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Course Objectives  
• Introduce the concepts and ideas behind metaheuristic 

techniques. 
Particle Swarms         Simulated Annealing 
Ant Colony           Tabu Search 
Genetic Algorithms         Greedy Randomized Adaptive Search Procedure 
Memetic Algorithms         Variable Neighborhood Search 
Cellular Automata          Scatter Search 
Immune Systems          Guided Local Search & Fast Local Search 
 

• Learn how to apply metaheuristic techniques to practical 
problems.  
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About the Course 
• Participation is highly encouraged during the class.  
• Students will work on a project 

– The main goal is to apply a metaheuristic technique to a given 
combinatorial optimization problem. 

– Within the next two weeks, each student will provide an informal 
description on how he plans to solve the problem using a metaheuristic 
technique. 
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Materials 
• Textbook 

– David Corne, Marco Dorigo and Fred Glover, New Ideas in 
Optimization, McGraw-Hill, 1999. 

– Fred Glover and Gary A. Kochenberger, Handbook of Metaheuristics, 
Kluwer Academic Publishers, 2003.  

– New Achievements in Evolutionary Computation (edited by Peter 
Korošec), InTech, 2010. //http://www.intechopen.com/books/new-
achievements-in-evolutionary-computation 

• Survey paper 
– Christian Blum and Andrea Roli, Metaheuristics in Combinatorial 

Optimization: Overview and Conceptual Comparison, ACM 
Computing Surveys, Vol. 35, No. 3, September 2003, pp. 268–308. 
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Materials 
• Real-world studies 

– Tea Tušar, Peter Korošec, Gregor Papa, Bogdan Filipič, Jurij Šilc. A 
comparative study of stochastic optimization methods in electric motor 
design, (IJS technical report, 9349), 2006. 

– Peter Korošec, Jurij Šilc. Analiza ACO algoritma na primeru iskanja 
najkrajših poti, (IJS tehnično poročilo, 9527), 2006. 

– Peter Korošec, Jurij Šilc. Optimalno razporejanje tovornih vozil na 
nakladalna in razkladalna mesta z algoritmom DASA, (IJS delovno 
poročilo, 9826). 2008. 

• Slides 
– According to dr. Walter Cedeño 
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Where do I find more information? 
• Particle Swarm Optimization  

– http://www.swarmintelligence.org/ 

• Ant Colony Optimization 
– http://iridia.ulb.ac.be/~mdorigo/ACO/ACO.html 

• Celular Automata 
– http://cell-auto.com/  

• Memetic Algorithms 
– http://www.ing.unlp.edu.ar/cetad/mos/memetic_home.html 

• Evolutionary Algorithms 
– http://www.cs.sandia.gov/opt/survey/ea.html 

http://www.swarmintelligence.org/
http://iridia.ulb.ac.be/~mdorigo/ACO/ACO.html
http://cell-auto.com/
http://www.ing.unlp.edu.ar/cetad/mos/memetic_home.html
http://www.cs.sandia.gov/opt/survey/ea.html
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Where do I find more information? 
• Tabu Search 

– http://www.cs.sandia.gov/opt/survey/ts.html 
• Simulated Annealing 

– http://esa.ackleyshack.com/thesis/esthesis7/node15.html 
• Greedy Randomized Adaptive Search Procedure 

– http://www.optimization-online.org/DB_FILE/2001/09/371.pdf 
• Variable Neighborhood Search 

– http://citeseer.nj.nec.com/mladenovic97variable.html 
• Scatter Search 

– http://hces.bus.olemiss.edu/reports/hces0199.pdf  
• Guided Local Search & Fast Local Search 

