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ÖZET 

STATĐK VE DĐNAMĐK GENELLEŞTĐRĐLMĐŞ ATAMA 

PROBLEMLERĐ ĐÇĐN YARDIMLI BULUŞSAL YAKLAŞIMLAR 

 

Statik optimizasyon problemlerinde uygunluk alanları süreç boyunca değişmezler 

ve önerilen algoritmaların asıl amacı verilen bir problem için optimum çözümü 

bulmaktır. Bununla birlikte, dinamik optimizasyon problemlerinde uygunluk 

fonksiyonu, problemin kısıtları, karar değişkenleri veya parametreler zamanla 

değişebilmektedir. Dinamik ortamlarda uygunluk alanları değişebildiğinden ana hedef 

global optimum değeri takip etmektir.  

Bu projede genelleştirilmiş atama problemlerinin statik ve dinamik versiyonları 

üzerine çalıştık. Genelleştirilmiş atama problemi NP-tam bir problemdir. Bu problemde 

amaç, her bir işin iş istasyonların kapasitelerini aşmadan yalnızca bir iş istasyonuna 

atanacak şekilde minimum maliyeti bulmaktır. Bu problemin dinamik versiyonunda 

işlerin maliyeti, kaynak tüketimleri ve kapasite kısıtlamaları süreç boyunca 

değiştirilmektedir.  

Bu projede ilk olarak statik genelleştirilmiş atama problemi için yardımlı buluşsal 

yaklaşımlar kullandık. Bir yardımlı buluşsal yöntem düşük seviyedeki sezgisel 

yöntemleri adaptif olarak kontrol eden yüksek seviyedeki bir sezgisel yöntemdir. Bu 

projede, önerdiğimiz yardımlı buluşsal yöntemler literatürde verilen iki algoritma ile 

karşılaştırıldı. Gerçekleştirdiğimiz deneylere göre, yardımlı buluşsal yöntemlerin diğer 

yöntemlerle benzer sonuçlar verdiğini gözlemledik. 

Ek olarak, dinamik genelleştirilmiş atama problemi için farklı yardımlı buluşsal 

yaklaşımlara bellek tabanlı teknik ekleyerek yeni buluşsal yaklaşımlar geliştirdik. 

Yardımlı buluşsal yaklaşımların diğer bellek tabanlı teknikten çevrimdışı performans 

metriği açısından daha iyi sonuçlar verdiğini gözlemledik. 

 

 

 

Ekim, 2008                           Berna KĐRAZ 



 v 

ABSTRACT 

HYPER-HEURISTIC BASED APPROACHES FOR STATIC AND 

DYNAMIC GENERALIZED  ASSIGNMENT PROBLEMS 

In a stationary optimization problem, the fitness landscape does not change during 

the process and the main goal of a proposed algorithm is to find an optimal solution for 

the given problem. On the other hand, in dynamic optimization problems, the fitness 

function, problem constraints, decision variables or even environmental parameters may 

change in time. Since the fitness landscape may change over time, the main motivation 

in a dynamic optimization problem is to track the global optimum value. 

In this thesis, we study the static and dynamic versions of the generalized 

assignment problem. The generalized assignment problem is an NP-complete problem to 

assign a set of jobs to a set of agents such that each job is assigned to exactly one agent 

to minimize the total cost without exceeding each agent’s resource capacity. On the 

other hand, the costs of jobs, resource consumption and the capacity constraints are 

changed during the process, in dynamic version of the problem.   

In this thesis, we first present the hyper-heuristic based approaches for the static 

generalized assignment problem. A hyper-heuristic is a high-level heuristic that 

adaptively controls a set of simple, predefined low-level heuristics. In this thesis, our 

proposed hyper-heuristic approaches are compared with three algorithms given in the 

literature. Based on the experimental study, it is observed that the hyper-heuristic 

approaches give competitive results with respect to quality of solutions for various 

problem instances. 

Additionally, we present new heuristics for the dynamic generalized assignment 

problem by extending the memory-based technique with various hyper-heuristic 

approaches. Our hyper-heuristic based approaches significantly outperform memory-

based technique for various problem instances with respect to quality of solutions which 

is expressed with the offline performance metric. 

 

 

October, 2008                  Berna KĐRAZ 
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PART I   

INTRODUCTION 

A hyper-heuristic is a high-level heuristic that adaptively controls a set of simple, 

low-level heuristics [2-5]. Basically, at any given point during the execution of a 

problem, a hyper-heuristic will decide the specific low-level heuristic to apply. We can 

assume that there is a barrier between low-level heuristics and a hyper-heuristic. Each 

low-level heuristic communicates with the hyper-heuristic using the barrier. The hyper-

heuristic has no domain knowledge since domain knowledge is not allowed to cross this 

barrier. A hyper-heuristic of a given problem only knows the number of low-level 

heuristics to call and the objective function to be maximized or minimized.  

The optimization problems in stationary environments are not subject to changes 

during the process and the main goal of the given algorithms is to find an optimal 

solution. On the other hand, many real world problems may change over time, which can 

be called as dynamic problems [23]. The interest in optimization problems in dynamic 

environments has been increasing continuously over the past decade. In a dynamic 

environment, the fitness function, problem constraints, decision variables or 

environment parameters may change during the process. Since the fitness landscape 

changes over time in dynamic environments, the main motivation of the dynamic 

optimization problems is to track the global optimum value. A set of evolutionary 

optimization techniques in dynamic environments has been presented in the literature 

[20, 21, 23-25].  

Hyper-heuristics have been successfully applied to many problems such as 

personnel scheduling, timetabling problem in stationary environments [3-9]. Hyper-

heuristics have performed better than related work with respect to quality of solutions 

for most of the problems that they are applied. The work reported in this thesis is 

concerned with the development of the hyper-heuristics for stationary environments and 
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the applicability of hyper-heuristic approaches to dynamic environments where the 

fitness function (and even the problem constraints) may change in time.   

In this study, we study the generalized assignment problem (GAP), which is an 

NP-complete problem [12]. The GAP is the problem of assigning each job to exactly one 

agent in order to minimize the total cost without exceeding each agent’s resource 

capacity. To observe the applicability of hyper-heuristics to dynamic environments, we 

generate dynamic instances of the generalized assignment problem by changing problem 

constraints and job properties. 

Firstly, we implement the hyper-heuristic methods for the static GAP. Our hyper-

heuristic based approaches are compared with three algorithms from the literature, 

which are Chu and Beasley’s genetic algorithm (GA) [12], an improved hybrid genetic 

algorithm proposed by Fetlt and Raidl [13] and tabu search with ejection chain proposed 

by Yagiura et al [10]. As part of the work, we define nine low-level heuristics and the 

selection mechanisms [3]. In the experiment phase, these algorithms are tested with 

various GAP instances. The comparison of the algorithms is presented with respect to 

total cost of the assignment. Moreover, computational effort of each algorithm is 

measured with the average computation time to find the best solution of each algorithm. 

Based on the experiments, it is observed that our hyper-heuristic based approaches give 

competitive results with respect to quality of solutions for most of the problem instances. 

Additionally, we work on the applicability of the hyper-heuristic approaches to 

dynamic environments as well. We propose new heuristics for the dynamic generalized 

assignment problem by extending the memory-based technique with various hyper-

heuristic approaches. In order to observe the effectiveness of hyper-heuristic based 

methods, they are compared with the memory/search algorithm with respect to offline 

and online performance. Moreover, computational effort of each algorithm is measured 

with the average execution time. Based on the experimental study, it is observed that our 

hyper-heuristic based approaches significantly outperform the memory-based technique 

for various problem instances.  

This thesis is organized as follows. The Part II presents the static and dynamic 

generalized assignment problem, which is followed by related work on these problems 

in the literature. In Part III, we present brief information on the hyper-heuristics, which 
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is followed by related work on the hyper-heuristics in the literature. Hyper-heuristic 

based approaches for static and dynamic generalized assignment problem is presented in 

Part IV. The implementation details of the hyper-heuristic based methods are also 

presented in the same part of this thesis. Part V presents the experimental study for 

comparing the performance of the algorithms. Finally, conclusion and future work is 

presented in Part VI. 
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PART II   

PROBLEM DEFINITION 

The generalized assignment problem (GAP) is an NP-complete combinatorial 

optimization problem, which is a generalization of the classical assignment problem 

[14]. Given a number of agents and a number of jobs, the GAP is described as follows:  

• A job can be assigned to exactly one agent. Different job-agent assignment can 

have different profits and weights. 

• Each agent has a capacity and the sum of the weight of the jobs which are 

assigned to it can not exceed this capacity.  

• The aim of the problem is to find an assignment in which no capacities are 

exceeded and the total profit of the assignment is maximized.  

The generalized assignment problem can be described both as a minimization 

problem and as a maximization problem in the literature. In order to transform the 

maximization problem into the minimization problem (or vice versa), the sign of the 

profits (or the costs) are changed. In the minimization problem, the goal is to find an 

assignment with minimum cost [10, 12, 13]. In this work, we target on the minimization 

version of the GAP. 

 

II.1 GENERALIZED ASSIGNMENT PROBLEM 

The goal of the GAP is to find the minimum cost of assigning n jobs to m agents 

such that each job is assigned to exactly one agent without exceeding its resource 

capacity.  

Given m agents m} ..., {1,I =  and n jobs n} ..., {1,J = , the GAP can be formulated 

as follows:  

minimize ∑∑
= =

m

1i

n

1j
ijij x.c                                                                           (II.1) 
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subject to  

  ∑
=

∈∀≤
n

1j
iijij      I,i     ,bx.r                                                                    (II.2) 

  ∑
=

∈∀=
m

1i
ij J,j     ,1x          (II.3) 

  J.j I,i     },1 ,0{x ij ∈∀∈∀∈         (II.4) 

where n is the number of jobs, m is the number of agents, ijx  is set to 1 if job j is 

assigned to agent i and 0 otherwise, ijc  shows the cost of assigning job j to agent i, ijr  

shows the resource consumption of job j for agent i, and ib  is the resource capacity of 

agent i.  

The capacity constraints in Eq. (II.2) state that the total resource requirement of 

the jobs of one agent does not exceed its capacity.  The equality constraints in Eq. (II.3) 

guarantee that each job is assigned to precisely one agent.   

The special case of GAP is the multiple knapsack problem in which the profits and 

weights of all job-agent assignments are the same. Additionally, the multiple knapsack 

problem is a generalization of the knapsack problem in which there is a single agent 

[14].  

 

II.1.1 Related Work 

The related work for the GAP presented in literature can be classified into two 

methods: exact and heuristic methods. Two important examples for exact algorithms are 

a branch-and-price algorithm developed by Savelsbergh [15], and a branch-and-bound 

algorithm developed by Martello and Toth [14]. Savelsbergh [15] proposed an algorithm 

for the GAP that uses column generation with branch-and-bound in order to obtain 

optimal solutions to a set partitioning formulation of the GAP.  

Some of the examples for heuristic-based techniques include tabu search and 

simulated annealing approach proposed by Osman [17], a two phase heuristic method 

proposed by Martello and Toth [14], and a MAX-MIN ant system (MMAS) and a 

greedy randomized adaptive search procedure (GRASP) combined with local search and 

tabu search proposed by Lourenço and Serra [16]. Moreover, other heuristic-based 
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methods are a genetic algorithm by Chu and Beasley [12], an improved genetic 

algorithm by Fetlt and Raidl [13] and tabu search with an ejection chain by Yagiura et al 

[10]. In the following sections, we will explain in detail these three heuristic methods.  

 

II.1.1.1 Genetic Algorithms 

Chu and Beasley [12] propose a genetic algorithm (GA) for the GAP. In this work, 

a solution is represented by an n-dimensional vector of integer numbers 

( )S ..., ,S ,S(S n21= ), where n is the number of jobs. Each element of the vector 

corresponds to a job and the elements indicate the agent to which a job is assigned. For 

each job n ,...,1j =  , the assignment of job j  is denoted by jS . This representation 

ensures that the equality constraints in Eq. (II.3) are automatically satisfied; but it does 

not guarantee that the constraint given by Eq. (II.2) is satisfied. Each solution in the 

initial population is generated at random and evaluated by a given fitness function. In 

this method, instead of penalizing the infeasible solution, two values - fitness and 

unfitness - are associated with each solution. The fitness of solution S is identified by its 

total cost which is calculated by the following equation corresponding to Eq. (II.1): 

∑ ∈
=

Jj j,Sjc)S(tcos                                                                           (II.5) 

The unfitness value of a solution S, which is basically the measure of the infeasibility, is 

calculated as follows: 

∑ ∑
∈ =∈ 











−












=

Ii
i

iSj,Jj
ij br,0max)S(u               (II.6) 

 

Here, 0)S(u =  if and only if solution S is feasible.  

Binary tournament selection is used for selecting two parents for reproduction. In 

binary tournament selection, two parents are selected from the population at random.  

