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Summary

The objective of this thesis is the use of intelligent computational paradigms, global
optimization metaheuristics and hybrid methods resulting from their combination for
modeling and predicting financial markets, respectively for portfolio optimization. Due to the
complex nature of the processes underlying financial markets (both stock market and foreign
exchange) and their intensive interactions with a wide range of economic, financial and social
factors, modeling and predicting the foreign exchange market is an extremely complex
challenge which quantitative finance is facing today. Computational intelligence techniques
offer the best opportunities to improve prediction accuracy and modeling performance by
using more sophisticated methods, powered by large volumes of data, generated by digitized
financial markets. At the theoretical level, the thesis captures the whole spectrum of these
techniques, which integrate fuzzy inference systems, neural networks, evolutionary
computation, respectively distributed intelligence (also called swarm intelligence). Particular
emphasis has been placed on the hybridization of these predictive and metaheuristic
optimization techniques, which seek to develop intelligent computational systems that
synergistically combine the advantages of individual hybridization methods. At the
application level, the contributions consist in the use of these unconventional methods, based
on soft computing techniques and optimization metaheuristics, for the modeling and
prediction of financial processes, respectively for the optimization of portfolios. As universal
approximators, neural networks, fuzzy inference systems, and hybrid neuro-fuzzy and neuroevolutionary systems allow the modeling of financial processes with nonlinear and nonstationary characteristics and the achievement of predictive performance far superior to
classical methods of estimation and forecasting. On the other hand, multi-objective metaheuristics are the most effective framework for optimizing portfolios, which by its nature is a
problem with several conflicting objectives. A set of consistent applications confirms, through
their results, the efficiency and predictive superiority of the intelligent methods used in this
thesis.
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INTRODUCTION
The study of Artificial Intelligence has been and is a matter of great interest. Artificial
intelligence is defined as: “the study of intelligent behavior and the attempt to replicate such
behaviors using computers and other systems. Intelligent behavior connects the perception of
the environment to the action appropriate to the goals of the actor. Intelligence, whose
biological cost is energy consumption, is paid for by improving one's ability to survive. It is
not necessary to have a perfect understanding, but only a good enough understanding to act
properly in real time ”. (Dictionary of Science and Technology, 1992). Research in the field
of Artificial Intelligence began in the 1950s, when the dominant was a symbolic approach,
which consisted mainly of symbolic manipulation of concepts. The foundation of this
approach was formal logic and mathematical logic, and the main area of application was
expert systems that used rules of reasoning based on human expertise. Since the 1970s, other
directions of research have emerged and become dominant: the connectionist direction,
represented by neural networks; the direction represented by fuzzy inference systems and the
direction based on evolutionary calculus. These three directions formed the core of a
subdomain of Artificial Intelligence, called Computational Intelligence or Soft Computing.
The foundation of these new research directions was represented by the study of natural
systems, especially biological ones, from the observation of which an attempt was made to
develop new algorithmic models to solve complex problems. The modeling of biological and
natural intelligence has resulted in so-called "intelligent systems", which include mainly
Artificial Neural Networks, Evolutionary Algorithms, Swarm Intelligence and Fuzzy
Inference Systems. Systems). Starting from these and exploiting the synergy resulting from
their combination, hybrid systems have been developed, in order to capitalize on the strengths
of each and thus be able to solve difficult problems in the real world. The main hybrid
intelligent systems are systems.
There are two classes of hybrid approaches: hybrid intelligent systems : neuro-fuzzy,
neuro-evolutionary, and fuzzy-evolutionary systems; they are based on intelligent and flexible
computational paradigms such as: Computational Intelligence, largely equivalent to what has
been called Soft Computing; and hybrid optimization metaheuristics ; these consist in the
hybridization of optimization metaheuristics inspired by nature in general, especially biology
(the latter being called bio-mimetics).
Research in the field of combined application of intelligent computer technologies was
initiated by Zadeh (1994), who coined the term Soft Computing, which he defined as a
collection of computational methodologies that collectively provide a basis for designing,
designing, and implementing systems. smart. The basic principle of Soft Computing is to
exploit the tolerance for inaccuracy, uncertainty and partial truth in order to obtain
traceability, robustness, low cost of the solution and a better connection with reality.
Fuzzy logic is an important component of soft computing that covers the difference
between quantitative information ( ie numerical data) and qualitative information (or language
statements), which can be processed jointly using fuzzy calculation. In addition, fuzzy logic
operates with the concept of IF-THEN rules in which the premises and consequences are
expressed using linguistic variables. Fuzzy logic is based on rough reasoning, introduced by
(Zadeh, 1975), to perform logical calculations with imprecise sentences , such as fuzzy
inference chains . They can be seen as an extension of traditional propositional calculus , in
order to be able to operate with partial truths. Neural networks are another important
component, which have the ability to extract knowledge from available data, namely the
ability to learn from examples that fuzzy logic-based systems do not have. This ability is
known as the connectionist learning paradigm.
The third important component is evolutionary computation, which includes
optimization algorithms or metaheuristics inspired by biology (evolution theory, genetics,
etc.). It consists of a collection of randomized global search paradigms to find the optimal
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solutions to a certain problem. Deadline progressive is borrowed from the terminology
introduced by Charles Darwin (1859), who describes the process of adapting the capabilities
of survival by natural selection, ie the survival of individuals with the best degree of fitness
(environmental) to environmental conditions, etc.
Computational Intelligence is a methodology that has the ability to learn and / or adapt
to new situations, so that the system is perceived to have one or more attributes of rationality,
such as generalization, discovery, association and abstraction. Computational intelligence
systems (based on computational methods, ie silicon technology) usually include the
techniques used in the Soft Computing paradigm (artificial neural networks, fuzzy systems
and evolutionary algorithms), to which are added other elements of knowledge and are often
designed to mimic one or more aspects of carbon-based biological intelligence.
According to him (Bezdek, 1994), “ a system is computationally intelligent when: it
deals only with numerical data (low level), it has a component for recognizing shapes
(structures), it does not use knowledge in the sense of artificial intelligence; and, in addition,
when it has computational adaptability; tolerance to computational errors; speed comparable
to or greater than human speed and error rates that approximate human performance. "
The purpose of this thesis is to use intelligent computational paradigms and hybrid
methods resulting from their combination for modeling and predicting financial markets . Due
to the complex nature of the processes underlying financial markets (both stock market and
foreign exchange) and their intensive interactions with a wide range of economic, financial
and social factors, their modeling and prediction is an extremely complex challenge. facing
quantitative finance today. Because of the enormous influence of stock and exchange rate
fluctuations on both domestic and international economies, government policies, and business
investment portfolios, researchers have struggled to model market pricing mechanisms for
financial markets in uncertainty. There are four major schools of thought: the technical
approach, the fundamental approach, the microstructure approach and the behavioral finance
approach. Combining economic principles with statistical techniques, the fundamental
approach provided early systematic modeling frameworks for financial market operating
mechanisms and further foundations for more sophisticated quantitative models. The core
models were developed, in particular, on the basis of a previously assumed abstract operating
mechanism of financial markets, in which the main macroeconomic and financial factors were
considered as key factors, including, but not limited to, interest rates, inflation rates,
indicators of economic performance, trade figures, capital inflows and other economic
variables (Mussa, 1984). However, models based on the fundamental approach have proved
incapable of shaping the stock and foreign exchange markets due to their narrow range of
influencing factors and simple regressive structure (Bollerslev, 1990; TIAAKR Editors,
2012). As a major alternative school of thought in this time period, the technical approach is
based on the assumption that all relevant information needed to predict the future movement
of asset prices is embedded in historical asset prices in terms of trends and patterns, while
information embedded in the “fundamentals” associated with the asset (i.e., exogenous
influencing factors) is considered redundant (Neely, Weller, 2011). In practice, attempts are
made to identify trends, trend reversals and other trading signals using various methods of
extracting information based on experience, statistics and signal processing tools to inform
trading decisions (Neely, Weller, 2011; Nazário, 2017 ). However, the technical approach is
often criticized for its unique source of information, simple methods of extracting higher-level
information embedded in highly complex financial market data sets, and the subjectivity
inherent in the final decision-making process (Neely, Well er, 2011; Frankel, Froot, 1990). As
reported in previous studies (Neely, Weller, 2011; Nazário, 2017; Frankel, Froot, 1990,
Priewe, 2016; Chakraborti, Toke, Patriarch, Abergel, 2011), the greatest difficulties
encountered by both fundamentalists and of technicians are the abnormal behaviors of the
financial markets; for example, market responses to sudden political changes and other
geopolitical events (Bollerslev, 1990; Priewe, 2016; Chakraborti, Toke, Patriarch, Abergel,
8