– http://citeseer.nj.nec.com/voudouris95function.html 
• Immune Systems 

– http://www.artificial-immune-systems.org/ 

http://www.cs.sandia.gov/opt/survey/ts.html
http://esa.ackleyshack.com/thesis/esthesis7/node15.html
http://www.optimization-online.org/DB_FILE/2001/09/371.pdf
http://citeseer.nj.nec.com/mladenovic97variable.html
http://hces.bus.olemiss.edu/reports/hces0199.pdf
http://citeseer.nj.nec.com/voudouris95function.html
http://www.artificial-immune-systems.org/
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Course Outline 
• Introduction to Metaheuristics 
• Particle Swarms 
• Ant Colony Optimization 
• Genetic Algorithms  
• Memetic Algorithms  
• Simulated Annealing  
• Tabu Search 
• Greedy Randomized Adaptive Search Procedure  
• Variable Neighborhood Search & Scatter Search 
• Guided Local Search & Fast Local Search  
• Cellular Automata & Artificial Immune Systems 
• Oral Presentations & Competition 
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Grading 

• Project: 50% 
• Final exam and/or seminar: 50%  
• Additional 3 credit points for making a paper for ERK or some 

other international conference 
 

• CURVE: 
– 50,00% - 50,99% = 6 
– 60,00% - 69,99% = 7 
– 70,00% - 79,99% = 8 
– 80,00% - 89,99% = 9 
– 90,00% - 100,00% = 10 
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About Myself 
• Applying Stochastic Algorithms since ‘00 

– Graph Partitioning, Real-World Optimization, Multimodal 
Function Optimization 

• Dissertation on ACO at JSIPS (‘06) 
• Currently working at Jožef Stefan Institute, Computer 

Systems Department 
– Application of Ant-Colony based algorithms to real-world 

problems 
– Algorithm paralelization (multi-core, GPU) 

• Email: peter.korosec@famnit.upr.si  
• Home Page: http://e.famnit.upr.si/ 
• Office Hours: Before and after the class 
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Tell me About Yourself 

• Name 
 

• Organization 
 

• Relevant experience 
 

• Expectations 
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The Project 

• Purpose: Apply a metaheuristic technique to a combinatorial 
optimization problem. 

• Every student must choose a metaheuristic technique to apply 
to a problem. 

• Informal Description: During the third class, each student will 
have 10 minutes to describe how he plans to apply the chosen 
metaheuristics to the problem. 

• Oral presentation: During the last class, each student will have 
45 minutes to present his approach and results.  

• Problem: Select a topic from the provided list or think of one 
on your own 
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Combinatorial Optimization (CO) 

• A CO problem is an optimization problem in which the space 
of possible solutions is discrete (and finite) instead of 
continuous. 

• Usually NP-Complete or NP-Hard. 
• Formal definition - A CO problem P is an optimization 

problem in which; 
– The number of feasible solutions for P is finite. 
– For each feasible solution x of P there is an objective function, f(x), that 

measures the goodness of x. 
– Typically, the feasible solutions are determined by their ability to 

satisfy certain conditions (constraints).  
– A partial ordering can be defined over the set of values returned by the 

objective function, allowing the determination of which goodness value 
is better. 
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The Quadratic Assignment Problem 
(QAP) 

• The QAP is a CO problem which can be found in economics, 
operations research, and engineering. It seeks to locate N 
facilities among N fixed locations in the most economical way. 

• For each pair of facilities, (i, k), a certain flow of commodities, 
F(i, k), is known and for each pair of locations (j, l) a 
corresponding distance D(j, l) is known.  

• The two-way transportation costs between facilities i and k, 
given that i is assigned to location j and k is assigned to 
location l, are F(i,k)*D(j,l) + F(k,i)*D(l,j).  

• The objective is to find an assignment minimizing the sum of 
all such transportation costs. 

• Examples 

http://www-unix.mcs.anl.gov/otc/Guide/CaseStudies/qap/
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Traveling Salesperson Problem 

• TSP is one of the most study problems in operations research. It provides a 
well known test problem to evaluate algorithms. It is an NP-Hard problem 
in combinatorial optimization. 