Fitness of these parents is compared and the parent which has the smaller fitness value is 

chosen.  
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Figure II.1 Chu and Beasley’s Heuristic Improvement [13] 
 

In order to generate an offspring, one-point crossover operator is used in [13]. A 

crossover-point ( Jp∈ ) is randomly chosen, and an offspring is generated by copying 

the first p genes from the first parent and the remaining (n-p) genes from the second 

parents or vice versa with equal probabilities. After crossover, swap mutation operator is 

performed.  Two random points are randomly selected and swapped (i.e. the assignment 

of two jobs is exchanged).  

Each offspring is improved by the problem-specific heuristic operator given in 

Figure II.1. The heuristic includes two local improvement steps. The first step tries to 

repair infeasible solution by reassigning jobs from the overloaded agents to other under 

1. Compute accumulated resource requirements: 

∑ =∈
∈∀=

iSj,Jj iji I;i  , rR  

2. /*Phase 1: improve infeasibility */ 
3. for i=1 to m do 
4.    if ii bR >  then 

5.       };iS |Jj{T j =∈←  

6.       repeat 
7.          randomly select a {j};-T T ;Tj ←∈  

8.          search for an agent ;Rbr|I*i *i*ij*i −≤∈  

9.          if such an i* exists then 
10.             ; *iS j ←  

11.             ; rRR  ; rRR j*i*i*iijii +←−←  

12.          end if 
13.       until ii bR  ØT ≤∨=  
14.    end if 
15. end for 
16. /*Phase 2: improve total costs*/ 
17. for j=1 to n do 
18.    ;Si j←  

19.    ; }Rbr  c  c |c{minarg*i 'i'ij'iijj'ij'iI'i −≤∧<= ∈  

20.    if such an i* exists then 
21.       ; *iS j ←  

22.       ; rRR  ; rRR j*i*i*iijii +←−←  

23.    end if 
24. end for 
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loaded agents. The second step tries to improve the total cost by reassigning jobs to 

agents with lower cost. The generated offspring is discarded if it is the same as an 

individual in the population. 

Chu and Beasley use the steady state replacement method in their work. The 

offspring which is generated by the GA’s variant operator and improved by the heuristic 

operator replaces the solution in the population with the highest unfitness value. If all 

solutions in the population are feasible, the offspring replaces the one with the highest 

fitness value. In this way, the infeasible solutions in the population are eliminated.  

 Another GA-based solution is the hybrid genetic algorithm proposed by Feltl and 

Raidl [13]. In their method, the initial solutions are created via a constraint-ratio 

heuristic. According to this heuristic, first an unassigned job is selected randomly. Then, 

the job is assigned to an agent which has enough remaining capacity and the smallest 

relative cost-resource index: 

i

ij
ijij b

r
.c=γ           (II.7) 

If there is no such agent, an agent is randomly selected. The initial solutions are 

improved by Chu and Beasley’s heuristics improvement method in Figure II.1. 

Contrary to Chu and Beasley’s GA, the penalty mechanism is used in this work. 

The objective function of solution S is calculated as follows: 





+
=

otherwise    ),U1.(C

feasible S if               ),S(tcos
)S(f

Rmax
      (II.8) 

where  

∑ =
∈

=
n

1j ij
Ii

max }c{C max         (II.9) 

and  

∑ ∑=
=∈

−= m
1i

iS,Jj i

ij
R )1

b

r
,0max(

m

1
)S(U

j

     (II.10) 
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Figure II.2  MTH Mutation [13] 
 

Binary tournament selection is used for selecting two parents for reproduction 

based on this fitness. In order to create offspring, a crossover operator is applied to the 

selected parents. One-point crossover operator is used in this work. After the crossover, 

a heuristic mutation operator (given in Figure II.2) is performed, which selects and 

reassigned mutn  jobs to the agents based on Martello and Toth’s heuristic given in [14]. 

The offspring is improved by Chu and Beasley’s heuristics improvement method.  

 

II.1.1.2 Tabu Search with Ejection Chain 

Yagiura et al [10] propose a tabu search with ejection chains (TSEC) algorithm. In 

their work, ejection chain neighborhoods are considered where a solution is obtained by 

sequentially performing one or more shift moves called ejection chain moves. The 

number of shift moves is described as the length of an ejection chain move. Ejection 

chain neighborhoods can be classified into three categories according to length of 

ejection chain: a) the shift neighborhood, b) the double shift neighborhood, and c) the 

long chain neighborhood. For the shift neighborhood and the double shift neighborhood, 

the length of ejection chain is one and two, respectively. On the other hand, in a long 

chain neighborhood, the length of an ejection chain can take any value.  

A solution is represented with a permutation ( IJ: →σ , where J is a set of jobs 

and I is a set of agents).  Each element of the permutation corresponds to a job and the 

elements indicate the agent to which a job is assigned. In the permutation, the 

assignment of a job j  is denoted by )j(σ . This representation ensures that the equality 

constraints in Eq. (II.3) are automatically satisfied. Assume that job j  is assigned to an 

agent i  (i.e. i)j( =σ ).  In this case, the 0-1 variable ijx  is set to 1.  

1: ØF ← ; 
2: for mutn  to1k = do 

3:  )};n,1(Random{FF +←   /* collect jobs for mutation */ 
4: end for 
5: );F,S(S MTHΩ←   /* operatort improvemen heuristicMTH =Ω */ 
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1      x     i)j( ij =⇔=σ  

The total cost of a solution is calculated by the following equation corresponding 

to Eq. (II.1): 

∑ ∈ σ=σ
Jj j),j(c)(tcos                       (II.11) 

The representation of a solution does not guarantee feasibility, infeasible solutions 

are penalized:  

)(penalty)(tcos)(tcosp σ+σ=σ        (II.12) 

The penalty function is chosen as follows:  

∑ ∈
σψ=σ

Ii ii )(p.)(penalty                                                     (II.13) 

where 













−












=σ ∑

=σ∈
i

i)j(,Jj
iji br,0max)(p                                            (II.14) 

Penalty weights ( iψ ) are the parameters that can be adaptively controlled during the 

run.  

TSEC based on the local search (LS) uses an ejection chain neighborhood. Local 

search starts with an initial solution (σ ) and repeatedly replace σ  with the better 

neighbor in its neighborhood )(N σ  until no better neighbor is found in )(N σ . First 

admissible move strategy is used in LS implementation. According to this strategy, the 

neighbors in )(N σ  are sequentially visited and the current solution σ  is replaced with 

the first improved solution found.  

A solution in the ejection chain neighborhood is obtained by ejection chain moves. 

Ejection chain involves executing ejection moves and trial moves repeatedly.  First, a 

job is ejected from the corresponding agent; this is an ejection chain move.  This partial 

solution in which the job is free is called the reference structure.  Another type of 

ejection chain move applied to the reference structure is shifting.  A job is ejected and 

reassigned to the agent from which the free job has been removed previously. Finally, in 

order to make a complete solution, the free job is assigned to another agent [10]. 



 11 

In the following part, three ejection chain methods (the shift, the double shift, and 

the long chain) and a subgradient phase (which is used in the double shift and the long 

chain methods) are explained briefly. 

Shift Neighborhood: A solution in a shift neighborhood is obtained by removing a 

job from the corresponding agent (as the ejection move) and reassigning it to another 

agent (as the trial move).   

Subgradient Phase: Ejection chains are formed by exploiting the information from 

the Lagrangian relaxation for the GAP which is obtained by dualizing constraint  

Jj   ,1x
Ii

ij ∈∀=∑
∈

[10]. 

∑ ∑ ∑∈ ∈ ∈
−−=

Ii Jj Jj jijjij vx)vc(min)v(L        

s.t. ∑ ∈
∈∀≤

Jj iijij Ii,bxa          (II.15) 

1x0 ij ≤≤ , Ii∈∀  and Jj∈∀ , 

where )v,...,v,v(v n21=  is a Lagrangian multiplier vector and  

jijij vc)v(c −=                                             (II.16) 

is called the Lagrangian relative cost.  This problem reduces to m real valued knapsack 

problem and thus can be solved in linear time. A lower bound to GAP is found by L(v), 

for any v.  

A method which finds a near-optimal Lagrangian multiplier vector quickly is the 

subgradient method based on the subgradient, 

J.j         ,x1)v(s
Ii

ijj ∈∀−= ∑
∈

                                              (II.17) 

In this method, given an initial value )0(v  a sequence ..., ,v ,v ,v )2()1()0(  is generated by 

J, j                ),v(s 
||)v(s||

)v(LUB
vv )k(

j2)k(

)k(
)k()1k( ∈∀

−
λ+=+                (II.18) 

where UB is an upper bound on the objective value of GAP, and λ   is a step-size 

parameter (typically ( ]2,0∈λ ). In their work, λ  is initially set to 2 and halved when the 

lower bound does not increase in chkevery_ sg consecutive iterations. The subgradient 

phase stops when the lower bound is not improved in the last maxitr_ sg iterations or  λ  

becomes smaller than minstep_ sg. 
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This method is called only when the algorithm finds a feasible solution, since UB 

is available in this case. The subgradient phase is not applied again once it fails to update 

the best lower bound.  

Long Chain Neighborhood: In long chain neighborhoods, a solution in this 

neighborhood is obtained by long chain move which is an ejection chain of any length.  

First, a job 0j  is removed from agent )j( 0σ . Therefore, the available amount of resource 

at agent  )j( 0σ  is increased.  The resulting amount of resource is defined as the function 

)j(avail .   





 σ>σ−

=
σ

σσσσ

otherwise     ,                 r

 )(pr if     ),(pr
)j(avail

j),j(

)j(j),j()j(j),j(
                        (II.19) 

Among the jobs satisfying )j(availr 0j),j( 10
≤σ , the most profitable job 1j  is 

shifted into agent )j( 0σ ( The profit is defined by Eq. (II.20 )). In the resulting reference 

structure, job 0j  is free and the assignment of 1j  is )j( 0σ . After the two ejection moves, 

the trial moves which assign the free job 0j  to some other agent are executed (e.g. 

)j( 1σ ).  The next ejection move applied to the previous reference structure is to shift a 

job 2j , which is chosen by the same rule, to )j( 1σ . The ejection and trial moves are 

executed repeatedly until the stopping condition is satisfied. 

In this process, the following function is used: 
 

)v~(c)j,i(score ij−=                  (II.20) 

 }(k)(h) and )k(availr s.t. Jh|Jk{'J h(k), σ≠σ≤∈∃∈= σ                (II.21) 

)}j(availr and )j()k(,'Jk|)k),j((scoremax{)j(score_best k(j), ≤σ≠σ∈σ= σ        (II.22) 

)}j(availr and (j),(k) ),j(score_best)k),j((score|'Jk{)j(B k(j), ≤σ≠σ=σ∈= σ     (II.23) 

}rr|J{j'in  jobs  theamonglargest   thefromth   theis j)score(i, 

j),k,i(jlist

(k)
iij' ≤∈⇔

=

l

l

            (II.24) 

 

where )k(
ir  denotes the kth value in the )n(

i
)2(

i
)1(

i r,...,r,r . )0(
ir  is set to zero for 

convenience. jlist is a list which is described for 

jlist_max}min{k,1 and n,k0 ,Ii ≤≤≤≤∈ l  where jlist_max is predefined parameter. 
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The list is updated only when the subgradient method is called. Since the number of 

calls to the subgradient method is quite small, the computation of jlist is not expensive. 

The outline of the algorithm generating neighbor in the long chain neighborhood is 

given in Figure II.3 where the set S consists of the jobs selected for 0j  and the length of 

ejection chain is denoted by l .  The set of solutions generated by the first and second 

trial moves are denoted )(N cyc_long σ  and )(N path_long σ , respectively.  

Figure II.3 The outline of the long chain neighborhood [10] 
 

Double Shift Neighborhood: As mentioned above, a solution in double shift 

neighborhoods is obtained by performing two shift moves.  secondsh_max )n(≤  is the 

parameter which defines the maximum number of second ejection chain moves.  First, a 

job 0j  is ejected from agent )j( 0σ  (as the first ejection move) and the maximum k 

satisfying )j(availr 0
)k(

i0
≤  is computed.  Then a job )),k,j((jlistj 01 lσ=  is shifted to 

agent )j( 0σ  (as second ejection chain move) for each max_ondshsec,....,2,1=l . 

1. Let Ø:S = . 
2. If 'JS = , stop; otherwise randomly choose a \S'Jj0 ∈ , let }j{S:S 0∪=  , and 

σ=σ :' . (Job 0j  is ejected from )j( 0σ ) 

3. Let 0:l =  and let  *i  be the agent which minimizes  

}{i \ I  i    },cr)r(,0max{c 0iiji)j(,Jj ijiij0
∈∀−+γ+ ∑ =σ∈  

4. If Øl}k|{j\)j(B kl =≤ , return to Step 2; otherwise let  1l:l += and proceed to 

Step 5. 

5. Randomly choose 1}-lk|{j\)j(Bj k1lj ≤∈ −  and let )j(:)j(' 1ll −σ=σ  (an 

ejection move of  job lj ). Then execute the following Steps (a) and (b) (two trial 

moves) 

(a) Let )j(:)j(' l0 σ=σ ( 0j  is inserted into )j( lσ ), and output 'σ .  