2011). Therefore, researchers have sought reasonable models for such response mechanisms.
Following several theoretical advances in both the structure of the financial market and the
cognitive reasoning of the last decades, two new schools have been established that have
attracted increased research attention: modeling based on microstructure and modeling based
on behavioral finance.
The microstructure modeling approach, originally introduced by Lyons in 2001
(Lyons, 2003), offers a new perspective in the field of predicting financial variables. The
central idea of this approach is that stock prices, namely the stock market or exchange rate,
are largely affected by market participants' order flows, which are seen as a concentrated
market signal, indirectly carrying comprehensive information, including macroeconomic
fundamentals, variables. financial changes, policy changes and government intervention. The
modeling approach differs from previous macroeconomic models in terms of information
asymmetry between dealers and other financial market participants. Participants include
different types of people who can only access public information and can be classified by
different business motivations, such as hedgers, speculators and investors. A well-balanced
set of participants can correctly describe the aggregate market responses to all publicly
available information, while order flows (ie private information) are essentially a
representation of the aggregate group of participants. However, restricted access and
fragmented distribution of order flow data have significantly limited the implementation of
microstructure-based models by a wider range of financial investment institutions (Bollerslev,
1990; Kearns, Kulesza, Nevmyvaka, 2010). Unlike traditional agent-based models of
financial trading markets, behavioral finance rejects the assumption that market participants
are rational, instead recognizing that market participants are emotional and biased (Grauwe,
Grimaldi, 2006). In particular, in the fundamental work of De Grauwe and Grimaldi on the
agent-based modeling method (Grauwe, Grimaldi, 2006), in the behavioral financial
framework, financial market agents have the following main characteristics. First of all,
agents prefer to use simple rules in making decisions because they understand that the world
is complex. Second, the agencies regularly re-evaluate their decision-making rules and make
adjustments to increase their level of satisfaction, with assessments and adjustments of
decision-making rules being made on the basis of a re-evaluation of current decision-making
rules and a feedback mechanism from previous conditions. An important contribution of
behavioral finance is that the sentiment of market participants is taken into account and
therefore the expected market risks are calculated more comprehensively. However, limited
knowledge and understanding of human cognitive reasoning have limited the ability of
behavioral finance-based models.
In the modeling and forecasting of financial markets, the main goal is to develop
predictive models capable of predicting the future price and the direction of movement of the
exchange rate (stock market or foreign exchange). All these four major schools of financial
thinking depend fundamentally in achieving their objectives on the development of
quantitative methods of modeling and prediction that correspond to the complexity of the
modeled phenomenon and provide superior predictive performance. Classical econometric
methods have proved increasingly inadequate to complex developments in financial markets.
Although many methods, including dynamic, econometric modeling, based on classical
estimation theory, have been developed for financial market modeling and prediction, the
results have been modest due to the intrinsic characteristics of these markets, especially
nonlinearity and non-stationarity. With the rapid development of computers and data
processing techniques, there has been a growing trend to use nonparametric data-based
models for financial data applications. These data-based models have the following
characteristics: first, the relationship between input and output can be treated as a black box;
second, the useful features can be extracted from large-scale financial data; Third, complex
input-output relationships can be learned from data-driven models through training.
9

With the practical proof of the success of data-driven models in the financial and
economic fields, many researchers have turned their attention to intelligent computational
paradigms that are better suited to this purpose. It was quickly realized that computational
intelligence techniques offer the best opportunities to improve the accuracy of prediction and
modeling performance by using more sophisticated methods, fueled by large volumes of data,
generated by digitized financial markets.
In particular, neural networks are considered an effective data-driven predictive
method for modeling and forecasting financial markets because of their ability to be universal
approximators, fast parallel processing, and strong tolerance for missing and disruptive data.
Various neural architectures, training methods, incorporation techniques, meta-training and
hybrid methods have been successfully developed and implemented for complex financial
data. However, prominent backpropagation-based neural predictive models for financial
market modeling and forecasting suffer from inherent problems, such as falling into the trap
of local optimals, slow convergence, and high sensitivity to initial conditions. Because of
these inherent problems, much recent research has focused on finding hybrid methods that
combine neural calculus with fuzzy inference systems and evolutionary calculus to build more
efficient and accurate predictive models. The experimental results show an excellent
performance compared to the reference models in terms of adaptability, sensitivity,
generalization capacity and robustness in relation to different market conditions.
The nature of applications in the financial markets is constantly changing and
diversifying. Since the advent of the Internet and digitalization, one of the most prominent
changes in the financial markets has been the rapid growth of electronic trading and
algorithmic trading networks due to the increasingly easy and cheaper availability of
financial, economic and social data. high frequency and diversified and dramatic increase in
computing power. Due to the high level of complexity, perturbations and volatility of high
frequency exchange and exchange rate data, adaptive and faster trading algorithms are
desirable, in which trading algorithms are implemented as part of real-time trading systems,
which uses real-time data streams provided by brokerage firms to enable online trading
decisions. For the implementation of such algorithmic trading algorithms, the predictive
methods based on computational intelligence, treated in this thesis, have become crucial.
The thesis was structured as follows: introduction; the main body of the thesis,
consisting of four chapters, the first referring to optimization techniques (gradient-based
algorithms and nature-inspired optimization metaheuristics ) , the second to soft computing
techniques (fuzzy inference systems, neural networks, evolutionary calculus ) and their
hybridizations ( Neuro-fuzzy hybrid systems, Neuro-evolutionary hybrid systems, Hybrid
fuzzy-evolutionary systems), the third to their optimization and hybridization metaheuristics,
and the fourth presents applications of the techniques discussed in the theoretical part;
conclusions, bibliography.
The first chapter, entitled GRADIENT-BASED ALGORITHMS AND NATUREINSPECTED OPTIMIZATION METEURURISTICS, presents the two main types of
optimization algorithms: traditional, gradient-based, and nature-inspired metaheuristics. Both
the case of single-objective optimization problems and that of multi-objective optimization
problems are formulated and analyzed , the latter implying the definition of the concepts of
Pareto optimality and dominance. As for nature-inspired metaheuristics, the main search
strategies in the solution space are presented, the concepts of intensification (exploitation) and
diversification (exploration) are introduced, and a distinction is made between trajectorybased metaheuristics and population-based metaheuristics. Finally, a classification of
optimization methods and the criteria for choosing the optimization algorithm are presented.
The second chapter, entitled SOFT COMPUTING TECHNIQUES AND THEIR
HYBRIDIZATIONS, first defines the notion of intelligent computational paradigms and
related techniques: soft computing, computational intelligence, etc. The following are the
three main classes of intelligent computational systems: fuzzy inference systems (sets and
10

