented SA, GA, and Tabu
Search. The results were a lot of un-dominated solutions found by these algorithms.
This assured that combining the algorithms together in combining both SA and GA
for example was better than each algorithm alone for portfolio optimization problem.
Furthermore, in the work of Maringer and Keller (2003), a hybrid local search
algorithm combining evolutionary strategies to simulated annealing is applied to
portfolio optimization problems with different size. Similar to previous hybrid
algorithms, results show that the algorithm’s efficiency and reliability are still within
good ranges even if the problem size is very big.

In the work of Sadigh, a hybrid algorithm, PSO-HNN, is proposed for the cardinality
constrained portfolio optimization problem. It is composed of particle swarm
optimization algorithm joined with neural network. The efficiency of this algorithm
has been compared to single heuristic algorithms as well like (GA), (TS), (SA), and
particle swarm optimization. Their results are better than all other algorithms for the
cardinality constrained problem. Moreover, Amini did a case study of Tehran stock
exchange using a hybrid evolutionary algorithm combining imperial competitive
algorithm (ICA) and genetic algorithm (GA) to form recursive- ICA-GA. When
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applied to small and big problems, it showed better performance than single heuristic
algorithms and a fast decline in the convergence speed as it switched from ICA to
GA. Finally, Fastrich and Winker (2012) proposed a hybrid algorithm based on the
work of Maringer and Kellerer (2003) with two enhancements: threshold accepting
that was taken from Dueck and Scheuer (1990) so that to decrease impairments in the
objective function and a “replacement phase” during which the worst solutions are
replaced if they not worse than the threshold value in the objective function. Fastrich
and Winker worked on the complexity of the problems. They found that the
integration of the ambiguity about the constraints into the optimization procedure
might help get superior results.
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Chapter Four
Cuckoo Search Background
In order to solve business applications, we executed the Cuckoo Search algorithm
along with the Artificial Neural Network algorithm. All the outcomes of the
execution were positive. In addition, the execution proved that Cuckoo Search is able
to solve such problems as effectively as the Artificial Neural Network. When Cuckoo
Search was first invented, it was designed for optimization problems that have multiobjectives. Such methods have the name of "design for reliable embedded system."
Cuckoo Search algorithm provides optimal solutions for various factors like
performance, reliability, cost and availability, and this fact makes it efficient
compared to other heuristics. When applied to real life problems, the Cuckoo Search
Algorithm proved to be more effective than other algorithms by providing faster and
reasonable solutions to the problem of Super Mario Bros games, which was identical
to the Traveling Salesman Problem.
The Cuckoo Search algorithm was first invented by Yang and Deb (Yang, 2009).
This type of algorithm is considered to be a Population-Based algorithm that is a
replica of the cuckoo’s reproduction. Normally, cuckoo birds lay their eggs in other
bird’s nest, and the host bird is responsible for raising these eggs. The cuckoo bird
will choose the desired nest on a random basis, but there are a lot of factors that
makes a cuckoo bird select a nest over another nest. After laying its egg and in order
to increase the rate of survival, the cuckoo bird must fly accompanied with the host
egg. One good thing in Cuckoo birds is that they are capable of imitating the color,
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the pattern and the call of the chicks of host species. Thus, the probability of isolating
the chicks will diminish, and this will lead to an augmentation in the reproduction of
the cuckoo birds. But here, a problem arises. Whenever a host bird discovers that it