(b) Let *
0 i:)j(' =σ  ( 0j  is inserted into *i ), and output 'σ   

6. Return to Step 4. 
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Finally, job 0j  is assigned to agent )j( 1σ  or the agent with minimum fitness. The 

outline of the algorithm generating neighbor in the double shift neighborhood is given in 

Figure II.4. The set of solutions generated by the first and second trial moves are 

denoted )(N cyc_double σ  and )(N path_double σ , respectively. )(N cyc_double σ  is called a cyclic 

double shift neighborhood.  

Figure II.4 The outline of the double shift neighborhood [10]  
 

EC Probe: First, the current solution σ  is improved by LS with shift 

neighborhood and double shift neighborhood consecutively. Then, since LS with long 

chain neighborhood requires more time, the resulting solution is improved by long 

chain. This procedure called EC probe is repeated until no improvement is possible.  

Consequently, the pseudocode for the TSEC is given in Figure II.5. In the 

algorithm, an initial solution which is generated randomly is denoted by σ ; the solution 

1. Let 0:j =  and JJ: →π  be a random permutation. 

2. If n:j = , stop; otherwise let 1j:j += , )j(j0 π= , and )j(i 00 σ= . (Job 0j  is ejected 

from 0i  

3. Let *i  be the agent which minimizes 

}{i \ I  i    },cr)r(,0max{c 0iiji)j(,Jj ijiij0
∈∀−+γ+ ∑ =σ∈

 

Let k be the largest value such that )j(availr 0
)k(

i0
≤ . Let  1:l =  and 1:counter = . 

4. If max}_jlist,kmin{l >  or max_ondshseccounter > , return to Step 2; otherwise 

let )l,k,i(jlistj 01 = , )j(i 11 σ=  and proceed to Step 5. 

5. If 10 ii = , let  1l:l +=  and return to Step 4; otherwise proceed to Step 6.  

6. Let σ=σ :'  and 01 i:)j(' =σ  (an ejection move of  job 1j ). Then execute the following 

Steps (a) and (b) (two trial moves).  

a. Let 10 i:)j(' =σ  ( 0j  is inserted into 1i ), and output 'σ . 

b. Let *
0 i:)j(' =σ  ( 0j  is inserted into *i ), and output 'σ . 

7. Let  1l:l += , 1counter:counter += , and return to Step 4. 
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in the previous iteration by prevσ ; the best solution encountered so far by *σ ; total cost 

of *σ  by best; the Lagrangian multiplier vector by v~ . Penalty weights iψ  are 

adaptively controlled during the search. The tabu list T includes the solutions to which 

the moves are not allowed.  When a feasible solution is found in Steps 1, 3, 6, 7, and 8, 

the following steps are done: If the feasible solution σ  satisfies best)(tcos <σ , the 

following steps are executed (Note: these steps quoted from [10].) 

(a) Let )(tcos:best σ=  and σ=σ :* . 

(b) If 0:chksg =  holds, skip this step. Let )v~*),(t(costSubgradien:v σ= . If 

)v~(L)v(L > holds, let v:v~ =  and update jlist; otherwise let 0:chksg = . 

 

 

Figure II.5 The pseudocode of TSEC [10] 
 

Adaptive control of the penalty weights: In this algorithm, penalty weights iψ  are 

initialized by solving a quadratic programming problem (QP). Details of the definition 

can be found in [10]. The QP is solved by a Gauss-Seidel method. Penalty weights iψ  

are updated by the following rule. If any feasible solution is not found after the last 

execution of Step 2 and 5, penalty weights iψ  are increased by  

)b/)(p.1(: iiii σ∆+ψ=ψ                                                                   (II.25) 

Randomly generate an initial solution σ , let σ=σ :prev , ∞=:best , )0,...,0,0(:v~ = , 

1:chksg = , Ø:T = , and initialize jlist. 

2.    Initilize parameters iψ  for all Ii∈ . 

3.    Let )(PROBE_EC: σ=σ ( v~  and iγ ’s are used in EC probe). 

4.   If the computation time exceeds timelim (a predefined parameter), output *σ  
and stop; otherwise proceed to step 5.  
5.   Update parameter iψ  for all Ii∈ . 

6.  If )(tcosp)(tcosp prevσ<σ  holds; let σ=σ :prev  and Ø:T = ; otherwise let 

prev: σ=σ . If ØT\)(Nshift =σ   holds, return to Step 1. Let 'σ  be the solution that 

minimizes pcost among T\)(Nshift σ . Then let }'{TT σ∪=  and 'σ=σ . 

7.   Let ),tcosp,N(LS: cyc_double σ=σ  

8.   If a solution )(N' long σ∈σ  with )(tcosp)'(tcosp σ<σ  exists, then 'σ=σ . 

9.   If σ  is updated in Steps 7 and 8, return to Step 3; otherwise return to Step 4 
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for all Ii∈ , where ∆  is selected so that incii
Ii

b/)(p.max δ=σ∆
∈

.Otherwise,  penalty 

weights iψ  are decreased by  

)1(: decii δ−ψ=ψ          (II.26) 

for all Ii∈ . incδ  and decδ  are predefined the parameter [11]. 

 

II.2 DYNAMIC GENERALIZED ASSIGNMENT PROBLEM 

The problems in the dynamic environment have different characteristics of the 

changes. Branke [20] categorizes the characteristics of the changes in dynamic 

environments as follows: 

• Frequency of change:  A property that defines how often the environment 

changes. 

• Severity of change: A property that defines the strength in the environment. 

• Predictability of change: A measure of correlation between changes.  

• Cycle length / cycle accuracy: A property that defines whether the optimum 

returns to previous locations or gets a close location.  

Many evolutionary approaches have been developed for dynamic optimization 

problems. The approaches can be classified into four categories [23]. The algorithms in 

the first category are to increase the diversity after a change, which include 

hypermutation and Variable Local Search (VLS).  In hypermutation, the population are 

kept after a change and the mutation rate is increased drastically [20]. In VLS, the 

mutation rate is increased gradually after a change. 

The algorithms in the second category are to maintain diversity throughout the run; 

an example technique in this category is Random Immigrants (RI). This approach 

replaces some individual in the population with randomly generated individuals in every 

generation.  

The third category includes the memory-based approaches. The evolutionary 

algorithms (EA) are enhanced with some sort of memory which can be an implicit or 

explicit one. The good individuals are stored in the memory and reused later. While the 

algorithms with implicit memory use the redundant representation (i.e. diploidy 
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genome), the algorithms with explicit memory use an extra memory to store good 

individuals.  

The algorithms in the last category are multi-population approaches, which include 

Self-Organizing Scouts (SOS) and Multinational Genetic Algorithm. In SOS, the 

population is divided into one base population and many scout populations. While scout 

population exploits small search space, the base population continues to explore the new 

search space. 

The formulation of dynamic GAP is based on a dynamic continuous-time model 

[29]. The dynamic GAP (developed by Kogan et al [29]) was not much studied in the 

literature.  

In our study, dynamic instance of the GAP have been created by changing the 

costs of jobs, resource consumption and the capacity constraint. In order to generate 

dynamic instances of the GAP, we consider the procedure given in [25]. The costs, 

resource consumption and the capacity constraint are changed by multiplying by a 

normally distributed random variable for every change.   

)),0(N1(*cc cijij σ+=+   

)),0(N1(*rr rijij σ+=+        (II.27) 

)),0(N1(*bb bii σ+=+  

Each cost ijc , resource consumption ijr  and constraint ib  is restricted to an 

interval as follows [25]: 

ijijij c*2.1cc*8.0 ≤≤   

ijijij r*2.1rr*8.0 ≤≤        (II.28) 

  ijijij b*2.1bb*8.0 ≤≤  

After changing the values, if the lower or upper bounds are exceeded, the values 

are bounced back form the interval and set to a corresponding value with the interval.  

In dynamic version of GAP, the changes are known in advance; and the frequency 

of change on performance is measured in our experimental study by providing changes 

in every k generation where the value of k is determined from a predefined set.  

 



 18 

II.2.1 Related Work 

Our hyper-heuristic- based approaches for dynamic GAP is proposed by extending 

memory-search algorithm, a technique for dynamic environments, with hyper-heuristic 

framework. Therefore, in the next section we briefly summarize memory/search 

algorithm.  

 

II.2.1.1 Memory/Search Algorithm 

In this method [20, 21], the population is divided into two sub-populations, a 

memory population and a search population. While the memory population exploits the 

memory, the search population explores new areas of the search space. The algorithm 

starts with an empty memory. Memory and search populations store their best member 

into the memory at every xth generation. When the memory is full, the individual is 

replaced another one according to a replacement strategy such as mindist and similar. 

Whenever the environment has changed, the memory and memory population are 

merged and the best n individuals are inserted into the memory population. Besides, the 

search population is re-initialized in order to increase diversity [20, 21]. An illustration 

of memory search algorithm is shown in Figure II.6. The next generation of search and 

memory population is equivalent to a single generation of standard evolutionary 

algorithm (EA).  

 

 

Figure II.6 An illustration of memory search algorithm [21] 
 

Memory 
Population 

Memory 

store store retrieve 

Search  
Population  

(initialized after change) 
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In order to implement the memory/search algorithm, the binary tournament 

selection is used for selecting two parents for reproduction. In binary tournament 

selection, two parents are selected from the population at random.  Fitness of these 

parents is compared and the parent which has the smaller fitness is chosen [1]. In order 

to generate the new population, one-point crossover and swap mutation are used. A 

crossover-point ( Jp∈ ) is randomly chosen in one-point crossover operator. After the 

crossover, swap mutation operator is performed.  Two random points are randomly 

selected and their elements are swapped. In this work, the generational replacement 

strategy is used, where the whole population is replaced by the new population. 

Additionally, the best individual of the current population is put into the new population.  
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PART III  

HYPER-HEURISTICS 

A hyper-heuristic is a high-level heuristic that adaptively controls a set of simple 

low-level heuristics. At any given point in the execution, the hyper-heuristic will decide 

the specific low-level heuristic to apply without using problem specific information [4].  

Hyper-heuristic is an alternative method to meta-heuristics, which operate on the 

problem directly by using problem-specific information. For meta-heuristics methods, 

parameters must be fine-tuned for different problems. On the other hand, hyper-

heuristics can operate on a problem indirectly by way of low-level heuristics, which 

interact with the problem and modify the solutions. In order to select and apply the low-

level heuristics, the hyper-heuristics use the non problem-specific knowledge. Therefore, 

the hyper-heuristics are re-usable methods and easily adapted many optimization 

problems [3]. The hyper-heuristics are effectively applied to a wide range of problems 

[4-9]. 

Basically, the hyper-heuristic repeatedly chooses and applies to an appropriate 

low-level heuristic at any given point until a stopping criterion is satisfied. Then the 

hyper-heuristic outputs the best solution found during the search. Therefore, hyper-

heuristics can be thought of as a black box, which takes a problem instance and a set of 

low-level heuristics as input. When a stopping criterion has been satisfied, the black box 

outputs the solution(s) [3]. The illustration of the black box is shown in Figure III.1. 

Hyper-heuristics have been successfully applied to many problems such as 

personnel scheduling, timetabling problem in stationary environments [4-9]. A hyper-

heuristic approach have proposed and applied to many real world problems by Cowling 

et al. [4-7]. Three different categories of hyper-heuristic approaches, random 

approaches, greedy approach, and choice function based approaches, are developed and 

applied to a sales summit scheduling problem [4]. They propose a parameter-free hyper-
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heuristic and applied it to a sales summit scheduling problem [5]. The parameters of the 

choice function are adaptively changed throughout the search. These works show that 

only low-level heuristics and objective functions are change and the hyper-heuristic 

remains the same. Özcan et al. propose four different hyper-heuristic frameworks [9]. In 

their study, various subsets of the heuristics are evaluated on fourteen well-known 

benchmark functions, where the low-level heuristics are classified as the hill climbers 

and the mutational heuristics.  

Figure III.1 General hyper-heuristics framework [3] 

 
 

III.1 DESIGNING HYPER-HEURISTIC FRAMEWORK 

There are many possible design choices for the hyper-heuristics. The design issues 

for the development of a hyper-heuristic can be decomposed into three levels of 

abstraction [22]. Three levels are summarized in Figure III.2.  

 
III.1.1 Level 0: Problem/Solution 

At level 0, it must be determined whether the hyper-heuristic deals with partial 

solutions or complete solutions. Partial solutions are the intermediate incomplete 

solutions that are constructed during the process. A hyper-heuristic dealing with the 

partial solution is called constructive hyper-heuristic [22]. A constructive hyper-heuristic 

starts with an empty solution; then, it incrementally chooses and applies an appropriate 

HYPER-HEURISTIC BLACK BOX 
 
 
Select and apply appropriate heuristics 
at each decision point 

Output solution(s) to the problem 

Input low-level heuristics 

Input problem (e.g. objective function (s), solution / 
problem representation, stopping condition) 
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constructive heuristic until a complete solution has been obtained. The pseudocode of 

constructive hyper-heuristics is given in Figure III.3.  