fuzzy logic, Mamdani-type fuzzy inference systems, Takagi-Sugeno-Kang-type fuzzy
inference systems), neural networks ( biological neurons and neurons ). , the paradigm of
connection calculus, the structure of artificial neural networks, the training of artificial neural
networks, with a special emphasis on the backpropagation algorithm ), respectively systems
based on evolutionary computation (principles, concepts, classical evolutionary algorithms :
Algorithms genetics,
evolution
strategies
,
programming Genetics,
Programming evolutionary, Evolution differential ). The last section of this chapter is
dedicated to hybrid intelligent systems, resulting from the combination of the three basic
categories: Neuro-fuzzy hybrid systems (with emphasis on the Anfis system), Neuroevolutionary hybrid systems, respectively Fuzzy-evolutionary hybrid systems.
The third chapter, entitled OPTIMIZATION METHODISTICS AND THEIR
HYBRIDIZATIONS, examines on the one hand the trajectory metaheuristics (including: Hill
Climbing, Simulation Annealing, Taboo Search, Greedy Randomized Adaptive Search
Procedure, Variable Neighborhood Search and Iterated local search ), and on the other hand
metaheuristics with a population of solutions. The last category includes evolutionary
algorithms (already discussed in Chapter 2), but also other types of algorithms, such as
metaheuristics based on swarm intelligence (distributed intelligence ): Particle swarm
optimization, Ant colony optimization, etc. Particular attention is paid to multi-objective
optimization metaheuristics, based on the notions of Pareto dominance, optimal set in terms
of Pareto and Front Pareto. Two such algorithms are described in more detail: NSGA II (Nondominated Sorting Genetic Algorithm II) and SPEA 2 (Strength Pareto Evolutionary
Algorithm 2), after which the main performance measures in multi-objective evolutionary
optimization (Generational Distance, Metrics) are described. spacing, Metric S, Metric C,
Metric D). The last section is dedicated to the hybridization of metaheuristics. The main types
of hybridization are analyzed and a special type of hybridization is presented, that by memetic
algorithms.
The fourth chapter, entitled APPLICATIONS OF SOFT COMPUTING
TECHNIQUES AND METEURISTICS OF OPTIMIZATION IN THE MODELING AND
PREDICTION OF FINANCIAL PROCESSES, aims at the practical illustration of the
algorithms described in the previous chapters through a significant number of applications, of
a very complex complexity. We first present the main statistical characteristics of financial
markets, known as stylized facts. A first group of applications is the use of backpropagationdriven neural networks or evolutionary algorithms for predicting financial time series. They
implement autogressive nonlinear models with exogenous variables (NARX). Applications
refer to the prediction of exchange rates in foreign exchange markets. The endogenous
variable considered in the NARX model is the Leu / Euro exchange rate, and the Leu / Dollar
exchange rate was used as the exogenous variable . A second group of applications is the use
of hybrid neuro-fuzzy systems (ANFIS) for predicting financial time series. In this case, the
endogenous variable considered within the NARX model is the closing price of the shares of
Teraplast SA , and the closing quotation of the BET index of the Bucharest Stock Exchange
was used as the exogenous variable . The third group of applications concerns the use of
multi-objective metaheuristics in portfolio optimization. Both the classic Markowitz model
(with standard restrictions) for portfolio optimization and an extension of it, the Markowitz
model with additional restrictions, are targeted. The notions of efficient border and efficient
portfolios are defined. The applications use both single-objective and multi-objective
optimization algorithms to implement various variants of these models, in order to optimize
the portfolios for 10 shares listed on the Bucharest Stock Exchange. The financial assets and
their positions are first presented in the space of the two contradictory objectives: the
investment risk and the expected return of the portfolio. Portfolio optimization for the classic
Markowitz model (with standard constraints) is then performed by two procedures: solving a
set of mono-objective convex quadratic problems, and solving a bi-objective problem, using a
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multi-objective memetic algorithm. Finally, the multi-objective memetic algorithm is
extended to solve the problem of optimizing portfolios with additional restrictions.
The thesis concludes with a chapter of conclusions, which presents the main
contributions that have been the subject of our current research and future research directions.
Own contributions
We also include in this introduction some comments on our own contributions from
the content of this thesis.
At a theoretical level, we aim to offer a modern and deeply current alternative to the
classical methods of modeling and financial prediction, an alternative based on the new
techniques of computational intelligence. The thesis captures the whole spectrum of these
techniques, which integrate fuzzy inference systems, neural networks, evolutionary calculus,
respectively distributed intelligence (also called swarm intelligence). Particular emphasis has
been placed on the hybridization of these predictive and metaheuristic optimization
techniques, which seek to develop intelligent computational systems that synergistically
combine the advantages of individual hybridization methods. Such hybrid approaches
underlie the development of new types of intelligent computational systems, such as neuroevolutionary ones (in which the backpropagation algorithm, which is the classic gradientbased training mechanism, is replaced by a global optimization metaheuristic), the fuzzygenetic ones (where the architecture and parameters of the fuzzy inference system are
optimized by means of a global optimization metaheuristic), respectively the neuro-fuzzy
ones (in which the fuzzy systems and the neural networks act synergistically). The nature of
some applications, such as portfolio optimization, required the investigation of not only
single-objective, but multi-objective meta-heuristics, based essentially on the concepts of
Pareto optimality and dominance. The essential aspects of these multi-objective metaheuristics have been investigated, including those for implementation in the presence of
objective functions and nonlinear constraints, which require special resolution procedures.
Performance measures in multi-objective evolutionary optimization comparing the
performance of two Pareto fronts were also analyzed . Particular attention was paid to a
special type of hybridization, between a global optimization metaheuristic and a local
optimization algorithm, hybridization that leads to the development of a memetic algorithm.
At the application level, the contributions consist in the use of these unconventional
methods, based on soft computing techniques and optimization metaheuristics, for the
modeling and prediction of financial processes . The range of applications developed is very
comprehensive and complex. Before putting them into practice, it was necessary to carefully
investigate the main properties of financial markets, synthesized by their stylized statistical
characteristics, viewed from the perspective of stochastic process theory: leptokurtic,
symmetrical, thick-tailed distributional characteristics, strong non-stationary, variance high
volatility, the formation of volatility clusters, sensitivity to unlikely "black swan" events,
asymmetric market responses to different polarity of price changes, etc.
The modeling of financial time series must essentially use dynamic models, and their
non-linearity is a proven fact. Therefore, the usual time series models (AR: autoregressive,
ARX; autoregressive with exogenous variables) are not adequate, which requires the use of
flexible computational intelligence techniques to build nonlinear dynamic models,
automatically instructable from observation data. Such techniques may be neural networks,
fuzzy inference systems and their possible hybridization with global optimization
metaheuristics, necessary in the model training phase (optimization of its architecture and
parameters). Both neural networks and fuzzy inference systems have several desirable
capabilities, such as nonlinearity, the ability to be universal approximators, and parallelism.
Such techniques allow the extension of linear dynamic models of type AR / ARX to a
nonlinear form: NAR or NARX.
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The modeling and prediction of financial time series generally uses supervised
learning algorithms, where in the learning process data sets consisting of both input and
output values are provided to the network. Back-propagation algorithms, a family of popular
methods of supervised training of neural networks, are implemented in most neural predictive
models in the financial market modeling and forecasting literature. However, backpropagation training algorithms are not suitable for problems where fast and accurate
predictions are needed, mainly due to their inherent sensitivity to initialization conditions and
the local nature of the search for solutions, which runs the risk of locking in local optimums. .
To avoid these problems, hybrid neuro-fuzzy or neuro-evolutionary systems have been
developed. The former combine neural networks with fuzzy inference systems, and the latter
combine neural networks with evolutionary algorithms, which replace backpropagation in the
network training phase. The aim is to achieve both an optimal global solution and a secure
and fast convergence.
The proposed applications are based on the above considerations.
A first set of applications concerns the prediction of financial time series with neural
networks driven by the backpropagation algorithm. The architecture of the neural network has
been configured to allow the instruction of non-linear dynamic models of NARX type, where
the endogenous variable is the exchange rate Leu / Euro, and the exogenous variable is the
exchange rate Leu / Dollar . The predictive performance of the backpropagation neural
network ( which uses gradient methods ) were then compared with those obtained by training
the neural network using evolutionary algorithms and their hybridization with local
optimization methods, which give rise to memetic algorithms . Thus, the backpropagation
procedure was replaced, in turn, with genetic algorithms (GA), respectively with a series of
hybrid approaches consisting of combining GA with trajectory metaheuristics: GA Hillclimbing; GA - Simulated Annealing; GA - Taboo Search; GA - GRASP; GA - Variable
Neighborhood Search; GA - Iterated local search. The results showed that, although the
predictive accuracy of all 8 algorithms for the training set does not differ significantly,
however, important differences are recorded regarding the performance of these algorithms
for the test set. Thus, the Backpropagation algorithm ranks last in both situations. The genetic
algorithm (GA), used alone (without hybridization) is in positions 2/3 in the case of the
training set and in the penultimate position in the case of the test set. All memetic algorithms
outperform both Backpropagation and GA when applied to the test set. This means that
memetic algorithms have improved generalization capabilities over basic metaheuristics
(GA).
The next application is the use of hybrid neuro-fuzzy systems (ANFIS) for predicting
financial time series. In this application, the endogenous variable is the closing price of the
shares of Teraplast SA (TRPClose), and the exogenous variable is the closing quotation of the
BET index of the Bucharest Stock Exchange (BETClose). Two NARX models are used:
(i) a NARX model (2,1,1), in which the input space, consisting of the variables
TRPClose ( t −1), TRPClose ( t −2) and BETClose ( t −1), is partitioned by means of three
fuzzy membership functions.
(ii) a more complex model, NARX (2,2,1), but in which the input space consists of the
variables TRPClose ( t −1), TRPClose ( t −2), BETClose ( t −1) and BETClose ( t −2), is
partitioned by only two fuzzy membership functions, instead of three .
The results show that the widening of the input space, by introducing the variable
BETClose ( t −2), led to an increase in the accuracy of the prediction for the test data,
although the partitioning of the input space was done with only two fuzzy sets, instead of
three.
The latest set of applications is a comprehensive approach to portfolio optimization
issues, with the help of optimization meta-statistics, both single-objective and multi-objective.
The primary data of the application consist of the closing prices of a number of 10 shares
listed on the Bucharest Stock Exchange, selected to potentially participate in the formation of
13

efficient portfolios, plus the Bet index (considered as a benchmark). Based on the closing
prices, the returns of the selected shares are calculated. Markovitz's approach involves a space
with two competing objectives: minimizing the expected risk; maximizing the expected return
on the portfolio. The classic Markowitz model (with standard restrictions) is used first, after
which the research is extended to the Markowitz model with additional restrictions.
Solving the classic Markowitz model (with standard restrictions) of portfolio
optimization is done by solving a set of mono-objective convex quadratic problems. This
application is conventional and only serves to have a benchmark compared to methods based
on multi-objective optimization metaheuristics. The application allows the determination of
the efficient border, the other two portfolios at the ends of the efficient border, the capital
allocation line, the portfolio with maximum Sharpe ratio, the efficient borders with yield
target, respectively risk target, etc.
The next step is to solve the classic Markowitz model (with standard constraints) by
means of an unconventional method, based on solving a bi-objective problem, using a multiobjective memetic algorithm. This is a generalization of mono-objective memetic algorithms.
In this scenario, the notion of Pareto dominance is essential. There is not a single optimal
solution, but rather a collection of optimal solutions, offering different trade-offs between the
objectives considered. The values in the objective space of this collection of optimal solutions
form the optimal Pareto front , or the undominated optimal front . To implement a multiobjective memetic algorithm to solve the portfolio optimization application, we opted for a
hybrid consisting of a global optimizer type NSGA-II (Non-dominated Sorting Genetic
Algorithm-II) and a local optimizer type Hill Climbing with the steepest climb, based on
mutation (SMHC: Steepest Mutation-based Hill Climbing). Specific to this local method is
that the new individual is generated by performing the steepest climb, based on mutation, on
the elite individual and replaces him only if he dominates in the Pareto direction.
The latest set of applications consists of extending the multi-objective memetic
algorithm to solve the problem of optimizing portfolios with additional restrictions. This
extension is theoretically based on the restriction criterion proposed in (Deb, 2000).
Applications cover a wide range of additional restrictions (other than standard): imposing an
upper limit on the proportion of portfolio value to reduce trading costs; restrictions that ensure
portfolio diversification; turnover restrictions; restrictions on the error of tracking a reference
portfolio (in our case, the BET index); combined restrictions on turnover and tracking error of
a reference portfolio; restrictions associated with strategy 130-30; leverage investments (use
of borrowed money); and so on
The results of the research carried out during the realization of this doctoral thesis
were disseminated through their publication in the volumes of international conferences and
in international and national journals, indexed in international databases. The list of published
scientific papers is attached at the end of this thesis.
Dissemination of research results
The results of the research activity were disseminated by publishing articles:
• 1 paper published in a Fuzzy Economic Review magazine
• 5 papers published in the journal Tinerii Economişti
• 1 paper published in Annals of the University of Craiova
• 1 paper presented in a SIGEF conference XXI
• 3 papers in international conferences with participation in the country
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1. GRADIENT-BASED ALGORITHMS AND NATUREINSPECTED OPTIMIZATION METEURURISTICS
1.1. Gradient-based optimization algorithms
1.1.1. The notion of iterative algorithm
There are always algorithms behind any computerized calculation and simulation
method. The basic components and how they interact determine how an algorithm works,
namely the efficiency and performance of the algorithm. In essence, an algorithm is a step-bystep procedure for providing calculations or instructions. Many algorithms are iterative. The
actual steps and procedures depend on the algorithm used and the context of the problem to be
solved.
1.1.2. Some types of optimization problems
Some of the main types of optimization problems are: continuous optimization
versus discrete optimization, unrestricted optimization versus restricted optimization;
number of objectives ; a deterministic optimization versus stochastic optimization; static
optimization versus dynamic optimization; a convex optimization versus a non-convex
optimization; a local optimization versus global optimization.
1.1.3. Mono-objective optimization issues
An optimization problem is defined as the search, in a set of possible solutions 𝑆 of
the solution (or solutions) that minimizes (or maximizes) a function (or a vector of functions)
by which the quality of this solution is measured. the problem of mono-objective optimization
in its continuous version. A continuous optimization problem is expressed in the standard
format as follows: minx∈ℝ𝑛 𝑓 𝑥 with the restriction: 𝑥 ∈ 𝐷
Variables 𝒙 = 𝑥1 , . . . , 𝑥𝑛 are decision variables . The function 𝑓: 𝐷 ⊂ ℝ𝑛 → ℝ is
called the objective function , and 𝐷it is the feasible domain . Any point 𝒙 ∈ ℝ𝑛 to which it
belongs 𝐷is called a feasible point. Note that maximizing a function 𝑓is equivalent to
minimizing a function −𝑓:
max𝑓 𝒙 = min (−𝑓 𝒙 )
(1.10)
x∈D