doesn’t possess the egg, one of two actions will be executed. Either the bird will quit
the current nest and go find another one somewhere else, or the egg will be dropped
out of the host nest.
The Cuckoo Search is not only similar to Genetic Algorithm and Particle Swarm
Optimization; it also has additional selectiveness techniques identical to the ones
used in the Harmony Search. The advantage of this technique is having a more
enhanced randomization and fewer tuning parameters than PSO and GA. This results
in an easier application of Cuckoo Search on extensive optimization problems [36].
This meta-heuristic has advantages, yet its performance is affected by two major
factors. The first factor is Intensification that is the process of finding the best
solution or the best candidate which is located around the best solution. The second
factor, Diversification, assures an efficient exploration of the search space using our
algorithm. For this reason, a tradeoff should be met between Intensification as a local
factor and between Diversification as a global factor. In real life, animals seek food
randomly in different locations in nature. Comparing this example to our Cuckoo
Search algorithm, the animals are the cuckoo birds and searching for food in
different places is known as the random walk. This random walk is really important
and it was used nearly in each algorithm. During the Lévy Flight process, mutation is
applied on the solution of our algorithm in order to generate fresh solutions in all
iterations.
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Lévy Flight is used to generate new solutions, and it is calculated based on a
characteristic function with a stable Lévy distribution. There are several
implementations of Levy Flight that are executed differently in different problems
[24]. The Levy Flight that we use in our work was implemented by Yang and Deb
[24]. The concept behind this Levy Flight is to produce numbers randomly. These
numbers should have a symmetric Levy distribution attained by the Mantegna
Algorithm (Mantegna, 1994). Not only is the Levy Flight different from one problem
to another, but also the Levy distribution algorithms are numerous and different from
one problem to another [30]. In the Levy Distribution, we are able to get and use new
weights each time we iterate. This implies that a new solution is being generated and
it is related to the fitness measured. At the end, the calculation of the Levy
distribution generates new solutions.
The Cuckoo Search was applied to two multiple-objective and structural design
problems: Beam Design and Disc Brake Design. Many algorithms were used to solve
these two problems like Bees, Strength Pareto Evolutionary Algorithm and others. In
both cases, Cuckoo Search gave enhanced results in a faster execution time using the
minimum iterations. Other success stories for Cuckoo Search were over Genetic
Algorithms and PSO on 10 benchmarks whereby Cuckoo Search excelled in the
success rate and the number of objective functions needed. In addition, Cuckoo
Search was also able to outperform the Traveling Salesman Problem on 41
benchmark instances. With respect to another type of problems which is the
Numerical Optimization problem, Cuckoo Search was also compared to the
Differential Evolution by trying 50 benchmark functions. The success of solving this
particular problem was very close to the Differential Evolution Algorithm. Since we
cannot guarantee a bug-free system, we are urged to have an automatic test case
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generator that will diminish the testing time. This is also applied to Cuckoo Search
that produces a data set in order to cover all target paths.
Table 2 display all the comparisons between Cuckoo Search and Genetic Algorithms.
Cuckoo Search was capable of delivering 100% rate for global optima. On the other
hand, Genetic Algorithms wasn’t able to reach the 100% level. For this purpose, and
since Cuckoo Search is a really efficient algorithm, we decided to implement this
function on the Portfolio Optimization problem.
Table 2: Comparison of CS with GA