 

 
Figure III.2 The design issues in hyper-heuristics [22] 

 

A constructive hyper-heuristic starts from an initial state; then, it repeatedly selects 

and applies a constructive heuristic to the current state until it attains the final state. The 

initial state and the final state correspond to an empty solution and a complete solution, 

respectively. The constructive heuristics are suitable for the problems which have a large 

number of problem instances since the training is required for these types of problems. 

The training is to identify which constructive heuristics are most appropriate for which 

problem state [3]. 

Figure III.3 The pseudocode of constructive hyper-heuristic [3] 

 

On the other hand, the hyper-heuristic dealing with the complete solution is called 

as a local search (or improvement) hyper-heuristic [22]. An improvement hyper-

heuristic starts from a complete solution which are generated randomly or using a 

procedure (Figure III.4). It continuously selects and applies a low-level heuristic to the 

current solution in order to improve the solution. When a stopping condition defined by 

the user is met, the local search hyper-heuristic outputs the best solution found during 

Heuristic selection (learning mechanism)  
Acceptance Criteria 
Point-based or population-based search 
Definition of decision point 
 

Level 2: Hyper-heuristics  
 

Which heuristics and how many  
How are they applied  
How long are they applied for 
 

Level 1: Low-level heuristics 
 

Complete or partial solutions 
Single or multiple objectives 
 

Level 0: Problem/Solution 
 
 

Do 

Select the low-level (constructive) heuristic and apply it to current problem 

state (partial solution). 

Until Final problem state. 
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the search. The differences between constructive hyper-heuristic and local search hyper-

heuristic are highlighted in Table III.1 [3].   

Figure III.4 The pseudocode of improvement hyper-heuristics [3] 

 

 

Table III.1 The differences between constructive and local search hyper-heuristic [3] 
  Improvement Constructive 

Initial solution Constructed Empty 

Training Phase No (implicit)  Yes (explicit) 

Objective Function Yes Other measures 

Frequency of decision 
points 

High Low 

Low-level heuristics operate in solution space operate in state space 

Stopping condition user-defined (automatic) final state 

Re-usability Easy Less (training required for each problem) 

 

  

III.1.2 Level 1: Low-Level heuristics 

The low-level heuristic modifies the solution directly by using problem specific 

knowledge. This can be constructive heuristics (when dealing with partial solutions) or 

improvement heuristics (when dealing with complete solutions). As mentioned before, 

while the constructive heuristic constructs the solution step by step, the improvement 

heuristics improve the solutions [22]. Furthermore, the low-level heuristic can be 

implemented as simple local search neighborhoods based on adding, dropping, and 

swapping or other heuristics [4].   

Another issue is related to the number of low-level heuristics to be used. If you 

implement too few low-level heuristics, you may not observe the benefit of the hyper-

heuristics. On the other hand, if you implement too many low-level heuristics, a learning 

mechanism which guides the hyper-heuristics may take a long time [3].  

There are many ways to apply the low-level heuristics. The low-level heuristic can 

be applied either once (single call fashion) or as long as it produces a better solution 

(steepest descent fashion). Another way is to apply a chosen heuristic in a steepest 

Do 

Select the low-level heuristic and apply it to current (complete) solution. 

Until Stopping condition is met. 
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descent fashion during the exploitation phase and in single call fashion during the 

exploration phase [3]. 

 

III.1.3 Level 2: Hyper-Heuristics 

Two types of search in the heuristics space include point-based search and 

population-based search. Point-based methods (i.e. one solution) require less time than 

population-based approaches.  For example, hill climbing, tabu search, and simulated 

annealing are point-based methods. On the other hand, population-based methods can 

generate good quality solutions; however, they require several parameters such as 

population size, crossover and mutation rates [3]. Examples of population-based 

approaches are genetic algorithms, and ant colony optimization. 

The important issue dealing with the design of hyper-heuristics is the acceptance 

criteria for solutions. Two simple acceptance criteria are defined, which are all move 

(AM) where a solution is accepted in any case (i.e. the solution can be worst or better 

than the previous solution), and only improving (OI) where a solution is accepted only if 

it is better than the previous solution. It should be noted that OI easily get stuck in local 

optima. Therefore, it can be expected that AM version generates better solutions [3]. 

Another issue for the level 2 is the decision point, the point at which a hyper-

heuristic method selects a low-level heuristic. There are enormous possibilities to 

determine the decision points. For example, a hyper-heuristic continuously selects a low-

level heuristic and applies it once. Another possibility is that a hyper-heuristic applies 

the chosen low-level heuristic as long as the chosen heuristic produce a better solution 

than the previous one [3].   

The selection mechanism in the hyper-heuristics can be classified into two 

categories depending on the existence or absence of the learning mechanism. For 

example, simple hyper-heuristic and greedy approach have no learning mechanism. On 

the other hand, the hyper-heuristic can choose which low-level heuristic to apply based 

on the guidance of the learning mechanism. For instance, a choice function hyper-

heuristic has a learning mechanism. A learning mechanism must balance between 

exploitation of heuristic and the exploration of the space of heuristics [3].   
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III.2 HYPER-HEURISTIC APPROACHES 

As mentioned above, the hyper-heuristics can be classified into two categories 

depending on the existence or absence of the learning mechanism. Simple hyper-

heuristics (without learning) and a choice function hyper-heuristics (with learning) are 

explained in the following sections.  

 

III.2.1 Simple Hyper-Heuristics 

In this type of hyper-heuristic, the learning mechanism is not enabled.  We can 

choose a low-level heuristic at random or a pre-specified order. The chosen heuristic can 

be applied once (single call) or several times (until it attains a local optimum, descent 

call). Four common variants of simple hyper-heuristics, the SimpleRandom, the 

RandomDescent, the RandomPerm, and the RandomPermDescent [3], are presented in 

the following paragraphs.  

SimpleRandom (SR): In this method, a low-level heuristic is selected uniformly at 

random and applied once. These steps are repeated until a stopping criterion is satisfied.  

The pseudocode of this method is as follows: 

Figure III.5 The pseudocode of SR [3] 

 
RandomDescent(RD): In this method, a low-level heuristic is selected uniformly at 

random and applies repeatedly until a local optimum for the low-level heuristic is 

attained. These steps are repeated until a stopping criterion is satisfied. The pseudocode 

of this method is as follows: 

Figure III.6 The pseudocode of RD [3] 
 

Do 

Select a low-level heuristic uniformly at random and apply it once. 

Until stopping condition is met. 

Do 

Select a low-level heuristic uniformly at random and apply it in a steepest 

descent fashion. 

Until stopping condition is met. 
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RandomPerm(RP): In this method, a random permutation of all the low-level 

heuristics is created. Each low-level heuristic is applied once in predefined order 

cyclically. These steps are repeated until a stopping criterion is satisfied. The 

pseudocode of this method is as follows: 

Figure III.7 The pseudocode of RP [3] 
 

RandomPermDescent(RPD): This method is the same as RandomPerm but each 

low level heuristic is applied continuously until no improvement is found. The 

pseudocode of this method is as follows: 

Figure III.8 The pseudocode of the RPD [3] 
 
 

III.2.2 A Choice Function Hyper-Heuristic 

For this type of hyper-heuristics, the hyper-heuristic is based on a choice function, 

which adaptively ranks the low-level heuristics. A choice function hyper-heuristic can 

choose which low-level heuristics to apply next depending on the historical performance 

of each heuristics and the region of the search space being explored [6].  

The choice function is determined based on information related to individual 

performance (denoted by 1f ), collective performance (denoted by 2f ) of each low-level 

heuristics and the amount of time elapsed (denoted by 3f ) since the low-level heuristic 

was last called [4]. A heuristics may improve the current solution individually. So, 

individual performance for a low-level heuristic jN  is denoted as follows:  

Create a random permutation of all the low-level heuristics available. 

Do 

Select the low-level heuristic in the sequence and apply it once. 

Until stopping condition is met. 

Create a random permutation of all the low-level heuristics available. 

Do 

Select the low-level heuristic in the sequence and apply it in steepest descent 

fashion. 

Until stopping condition is met. 
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∑ −α=
n
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()N(f            (III.1) 

where )N(I jn  and )N(T jn  are the change in the objective function and the amount CPU 

time used in the nth last time  heuristic jN  was called, respectively. A heuristic may not 

improve the current solution but it helps another low-level heuristic to improve the 

solution. So, the joint performance for heuristic jN  is denoted as follows:  

∑ −β=
n

jkn

jkn1n
jk2 )

)N,N(T

)N,N(I
()N,N(f                                  (III.2) 

where )N,N(I kjn  and )N,N(T kjn  are the change in the objective function and the 

amount CPU time used in the nth last time  heuristic jN  was called immediately after 

heuristic kN , respectively. The parameters α  and β  are set between 0 and 1, which 

show the importance attached to recent performance. It is obvious that always selecting 

the low-level heuristics may lead to get stuck in local optima. In order to explore other 

regions of the search space and escape from the local optima, a low-level heuristic which 

has not been recently applied is selected. The chosen heuristic may not perform well. 

Then,  

)N()N(f jj3 τ=         (III.3) 

where )N( jτ  is the amount of CPU seconds which have elapsed since heuristic jN  was 

last call. 

The resulting choice function is defined as the combination of these three terms: 

321 f and ,f ,f . After the hyper-heuristic applies heuristic kN , for any low-level heuristic 

jN , the choice function of jN  is denoted as follows:  

)N(f)N,N(f)N(f)N(f j3jk2j1j δ+β+α=      (III.4) 

The terms 1f  and 2f  aim to intensify the search in choice function. The choice 

function provides diversification by 3f . While δβα  and , ,  remain constant during the 

search in [4], these parameter are adaptively changed in [5]. The pseudocode of the 

parameter-free hyper-heuristic proposed by Cowling et al [5] is given in Figure III.9. 
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Figure III.9 The pseudocode of parameter-free hyper-heuristic [27] 
 

The parameters ( δβα  and , , ) can be adaptively adjusted [3]. If the current low-

level heuristic produced a better solution than the previous one, intensification 

parameters are increased, which is a reward case; otherwise they are decreased, since it 

is a penalty case. The diversification parameter is increased if there has not been any 

improvement after a certain number of iterations. It is decreased when the low-level 

heuristic which maximizes 21 ff β+α  produced a better solution. More precisely, the 

choice function hyper-heuristic selects the low-level heuristic jN  which maximizes the 

choice function. Before applying jN , the largest value among the choice function 

factors )N(f and )N,N(f ),N(f j3jk2j1 δβα  called the biggest contributor in the choice 

function (G) is identified. 

 If 1fG α= , then jN  is applied in steepest descent fashion and  the parameter α  

is changed so that )1( ε+α=α , where ε  is a small number. If jN  produces the better 

solution, then ε  is positive; otherwise negative. If 2fG β= , then jN  is applied in 

steepest descent fashion and the parameter β  is changed so that )1( ε+β=β . If 3fG δ= , 

then the low-level heuristic, iN , which maximizes 21 ff β+α  is selected. First, iN  is 

applied in steepest descent fashion. If the solution is better than the previous one, the 

parameter δ  is decreased so that q−δ=δ , where q is a certain positive quantity. 

Otherwise, the selected heuristic jN  is applied to the previous solution once and δ  is 

kept unchanged. In case of a tie, jN  is applied in steepest descent fashion. If there has 

been no absolute improvement after a certain number of consecutive iterations, δ  is 

increased so that p+δ=δ , where p is a certain positive quantity. Here, the absolute 

improvement is the change in the objective function value from the best solution 

encountered so far to the current solution [3].  

Do 

Select low-level heuristic that maximizes choice function f and apply it 

Update choice function parameters 

Until Stopping Condition is met 
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PART IV  

HYPER-HEURISTIC BASED APPROACHES FOR GENERALIZED 

ASSIGNMENT PROBLEMS 

In this chapter, we first present details of our hyper-heuristic approaches for static 

GAP. It is followed by hyper-heuristic approaches for dynamic GAP, which are based 

on hybridization of memory/search algorithm with hyper-heuristic techniques. 

 

IV.1 STATIC CASE 

In this study, we use two types of hyper-heuristics, which are simple hyper-

heuristics and choice-function hyper-heuristics, in order to solve the static GAP. In the 

literature, four variant of simple hyper-heuristics are considered [3], which are the 

SimpleRandom, the RandomDescent, the RandomPerm, and the RandomPermDescent. 

Additionally, we propose two additional simple hyper-heuristics, which are the 

RandomGroup and the RandomGroupDescent.  In this section, we present the 

implementation details of the hyper-heuristics and the low-level heuristics considered. 

 

IV.1.1 Low-Level Heuristics for the Static GAP 

We use three types of ejection chain neighborhoods: shift neighborhood, double 

shift neighborhood, and long chain neighborhood. Shift neighborhood has four variants, 

double shift has three variants and finally long chain neighborhood has two variants; 

therefore nine low-level heuristics are considered in this study.   