x∈D

1.1.4. Newton's method for vector argument functions
Newton's method is valid for functions with a single variable, but can be extended to
multivariate functions. In order to optimize a continuous and differentiable function, Taylor
series development is applied around a known point 𝑥 = 𝑥𝑡 and we consider the step ∆𝑥 =
𝑥 − 𝑥𝑡 :
1
𝑓 𝑥 = 𝑓 𝑥𝑡 + (∆𝑓(𝑥𝑡 ))T ∆𝑥 + ∆𝑥 𝑇 ∇2 𝑓(𝑥𝑡 )∆𝑥) + ⋯,
(1.25)
2
which is written as a square shape. 𝑓(𝑥)is minimized near a critical point when ∆𝑥 is the
solution of the following linear equation:
∇𝑓 𝑥𝑡 + ∇2 𝑓 𝑥𝑡 ∆𝑥 = 0
(1.26)
It leads to
𝑥 = 𝑥𝑡 − H −1 ∇𝑓 𝑥𝑡
(1.27)
2
where H = ∇ 𝑓 𝑥𝑡 is the Hessian matrix, is defined by
𝜕2𝑓
𝜕2𝑓
⋯
𝜕𝑥1 𝜕𝑥𝑑
𝜕𝑥12
2
H≡∇ 𝑓 𝑥 ≡
(1.28)
⋮
⋱
⋮
𝜕2𝑓
𝜕2𝑓
⋯
𝜕𝑥1 𝜕𝑥𝑑
𝜕𝑥𝑑2
This matrix is symmetric due to the fact that
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𝜕2𝑓
𝜕2𝑓
=
(1.29)
𝜕𝑥𝑖 𝜕𝑥𝑗 𝜕𝑥𝑗 𝜕𝑥𝑖
If the iterative procedure starts from the initial vector 𝑥 (0) , usually an arbitrary point
in the feasible region of the decision variables, Newton 's formula for the iteration𝑡 can be
written as:
𝑥 (𝑡+1) = 𝑥 (𝑡) − H −1 𝑥 𝑡 f 𝑥 𝑡
(1.30)
−1
𝑡
where H 𝑥 is the inverse of the Hessian matrix. It is worth noting that if 𝑓 𝑥 it is square,
the solution can be found in exactly one step. However, this method is not effective for
quadratic functions. To accelerate convergence, we can use a smaller step size 𝛼 ∈ 0,1 and
obtain the modified Newton's method.
𝑥 (𝑡+1) = 𝑥 (𝑡) − 𝛼H −1 𝑥 𝑡 f 𝑥 𝑡
(1.31)
Sometimes it may take time to calculate the Hessian matrix for secondary
derivatives. A good alternative is to use an identity matrix 𝐻 = 𝐼so that 𝐻 −1 = 𝐼we obtain
the quasi-Newton method
𝑥 (𝑡+1) = 𝑥 (𝑡) − 𝛼𝐼∇f 𝑥 𝑡
(1.32)
which is the steepest descent method. The essence of the steepest descent method is to find
the smallest possible objective function 𝑓 𝑥 from the current point 𝑥 𝑡 . From Taylor's series
development 𝑓 𝑥 around him 𝑥 𝑡 , we have
𝑓 𝑥 (𝑡+1) = 𝑓(𝑥 𝑡 + ∆) ≈ 𝑓(𝑥 𝑡 + (∇𝑓(𝑥 𝑡 ))𝑇 ∆
(1.33)
(𝑡+1)
𝑡
where ∆= 𝑥
− 𝑥 is the increment vector. As we try to find a better approximation of the
objective function, it is necessary that the second term on the right is negative. So,
𝑓 𝑥 𝑡 + ∆ − 𝑓 𝑥 𝑡 = (∇𝑓)𝑇 ∆< 0
(1.34)
𝑇
From vector analysis, we know that the scalar product 𝑢 𝑣of two vectors 𝑢 and 𝑣is
the largest when the vectors are parallel, but in opposite directions, so as to make their scalar
product negative. Therefore, we have
∆= −α∇𝑓(𝑥 𝑡 )
(1.35)
Where 𝛼 > 0 is the step size. This is the case when the direction ∆is along the steepest
descent in the direction of the negative gradient. When finding highs, this method is often
called hill climbing . Therefore, the steepest method of descent can be written
𝑓 𝑥 (𝑡+1) = 𝑓 𝑥 𝑡 − 𝛼 𝑡 ∇𝑓(𝑥 𝑡 ))𝑇 ∇𝑓(𝑥 𝑡
(1.36)
At each iteration, the gradient and step size will be calculated. Again, a good initial
estimate of starting point and step size is useful.
1.1.5. Multi-objective optimization issues
1.1.5.1. Formulation of the problem
Mathematically, a multi-goal optimization (MOP) problem can be formulated as
follows:
Definition 2 [General Multi-Objective Optimization Problem (MOP)]: Find the
vector 𝑥 ∗ = 𝑥1∗ , 𝑥2∗ , … , 𝑥𝑛∗ that satisfies the m inequality constraints
𝑔𝑖 𝑥 ≥ 0, 𝑖 = 1,2, … , 𝑚
(1.37)
the equality restrictions
𝑖 𝑥 = 0, 𝑖 = 1,2, … , 𝑝
(1.38)
and will optimize the vector function
𝑓 𝑥 = 𝑓1 𝑥 , 𝑓2 𝑥 , … , 𝑓𝑘 𝑥 𝑇
(1.39)
𝑇
where 𝑥 = 𝑥1 , 𝑥2 , … , 𝑥𝑛 is the vector of the decision variables.
Decision variables can be continuous (real), discrete, or mixed (some continuous and
some discrete).
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1.1.5.2. Pareto optimality and dominance
Definition 3 (Pareto optimality): A point 𝑥 ∗ ∈ Ωis optimal in the Pareto direction, if
for anything 𝑥 ∈ Ωand 𝐼 = 1,2, … , 𝑘 , either
∀𝑖∈𝐼 𝑓𝑖 𝑥 = 𝑓𝑖 𝑥 ∗
(1.40)
either, there is at least one 𝑖 ∈ 𝐼such that
𝑓𝑖 𝑥 > 𝑓𝑖 𝑥 ∗
(1.41)
1.1.6. Elements of complexity theory
Complexity theory (Papadimitriou, 1994) is interested in the formal study of
computer problems. Mathematics has become a central tool in the rigorous analysis of
algorithms, especially under the impetus of Donald Knuth, and his famous treatise "The Art of
Computer Programming" (Knuth, 1998). The problem is to calculate a measure of the
complexity of an algorithm, as the number of elementary operations required by the algorithm
to provide the user with the solution to the problem.
1.2. Nature-inspired metaheuristics
1.2.1. Heuristics and metaheuristics
For stochastic algorithms, we generally have two types: heuristic and metaheuristic,
although the difference between them is small. Simply put, heuristics mean "finding" or
"discovering by trial and error." The further development of heuristic algorithms led to the socalled metaheuristic algorithms. Here meta means "beyond" or "higher level", and these
algorithms generally perform better than mere heuristics. In addition, all metaheuristic
algorithms use certain trade-offs between randomization and local search.
1.2.2. Intensification (exploitation) and diversification (exploration)
Two major components of any metaheuristic algorithm are intensification and
diversification or exploitation and exploration . Diversification means generating diverse
solutions so that you can explore the global search space. Intensification means focusing on
the search in a local region by exploiting the information that a good current solution is found
in that region.
1.2.3. A brief history of their metaheuristics
Despite its ubiquitous nature, metaheuristics as scientific methods for solving
problems are a modern phenomenon, although it is difficult to identify when they were first
used. The literature is expanding rapidly, and the number of algorithms inspired by nature has
increased dramatically in the meantime. Such a diverse range of algorithms requires a
systematic research of different metaheuristic algorithms, which goes beyond the objectives
of this thesis.
1.2.4. Trajectory-based metaheuristics and population-based metaheuristics
Metaheuristics can be classified into several ways. One way is to classify them as
population-based or trajectory-based.
1.3. Classification of optimization methods
Once an optimization problem is formulated correctly, the main task is to find the
optimal solutions through a search procedure using the right mathematical techniques. The
classification of an optimization algorithm can be done in several ways.
1.4. Choosing the optimization algorithm
A common question is how to choose the right optimization algorithm and whether
there is a best optimization algorithm. There are many reasons why we cannot simply answer
this question. One of the reasons is the complexity and diversity of real-world problems,
which often means that some problems are easier to solve, while others can be extremely
difficult to solve. Therefore, it is unlikely that there will be a single method that can deal with
all types of problems.
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2. SOFT COMPUTING TECHNIQUES AND THEIR HYBRIDIZATIONS
2.1. Intelligent computational paradigms
Conceptual issues underlying the emergence of new intelligent computational
paradigms have been a constant concern for many researchers since the pioneering years of
artificial intelligence to the present day, including Bezdek (1994), Eberhart, Simpson, and
Dobbins ( 1996), Eberhart and Shui (2007), Zadeh (1994).
2.2. Fuzzy inference systems
2.2.1. General notions about sets and fuzzy logic
Human beings use inaccurate and uncertain information in their daily routine. In
human information processing, rough reasoning is used and attempted to accommodate
varying degrees of inaccuracy and uncertainty in information concepts. Fuzzy systems are a
generalization of binary logic. The two types of fuzzy systems commonly used in the
literature are Mamdani-type fuzzy inference systems and Takagi-Sugeno-Kang (TSK) fuzzy
inference systems.
2.2.2. Mamdani fuzzy inference systems
A system is a combination of components that operate on a vector of time input
functions 𝑥(𝑡) ∈ ℜ𝑛 for each 𝑡, to produce a vector of time output functions 𝑦(𝑡) ∈ ℜ𝑚 for
each 𝑡. A fuzzy system is a system that uses fuzzy logic to turn input 𝑥 𝑡 into output 𝑦(𝑡). A
fuzzy if-then Mamdani rule has the form:
𝑅𝑖 : If 𝑥 it is 𝑃 then 𝑦 it is 𝑄 (2.1)
where there 𝑥 is a linguistic variable defined on the discourse universe 𝒳, 𝑃there is a fuzzy
set (fuzzy value of the linguistic variable 𝑥) , 𝑦there is a linguistic variable defined on the
discourse universe 𝒴, and 𝑄 a fuzzy set (fuzzy value of the linguistic variable 𝑦) . The first
part of the statement, " 𝑥 is 𝑃", is called the premise of the rule, and the second part of the
statement, " 𝑦is 𝑄 " is called the consequence of the rule.
2.2.3. Takagi-Sugeno-Kang fuzzy inference systems
Takagi, Sugeno and Kang [Takagi and Sugeno, 1985 and Sugeno and Kang, 1988]
proposed a system of fuzzy rules whose premises are fuzzy sets and whose consequences are