• Def.  Given N cities and their locations. What is the shortest closed tour 
through the cities? (Ex. MNPeano order 2, Germany D15112) 
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Introduction to Combinatorics 

• Counting Principle – With two experiments M (with m 
outcomes) and N (with n outcomes), there are m*n total 
possible outcomes of the compound experiment MN. 
 

• Example – A student is certain she will get either 10 or a 9 in 
one class. She is not sure whether she will get an 10, 9, 8, 7, or 
6 in some other class. How many different grading 
possibilities are there between the two classes? 
 
Answer: There are m*n = 2*5 = 10 possibilities. They can be 
enumerated as follows: (10,10), (10,9), (10,8), (10,7), (10,6), 
(9,10), (9,9), (9,8), (9,7), or (9,6). 
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Introduction to Permutations 

• Definition – A permutation is an ordered arrangement of the 
different elements in a set.  

• Example 1 – Given a set with the letters A, B, and C. What are 
all the possible arrangements of the elements in this set? 
 
Answer – ABC, ACB, BAC, BCA, CAB, CBA 
 

• Number of permutations of n elements = n!. 
• Number of partial ordering of a set of n elements is given by 

P(n, r) = n! / (n – r)! 
• Example 2 – How many nine-person batting orders are 

possible on a team with 15 players? 
 
Answer – P(15, 9) = 15!/(15 – 9)! = 1,816,214,400 
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Introduction to Combinations 

• Definition – A combination is the number of unique groupings 
of elements irrespective of their ordering. 
 

• The number of combinations among n elements taken r at a 
time is given by C(n, r) = P(n, r) / r! = n! / ((n – r)!r!) 

 
• Example – The Senate contains 100 senators. How many five-

member subcommittees may be formed in this prestigious 
body? 
 
Answer – C(100, 5) = 100!/ ((100 – 5)! 5!) = 75,287,520 
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Introduction to Probability 

• Definition – A branch of mathematics concerned with the study of 
probabilities. The likelihood that a given event will occur. 
 

• Let the space S be the set of all possible outcomes. 
 

• Event – Any subset of the possible outcomes (S). 
 

• Example – Consider all the possible outcomes when rolling a die. 
S = {1, 2, 3, 4, 5, 6} 
 

• What is the probability that a value greater than 4 will occur when rolling a 
die? 
 
E = {5, 6} =>  P(E) = 2/6 = 1/3 
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Axioms of Probability 

• Axiom 1 – The probability of an event must be between 0 and 1. 
0 ≤ P(E) ≤ 1 
 

• Axiom 2 – The probability of the space S must equal 1. 
P(S) = 1 
 

• Axiom 3 – For any sequence of mutually exclusive events Ei, i = 1, 2, … 
such that Ei ∩ Ej = ∅.  
 
 
 
 
The probability of the union of mutually exclusive events is the sum of the 
event probabilities. 
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Conditional Probability 

• Definition – When the probability of one event hinges on the outcome of 
another event. 

• P(E|F) – The probability of event E given than event F has occurred. 
• P(EF) – The probability of both events happening. 
• P(EF) = P(E|F) P(F) 

 
• Example – A student has a choice between two courses, one in AI and one 

in OS. If she has a 50% chance of receiving a 10 in the AI course and a 
75% chance of getting a 10 in the OS course, what are her chances of 
getting a 10 in the OS course if she decides between the two courses on the 
toss of a fair coin? 
 

• Answer – Let A be the event where the student receives a 10, and let G be 
the event where she takes the OS course. 
P(AG) = P(A|G)P(G) = 0.75*0.5 = 0.375 
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Introduction to Statistics 

• Definition – Numbers that estimate data values from a sample 
are called statistics. 
 

• Independent variables – Factors that influence the algorithm. 
Example – population size, probability of selection, etc… 
 

• Dependent variables – Effect of the algorithm. Measured 
variables. 
Example – population fitness, best in generation, etc… 
 

• The goal of statistics is to analyze the effect of the independent 
variables on the dependent variables. 
 