For successful implementation of the Cuckoo Search algorithm, Yang and Deb
(2009) suggested the following 3 steps:
- Step1: Each cuckoo lays one egg at a time and dumps it in a randomly chosen nest.
- Step 2: The best nests with high quality of eggs (solutions) will qualify to the next
generations.
- Step 3: The number of available host nests is fixed, and the egg laid by a cuckoo is
discovered by the host bird with a probability between 0 and 1. In this case, the host
bird can either throw the egg away, or abandon the nest and build a completely new
nest.
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Figure1 gives an outline of cuckoo search.
Figure 1: Outline for Cuckoo Search Algorithm Via Lévy Flights

Step #1

Step #2

Step #3

Regarding Step 3, an approximation can be made by replacing the old nests with new
nests, and this will give us new random solutions. In order to develop this algorithm,
and to match these 3 steps to our algorithm, we suppose that each egg that is found in
a nest represents a solution. Moreover, each cuckoo is capable of laying one egg
only, and this egg could be a solution that will be added later to our computation.
Our aim is generating new and enhanced cuckoos (represented here as solutions).
Thus, we will be able to improve the not “so-good” solution in our nests. In order to
make this algorithm more advanced, we can further implement this algorithm to
contain numerous eggs in a single nest that represents the set of solutions.
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Chapter Five
Algorithm Design
In order to design this algorithm for the constrained portfolio optimization problem,
the following constraints are accounted for:
Cardinality Constraint: In order to diminish the cost of our transactions, we are urged
to identify the largest assets’ number that can be held within a portfolio.
Bounding Constraints: Within a distinct portfolio, we need to indicate the minimum
and maximum limits of every asset’s proportion.
In order to estimate the performance of our algorithm, we need to set a certain
benchmark datasets that are produced from a library called OR Library (Beasley,
1999). As an example, an implementation will be displayed for the original dataset
and this process is repeated on other datasets. At the end, and to be able to compare
our results and check whether we made a progress, we will apply the same Problem
characteristics settings that are listed below.
Total Number of Assets: N = 31
Selected Assets from Total Number of Assets: K = 10
Lower Bound of Every Asset’s Weight: I = 0.01 (I = 1 . . . N)
Upper Bound of Every Asset’s Weight: I = 1 (I = 1 . . . N)
Number of Nests = 80
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Probability of Nest Replacement: Pa = 0.25
Levy Flight
In order to start with the levy flight, we need to appraise the fitness for every
initialized solution. Then, we search for the lowest fitness among all portfolios and
we store it as our “Current Best”. To complete the steps of our Levy Flight, we need
to apply the Mutation process which is represented by the formula below:
T (i=1,…,10) = T (i=1,…,10) + stepsize ⊕ random binary vector
In this formula, the definition of the “stepsize” variable is a simple step in our
algorithm that must be proportional to the problem’s length which is the available
number of assets. In our case, the value of each step is calculated by n/100 and the
value of n is 31 so the step here is 31/100 which is 0.31.
Detailed Example for the Cuckoo Search Algorithm:
STEP 1: We start first by creating an Initial Weight Vector. This vector is a 1D array
that contains 31 randomly generated weights for 31 companies. The value of each
weight is between 0 and 1.
Table 3: Create 31 Random Weights
Index

Index

Index

Index

Index

0

1

2

3

4

0.574

0.412

0.947

0.142

0.323

…

…

…

…

Index

Index

29

30

0.417

0.513

…

…

STEP 2: To make sure that the sum of these weights is equal to 1, we apply the
normalization function and divide each number by the sum of all numbers.
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Table 4: Normalization
Index Index Index Index

Index

Index

Index

29

30

0.417

0.513

0.2117

0.3147

8

4

After
Normalization


Before
Normalization


… … …
0

1

2

3

4

0.574

0.412

0.947

0.142

0.323

0.168

0.247

0.451

0.012

0.1744

… … …

… … …
47

51

74

51

8

Sum Is 1
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STEP 3: Then, we randomly choose 10 out of the 31 weights (companies) from the
initial weight vector and create a new 10-element array.

Previous
Location

Index

Index

Index

Index

Index

Index

Index

Index

Index

5

6

8

11

12

16

19

22

24

29

Index

Index

Index

Index

Index

Index

Index

Index

Index

Index

0

1

2

3

4

5

6

7

8

9

0.022

0.003

0.023

0.0262

0.2011

0.0474

0.2065

0.1649

0.2506

0.211

753

124

701

17

24

07

79

94

95

78

Values

Index

New
Location

Table 5: Choose 10 Random Weights
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STEP 4: Next, we repeat this process 80 times, and create the following set of
solutions.

Index
0

Index
1

Index
2

Index
3

Index
4

Index
5

Index
6

Index
7

Index
8

Index
9

Solution
#1

0.0227
53

0.003
124

0.023
701

0.026
217

0.201
124

0.047
407

0.206
579

0.1649
94

0.2506
95

0.211
78

Solution
#2

0.0165
1

0.085
1

0.061
46

0.108
51

0.154
174

0.128
54

0.158
456

0.1564
16

0.2325
4

0.154
16

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

Solution #79

0.1465
11

0.251
461

0.152
131

0.212
516

0.121
631

0.152
136

0.151
631

0.1521
651

0.1516
531

0.151
65

Solution #80

Table 6: Repeat the Process 80 Times

0.1549
64

0.147
484

0.196
741

0.198
44

0.215
1

0.154
98

0.137
156

0.1454
4

0.2156
45

0.151
665

STEP 5: We calculate the return and the risk of each solution.
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STEP 6: Select the least risk solution and save it in a new vector called “Current
Best.”