real constants or real polynomials. Takagi-Sugeno systems can be stated as interpolations
between polynomial functions 𝑓𝑖 (•)and are expressed by fuzzy rules of the form:
𝑅𝑖 If 𝑥1 it is 𝑃1𝐾 and 𝑥2 it is 𝑃2𝐿 and ... and 𝑥𝑛 it is 𝑃𝑛𝑀 then 𝑞 𝑖 = 𝑓𝑖 (•)(2.7)
The non-fuzzy output of the system is:
𝑅
𝑖
𝑖=1 𝑞 𝜇𝑖 (𝑥)
𝑦= 𝑅
(2.8)
𝑖=1 𝜇𝑖 (𝑥)
where 𝜇𝑖 (𝑥)is the value of the rules 𝑖. The non-fuzzy output can be expressed as:
𝑦 = 𝑞1 𝜉1 𝑡 + 𝑞 2 𝜉2 𝑡 + ⋯ + 𝑞 𝑅 𝜉𝑅 𝑡
(2.9)
where
𝜇𝑖 (𝑥 𝑡 )
𝜉𝑖 𝑡 = 𝑅
𝑖 = 1, … , 𝑅
(2.10)
𝑗 =1 𝜇𝑗 (𝑥(𝑡))
they are called basic fuzzy functions. Typically, functions 𝑓𝑖 (•)are affine functions of inputs:
𝑓𝑖 • = 𝑎0𝑖 + 𝑎1𝑖 𝑥1 + 𝑎2𝑖 𝑥2 + ⋯ + 𝑎𝑛𝑖 𝑥𝑛
(2.11)
𝑖
where the coefficients 𝑎𝑗 are constant. The output y is a nonlinear function of the inputs 𝑥1 ,…
𝑥𝑛 ,.
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2.3. Neural networks
2.3.1. Biological neurons and artificial neurons. The paradigm of connection
calculus
The essence of all work on neural networks is in neurobiological studies dating back
more than a century. For decades, biologists have been speculating on how the nervous
system works. Biological neurons are the structural blocks of the nervous system.
2.3.2. The structure of artificial neural networks
An artificial network consists of a group of simple processing units that communicate
by sending each other signals through a large number of weighted connections.
2.3.3. Training of artificial neural networks. Backpropagation algorithm
A neural network must be configured so that the application of a set of inputs
produces the desired set of outputs. There are different ways to set connection strengths.
Learning is certainly more complex than the simplifications represented by the learning rules
used. Two different types of learning rules can be distinguished: supervised learning or
associative learning in which the network is trained by providing input and matching patterns.
These input-output pairs can be provided by an external teacher or by the system that contains
the network (self-monitored), unsupervised learning or self-organization in which a unit
(output) is trained to respond to input groups of patterns . In this paradigm, the system should
reveal obvious statistical features of the incoming population. Unlike supervised learning,
there is no set of a priori categories in which models are classified; rather, the system must
develop its own representation of input stimuli.
2.4. Evolutionary computation
2.4.1. Principles of evolutionary computation
Evolutionary computation is inspired by the processes of evolution in nature based on
the principle of survival of the best individual, respectively on the principle of heredity. In
practical applications, it consists in determining the solution of a problem by exploring the
space of potential solutions using a population of agents or individuals.
2.4.2. Basic concepts
The strong resemblance to biological processes, as well as their initial applications for
modeling complex adaptive systems, have influenced the terminology used by researchers.
The language they use borrows a lot from genetics, evolutionary theory, and cell biology.
Thus, a candidate solution to a problem is called an individual while a whole lot of current
solutions is called a population . The actual representation (coding) of an individual is called
its genome or chromosome. Each genome consists of a sequence of genes , ie attributes that
describe an individual. A value of a gene is called an allele . When individual solutions are
modified to produce new candidate solutions, they are said to reproduce (recombine) and the
new candidate solutions are called offspring . During the evaluation of a candidate solution, it
receives a grade called fitness , which indicates the quality of the solution in the context of a
given problem. When the current population is replaced by descendants, the new population is
called the new generation . Finally, the whole process of finding an optimal solution is called
evolution.
2.4.3. Classical evolutionary algorithms
2.4.3.1. Genetic algorithms
Genetic algorithms (GA) are a metaheuristic that mimics the process of reproduction
in nature in which species evolve over time adapting to their environment ( Fogel, 1998 ).
2.4.3.2. Evolution strategies
Evolution Strategies (ES: Evolution Strategies) were developed in the 1960s by
Rechenberg and Schwefel in Berlin (Schwefel, 1975). These were designed as search
heuristics for optimization problems that specialize in real-time variable optimization as
attributes of the solution.
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2.4.3.3. Genetic programming
In the mid-1980s, new concepts were developed to use evolutionary processes in
automatic program generation. The most successful concept was Genetic Programming (GP)
(Koza, 1992), which has since grown into an independent field of research for program
induction.
2.4.3.4. Evolutionary programming
Ownes, and Walsh developed Evolutionary Programming (EP) in the mid-1960s
(Fogel, 1966). It is characteristic that the evolutionary process does not focus on the level of
unique individuals, but on the level of whole species.
2.4.3.5. Differential evolution
Differential Evolution (DE) is a population-based, stochastic evolutionary algorithm
introduced by Storn and Price (Storn, 1997).
2.4.3.6. Co-evolutionary algorithms
In biology, we speak of coevolution when the evolution of interacting species - for
example, predators and prey, hosts and parasites or the insects and flowers they pollinate influence each other.
2.4.3.7. Cultural algorithms
Cultural Algorithms (CA: Cultural Algorithms), introduced by Robert G. Reynolds,
correspond to models inspired by the evolution of human culture (Reynolds, 1994).
2.4.3.8. Distributed evolutionary algorithms
In most cases, EA methods will require a large amount of computational resources,
either because the assessment of fitness function is very slow or because the size of the
population used becomes too large. The obvious solution to this problem is to parallelize the
EA process and distribute it across multiple computers.
2.5.Hybrid intelligent systems
Hybrid smart systems are defined in many different ways. In a simple way, hybrid
systems are those composed of several intelligent systems. Hybrid systems are expected to be
more powerful due to the combined advantages of different smart techniques. The most
popular hybrid systems are: Sequential Hybrid System, Auxiliary Hybrid System and Built-in
Hybrid System. Built-in hybrid systems represent the highest degree of integration.
2.5.1. Neuro-fuzzy hybrid systems
Artificial intelligence techniques based on fuzzy logic and neural networks are often
applied together. The reasons for combining these two paradigms stem from the difficulties
and limitations inherent in each isolated paradigm. In general, when used in a combined way,
ie the power of learning and the parallelism of the neural network are combined with the
reasoning mechanism of fuzzy logic, a more powerful system results, called in the literature
Neuro-Fuzzy system. There are several neuro-fuzzy architectures, but the most popular and
used in applications is ANFIS ( Adaptive Network based Fuzzy Inference System ),
proposed by R Jang (Jang, 1993).
2.5.2. Neuro-evolutionary hybrid systems
Evolutionary neural networks are an effective way to search for the problematic space
of the neural network. The initial approach was to narrow the search space to a few
parameters. Thus, several authors have suggested the evolution of ANNs by using EA to
optimize network weights and learning parameters of individuals, pre-establishing the number
of neurons and the connectivity between them.
2.5.3. Fuzzy-evolutionary hybrid systems
Fuzzy inference systems are believed to be able to solve nonlinear problems in a
variety of applications. Their key feature is the ability to model knowledge in the form of
rules of reasoning, but the main shortcoming of these systems is the lack of ability to learn
and adapt.
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3. OPTIMIZATION METAEURISTICS AND THEIR HYBRIDIZATION
3.1. Types of optimization metaheuristics inspired by nature
Nature develops its organisms slowly over very long periods of time in order to adapt
to niche environments. Most of the time, nature has found, in one way or another, a course of
action to solve problems that are generally complex both because of the number of
components they have and the obstacles they have to face. Metaheuristics are techniques
inspired by nature by observing the methods, mechanisms or techniques developed by various
organisms or species.
3.2. Trajectory metaheuristics (with one solution)
In this section, we present metaheuristics with a single solution, also called
trajectory methods. Such a metaheuristic begins with a single initial solution, which it
gradually modifies , building a trajectory in the search space.
3.2.1. Hill Climbing
The Hill Climbing (HC) method, also called the descent method for minimum