In a shift neighborhood, a new solution is obtained by shifting a job to another 

agent.  The four variants for shift neighborhood are as follows:   

LL1 - Shift a job to another agent which has enough remaining capacity with the 

minimum cost: For this type of neighborhood, a neighbor of the current solution is 

obtained as follows: A randomly selected job is removed from the corresponding agent. 
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Among the remaining agents, the job is assigned to the agent which has enough 

remaining capacity with the minimum cost. If there is no such an agent, an agent is 

chosen such that the penalty function is minimized. This method sequentially visits the 

neighbors and the one which is the first improved cost and no worsened penalty function 

is accepted. The outline of the first low-level heuristic (called LL1) is given in Figure 

IV.1. 

Figure IV.1 The outline of the first low-level heuristic 
 

LL2 - Shift a job to another agent which has the minimum ratio of total resource 

capacity to the maximum capacity: For the neighborhood considered in [16], the agents 

are sorted in decreasing order of the ratio of total resource capacity to the maximum 

capacity.  Among the jobs assigned to the first agent in the list, one is selected in any 

order. The job is reassigned to another agent starting with the last agent in the list. This 

process is repeated until all jobs assigned to all agents have been considered.  As LL1, 

the acceptance criterion is the first improving cost and no worsening penalty.  The 

outline of LL2 is given in Figure IV.2.  

LL3 - Shift a job to another agent with the minimum fitness:  For this type of 

neighborhood, a neighbor of the current solution is obtained as follows: A randomly 

selected job is removed from the corresponding agent and reassigned to the agent with 

the minimum fitness. This method sequentially visits the neighbors and the first 

improved neighbor is accepted.  The outline of the shift neighborhood is given in Figure 

IV.3.  

1. Let 0:j = , JJ: →π  be a random permutation. 

2. If ,n:j =  stop and output σ ; otherwise let 1j:j += , )j(j0 π= , and )j(i 00 σ= . 

3. Let σ=σ :' . If such an agent *i  with minimum fitness among the agents in 

}brr|}{i\Ii{ ii)j(,Jj ijij0 −≤∈ ∑ =σ∈
 exits, *

0 i:)j(' =σ ; otherwise an agent 'i  

minimizing penalty is chosen and 'i:)j(' 0 =σ  ( 'σ  is an neighbor of σ ) 

4. If )(tcos)'(tcos σ<σ  and )(penalty)'(penalty σ≤σ  holds, stop and output 'σ ; 

otherwise return to Step 2.  
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Figure IV.2 The outline of the second low-level heuristic 
 

LL4 - Shift a job to another random agent: This method is the same as LL3; but 

the job is reassigned to a random agent except for the corresponding agent.  

 

Figure IV.3 The outline of the third low-level heuristic 
 

In double shift neighborhoods, a new solution is obtained by performing two shift 

moves.  The union of Ndouble_cyc (cyclic double shift neighborhood) and Ndouble_path as a 

neighborhood is used [10]; but we use these neighborhoods separately, and the first 

improved solution is accepted for all variants. Three variants for double shift 

neighborhood are as follows:   

LL5 - Swap two jobs assigned to different agents: This method is a swap 

neighborhood, in which a randomly selected job j  is removed from agent )j(σ  and 

1. Let II: →π  be a permutation of the agents sorted in decreasing order of 

Ii    ,b

r

i

i)j(,Jj ij
∈∀

∑ =σ∈ . Let 0:'i = . 

2. If ,m:'i =  stop and output σ ; otherwise let 1'i:'i += ,  )'i(:i π=  and Ø:T = .  

3. Let. iS  be the set of jobs assigned to i .  

4. If iST = , return to Step 2; otherwise choose a T\Sj i∈ , let }j{T:T ∪= . 

5. Job j  is ejected from i  and assigned to another agent starting with the last agent 

in the list. (neighbor 'σ  of σ ) 

6. If )(fitness)'(fitness σ<σ , stop and output 'σ ; otherwise return to Step 4. 

1. Let 0:j = , JJ: →π  be a random permutation. 

2. If ,n:j =  stop and output σ ; otherwise let 1j:j += , )j(j0 π= , and )j(i 00 σ= . 

3. Let *i  be the agent which minimizes 

}{i \ I  i    },cr)r(,0max{c 0iiji)j(,Jj ijiij0
∈∀−+γ+ ∑ =σ∈

 

4. Let σ=σ :'  and *
0 i:)j(' =σ . ( 'σ  is an neighbor of σ ) 

5. If )(fitness)'(fitness σ<σ , stop and output 'σ ; otherwise return to Step 2.  
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assigned to another agent )k(σ .  Then, a job k  is removed from agent )k(σ  and 

assigned to agent )j(σ .   

LL6 – Cyclic Double Shift Neighborhood: This method is performed same as the 

cyclic double shift neighborhood (Ndouble_cyc) used in [10]. Basically, a neighbor in this 

neighborhood is obtained as follows:  a job j  is removed from the agent )j(σ .  Then, a 

job k  is shifted to )j(σ  from )k(σ  and the job j  is assigned to )k(σ .   

LL7 - Change the assignment of two jobs assigned to different agents: This method 

is performed same as the neighborhood (Ndouble_path ) used in [10]. This method is the same 

as LL6, but the ejected job j  is assigned to the agent with minimum fitness.   

In long shift neighborhood, a new solution is obtained by performing long chain 

moves.  The union of Nlong_cyc and Nlong_path as a neighborhood is used [10]; but we use 

these neighborhoods separately. 

LL8 – Cyclic Long Chain Neighborhood: This method is performed same as the 

cyclic long chain neighborhood (Nlong_cyc) used in [10]. Basically, long chain 

neighborhood is defined as follows: First, a job 0j  is ejected from the corresponding 

agent )j( 0σ . A job 1j  is ejected and reassigned to the agent from which the free job 0j  

has been removed previously, which is the reference structure. Finally, in order to make 

a complete solution the free job 0j  is assigned to agent )j( 1σ . The next move is applied 

to partial solution in which job 0j  is free. These steps are repeated until the first 

improved solution is found.  

LL9 –Long Chain Neighborhood: This method is performed same as the 

neighborhood (Nlong_path) used in [10]. This method is the same as LL8, but the ejected 

job j  is assigned to the agent with minimum fitness.   

 

IV.1.2 Details of the Proposed Framework 

In this section, we present the implementation details of hyper-heuristics. We 

develop local search hyper-heuristics with a complete solution for this work. Here, a 

solution is represented by a vector [12]. Since this representation does not guarantee 

feasibility, infeasible solutions are penalized. The fitness of the solution is calculated by 
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Penalty weights iψ  are initialized solving a quadratic programming problem (QP) 

[10]. In our work, the solving of (QP) is omitted and penalty weights iψ  are initialized 

by constant values. We update the penalty weights by the same strategy used in [10]. 

According to the strategy, if the solution is infeasible, the penalty weights are increased; 

otherwise they are decreased.  

A hyper-heuristic starts with an initial solution, which is a complete solution. In 

this work, an initial solution is randomly generated, which may therefore be infeasible. 

We implement the double shift and the long chain neighborhood by using the same data 

structure in [10]. Here, it is based on the Lagrangian relaxation of the GAP [10]. This 

problem reduces to the m real valued knapsack problem. In order to solve the real-value 

knapsack problem, a greedy algorithm is implemented since the greedy algorithm finds 

the optimum value of the real-value knapsack problem. The pseudo code of the greedy 

algorithm is shown in Figure IV.4.   

Figure IV.4  The pseudocode of greedy algorithm [27] 

Greedy( ]n .. 1[w , ]n .. 1[v ,M)  

The objects are sorted in increasing order of weightvalue .  

for 1:i =  to n do 
    0:]i[x =  

end for; 
1;:i  0;:weight ==  

while ni   Mweight ≤∧<  do 
     if M]i[wweight ≤+   

then ];i[wweight:weight      ;1:]i[x +==   

else ;M:weight     ;]i[w)weightM(:]i[x =−=  
          end if; 
          ;1i:i +=  
     end while; 
     return x; 
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In these neighborhoods, the Lagrangian multiplier vector is needed. Subgradient 

method finds a near-optimal Lagrangian multiplier vector. We use the same subgradient 

method. Furthermore, the avail and score function used for these neighborhood are 

defined as in [10].  





 σ>σ−

=
σ

σσσσ

otherwise     ,                 r

 )(pr if     ),(pr
)j(avail

j),j(

)j(j),j()j(j),j(

              (IV.3) 

)v~(c)j,i(score ij−=
        (IV.4) 

Here, the score function depends on Lagrangian multiplier vector. Another way to 

define score )cc( j),j(ij σ+− . We also test this function, but the execution of the 

algorithm took a long time since the score function depends on the solution σ . 

Therefore, the subgradient method must be performed at a level of abstraction above the 

low-level heuristics. However, the method uses the problem-specific knowledge and we 

know that the hyper-heuristics have no domain knowledge. For this purpose, we define a 

middle level which is between the hyper-heuristic and a set of low-level heuristics. Of 

course, this level takes place in the problem domain. The subgradient method, the 

initializing and updating jlist and the updating the penalty weights are performed in this 

level.  

A hyper-heuristic starts with an initial solution. The initial solution can be feasible 

or infeasible. The hyper-heuristic knows whether the solution is feasible or not. The 

hyper-heuristic repeatedly chooses and applies to an appropriate low-level heuristic at 

any given point. If the solution returned by a low-level heuristic is infeasible, the penalty 

weights are increased; otherwise they are decreased. When a feasible solution is found, 

if the new solution is better than the best solution found so far, the new solution is 

accepted as the best solution and then the hyper-heuristic calls the subgradient method. 

If the subgradient method fails to update the best lower bound, the hyper-heuristic are 

not call again; otherwise the new Lagrangian multiplier vector is accepted as the next 

and jlist is updated. These process repeats until a stopping criterion is satisfied. 
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IV.1.3 Hyper-Heuristic Solution Techniques 

In our study, we implement six simple hyper-heuristics and a choice function 

hyper-heuristics. In this subsection, we first present details of the simple hyper-

heuristics. The six simple hyper-heuristics used are the SimpleRandom, the 

RandomDescent, the RandomPerm, the RandomPermDescent, the RandomGroup, and 

the RandomGroupDescent. The first four simple hyper-heuristics were presented in Part 

III. We present two simple hyper-heuristics proposed in the following paragraphs. 

RandomGroup (RG): The EC probe which is the coordination of three types of 

neighborhoods, shift, double shift, and long chain is used [10].  Shift, double shift, and 

long chain neighborhoods are applied cyclically. We propose a simple hyper-heuristic 

based on the idea of EC probe. In this method, low level heuristics are classified into 

different types according to their functionalities. Each type has several variants. In EC 

probe, the neighborhoods are applied in predefined order. On the contrary, a random 

permutation of all types of low-level heuristics is created randomly in this method. A 

low-level heuristic belonging to the type in the sequence is randomly selected and 

applied once. Then, a low-level heuristic belonging to the next type in the sequence is 

randomly selected and applied once, and so on. These steps are repeated cyclically until 

a stopping criterion is satisfied. The pseudocode of this method is given in Figure IV.5. 

Figure IV.5 The pseudocode of RG 

 
 

RandomGroupDescent(RGD): This method is the same as RandomGroup but each 

low level heuristic is applied continuously until no improvement is found. The 

pseudocode of this method is given in Figure IV.6. 

 

 

Create a random permutation of all types of low-level heuristics. 

Do 

 Select a low-level heuristic belonging to the next type uniformly at random and 

apply it once. 

Until stopping condition is met. 
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Figure IV.6 The pseudocode of RD 

 

We also implement a choice function hyper-heuristic. The choice function 

parameters δβα  and , ,  are adaptively changed during the search. In this study, we 

consider a simple scheme in which the reward / punishment is increased by a constant 

value. The details of choice function are presented in Chapter III. In this work, we use 

the all move (AM) version for all hyper-heuristic. Since we use complex neighborhoods 

in which all solution is scanned and the first improved solution is returned, it makes 

sense to use the AM version.   

For descent method such as the RD, the RPD, etc and choice function, the long 

chain neighborhood is applied once, since descent method with this neighborhood is 

computationally expensive.  

IV.2 DYNAMIC CASE 

In this thesis, we integrate the hyper-heuristics into the memory/search algorithm 

for the dynamic GAP. In the memory/search algorithm [21], the search population 

explores new areas of the search space. The next generation of search population is 

equivalent to a single generation of standard EA. In order to increase diversity, the 

search population is re-initialized after the environment changes.  In this study, we use 

the hyper-heuristic approaches in order to compute the next generation of search 

population. Since the diversity is very high in hyper-heuristic approaches, the search 

population is not re-initialized after the environment changes. The hyper-heuristics 

approaches which we consider for the dynamic case are the SimpleRandom, the 

RandomDescent, the RandomPerm, the RandomPermDescent, and the Choice Function.   

 

IV.2.1 Low-Level Heuristics for the Dynamic GAP 

We use six simple local search neighborhoods as low-level heuristics. Each low-

level heuristic is a mutational heuristic which performs a single local search move. The 

Create a random permutation of all types of low-level heuristics. 