• There are two kinds of statistics: descriptive and inferential. 
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Descriptive Statistics 

• Definition – Provide information about a particular sample of observations. 
 

• Example – Let X={x1, x2, …, xn} be the sample with all observations. 
 
Sample Mean –  
 
 
Standard deviation –  
 
 
Z-scores – Values are standardized by scaling them to the mean and 
standard deviation. Subtract the mean from each value and divide it by the 
standard deviation. The result is a sample with 0 mean and 1 s.d. 
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Z-Scores Example 

•   Raw Score   Z score  
  --------------------------------------- 
 67   -1.78 
 74   -1.09 
 77   -0.80 
 81   -0.40 
 85   -0.01 
 89   0.38 
 92   0.68 
 93   0.78 
 94   0.88 
 99   1.37 
 ---------------------------------------- 
Mean: 85.1   0 
Std: 10.17   1 
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Inferential Statistics 

• Definition – Extract/make inferences about the data. These 
measurements extrapolate from a small sample to estimate 
what would happen if all possible tests were run. Enables 
generalization from the data with a known certainty. 
 

• Population average can be estimated using the sample mean. 
• Population variance can be estimated using a sample set with; 

 
 
 
 

• Student’s t-Test – Measures if the difference between two 
means is statistically significant. 
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Student’s t-Test Example 

• Hypothesis 0 – The two means are the same. 
• GROUP   N  Mean  Std. Deviation 

----------   --- -------  ------------------ 
Sample1  23  41.52        17.15 
Sample2  21  51.48        11.01 
 

• p-value: probability of getting data like this (or more 
 extreme) if H0 is true (two means are the same). 

• Get by comparing T to a t(42) distribution (1 or 2 tailed p-value). 
• Result - Reject H0 or not. Reject H0 if t calculated is > t critical or < -t 

critical 
• t-Test = -2.267 
• degrees of freedom = 42 
• 95% Confidence Interval = t-Critical = 1.68. 
• We reject the hypothesis that both means are equal. 
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ANOVA 

• Analysis of Variance – Allows more than two groups of means 
to be compared. 
 

• Based on the F-distribution and provides the probability that 
there is no difference between groups of data receiving 
different parameter manipulation. 
 

• Factorial ANOVA allows the comparison of variance when 
more than one independent variable is manipulated. 
 

• Multivariate ANOVA allows the analysis of the effects of one 
or more independent variables on more than one dependent 
variable. 
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Introduction to Artificial Intelligence 
(AI) 

• Def. - The branch of computer science concerned with making computers 
behave like humans. The term was coined in 1956 by John McCarthy at the 
Massachusetts Institute of Technology. AI includes;  

– games playing: programming computers to play games such as chess and 
checkers  

– expert systems: programming computers to make decisions in real-life 
situations (for example, some expert systems help doctors diagnose diseases 
based on symptoms)  

– natural language: programming computers to understand natural human 
languages  

– robotics: programming computers to see and hear and react to other sensory 
stimuli  

– soft computing: differs from conventional (hard) computing in that, unlike hard 
computing, it is tolerant of imprecision, uncertainty, partial truth, and 
approximation. In effect, the role model for soft computing is the human mind. 
The guiding principle of soft computing is: Exploit the tolerance for 
imprecision, uncertainty, partial truth, and approximation to achieve 
tractability, robustness and low solution cost. 
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Soft Computing Techniques 

• Fuzzy Systems  
• Neural Networks  
• Stochastic Algorithms 

– Particle Swarms 
– Ant Colony Optimization 
– Cellular Automata 
– Memetic Algorithms 
– Evolutionary Computation  
– Tabu Search 
– Simulated Annealing 

• Machine Learning   
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Metaheuristics 

• Def. - Solution methods that orchestrate an interaction between 
local improvement procedures and higher level strategies to 
create a process capable of escaping from local optima and 
performing a robust search of solution space. 
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Search Techniques Taxonomy 
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Introduction to Particle Swarms 

• Based on the simulation of bird flocking in two-dimension 
space. The position of each agent is represented by XY axis 
position and also the velocity is expressed by vx (the velocity 
of X axis) and vy (the velocity of Y axis). Modification of the 
agent position is realized by the position and velocity 
information. 