problems and the ascent method for maximum problems, is one of the simplest methods in the
literature.
3.2.2. Simulation Annealing
The Simulation Annealing method (SA: Simulation Annealing ) has its origins in the
formalism of statistical mechanics (the Metropolis algorithm (Metropolis et al., 1953)).
3.2.3. Taboo Search
Taboo search method (TS: Tabu Search ) was formalized by Fred Glover in 1986
(Glover, 1986).
3.2.4. GRASP (Greedy Randomized Adaptive Search Procedure)
Adaptive Search Procedure (GRASP) randomized and neighborhood search
techniques.
3.2.5. Variable Neighborhood Search
Variable Neighborhood Search (VNS ) is a metaheuristic proposed by Hansen and
Mladenovic in 1997 (Mladenovic, 1995; Mladenovic & Hansen, 1997).
3.2.6. Iterated local search
Iterated Local Search (Stützle, 1998) is a metaheuristic based on a simple idea: instead
of repeatedly applying a local search procedure from randomly generated solutions, ILS
generates the starting point of the solution for the next iteration by disturbing the local
optimum found at the current iteration.
3.3. Metaheuristics with a population of solutions
3.3.1. Basic principles of metaheuristics with a population of solutions
Metaheuristics with a solution population are heuristic-guided random searches, which
develop a set (population) of candidate solutions (individuals) in the search space, which it
improves from one generation to another, to finally extract from the last generation, the
solution with the best value of the objective function associated with the optimization
problem.
3.3.2. Types of metaheuristics with a population of solutions
The two main subfamilies of metaheuristics with a solution population are
evolutionary algorithms (EAs) and swarm intelligence-based metaheuristics .
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3.3.3. Swarm-based metaheuristics (distributed intelligence)
3.3.3.1. Particle swarm optimization
Optimization (PSO) introduced by (Kennedy, 1995) is inspired by the movement of
groups of birds or shoals of fish.
3.3.3.2. Ant colonies optimisation
Ant colony optimization is a metaheuristic based on the behavior of real ant colonies.
3.3.4. Restriction management
Many optimization issues are constrained, which means that with a limited number of
resources, the requirements for the production of goods or services must be met.
3.3.4.1.Penalty functions
Penalty functions are the most widely used approach to dealing with restrictions
(Coello-Coello, 2002). This technique involves incorporating the assessment of constraints
into the calculation of the objective function in order to impose a penalty on unfeasible
solutions.
3.3.4.2.Separation of restrictions and objectives
Separation of restrictions and objectives is an approach with a view opposite to the
penalty function approach. Instead of combining objective function evaluation with
constraints, this technique works separately with them.
3.3.4.3. Methods of repairing unfeasible solutions
Liepins, Potter and Vose, developed the first comparative research paper showing the
advantages of using repair algorithms. Repair algorithms turn non-feasible solutions into
feasible solutions through a repair operator.
3.4. Multi-objective optimization metaheuristics
Many real-world optimization problems have more than one optimum (maximum or
minimum). Multi-objective optimization can be defined as the search for a collection of
solutions that meet all constraints at the same time and maximize or minimize each of the
objective functions.
3.4.1. Examples of multi-objective optimization metaheuristics
Multi-objective techniques can be classified into two types ( Coello-Coello, 2006) .
On the one hand, those that do not incorporate the Pareto optimality concept of the selection
operator. On the other hand, those that achieve a hierarchy of individuals as they are
dominated or not based on the concept of Pareto optimality.
3.4.1.1. NSGA-II
(Deb et al., 2000) proposed the Genetic Sorting Algorithm II (NSGA-II) in order to
find a set of efficient solutions under the Pareto dominance concept. This approach has proven
to be one of the fastest, most effective, and most robust multi-objective optimization
techniques. It was also one of the most popular ways to compare new multi-lens optimizers.
3.4.1.2. SPEA2
Zitzler, Laumanns, & Thiele, 2001) proposed the Strength Pareto Evolutionary
Algorithm 2 (SPEA2). This approach has been successfully compared with other multiobjective evolutionary algorithms in terms of convergence and diversity of well-known
reference problems ( Coello-Coello, Lamont, & Veldhuizen, 2007 ).
3.4.2. Performance measures in multi-objective evolutionary optimization
In multi-objective optimization, there have been two ways of comparing approaches that
solve a particular problem ( Coello-Coello , 2006 ). The first of these has been used since the
implementation of the first approaches to solve this type of problem. The technique is simply
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to compare the approach for each Pareto front approximately and see which one performs
better.
For this second instance, it is necessary to use a formal mechanism to determine which
solution is best. Unfortunately, in this case there is no single criterion for determining whether
a set approach to the true Pareto front is better than another. Therefore, several criteria need to
be considered in order to perform a good performance measure.
3.4.2.1. Generational distance
Generational distance (GD) was proposed by ( Veldhuizen and Lamont, 1998, 1999 ).
3.4.2.2. Spacing metrics
The spacing metric (SP) was proposed by (Schott, 1995) and measures how the
roughly dominated solutions of the Pareto front are distributed in the target space.
3.4.2.3. Metric S
Metric S was proposed by (Zitzler, 1999; Zitzler and Thiele, 1998 ) and it indicates
how much of the target space is dominated by a given undetected Pareto front.
3.4.2.4. Metric C
Metric C was proposed by ( Zitzler, Deb and Thiele, 2000 ) in order to compare two
sets of approximate Pareto fronts ( A and B ) obtained by different approaches.
3.4.2.5. Metric D
Initially, metric C was developed to complement the aforementioned S metric.
However, to address some of the issues with metric C, Zitzler and Thiele proposed an
improved indicator based on the coverage difference between two approximate Pareto fronts
A and B. The new metric D ( Zitzler, 1999; Zitzler, Deb and Thiele, 2000) is defined on the
basis of the S metric and eliminates some of the shortcomings present in 𝐴 the 𝐵 C metric
𝐷(𝐴, 𝐵).
3.5. Hybridization of metaheuristics
3.5.1 Types of hybridization
Hybrid methods are an interesting idea and have gained popularity lately, with
restrictions handling techniques being no exception. Hybrid methods are constructed as a
combination of the above approaches with other heuristics; for example, hybrid methods
using ant colonies have been proposed ( Bilchev and Parmee, 1995-1996; Leguizamȯn et al.,
2007-2009), simulated hardening (Leguizamȯn and Coello-Coello, 2007), artificial immune
systems ( Hajela and Lee, 1996-1997; Yoo and Hajela, 1999 ), cultural algorithms ( Chung
and Reynolds, 1996; Reynolds, Michalewicz and Cavaretta, 1995 ), fuzzy logic ( Le, 1995 ),
etc.
3.5.2. Hybridization by memetic algorithms
The idea of Memetic Algorithms (MA) was proposed by (Moscato, 1989) as a result
of the study of a trend in genetic algorithms that began to appear in the late 1980s. This study
shows that a considerable number of papers on genetic algorithms used a local search engine
to complete them. From this observation came the idea that supports the memetic algorithm.
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4. APPLICATIONS OF SOFT COMPUTING TECHNIQUES AND
METEURISTICS OF OPTIMIZATION IN THE MODELING AND
PREDICTION OF FINANCIAL PROCESSES
4.1. The characteristics of their financial markets
Financial markets include stock markets, foreign exchange markets and other forms
of financial trading.
4.2. Use of backpropagation-driven neural networks or evolutionary algorithms
for predicting financial time series
4.2.1. Modeling financial time series with neural networks that implement
autoregressive nonlinear models with exogenous variables (NARX).
Artificial neural networks (ANNs) are considered an effective alternative for
financial market modeling and forecasting problems compared to classical time series models
because they have several desirable capabilities, such as nonlinearity, universal
approximation, and parallelism. .
4.2.2. Applications for predicting financial time series with backpropagationdriven neural networks
Consider a NARX model (2, 2, 1):
𝒚𝒕 = 𝑭 𝒚𝒕−𝟏 , 𝒚𝒕−𝟐 , 𝒙𝒕−𝟏 , 𝒙𝒕−𝟐 + 𝜺𝒕 ,
(𝟒. 𝟒)
where the Leu / Euro exchange rate (denoted by 𝒚𝒕 ) is the endogenous variable , the Leu /
Dollar exchange rate (denoted by 𝒙𝒕 ) is the exogenous variable.
The results of the prediction are presented below.