Index
0

Index
1

Index
2

Index
3

Index
4

Index
5

Index
6

Index
7

Index
8

Index
9

Retur
n

Risk

Solut
ion
#1

0.022
753

0.003
124

0.023
701

0.026
217

0.201
124

0.047
407

0.206
579

0.164
994

0.250
695

0.211
78

3.185
41

2.15
45

Solut
ion
#2

0.016
51

0.085
1

0.061
46

0.108
51

0.154
174

0.128
54

0.158
456

0.156
416

0.232
54

0.154
16

4.156
45

3.12
545

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

…

Solut
ion
#79

0.146
511

0.251
461

0.152
131

0.212
516

0.121
631

0.152
136

0.151
631

0.152
1651

0.151
6531

0.151
65

1.154
165

2.01
541

Solut
ion
#80

0.154
964

0.147
484

0.196
741

0.198
44

0.215
1

0.154
98

0.137
156

0.145
44

0.215
645

0.151
665

2.125
41

3.15
464

Table 7: Select Least Risk
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STEP 7: Now, the aim of this step is to choose old indexes and apply the Lévy
Flight formula to generate new indexes.
K = 3 (instead of 10 assets chosen from the Data Set)
n = 15 (instead of 31 assets available)
Population Size = 4 (instead of 80)
Matrix A = It is the matrix that we got from the first calculation and we took from it
the Current Best
Matrix B = It is the matrix containing random 0s and 1s
Lévy Flight = (Assets Available / 100) * S (where S is a probability value chosen
from 0 to 1)
Figure 2: Lévy Flight
1

7

6

0 1 1

1

5

7

New

9

8

2

1 0 1

6

8

4

Matrix =

10

7

5

0 1 0

10

8

5

5

9

4

1 0 1

3

9

2

=

Matrix A
Indexes)

(Old

Matrix B

(New

Indexes)

Note: If any value in Matrix B is greater than 31, we create another new random
matrix full of 0s and 1s and we redo the calculation with the same Matrix A.
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Once we have valid results in Matrix B, we calculate the return and the risk of all the
rows in Matrix B, and we get the highest return and the lowest risk. Finally, we insert
this entry in the Current Best.
Note: The vector containing the 31 weights is always fixed. Using the same 31
weights vector, we create another 2D array of size 80 X 10, and we repeat STEP 3 to
STEP 6 for a number of iterations (eg. 100).
Important: Only the first time, we get the lowest risk to know from where the curve
should start.
This algorithm is investor oriented. This means that we are working according to
what the investor wants. Does he want high risk or can’t he accept it?
STEP 8: Now, we have a data set formed of all the current bests gathered from all
previous calculations, and we already have the return and the risk of each entry. We
repeat this whole process 10 times and accordingly, we sift through all the results to
find the entry with the highest return and lowest risk. So the final solution is:
Table 8: Replace the Values and Find the Best Solution
Index 10