Do 

 Select a low-level heuristic belonging to the next type uniformly at random and 

apply it in steepest descent fashion. 

Until stopping condition is met. 
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low-level heuristics are based on shift and double shift neighborhood, where both shift 

and double shift neighborhood have three variants.  In a shift neighborhood, a new 

solution is obtained by shifting a job to another agent.  The three variants for shift 

neighborhood are as follows:   

LL1 - Shift a job to another random agent: In this method, a job is randomly 

chosen and removed from the corresponding agent. Among the remaining agents, the 

one is randomly selected and the assignment of the job is performed.  

LL2 - Shift a job to another agent with the minimum fitness:  In this method, a job 

is randomly selected. The job is removed from the corresponding agents and is 

reassigned to the agent with the minimum fitness.   

LL3 - Shift a job to another agent with the smallest relative cost-resource index: In 

this method, a job is randomly selected.  The job is removed from the corresponding 

agents and is reassigned to the agent which has the smallest relative cost-resource index 

(Eq. (II.7)) [13]. 

In a double shift neighborhood, a new solution is obtained by performing two shift 

moves. The three variants for double shift neighborhood are the following: 

LL4 - Swap two jobs assigned to different agents: This heuristic selects two 

random jobs and exchanges the assignment of these jobs. 

LL5 – Cyclic Double Shift: This method performs same as the cyclic double shift 

neighborhood (Ndouble_cyc ) used in [10]. First, a job 0j  is randomly selected and ejected 

from agent )j(i 00 σ= . Then the maximum k satisfying )j(availr 0
)k(

i0
≤  is computed 

( )k(
i0

r  and )j(avail 0  are explained in Part II). Among the jobs whose resource 

requirements are not more than )k(
i0

r , the most profitable job 1j  is selected where the 

profit is defined as j)j(ij cc σ+− . Then, job 1j  is shifted to agent 0i . Finally, job 0j  is 

assigned to agent )j( 1σ .   

LL6 - Change the assignment of two jobs assigned to different agents: This method 

performs same as the neighborhood (Ndouble_path ) used in [10]. This method is the same as 

the LL5, but job 0j  is assigned to the agent with minimum fitness.  
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IV.2.2 Memory/Search Algorithm with Hyper-Heuristics 

In this study, an individual is represented by a vector, where each element of the 

vector corresponds to a job and the elements indicate the agent to which a job is 

assigned. Each individual in the memory and search population is randomly generated. 

The individuals are evaluated with a fitness function in Eq. (IV.1).  

In order to compute the next generation of the memory population, a single 

generation of the standard EA is used. In this work, the binary tournament selection is 

used for selecting two parents for reproduction. In order to generate new population, 

one-point crossover and swap mutation are used. In this model, the whole population is 

replaced by the new population and the elitism is performed.  

For the search population, the hyper-heuristic approaches are applied. We consider 

five different hyper-heuristic approaches which include the SimpleRandom, the 

RandomDescent, the RandomPerm, the RandomPermDescent, and the Choice Function.   

a. SimpleRandom: At each generation, different low-level heuristics are selected 

randomly for each individual in the search population.  

b. RandomDescent: This method is the same as the SimpleRandom, but each low 

level heuristic is applied continuously until no improvement is found. 

c. RandomPerm: A random permutation of all low-level heuristics is created. At 

each generation, the same low-level heuristic is applied to each individual in the search 

population once in predefined order cyclically.  

d. RandomPermDescent: This method is the same as RandomPerm but each low 

level heuristic is applied continuously until no improvement is found.  

e. Choice Function: At each generation, the low-level heuristic that maximizes 

choice function is selected. The selected low-level heuristic is applied to each individual 

in the search population. And the choice function parameters are updated. In order to 

calculate the individual and collective performance of the selected low-level heuristic, 

the average of the changes in the evaluation function of all individuals is taken. On the 

other hand, amount of CPU time used by the selected low-level heuristic is divided by 

population size of search population.  

For each algorithm, the AM (all move) and OI (only improving) case are 

considered. For the AM case, the new solution is inserted into the next population. For 
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the OI case, the new solution is inserted into the next generation only if it is better than 

the previous one. 

Our hyper-heuristic based algorithm starts with an empty memory. Memory and 

search populations store their best member into the memory at every x generation. When 

the memory is full, the individual is replaced another one according to mindist 

replacement strategy.   In mindist strategy, two most similar individuals are determined 

and the worst one is removed from the memory. Whenever the environment has 

changed, the memory and memory population are merged and the best k individuals are 

inserted into the memory population where k is the population size of the memory 

population. 
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PART V  

EXPERIMENTAL STUDY 

In this chapter, we present the details of our experimental study for both static and 

dynamic versions of the generalized assignment problem. First, we explain the instances 

of the GAP used for the experiments, which is followed by implementation details and 

parameter settings. Then, we present the performance measures and the results of the 

experiments.  

 

V.1 PROBLEM INSTANCES 

In this work, five types of problem instances are considered, which are called 

types A, B, C, D, and E. The first four types are available at the OR-Library [18] and 

type E is available at [19].  These types of instance are created as follows:  

Type A: ijr are random integers from [ ]25 ,5 , ijc are random integers from [ ]50 ,10  and 

bi=0.6(n/m)15+ 0.4R where ∑
=∈

∈=
iIj,Jj
ijIi rmaxR  and Ik  },cc|imin{I kjijj ∈∀≤=  

Type B: ijr  and ijc are the same as Type A, but bi= 0.7{0.6(n/m)15 + 0.4R}  

Type C: ijr  and ijc are the same as Type A, but ∑
∈

=
Jj

iji mr8.0b . 

Type D: ijr are random integers from [ ]100 ,1 , er111c ijij +−=  where e are random 

integers from [ ]10 ,10− , and ∑
∈

=
Jj

iji mr8.0b . 

Type E: 2ij eln101r −= , where 2e  are random numbers on ( ]1,0 , 3ijij e10r/1000c −= , 

where 3e  are random numbers on [ ]1 ,0 , and ∑
∈

=
Jj

iji mr8.0b  
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It should be noted that, each problem instance is created for each agent/job 

combination. Specifically, the number of jobs is equal to either 100 or 200, and the 

number of agents can be equal to 5, 10, and 20. Therefore, each type contains 6 problem 

instances, which generates a total of 30 instances in the experimental study. 

 

V.2 IMPLEMENTATION DETAILS AND PARAMETER SETTING 

The experiments for static and dynamic GAP are performed on Pentium IV, 2 GHz 

with 1 GB memory running Linux operating system and Pentium IV, 3.0 GHz with 4 

GB memory running Linux operating system, respectively. The algorithms in our study 

are implemented in C programming language. 

For static GAP, our hyper-heuristic based approaches are compared with GA 

developed by Chu and Beasley (called GA_CB in this section) [12], improved hybrid 

GA (called GA_CRH in this section) developed by Fetlt and Raidl [13] and tabu search 

with ejection chain (TSEC) developed by Yagiura et al [10]. For both of the genetic 

algorithms given in the literature, the population size is set to 100 and these algorithms 

stop when 500000 non-duplicate offspring have been created without improving the best 

solution found so far. Additionally, the following desirability factor is applied:  

iijij b/r−=µ          (V.1) 

For each run of TSEC, the stopping conditions are set to 150 and 300 seconds of 

CPU time for instance with n = 100 and n = 200, respectively.  

On the other hand, the termination condition is set to 100000 iterations for our 

hyper-heuristic approaches. Additionally, the choice function terms 321 f and,f ,f  are set 

to zero. The parameters δβα  and , ,  are taken as 0.5. We consider a simple scheme for 

punishment and reward conditions. The parameters are increased or decreased by a 

constant value of 0.01.  Additionally, if the values of α  and β   become negative during 

the search, they are set to 0.001. Finally, we penalize the infeasible solution by the 

penalty function, and the initial penalty weights iψ  are set to 1.  

For double and long chain neighborhood used in TSEC algorithm and the hyper-

heuristics, jlist_max is set to n, which is the number of jobs. The initial Lagrangian 

multiplier vector is )0,...0,0(v~ = . The parameters of subgradient method are 
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chkevery_sg, maxiter_sg, and minstep_sg, which are set to 20, 300 and 0.005, 

respectively. The initial value of  λ  is 2. For double neighborhood, secondsh_max is 

taken }nlog,mmax{ 2 .  

For the dynamic version of GAP, the memory/search with hyper-heuristics is 

compared to the memory/search algorithm proposed by Branke [21]. For memory/search 

algorithm and our hyper-heuristic based approaches, the termination condition is 10000 

iterations. Both the memory and search populations have 46 individuals and the memory 

has 10 individuals. The changes are applied at every 10 generations; moreover, memory 

is updated at every 10 generations. The standard deviation of the normally distributed 

random variable is set to 0.05. The crossover probability is taken 0.7 and the mutation 

rate is set to 0.2. In order to have fair comparison, same values are set for parameters of 

the two algorithms. 

 

V.3 PERFORMANCE METRICS 

The performance of the algorithms for static GAP is measured with respect to total 

cost of the best solution found so far. Moreover, computational effort of each algorithm 

is measured with the average best time to find the best solution of the algorithms.  

For dynamic GAP, we present the performance of the algorithms with respect to 

solution of the quality and computational efforts. In order to compare solution quality of 

the algorithms, the results are reported in terms of online and offline performance. 

Online performance is calculated with the following equation: 

∑ =
= T

1t te
T

1
x          (V.1) 

where T is the number of evaluations and te  is the tth evaluation. Offline performance is 

calculated as follows:  

 

 ∑ =
= T

1t
*
te

T

1
*x        (V.2) 

where }e,...e,emax{e tt1
*
t = . Additionally, computational effort of each algorithm is 

presented in terms of the average running time.  
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V.4 RESULTS OF the COMPUTATIONAL EXPERIMENTS 

V.4.1 Static Case  

In the first phase of our experiments for static case of GAP, six simple hyper-

heuristic approaches (explained in part IV) are compared with respect to total cost and 

average computation time to find the best solution. Then, the best simple hyper-heuristic 

is selected. In the second phase, performance comparison of the selected simple hyper-

heuristic, choice function hyper-heuristic, GA_CB, GA_CRH, and TSEC are performed 

for various GAP instances. It should be noted that GA_CB refers to genetic algorithm, 

GA_CRH refers to hybrid genetic algorithm and TSEC refers to tabu search with 

ejection chain. Table V.1 shows the optimum cost values for type A, B, and C problem 

instances.  These results are taken from [13].  

 

Table V.1 The optimum cost values for type A, B, and C [13]. 

Type m n Optimum 
100 1698 

5 
200 3235 

100 1360 
10 

200 2623 

100 1158 

A 

20 
200 2339 

100 1843 
5 

200 3552 

100 1407 
10 

200 2827 

100 1166 

B 

20 
200 2339 

100 1931 
5 

200 3456 

100 1402 
10 

200 2806 

100 1243 

C 

20 
200 2391 
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In the tables, SR denotes the SimpleRandom, RD denotes the RandomDescent, RP 

denotes the RandomPerm, RPD denotes the RandomPermDescent, RG denotes the 

RandomGroup, RGD denotes the RandomGroupDescent. Although CF and CF2 both 

denote the choice function hyper-heuristics, they use different approaches to consider 

CPU time. The pre-experimentation phase shows that the CPU time used by the 

neighborhood may be zero. Therefore, we assume that the CPU time used by low-level 

heuristic is 1 sec in the first choice function, CF. On the other hand, in CF2, the CPU 

time is added to 1. If the CPU time used by a low-level heuristic is greater than zero, we 

assume that the CPU time becomes 1 + CPU time; otherwise the CPU time becomes 1. 

Additionally, m and n denote the number of agents and the number of jobs, respectively. 