FIG. 4.11. Prediction results for the training and test data set, respectively
It can be seen that the accuracy of the prediction is very good for the training set (
𝑅 2 = 0.99882) , but less good for the test set ( 𝑅 2 = 0.90827).
These results will be compared with those obtained in the next section, where the
training of the neural network will be done using different optimization metaheuristics ,
instead of the backpropagation algorithm, which uses gradient methods .
4.2.3. Applications for predicting financial time series with neural networks
driven by evolutionary algorithms
Next, we present the results regarding the predictive accuracy of the selected
algorithms. A summary of these results is given in the table below. It also includes the result
obtained in the previous subsection, where the training of the network was performed with the
usual method, backpropagation, which we use as a reference in comparing predictive
performance. The second training method in the table is GA (genetic algorithm), used
independently. The rest of the training methods are represented by the hybridizations between
GA and trajectory metaheuristics used as local optimizers, while GA is, by its nature, a global
optimizer. This type of hybridization between a global and a local optimizer actually forms a
memetic algorithm .
Training method
Backpropagation
GA (Genetic Algorithm)
GA - Iterated local search

𝑹𝟐 education
𝟎. 𝟗𝟗𝟖𝟖𝟐
𝟎. 𝟗𝟗𝟗𝟐𝟕
𝟎. 𝟗𝟗𝟗𝟐𝟒

Rang instruire
8
2/3
6/7

24

𝑹𝟐 testare
𝟎. 𝟗𝟎𝟖𝟐𝟕
𝟎. 𝟗𝟒𝟓𝟎𝟖
𝟎. 𝟗𝟔𝟗𝟓

Rang testare
8
7
6

GA -Simulated Annealing

𝟎. 𝟗𝟗𝟗𝟐𝟒

6/7

𝟎. 𝟗𝟕𝟏𝟏𝟖

5

GA - Variable Neighborhood Search

𝟎. 𝟗𝟗𝟗𝟐𝟓

5

𝟎. 𝟗𝟕𝟖𝟏𝟓

3

GA - Tabu Search
GA - GRASP

𝟎. 𝟗𝟗𝟗𝟐𝟔

4

𝟎. 𝟗𝟖𝟎𝟒𝟔

1

𝟎. 𝟗𝟗𝟗𝟐𝟖

1

𝟎. 𝟗𝟕𝟔𝟑𝟐

4

GA - Hillclimbing

𝟎. 𝟗𝟗𝟗𝟐𝟕

2/3

𝟎. 𝟗𝟖𝟎𝟐𝟐

2

From the table it can be seen that the predictive accuracy of all 8 algorithms for the
training set does not differ significantly. The best performance for the training set was
achieved in the case of GA-Tabu Search hybridization, while the GA-GRASP hybridization
performed best for the training set.
4.3. Use of hybrid neuro-fuzzy systems (ANFIS) to predict financial time series
A hybrid neuro-fuzzy system combines the advantages of neural networks with those
of fuzzy inference systems. In this application, the endogenous variable is the closing price of
the shares of Teraplast SA (TRPClose), and the exogenous variable is the closing quotation of
the BET index of the Bucharest Stock Exchange (BETClose).
4.4. Applications of multi-objective metaheuristics in portfolio optimization
4.4.1. The classic Markowitz model (with standard restrictions) for portfolio
optimization
Henry Markowitz's classic oil portfolio optimization model is based on the use of
dispersion (variance) or, equivalent, standard deviation of portfolio profitability, as a risk
measure:
𝜎 2 𝑅′𝑤 = 𝑤 ′ 𝑄𝑤,
(4.9)
where 𝑄 is the variance-covariance matrix of the yield vector 𝑅:
𝑄 = 𝐶𝑜𝑣 𝑅𝑖 , 𝑅𝑗
(4.10)
𝑖,𝑗 =1,…,𝑛

We have a conflict between risk and expected return. We will consider three
different single-objective models that can be used to analyze the trade-off between these
conflicting objectives.
4.4.2 . Markowitz model with additional restrictions . Efficient frontier and
efficient portfolios
In practice, the optimal portfolio weights 𝑤 ∗ , calculated in the above models (M1) (M3) may have some undesirable characteristics: the weights 𝑤𝑖 ∗ may be very high for some
of the assets, which means taking short-long positions in a small number of assets, this may
be accompanied by instability, whereby a small error in estimating the parameters of the
model 𝜇, 𝑄 can lead to large changes in 𝑤 ∗ ; in multi-period situations, this leads to high
trading costs; It is possible that the true risk of the optimal portfolio may not be known
exactly.
4.4.3. Application: Portfolio optimization for 10 shares listed on the Bucharest
Stock Exchange
4.4.3.1. Presentation of financial assets
The primary data of the application consist of the closing prices of a number of 10
shares listed on the Bucharest Stock Exchange, selected to potentially participate in the
formation of efficient portfolios, plus the Bet index (considered as a benchmark).
Based on the closing prices, we calculate the yields of the selected shares , which we
represent graphically, together with the associated histograms.
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FIG. 4.33. Yields of selected shares, BET index (considered as benchmark)
and risk-free action (Cash = bank deposit)

FIG. 4.34. Stock performance histograms
4.4.3.2. The position of assets in the space of objectives
Markovitz's approach involves a space with two competing objectives: minimizing
expected risk (standard deviation of portfolio return) (annualized value); maximizing the
expected (average) return of the portfolio (annualized value). A multi-objective optimization
problem has a continuum of optimal solutions. The values of the objective functions for these
solutions generate a curve in the objective space, called the Pareto front (in particular, it is
the efficient frontier in the case of portfolio optimization ). The position of the assets that
potentially participate in the formation of efficient portfolios, in the plan represented by the
risks (standard deviations) and the expected returns, is represented in the figure below:

FIG. 4.35. The position of the assets that potentially participate in the formation of the
portfolio in the plan represented by the risks (standard deviations) and the expected returns.
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4.4.3.3. Markowitz portfolio optimization by solving a set of mono-objective
convex quadratic problems
Effective frontier (Pareto front) in the case of Markowitz (medium-variance
portfolio) The following figure adds the curve representing the effective frontier on the chart
that positions assets in the plan represented by the risks (standard deviations) and expected
returns .

FIG. 4.43. Efficient frontier achieved with current Matlab implementation

FIG. 4.44. Weights for 20 selected portfolios along the effective border

FIG. 4.47. The efficient border and the two portfolios at its extremities
Capital allocation line
Tobin's mutual fund theorem (Tobin 1958) states that the issue of portfolio allocation
can be seen as an allocation decision between a risk-free asset and a set of risky assets.
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FIG. 4.53. The capital allocation line is tangent to the Pareto front (efficient border)
at the point represented by the portfolio with maximum Sharpe ratio
Maximum Sharpe portfolio
The Sharpe Report (Sharpe 1966) is a measure of risk-return, which plays an
important role in portfolio analysis.

FIG. 4.54. Representation of the portfolio with maximum Sharpe ratio in the plan (expected
risk - expected return) and in the plan (expected risk - Sharpe ratio), where it is observed that
it represents a maximum point
Effective frontiers with yield target and risk target respectively

FIG. 4.56. Position on the efficient border of the portfolio with 24.014% yield target,
respectively of the portfolio with 39.302% risk target
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4.4.3.4. Markowitz portfolio optimization by solving a bi-objective problem
using a multi-objective memetic algorithm
Multi-objective memetic algorithms
Recently, Memetic Algorithms (MA) have been generalized to solve multi-objective
problems.

FIG. 4.61. Efficient frontier obtained with multi-objective memetic algorithm
4.4.3.5. Using the multi-objective memetic algorithm to solve the problem of
optimizing portfolios with additional restrictions
Efficient frontiers with budget constraints

FIG. 4.66. Efficient frontiers with budget constraints
Cost-effective trading boundaries

FIG. 4.69. Efficient frontiers with and without transaction costs
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Efficient frontiers with turnover restrictions

FIG. 4.72. Efficient borders with and without turnover restrictions
Effective frontiers with restrictions on the tracking error of a reference portfolio
(in our case, the BET index)

FIG. 4.75. Efficient frontier with 5% restriction on reference portfolio tracking error (BET
index)
Effective frontiers with combined restrictions on turnover and the error of
tracking a reference portfolio

FIG. 4.78. Effective frontier with combined restrictions on turnover and tracking error
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Strategy 130-30

FIG. 4.81. Portfolio with strategy 130-30
Efficient borders without leverage

FIG. 4.83. Efficient frontiers without leverage in the variants: without the use of the risk-free
asset, with the use of the risk-free asset in the beach [0, 1]; with the use of risk-free assets in
the beach [0, 0.3];
Efficient leverage boundaries