Index 8

Index 5

Return

Risk

0.3629

0.0407

0.5963

0.5547

0.3215

0.0121

0.9175

0.0703

0.7484

0.1424

…

…

…

…

…

…

…

…

…

…

0.0310

0.3879

0.5809

0.6514

0.2854

0.2393

0.4407

0.3199

0.7415

0.3541

32

We will adopt this model in the rest of our implementation.
The advantage of the Markowitz model, and after doing lots of analysis, is that all
assets are identified and replaced. For some people, this is considered a normal issue,
but it is really a huge advantage because this assures that we are getting a higher
expected return value while having the same level of risk, and if not, at least getting
the same expected return with lower value of risk.
This analysis makes the problem NP-Complete. This means it is an NP problem that
is verified in polynomial time, and it is an NP-Hard problem. By definition, an NPHard problem occurs if there’s polynomial time reduction to this problem. This
makes us use meta-heuristics in order to find good suboptimal solutions in order to
get the best return and the minimum risk.
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Chapter Six
Experimental Results and Discussions
We have successfully implemented our algorithm using JAVA language (JCreator
compiler) on an 8GB RAM, 3.02 Ghz Desktop Computer. After getting our results,
we compared them with 3 different algorithms that are published (Lwin, 2013). We
chose to compare our algorithm to these 3 algorithms because we are using the same
dataset, and this fact makes it fair enough. We would like to mention that our dataset
is taken from the OR Library. Below are the graph results of our algorithm compared
to 3 algorithms. These 3 algorithms are called DE, PBIL and PBILDE.
Differential Evolution (DE) is considered one of the successful Evolutionary
Algorithms. The algorithm is initiated with random population, and then it is
improved using the mutation, crossover processes and operations.
Population Based Incremental Learning (PBIL) is a simple algorithm, but an
effective one. The concept behind this algorithm is to enable individuals of the
population base to evolve on statistical information that is assembled during
evolution.
PBILDE is a hybrid approach that combines both PBIL and DE. The aim of this
algorithm is to iteratively evolve the candidate solutions’ population towards better
solutions.
In order to evaluate the solutions yielded by these algorithms, we compare those
using different published data sets (Lwin, 2013). The Hang Seng model comprises 31
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nests while DAX100 contains 85 nests. Furthermore, the FTSE100 model encloses
89 nests and the S&P model contains 98 nests. At the end, the Nikei model includes
225 nests. The comparison metrics which were used in previous work are: Mean
Percentage Error (MPE) and Median Percentage Error (MedPE), with respect to the
efficient frontier. The Cuckoo Search algorithm was run 10 times and the best and
average results are shown in Table 9.
Along with these 3 algorithms, we showed addition comparison with the Efficient
Frontier curve. In order to prove the efficiency of our code and the good results that
it is showing, we will be comparing our code with various numbers of nests. In our
problem, each nest represents a group of solutions in our generation.
Before we start explaining the graphs, we should mention that UCEF is the efficient
frontier. This curve groups the best values obtained for our algorithm by applying the
Quadratic Algorithm. This algorithm is an exact method that calculates the best
solution that has been theoretically proven to be unbeatable.
Figures 3, 4, 5, 6 and 7 show the comparison of the 3 algorithms (DE, PBIL,
PBILDE) with our Cuckoo Search algorithm. These 4 algorithms are executed using
various numbers of stocks / nests. Figures 3, 4, 5, 6 and 7 show the application of the
4 algorithms (Cuckoo Search, PBIL, DE, PBILDE) to different data sets. We
executed the Cuckoo Search algorithm 10 times and derived the best, average and
worst result and compared them with the other algorithms. Results in Table 9 show
that the Cuckoo Search algorithm was able to outperform both DE and PBIL. In
addition, it outperformed the PBILDE for the first 2 data sets: The Hang Seng which
consists of 31 assets and the DAX100 which consists of 85 assets. It seems that
Cuckoo Search performs better than PBILDE for low number of assets although it
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fell behind PBILDE for larger number of assets, it still remained close, as shown in
Table 9. Cuckoo Search gave a better result than PBILDE in the Hang Seng (31
assets) data set. For the DAX100 data set which consists of 85 assets, we were also
better but the difference became narrower.
Figure 3: Results for the Hang Seng Dataset
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Figure 4: Results for the DAX100 Dataset

Figure 5: Results for the FTSE100 Dataset
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Figure 6: Results for S&P100 Dataset

Figure 7: Results for the Nikkei Dataset
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Table 9: Results Comparing CS With 3 Other Algorithms Using 5 Datasets

Table 9 displays the MPE value which represents the Mean Percentage Error and the
MedPE value which is the Median Percentage Error. The values available in the
above table indicate how far we are from the Efficient Frontier. This table shows that
lesser values mean better results because the best case is to overlap the Efficient
Frontier.
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Figure 8 shows how far CS and PBILDE are from the Efficient Frontier. In the first 2
datasets, Cuckoo Search had the advantage over PBILDE with a smaller value. After
increasing the number of assets, PBILDE had the upper hand over Cuckoo Search for
the 3 remaining datasets (FTSE100, S&P100 and Nikkei)
Figure 8: MPE for CS VS PBILDE
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Chapter Seven
Conclusion
In this work, we have suggested an efficient Cuckoo Search (CS) algorithm to solve
the Portfolio Optimization problem with cardinality and bounding constraints. The
proposed algorithm attempts to exploit the search space to reach, as close as possible,
the efficient frontier. Results showed that the CS algorithm gave results which were
better than PBIL, and DE in the 5 datasets and outperformed PBILDE in the first 2
datasets.
This study tackled the constrained Portfolio Optimization problem after which the
algorithm may be further extended to other constraints for the Portfolio Optimization
problem or extended by hybridizing it with another algorithm. Furthermore, we could
adopt different portfolio optimizations models in our future work.
Other types of Lévy Flight can be explored for possible improvement of the results.
Also, since Cuckoo Search proved to be efficient when hybridized with Tabu Search
and/or with Particle Swarm Optimization on other problems, further studies can
hybridize it with both algorithms and check for possibility of improvement of
solution quality, and monitor both algorithms' runtimes. Next, further studies can
implement this algorithm on real life datasets to see if for huge number of assets,
good quality solutions can still be achieved.
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