• Each agent tries to modify its position using the following 
information: 
– the current positions (x, y), 
– the current velocities (vx, vy), 
– the distance between the current position and particle best 
– the distance between the current position and global best 

• This modification can be represented by the concept of 
velocity. 

• Flocking Birds Demo 

http://www.red3d.com/cwr/boids/
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Introduction to Ants Colony 
Optimization 

• Ant Colony Optimization (ACO) studies artificial systems that 
take inspiration from the behavior of real ant colonies and 
which are used to solve discrete optimization problems. 
 

• In the general ACO algorithm ants share information only via 
an "external" memory (pheromones on arcs). 
 

• Ants usually modify independently this memory. 
 

• TSP Demo. 

http://uk.geocities.com/markcsinclair/aco.html
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Introduction to Evolutionary Algorithms 

• Based on the simulation of natural evolution and the survival of the fittest 
principle.  
 

• Natural evolution is a hypothetical population-based optimization process.   
 

• Simulating this process on a computer results in stochastic optimization 
techniques that can often out-perform classical methods of optimization 
when applied to difficult real-world problems.   
 

• Techniques 
– Genetic Algorithms 
– Genetic Programming 
– Evolutionary Strategy 
– Evolutionary Algorithm 
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Genetic Algorithms 

• Genetic Algorithm (GA) is a search algorithm based on the conjecture of 
natural selection and genetics. 

• The algorithm is a multi-path that searches many peaks in parallel, and 
hence reducing the possibility of local minimum trapping.   

• GA works with a coding of parameters instead of the parameters 
themselves.  The coding of parameter will help the genetic operator to 
evolve the current state into the next state with minimum computations.   

• GA evaluates the fitness of each string to guide its search instead of the 
optimization function.  

• There is no requirement for derivatives or other auxiliary knowledge.   
• GA explores the search space where the probability of finding improved 

performance is high. 
• GA Playground 

http://www.aridolan.com/ga/gaa/gaa.html
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Genetic Programming 

• Genetic programming (GP) is a branch of genetic algorithms. The main 
difference between genetic programming and genetic algorithms is the 
representation of the solution. Genetic programming creates computer 
programs in the lisp or scheme computer languages as the solution. 
1) Generate an initial population of random compositions of the functions and 

terminals of the problem (computer programs). 
 

2) Execute each program in the population and assign it a fitness value according 
to how well it solves the problem. 
 

3) Create a new population of computer programs. 
 i) Copy the best existing programs 
 ii) Create new computer programs by mutation. 
 iii) Create new computer programs by crossover (sexual reproduction). 
 

4) The best computer program that appeared in any generation, the best-so-far 
solution, is designated as the result of genetic programming  
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Evolutionary Strategy 

• Evolutionary Strategies (ES) employ real-coded variables and, in its 
original form, it relied on Mutation as the search operator, and a Population 
size of one.  

• It has evolved to share many features with GA.  
• The major similarity between these two types of algorithms is that they 

both maintain populations of potential solutions and use a selection 
mechanism for choosing the best individuals from the population.  

• The main differences are: ES operate directly on floating point vectors 
while classical GAs operate on binary strings; GAs rely mainly on 
recombination to explore the search space, while ES uses mutation as the 
dominant operator; and ES is an abstraction of evolution at individual 
behavior level, stressing the behavioral link between an individual and its 
offspring, while GAs maintain the genetic link. 



38 

Evolutionary Programming 

• Evolutionary Programming (EP) is a stochastic optimization strategy 
similar to GA. 