FIG. 4.87. Efficient leverage frontiers, in the following variants: without the use of the riskfree asset; with the use of risk-free assets in the beach [0, 1]; with the use of risk-free assets in
the beach [-0.3, 0]; with the use of risk-free assets in the beach [-1.0, -0.3];
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CONCLUSIONS
This thesis is an attempt to introduce and promote a vision and a set of
unconventional methods, based on computational intelligence techniques, to address the
problems of modeling and predicting financial time series, respectively to optimize portfolios.
The mechanism of operation of financial markets is a very complex, very nonlinear
dynamic process, influenced by many factors, such as domestic and global economic
conditions, international competitiveness, regional economies, net capital inflows and net
exports / imports. With advances in information technology, information is now available in
quantifiable digital forms. Traditional time series modeling methods do not correspond to the
nature of financial time series, characterized by their high degree of non-nationality. For this
reason, in this thesis we have chosen to replace traditional methods with more flexible
methods, based on other computational paradigms, such as soft computing, distributed
intelligence, meta-statistics of global optimization mono-objective and multi-objective, etc.
Due to their universal approximation capability, computational intelligence techniques can be
successfully applied to complex, nonlinear, and dynamic systems, including for modeling and
forecasting time series in the age of large volumes of data. The purpose of this section was to
compare the performance of several nature-inspired predictive and metaheuristic methods,
when used alone or synergistically, as hybrid methods. These methods were the subject of a
detailed theoretical analysis and were then applied in a number of particularly complex
applications.
We mention that the methods presented in this thesis were initially proposed in fields
other than economics and finance, and in the research we tried to adapt and capitalize on their
potential so that they can be used with superior performance in the field of quantitative
finance.
We consider, therefore, that the thesis brings novelties and contributions both at the
theoretical level and at the application level.
At a theoretical level, we aim to offer a modern and deeply current alternative to the
classical methods of modeling and financial prediction, an alternative based on the new
techniques of computational intelligence. The thesis captures the whole spectrum of these
techniques, which integrate fuzzy inference systems, neural networks, evolutionary calculus,
respectively distributed intelligence (also called swarm intelligence). Particular emphasis has
been placed on the hybridization of these predictive and metaheuristic optimization
techniques, which seek to develop intelligent computational systems that synergistically
combine the advantages of individual hybridization methods. Such hybrid approaches
underlie the development of new types of intelligent computational systems, such as neuroevolutionary ones (in which the backpropagation algorithm, which is the classic gradientbased training mechanism, is replaced by a global optimization metaheuristic), the fuzzygenetic ones (where the architecture and parameters of the fuzzy inference system are
optimized by means of a global optimization metaheuristic), respectively the neuro-fuzzy
ones (in which the fuzzy systems and the neural networks act synergistically). The nature of
some applications, such as portfolio optimization, required the investigation of not only
single-objective, but multi-objective meta-heuristics, based essentially on the concepts of
Pareto optimality and dominance. The essential aspects of these multi-objective metaheuristics have been investigated, including those for implementation in the presence of
objective functions and nonlinear constraints, which require special resolution procedures.
Performance measures in multi-objective evolutionary optimization comparing the
performance of two Pareto fronts were also analyzed . Particular attention was paid to a
special type of hybridization, between a global optimization metaheuristic and a local
optimization algorithm, hybridization that leads to the development of a memetic algorithm.
At the application level, the contributions consist in the use of these unconventional
methods, based on soft computing techniques and optimization metaheuristics, for the
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modeling and prediction of financial processes. The range of applications developed is very
comprehensive and complex. Before putting them into practice, it was necessary to carefully
investigate the main properties of financial markets, synthesized by their stylized statistical
characteristics, viewed from the perspective of stochastic process theory: leptokurtic,
symmetrical, thick-tailed distributional characteristics, strong non-stationary, variance high
volatility, the formation of volatility clusters, sensitivity to unlikely "black swan" events,
asymmetric market responses to different polarity of price changes, etc.
The modeling of financial time series must essentially use dynamic models, and their
non-linearity is a proven fact. Therefore, the usual time series models (AR: autoregressive,
ARX; autoregressive with exogenous variables) are not adequate, which requires the use of
flexible computational intelligence techniques to build nonlinear dynamic models,
automatically instructable from observation data. Such techniques may be neural networks,
fuzzy inference systems and their possible hybridization with global optimization
metaheuristics, necessary in the model training phase (optimization of its architecture and
parameters). Both neural networks and fuzzy inference systems have several desirable
capabilities, such as nonlinearity, the ability to be universal approximators, and parallelism.
Such techniques allow the extension of linear dynamic models of type AR / ARX to a
nonlinear form: NAR or NARX.
The modeling and prediction of financial time series generally uses supervised
learning algorithms, where in the learning process data sets consisting of both input and
output values are provided to the network. Back-propagation algorithms, a family of popular
methods of supervised training of neural networks, are implemented in most neural predictive
models in the financial market modeling and forecasting literature. However, backpropagation training algorithms are not suitable for problems where fast and accurate
predictions are needed, mainly due to their inherent sensitivity to initialization conditions and
the local nature of the search for solutions, which runs the risk of locking in local optimums. .
To avoid these problems, hybrid neuro-fuzzy or neuro-evolutionary systems have been
developed. The former combine neural networks with fuzzy inference systems, and the latter
combine neural networks with evolutionary algorithms, which replace backpropagation in the
network training phase. The aim is to achieve both an optimal global solution and a secure
and fast convergence. In most cases, global optimization metaheuristics have been proposed
as methods with general applications. Their main feature is that they do not use gradients to
explore the solution space. For this reason, they offer the opportunity to be used to overcome
the weakness of gradient-type techniques, on which back propagation is also based, the most
popular method for training neural networks. Therefore, back propagation suffers from the
same disadvantages as classic optimizers, including a low convergence rate, instability, the
condition that the fitness function is differentiable, the risk of the solution being trapped in a
local minimum, and the possibility of exceeding the minimum error area. .
The proposed applications are based on the above considerations.
A first set of applications concerns the prediction of financial time series with neural
networks driven by the backpropagation algorithm. The architecture of the neural network has
been configured to allow the instruction of non-linear dynamic models of NARX type, where
the endogenous variable is the exchange rate Leu / Euro, and the exogenous variable is the
exchange rate Leu / Dollar . The predictive performance of the backpropagation neural
network ( which uses gradient methods ) were then compared with those obtained by training
the neural network using evolutionary algorithms and their hybridization with local
optimization methods, which give rise to memetic algorithms . Thus, the backpropagation
procedure was replaced, in turn, with genetic algorithms (GA), respectively with a series of
hybrid approaches consisting of combining GA with trajectory metaheuristics: GA Hillclimbing; GA - Simulated Annealing; GA - Taboo Search; GA - GRASP; GA - Variable
Neighborhood Search; GA - Iterated local search. The results showed that, although the
predictive accuracy of all 8 algorithms for the training set does not differ significantly,
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however, important differences are recorded regarding the performance of these algorithms
for the test set. Thus, the Backpropagation algorithm ranks last in both situations. The genetic
algorithm (GA), used alone (without hybridization) is in positions 2/3 in the case of the
training set and in the penultimate position in the case of the test set. All memetic algorithms
outperform both Backpropagation and GA when applied to the test set. This means that
memetic algorithms have improved generalization capabilities over basic metaheuristics
(GA).
The next application is the use of hybrid neuro-fuzzy systems (ANFIS) for predicting
financial time series. In this application, the endogenous variable is the closing price of the
shares of Teraplast SA (TRPClose), and the exogenous variable is the closing quotation of the
BET index of the Bucharest Stock Exchange (BETClose). Two NARX models are used:
(i) a NARX model (2,1,1), in which the input space, consisting of the variables
TRPClose ( t −1), TRPClose ( t −2) and BETClose ( t −1), is partitioned by means of three
fuzzy membership functions.
(ii) a more complex model, NARX (2,2,1), but in which the input space consists of the
variables TRPClose ( t −1), TRPClose ( t −2), BETClose ( t −1) and BETClose ( t −2), is
partitioned by only two fuzzy membership functions, instead of three .
The results show that the widening of the input space, by introducing the variable
BETClose ( t −2), led to an increase in the accuracy of the prediction for the test data,
although the partitioning of the input space was done with only two fuzzy sets, instead of
three.
The latest set of applications is a comprehensive approach to portfolio optimization
issues, with the help of optimization meta-statistics, both single-objective and multi-objective.
The primary data of the application consist of the closing prices of a number of 10 shares
listed on the Bucharest Stock Exchange, selected to potentially participate in the formation of
efficient portfolios, plus the Bet index (considered as a benchmark). Based on the closing
prices, the returns of the selected shares are calculated. Markovitz's approach involves a space
with two competing objectives: minimizing the expected risk; maximizing the expected return
on the portfolio. The classic Markowitz model (with standard restrictions) is used first, after
which the research is extended to the Markowitz model with additional restrictions.
Solving the classic Markowitz model (with standard restrictions) of portfolio
optimization is done by solving a set of mono-objective convex quadratic problems. This
application is conventional and only serves to have a benchmark compared to methods based
on multi-objective optimization metaheuristics. The application allows the determination of
the efficient border, the other two portfolios at the ends of the efficient border, the capital
allocation line, the portfolio with maximum Sharpe ratio, the efficient borders with yield
target, respectively risk target, etc.
The next step is to solve the classic Markowitz model (with standard constraints) by
means of an unconventional method, based on solving a bi-objective problem, using a multiobjective memetic algorithm. This is a generalization of mono-objective memetic algorithms.
In this scenario, the notion of Pareto dominance is essential. There is not a single optimal
solution, but rather a collection of optimal solutions, offering different trade-offs between the
objectives considered. The values in the objective space of this collection of optimal solutions
form the optimal Pareto front , or the undominated optimal front . To implement a multiobjective memetic algorithm to solve the portfolio optimization application, we opted for a
hybrid consisting of a global optimizer type NSGA-II (Non-dominated Sorting Genetic
Algorithm-II) and a local optimizer type Hill Climbing with the steepest climb, based on
mutation (SMHC: Steepest Mutation-based Hill Climbing). Specific to this local method is
that the new individual is generated by performing the steepest climb, based on mutation, on
the elite individual and replaces him only if he dominates in the Pareto direction.
The latest set of applications consists of extending the multi-objective memetic
algorithm to solve the problem of optimizing portfolios with additional restrictions. This
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extension is theoretically based on the restriction criterion proposed in (Deb, 2000).
Applications cover a wide range of additional restrictions (other than standard): imposing an
upper limit on the proportion of portfolio value to reduce trading costs; restrictions that ensure
portfolio diversification; turnover restrictions; restrictions on the error of tracking a reference
portfolio (in our case, the BET index); combined restrictions on turnover and tracking error of
a reference portfolio; restrictions associated with strategy 130-30; leverage investments (use
of borrowed money); and so on
The bottom line is that computing intelligence is the most important acquisition of
quantitative finance in decades. They allow the realization of applications with predictive
performances clearly superior to the traditional techniques of estimation and forecasting, most
often limited to the linear case and imposing the condition of stationarity of the time series.
That is why I have dedicated this thesis to the theoretical presentation and use of these
techniques in a number of financial applications. Another pivotal notion of this thesis was the
hybridization of intelligent predictive systems and optimization metaheuristics. Comparing
the performance of different methods used in applications confirms that hybridization can be a
successful approach in many cases where, by combining the mechanism of two algorithms
and fine-tuning their parameters, we are able to find new ways to control exploration
capabilities. exploitation of the newly generated hybrid. The results reported here can be seen
as another step towards validating such approaches.
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