  

V.4.1.1 Comparison of Simple Hyper-Heuristics 

The comparison of the simple hyper-heuristics with respect to average total costs 

and the average computation time to find the best solution of the algorithms are given in 

Table V.2 and V.3, respectively. Note that each result in the tables is the average of 20 

runs. For all tables, best results are given in bold. In table V.2, the first column shows 

the average results achieved with the SR algorithm, followed by the average results 

found with the RD, RP, RPD, RG, and RGD methods. It can be figured out the all 

simple hyper-heuristics could find the optimal solutions for all instance of type A since 

the instances of type A are too easy. For type B, among the simple hyper-heuristics in 

which the low-level heuristics apply once, RP gives better performance. RP could attain 

the optimum solutions for all instance of type B except for the instance with (10 agents, 

200 jobs) at each run. It can be observed that the simple hyper-heuristics with steepest 

descent fashion are almost always better than the others. The best results are achieved 

with the RD. For the instances with (5 agents, 100 jobs) and (10 agents, 100 jobs) of C 

type, all simple hyper-heuristics could find the optimal solutions at each run. RGD gives 

better performance for the other instances of type C. For other test cases, SR, RP, and 

RG give worse performance. The average solutions qualities of the RGD are better than 

those of others. Additionally, the RD, RPD, and RGD methods that have steepest 

descent fashion may require more time to reach the best solution. 
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Table V.2 The average total cost of simple hyper-heuristics 

Type m n SR RD RP RPD RG RGD 
100 1698,00 1698,00 1698,00 1698,00 1698,00 1698,00 

5 
200 3235,00 3235,00 3235,00 3235,00 3235,00 3235,00 
100 1360,00 1360,00 1360,00 1360,00 1360,00 1360,00 

10 
200 2623,00 2623,00 2623,00 2623,00 2623,00 2623,00 
100 1158,00 1158,00 1158,00 1158,00 1158,00 1158,00 

A 

20 
200 2339,00 2339,00 2339,00 2339,00 2339,00 2339,00 
100 1843,00 1843,00 1843,00 1843,20 1843,00 1843,00 

5 
200 3552,00 3552,00 3552,00 3552,05 3552,10 3552,05 

100 1407,00 1407,00 1407,00 1407,00 1407,00 1407,00 
10 

200 2828,90 2828,40 2828,75 2828,75 2828,55 2828,55 

100 1166,00 1166,00 1166,00 1166,00 1166,00 1166,00 

B 

20 
200 2339,00 2339,00 2339,00 2339,00 2339,00 2339,00 
100 1931,00 1931,00 1931,00 1931,00 1931,00 1931,00 

5 
200 3457,00 3456,85 3456,90 3457,00 3456,85 3456,95 

100 1402,00 1402,00 1402,00 1402,00 1402,00 1402,00 
10 

200 2808,00 2808,20 2808,60 2807,90 2808,05 2807,85 
100 1244,65 1244,80 1244,80 1244,70 1244,90 1244,95 

C 

20 
200 2393,85 2393,50 2393,90 2393,55 2394,05 2393,45 
100 6367,70 6364,85 6367,40 6365,00 6367,80 6365,05 

5 
200 12762,00 12757,35 12761,35 12755,35 12760,75 12757,15 

100 6384,05 6380,05 6381,05 6378,80 6381,45 6378,50 
10 

200 12481,40 12467,20 12479,40 12468,65 12480,35 12467,85 

100 6259,25 6253,55 6256,30 6253,15 6257,10 6252,55 

D 

20 
200 12344,35 12324,35 12340,70 12322,55 12339,40 12318,15 
100 12688,95 12684,15 12688,05 12685,90 12689,10 12684,75 

5 
200 24940,00 24932,80 24938,10 24932,65 24937,55 24932,55 
100 11587,15 11582,60 11585,05 11582,70 11584,30 11582,05 

10 
200 23339,15 23316,05 23334,70 23315,30 23331,10 23316,05 

100 8470,50 8459,80 8466,55 8459,05 8467,00 8461,15 

E 

20 
200 22450,05 22410,80 22441,25 22407,25 22436,50 22408,50 
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Table V.3 The average computation time to find the best solution of the simple hyper-heuristics 

Type m n SR RD RP RPD RG RGD 
100 0,45 0,09 0,44 0,11 0,54 0,13 

5 
200 2,09 0,51 1,88 0,48 2,10 0,49 

100 1,68 0,50 1,38 0,43 1,69 0,61 
10 

200 2,97 3,09 3,10 2,10 3,85 2,87 

100 0,75 0,72 0,63 0,65 0,98 0,83 

A 

20 
200 7,59 2,99 7,54 2,90 7,82 3,97 

100 3,53 9,47 5,64 9,05 7,64 14,86 
5 

200 39,35 95,93 62,85 117,59 46,99 154,69 

100 1,15 2,32 0,71 1,96 0,93 2,50 
10 

200 84,26 223,05 98,60 273,88 122,57 281,87 

100 4,07 6,46 3,50 8,24 3,73 7,09 

B 

20 
200 46,22 66,00 37,51 68,80 29,39 48,91 

100 4,39 10,04 4,60 9,88 2,74 11,63 
5 

200 49,19 221,91 58,19 156,83 89,96 127,37 

100 13,68 46,44 12,88 30,10 12,47 26,44 
10 

200 143,39 252,24 118,88 333,75 145,28 326,81 

100 45,03 128,23 33,00 107,00 43,68 81,27 

C 

20 
200 161,94 263,61 137,54 306,01 135,13 360,91 

100 45,21 89,99 52,00 83,61 37,18 85,79 
5 

200 182,78 313,46 180,94 334,01 182,45 423,34 

100 58,39 160,93 54,27 102,59 59,28 87,83 
10 

200 209,82 201,18 250,92 184,01 207,14 293,55 

100 59,70 105,88 62,09 121,18 85,17 114,91 

D 

20 
200 174,44 212,82 201,22 77,73 173,59 77,83 

100 27,60 65,48 30,75 71,10 28,46 80,70 
5 

200 66,25 197,17 87,15 158,87 99,98 199,03 

100 36,80 94,96 39,78 88,02 30,64 111,90 
10 

200 78,28 371,33 72,16 315,12 92,39 459,30 

100 40,45 99,94 41,11 100,89 53,98 140,90 

E 

20 
200 90,75 476,77 114,69 493,11 110,87 421,48 

 

Furthermore, the simple hyper-heuristics are compared in terms of the best costs of 

20 runs. Table V.4 shows the best cost obtained by the simple hyper-heuristics. For type 

A, all simple hyper-heuristics are attained the optimum values at least once. For most 

instances of type B and C, all approaches could also find the optimum values at least 
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once. For other instances, the simple hyper-heuristics with steepest descent fashion 

outperform the others. RD and RGD give the competitive results.  

As seen the tables, RGD gives the better performance with respect to the quality of 

solutions for most of cases presented. Therefore, we select the RGD for second part of 

experiments.  

 

Table V.4 The best costs obtained by simple hyper-heuristics 

Type m n SR RD RP RPD RG RGD 
100 1698 1698 1698 1698 1698 1698 

5 
200 3235 3235 3235 3235 3235 3235 
100 1360 1360 1360 1360 1360 1360 

10 
200 2623 2623 2623 2623 2623 2623 
100 1158 1158 1158 1158 1158 1158 

A 

20 
200 2339 2339 2339 2339 2339 2339 
100 1843 1843 1843 1843 1843 1843 

5 
200 3552 3552 3552 3552 3552 3552 
100 1407 1407 1407 1407 1407 1407 

10 
200 2828 2828 2828 2828 2828 2828 
100 1166 1166 1166 1166 1166 1166 

B 

20 
200 2339 2339 2339 2339 2339 2339 
100 1931 1931 1931 1931 1931 1931 

5 
200 3456 3456 3456 3456 3456 3456 
100 1402 1402 1402 1402 1402 1402 

10 
200 2807 2807 2807 2807 2807 2807 
100 1243 1243 1243 1243 1243 1244 

C 

20 
200 2392 2392 2393 2392 2392 2392 
100 6360 6360 6362 6361 6363 6360 

5 
200 12755 12753 12755 12749 12755 12753 

100 6377 6373 6376 6369 6372 6370 
10 

200 12466 12449 12469 12458 12471 12458 

100 6247 6244 6248 6245 6243 6236 

D 

20 
200 12332 12296 12326 12313 12322 12304 

100 12681 12681 12681 12681 12682 12681 
5 

200 24933 24930 24933 24930 24933 24930 
100 11581 11579 11579 11577 11579 11579 

10 
200 23330 23308 23317 23311 23322 23311 

100 8459 8448 8453 8449 8450 8443 

E 

20 
200 22437 22396 22422 22399 22424 22400 
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V.4.1.2 Comparison of the Selected Algorithms 

As the second part, we present the comparison of the 6 algorithms including 

GA_CB, GA_CRH, TSEC, RGD, CF, and CF2. The algorithms are compared with 

respect to total cost, standard deviation and the computation time to find the best 

solution. It should be noted that we do not achieved the same results for the GA_CRH as 

given in [13]. This is because the desirability factor may be applied differently. 

Table V.5 The average total cost of each algorithms 

Type m n GA_CB GA_CRH TSEC RGD CF CF2 
100 1698,00 1698,00 1698,00 1698,00 1698,00 1698,00 

5 
200 3235,00 3235,00 3235,00 3235,00 3235,00 3235,00 
100 1360,00 1360,00 1360,00 1360,00 1360,00 1360,00 

10 
200 2623,00 2623,00 2623,00 2623,00 2623,00 2623,00 
100 1158,00 1160,90 1158,00 1158,00 1158,00 1158,00 

A 

20 
200 2339,00 2339,25 2339,00 2339,00 2339,00 2339,00 
100 1843,85 1843,00 1843,40 1843,20 1843,00 1843,00 

5 
200 3556,70 3556,75 3552,00 3552,05 3552,00 3552,00 
100 1407,00 1407,00 1407,00 1407,00 1407,00 1407,00 

10 
200 2834,15 2838,95 2828,40 2828,75 2828,35 2828,30 
100 1166,10 1172,00 1166,00 1166,00 1166,00 1166,00 

B 

20 
200 2340,90 2343,15 2339,00 2339,00 2339,00 2339,00 
100 1932,85 1931,60 1931,00 1931,00 1931,00 1931,00 

5 
200 3460,55 3460,75 3458,20 3457,00 3456,85 3456,75 
100 1403,50 1403,35 1402,00 1402,00 1402,15 1402,00 

10 
200 2812,80 2812,50 2807,65 2807,90 2808,05 2808,15 

100 1246,40 1246,80 1244,30 1244,70 1244,50 1244,45 

C 

20 
200 2400,10 2401,65 2393,00 2393,55 2393,35 2393,75 

100 6371,60 6376,65 6362,35 6365,00 6364,60 6364,45 
5 

200 12780,30 12793,90 12747,80 12755,35 12756,95 12755,95 

100 6394,55 6414,55 6368,00 6378,80 6377,60 6378,85 
10 

200 12550,05 12617,20 12459,55 12468,65 12470,45 12472,90 

100 6260,80 6321,55 6242,95 6253,15 6252,15 6252,85 

D 

20 
200 12442,00 12522,90 12312,50 12322,55 12327,60 12329,90 

100 12748,40 12754,85 12688,70 12685,90 12686,45 12686,35 
5 

200 25126,80 25278,15 24931,70 24932,65 24932,75 24932,80 

100 11758,80 11766,50 11581,20 11582,70 11583,00 11581,90 
10 

200 23705,75 23923,55 23313,90 23315,30 23317,75 23316,10 

100 8670,10 8667,15 8457,30 8459,05 8463,70 8459,95 

E 

20 
200 23092,30 23006,40 22401,45 22407,25 22415,40 22413,45 
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The comparison of all six algorithms with respect to average total costs is given in 

Table V.5. It can be figured out the best results are almost always achieved with TSEC. 

The hyper-heuristic methods are always better than the genetic algorithms because of its 

set of low-level heuristics with different characteristics. While the average total cost of 

choice function hyper-heuristics are the lowest ones for A and B type, TSEC gives better 

results for other types.  

Table V.6 The average computation time to find the best solution of each algorithm 

Type m n GA_CB GA_CRH TSEC RGD CF CF2 
100 0,15 0,54 7,85 0,11 0,69 0,62 

5 
200 0,05 0,82 296,75 0,48 2,40 0,65 

100 0,12 3,95 20,66 0,43 1,92 1,59 
10 

200 0,68 1,77 3,90 2,10 4,56 6,57 

100 0,09 7,53 115,26 0,65 1,64 1,51 

A 

20 
200 0,71 66,19 6,62 2,90 13,16 6,29 

100 56,55 20,87 131,36 9,05 24,73 16,47 
5 

200 175,02 258,88 145,57 117,59 264,54 184,28 

100 2,64 19,75 5,55 1,96 2,87 2,66 
10 

200 176,68 270,83 126,70 273,88 467,80 305,60 

100 26,96 37,42 16,03 8,24 9,35 8,02 

B 

20 
200 33,26 211,53 43,99 68,80 132,92 92,02 

100 29,57 34,47 14,26 9,88 20,59 20,10 
5 

200 199,22 190,36 252,13 156,83 216,33 349,61 

100 32,47 73,23 19,15 30,10 70,08 44,09 
10 

200 185,18 296,78 134,72 333,75 427,05 385,11 

100 47,95 88,16 62,48 107,00 155,03 194,43 

C 

20 
200 223,89 403,56 123,04 306,01 391,34 509,34 

100 158,23 249,90 144,85 83,61 219,87 166,61 
5 

200 625,44 865,45 167,49 334,01 590,61 608,28 

100 356,03 392,90 73,79 102,59 183,32 177,37 
10 

200 1298,01 1526,21 135,87 184,01 597,18 515,68 

100 515,66 941,02 65,61 121,18 181,23 197,64 

D 

20 
200 1584,59 1891,50 29,55 77,73 513,38 547,28 

100 75,64 122,19 113,64 71,10 130,71 102,77 
5 

200 294,05 510,26 108,51 158,87 267,80 381,85 

100 200,48 300,73 92,22 88,02 129,10 162,12 
10 

200 673,06 1048,61 162,83 315,12 532,95 415,27 

100 310,22 512,62 74,73 100,89 201,22 145,86 

E 

20 
200 1227,04 2447,90 177,24 493,11 694,67 629,72 
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Table V.7 The best costs obtained by each algorithm 