• Places emphasis on the behavioral linkage between parents and their 
offspring, rather than seeking to emulate specific genetic operators as 
observed in nature.  

• EP is similar to Evolutionary Strategies, although the two approaches 
developed independently.  

• Like both ES and GAs, EP is a useful method of optimization when other 
techniques such as gradient descent or direct analytical discovery are not 
possible.  

• Combinatorial and real-valued function optimization in which the 
optimization surface or fitness landscape is rugged, possessing many 
locally optimal solutions, are well suited for Evolutionary Programming. 
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Introduction to Memetic Algorithms 

• Meme - an idea, behavior, style, or usage that spreads from person to 
person within a culture  

• Population-based approach for heuristic search in optimization problems.  
• They combine local search heuristics with crossover operators to mimic 

cultural evolution. Viewed by some researchers as Hybrid Genetic 
Algorithms.  

• Combinations with constructive heuristics or exact methods may also 
belong to this class of metaheuristics.  

• Most suitable for MIMD parallel computers and distributed computing 
systems (including heterogeneous systems) as those composed by networks 
of workstations, they have also received the dubious denomination of 
Parallel Genetic Algorithms.  

• Other researchers known it as Genetic Local Search.  
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Introduction to Simulated Annealing 

• Introduced in 1983 by IBM researchers.  
• Based on the way nature performs an optimization of the energy of a 

crystalline solid when it is annealed to remove defects in the atomic 
arrangement. 

• Simulated annealing uses the objective function of an optimization problem 
instead of the energy of a real material. 

• Starting with a random solution, simulated annealing adjusts it by 
following an annealing schedule. 

• Starting with an initial high temperature value, the annealing algorithm 
proceeds by choosing an adjustable solution parameter at random and 
changing its value by a random amount.  

• The change in the objective function produced by the random move is 
computed.  

• The temperature and the amount of change in the objective function are 
then used to determine if the new solution is accepted. 

• High temperatures allow solution to escape local minima.  
• SA Demo 

http://www.taygeta.com/annealing/demo1.html
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Introduction to Tabu Search 

• The roots of tabu search go back to the 1970's; it was first presented in its 
present form by Glover in 1986. 

• Improves efficiency of the exploration process by keeping track of 
information and decisions used previously during the search. 

• TS uses memory to keep track of, f(i*), the best solution i* found so far and 
information on the previous solutions visited.  

• The information is used to guide the move from the current solution i to the 
next solution j to be chosen in N(i).  

• The role of the memory will be to restrict the choice to some subset of N(i) 
by forbidding for instance moves to some neighbor solutions. 

• More precisely, the structure of the neighborhood N(i) of a solution i will in 
fact be variable from iteration to iteration.  

• TS is classified as a dynamic neighborhood search technique. 
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Introduction to GRASP 

• GRASP - Greedy Randomized Adaptive Search Procedure 
• Multistart metaheuristic for CO problems, in which each 

iteration consists basically of two phases: construction and 
local search. 

• The construction phase builds a feasible solution. 
• The local search phase iteratively modifies the solution until a 

local minimum is found. 
• Then the process is repeated again.  
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Introduction to VNS & SS  

• VNS - Variable Neighborhood Search 
– Based upon a simple principle: systematic change of neighborhood within the 

search.  
– Starting from a feasible solution X. 
– For a predefined set of steps, choose at random a solution within the 

neighborhood of X and move there if the solution is better. 
• SS - Scatter Search 

– Designed to operate on a set of points, called reference points, which constitute 
good solutions obtained from previous efforts. 

– Good is measured in terms of objective function and diversity. 
– Capture information not present in reference points. 
– Take advantage of auxiliary heuristic methods. 
– Make use of dedicated strategy instead of randomization to carry out 

component steps. 



44 

Introduction to GLS & FLS 

• GLS - Guided Local Search 
– Penalty based metaheuristic that sits on top of another search algorithm, with 

the aim to improve their efficiency and robustness. 
– To apply GLS one defines a set of features for the solutions, when the LS is 

trapped in local optima, certain features are penalized. 
– The objective function is augmented by the accumulated penalties. 

• FLS - Fast Local Search  
– A way of reducing the size of the neighborhood so as to improve the efficiency 

of LS. 
– Guided by heuristics, ignores neighbors that are unlikely to lead to better 

solutions in order to enhance the efficiency of a search. 
– By itself, FLS, do not generally find good solutions. 
– When combined with GLS, they become very powerful optimization tools. 
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Introduction to Cellular Automata 

• A cellular automaton (CA ) is an array of identically programmed 
automata, or "cells", which interact with one another. The array is either a 
1-D string of cells, a 2-D grid, or a 3-D solid.  
 

• Each cell is independent and has a state. The state can be either a number 
or a property.  
 

• Each cell has a neighborhood which defines the cells that it interacts with. 
 

• Each cell uses a defined set of rules that determines how its state changes in 
response to its current state, and that of its neighbors. 
 

• Example: 2-D grid with a simple neighborhood (Game of Life) 
        n        n n n    n n n n  
     n C n       n C n     n C n n n n  
        n         n n n     n n n n  
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Introduction to Artificial Immune 
Systems 

• Artificial Immune Systems (AIS) are computational systems inspired by 
theoretical immunology and observed immune functions, principles and 
models, which are applied to complex problem domains (de Castro & 
Timmis, 2001). 
 

• The immune system is highly distributed, highly adaptive, self-organizing 
in nature, maintains a memory of past encounters and has the ability to 
continually learn about new encounters.  
 

• Developed from the field of theoretical immunology in the mid 1980’s. 
– Suggested we ‘might look’ at the IS 

 
• Bersini first use of immune algorithms to solve problems in 1990. 

 
• Forrest et al – Computer Security mid 1990’s 

 
• Hunt et al, mid 1990’s – Machine learning 
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Classification of Techniques 

• Reference: Mauro Birattari and Luis Paquete and Thomas 
Stützle and Klaus Varrentrap, Classification of Metaheuristics 
and Design Of Experiments. 

Feature PS ACO GA SA TS SS GRASP GLS ILS 

Trajectory P P P ~ P P 

Population P P P P 

Memory P P ~ P P P ~ 

Multiple  
Neighborhood 

~ ~ P P 

Dynamic f(x) ~ P 

Nature 
Inspired 

P P P P 

Stochastic P P P P P ~ 


	Metaheuristic Optimization Algorithms
	Course Objectives 
	About the Course
	Materials
	Materials
	Where do I find more information?
	Where do I find more information?
	Course Outline
	Grading
	About Myself
	Tell me About Yourself
	The Project
	Combinatorial Optimization (CO)
	The Quadratic Assignment Problem (QAP)
	Traveling Salesperson Problem
	Introduction to Combinatorics
	Introduction to Permutations
	Introduction to Combinations
	Introduction to Probability
	Axioms of Probability
	Conditional Probability
	Introduction to Statistics
	Descriptive Statistics
	Z-Scores Example
	Inferential Statistics
	Student’s t-Test Example
	ANOVA
	Introduction to Artificial Intelligence (AI)
	Soft Computing Techniques
	Metaheuristics
	Search Techniques Taxonomy
	Introduction to Particle Swarms
	Introduction to Ants Colony Optimization
	Introduction to Evolutionary Algorithms
	Genetic Algorithms
	Genetic Programming
	Evolutionary Strategy
	Evolutionary Programming
	Introduction to Memetic Algorithms
	Introduction to Simulated Annealing
	Introduction to Tabu Search
	Introduction to GRASP
	Introduction to VNS & SS 
	Introduction to GLS & FLS
	Introduction to Cellular Automata
	Introduction to Artificial Immune Systems
	Classification of Techniques