Type m n GA_CB GA_CRH TSEC RGD CF CF2 
100 1698 1698 1698 1698 1698 1698 

5 
200 3235 3235 3235 3235 3235 3235 
100 1360 1360 1360 1360 1360 1360 

10 
200 2623 2623 2623 2623 2623 2623 
100 1158 1158 1158 1158 1158 1158 

A 

20 
200 2339 2339 2339 2339 2339 2339 
100 1843 1843 1843 1843 1843 1843 

5 
200 3553 3552 3552 3552 3552 3552 
100 1407 1407 1407 1407 1407 1407 

10 
200 2828 2828 2827 2828 2828 2828 

100 1166 1166 1166 1166 1166 1166 

B 

20 
200 2340 2341 2339 2339 2339 2339 
100 1931 1931 1931 1931 1931 1931 

5 
200 3457 3456 3456 3456 3456 3456 
100 1403 1402 1402 1402 1402 1402 

10 
200 2808 2807 2807 2807 2806 2807 

100 1245 1245 1243 1243 1243 1243 

C 

20 
200 2396 2395 2392 2392 2392 2393 

100 6365 6366 6357 6361 6358 6361 
5 

200 12758 12770 12744 12749 12751 12751 

100 6369 6375 6359 6369 6369 6366 
10 

200 12516 12552 12452 12458 12462 12466 

100 6231 6277 6221 6245 6243 6240 

D 

20 
200 12395 12476 12289 12313 12314 12313 

100 12697 12712 12682 12681 12681 12682 
5 

200 25009 25098 24930 24930 24930 24931 

100 11653 11640 11579 11577 11579 11579 
10 

200 23556 23774 23308 23311 23311 23311 

100 8591 8608 8439 8449 8457 8450 

E 

20 
200 22829 22775 22390 22399 22402 22399 

 
The average computation time to find the best solution of the algorithms and the 

best costs obtained by each algorithm are given in Table V.6 and Table V.7, 

respectively. In general, the TSEC algorithm reaches the best solution earlier than the 

other algorithms. As seen in Table V.7, the TSEC algorithm gives almost always better 

performance than the others. 
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The standard deviations of the cost values obtained by 20 different runs of the 

algorithms are also given in Table V.8.  In general, the genetic algorithms perform worse 

than the others. It can be observed that the hyper-heuristic approaches are more 

successful for most instances than the TSEC algorithm.  

 

Table V.8 The standard deviation of cost values for algorithms in the experiments 

Type m n GA_CB GA_CRH TSEC RGD CF CF2 
100 0,00 0,00 0,00 0,00 0,00 0,00 

5 
200 0,00 0,00 0,00 0,00 0,00 0,00 

100 0,00 0,00 0,00 0,00 0,00 0,00 
10 

200 0,00 0,00 0,00 0,00 0,00 0,00 

100 0,00 1,37 0,00 0,00 0,00 0,00 

A 

20 
200 0,00 0,44 0,00 0,00 0,00 0,00 

100 1,60 0,00 1,39 0,00 0,00 0,00 
5 

200 2,52 3,21 0,00 0,22 0,00 0,00 

100 0,00 0,00 0,00 0,00 0,00 0,00 
10 

200 4,48 7,74 0,68 0,69 0,49 0,47 

100 0,31 2,77 0,00 0,00 0,00 0,00 

B 

20 
200 0,85 2,94 0,00 0,00 0,00 0,00 

100 3,57 1,79 0,00 0,00 0,00 0,00 
5 

200 2,24 4,49 3,14 0,60 0,37 0,44 

100 1,00 1,31 0,00 0,00 0,67 0,00 
10 

200 2,93 4,08 0,93 1,14 1,19 1,04 

100 1,70 1,70 0,66 0,69 0,83 0,76 

C 

20 
200 3,54 4,45 0,65 0,69 0,88 0,72 

100 4,76 7,09 4,63 3,00 2,44 1,90 
5 

200 10,39 12,99 1,82 1,73 2,52 2,16 

100 14,10 15,67 5,53 3,09 3,98 4,67 
10 

200 21,83 33,07 3,56 4,63 4,08 3,99 

100 16,19 28,75 8,56 7,07 5,95 6,52 

D 

20 
200 21,77 42,28 11,89 8,63 5,18 6,60 

100 29,94 32,62 16,12 3,95 3,79 3,94 
5 

200 65,97 109,34 1,38 0,94 0,85 0,70 

100 57,61 61,63 2,02 2,86 3,03 3,19 
10 

200 102,33 104,23 2,90 2,19 3,06 3,42 

100 41,71 42,80 10,79 5,71 4,12 4,48 

E 

20 
200 110,73 112,07 5,38 3,90 5,46 8,36 
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The following figures show the means of the total cost of 20 runs and their 

standard distributions obtained by six algorithms. In these figures, the mean of 20 runs 

are calculated for four instances. The mean values ( X ) are plotted with dots and the 

vertical lines indicate the distribution of these 20 runs with sX ±  where s is the 

standard deviation of the results. In order to see differences among the tested algorithms, 

four instances are selected.  

Figure V.1 shows the means of the total cost of 20 runs and their standard 

distributions for the D type with (5 agents, 100 jobs). In this figure, while the TSEC has 

smallest mean values, the results obtained by choice function hyper-heuristics are 

clustered closely around the mean. Both genetic algorithms perform worse than the 

others. 
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Figure V.1 The means and the distributions of the total costs for the algorithms for D type (5 agents, 100 
jobs) 

 
Figure V.2 shows the means of the total cost of 20 runs and their standard 

distributions for the D type with (20 agents, 200 jobs). In the figure, it can be observed 

that the TSEC is better than the others. Additionally, RGD performs better than the 

choice function hyper-heuristics for this instance.  
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Figure V.2 The means and the distributions of the total costs for the algorithms for D type (20 agents, 200 

jobs) 

 
Figure V.3 shows the means of the total cost of 20 runs and their standard 

distributions for the E type with (5 agents, 100 jobs). In the figure, it can be clearly seen 

that the hyper-heuristic methods perform better than the others. GA_CRH performs 

worse than the other algorithms.  
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Figure V.3 The means and the distributions of the total costs for the algorithms for E type (5 agents, 100 

jobs) 
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Figure V.4 shows the means of the total cost of 20 runs and their standard 

distributions for the E type with (20 agents, 200 jobs). Both genetic algorithms give 

worse performance. The best results are achieved with TSEC.  
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Figure V.4 The means and the distributions of the total costs for the algorithms for E type with (20 agent, 

200 jobs) 

 
 

V.4.2 Dynamic Case 

Experimental results for dynamic GAP are reported in terms of online 

performance, offline performance and the average running times. In the following tables, 

SR_AM denotes the SimpleRandom with AM (all move) case, SR_OI denotes the 

SimpleRandom with OI (only improving) case, RD_AM denotes the RandomDescent 

with AM case, RD_OI denotes the RandomDescent with OI case, RP_AM denotes the 

RandomPerm with AM case, RP_OI denotes the RandomPerm with OI case, RPD_AM 

denotes the RandomPermDescent with AM case, RPD_OI denotes the 

RandomPermDescent with OI case, CF_AM denotes the choice function hyper-heuristic 

with AM case, CF_OI denotes the choice function hyper-heuristic with OI case, and MS 

denotes the memory search algorithm. 

As the first part of experiments, the experiments which compare the performance 

of each algorithm including all simple hyper-heuristics, the choice function hyper-

heuristics and the memory/search algorithm is executed by using the default parameters 
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of each algorithm. Specifically, the memory size is set to 10, the standard deviation is set 

to 0.05, and the changes are applied at every 10 generations.  

Table V.9 shows the online performance of algorithms for various test cases. It can 

be figured out that all simple hyper-heuristic approaches in the AM version are better 

than in the OI version, since OI case can quickly get stuck in a local optimum. It can be 

seen that the choice function in AM case is almost always better than in the OI case. On 

the other hand, all simple hyper-heuristics in AM case outperform the memory/search 

algorithm. However, simple hyper-heuristics in OI case have worse performance than 

memory search algorithm. The AM and OI version of the choice function is better than 

the memory/search algorithm. It can be figured out that the best performance is achieved 

with the RPD_AM algorithm, followed by the CF_AM and the RD_AM algorithms. 

Table V.10 shows the offline performance of algorithms for different instances. It 

can be seen that the simple hyper-heuristics with descent fashion are better than the 

other simple hyper-heuristics. The hyper-heuristics in AM case is almost always better 

than in OI case. Additionally, AM and OI versions of choice function performs better 

than the memory search algorithm for most instances. Especially, there is a large 

difference between the choice function and memory search algorithm for E type.  It can 

be figured out the hyper-heuristics outperform the memory search algorithm for all 

problem instances except for the D type with (5 agents, 100 jobs).  

Table V.11 shows the average running time. It can be seen that memory search 

algorithm work faster than the hyper-heuristics. The hyper-heuristics are expected to 

require more time since the low-level heuristics are applied to a set of solutions (i.e. a 

population) in the hyper-heuristics.  

As the second part of experiments, a set of experiments generated by varying the 

parameters such as change frequency, standard deviation, memory update interval is 

performed. In this part, the results of the RGD, the choice function and memory/search 

algorithm are presented. Additionally, since AM version is better than the OI version, 

we consider the RGD and CF algorithms in AM case. 
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Table V.9 The online performance values of the algorithms 
T m n SR _AM SR_OI RD_AM RD_OI RP_AM RP_OI RPD_AM RPD_OI CF_AM CF_OI MS 

100 2018,13 3059,12 1837,70 2922,05 2019,31 3058,74 1834,52 2396,28 1834,71 1870,29 2258,74 
5 

200 3810,20 5925,29 3448,96 5548,41 3808,56 5915,33 3445,70 4613,91 3435,89 3535,29 4415,77 

100 1687,46 3022,78 1488,91 2790,46 1687,39 3023,73 1483,56 2185,60 1486,19 1556,10 2039,64 
10 

200 3275,52 5788,96 2841,23 5333,72 3275,08 5792,85 2837,51 4346,72 2843,86 2956,76 4131,03 

100 1542,80 3015,71 1314,33 2752,60 1544,85 3013,55 1308,65 2130,41 1290,51 1386,14 1985,12 

A 

20 
200 3028,13 5726,57 2542,53 5226,00 3029,95 5730,43 2539,02 4214,54 2616,08 2649,08 3999,21 

100 2152,10 3248,14 1956,43 3122,49 2154,56 3246,18 1954,60 2567,16 1956,73 2008,50 2416,60 
5 

200 4237,61 6308,09 3878,99 5975,32 4246,03 6303,13 3864,12 5028,04 3839,08 3858,47 4816,73 

100 1820,95 3163,77 1613,86 2957,64 1820,13 3163,96 1608,37 2351,69 1608,31 1689,21 2200,93 
10 

200 3699,80 6219,23 3253,21 5801,95 3701,00 6220,04 3250,03 4797,17 3219,44 3393,99 4572,80 

100 1608,44 3164,23 1373,70 2904,93 1607,58 3166,47 1371,09 2251,04 1357,47 1507,82 2090,57 

B 

20 
200 3209,46 6106,97 2701,78 5621,62 3212,21 6105,93 2696,99 4565,25 2651,89 2806,23 4339,15 

100 2262,92 3310,18 2089,48 3176,20 2261,61 3303,86 2087,87 2642,10 2093,24 2108,57 2497,17 
5 

200 4149,34 6239,09 3774,02 5917,96 4137,40 6239,53 3772,92 4949,85 3769,17 3742,76 4732,97 

100 1845,81 3190,87 1634,64 2978,35 1843,06 3191,81 1634,07 2371,96 1622,67 1727,12 2215,96 
10 

200 3671,06 6186,37 3221,79 5774,57 3670,75 6179,43 3216,78 4782,09 3221,58 3370,44 4555,72 

100 1726,86 3242,68 1494,16 2999,48 1727,01 3242,83 1491,28 2365,84 1467,14 1593,64 2209,41 

C 

20 
200 3335,98 6161,22 2836,17 5699,16 3342,78 6165,80 2832,52 4666,96 2810,25 3026,19 4444,00 

100 6235,57 7413,45 6078,43 7281,07 6236,74 7413,39 6067,15 6410,34 6136,47 6268,24 6265,62 
5 

200 12748,14 14600,95 12460,79 14405,06 12733,71 14570,28 12464,08 12993,61 12596,07 12745,36 12838,48 

100 6360,52 7789,62 6189,97 7616,94 6361,01 7791,64 6183,38 6648,23 6258,80 6343,68 6476,73 
10 

200 12661,05 15001,58 12300,07 14723,83 12646,13 15009,19 12261,64 13063,59 12464,63 12563,37 12830,48 

100 6245,05 7897,75 6040,74 7745,18 6240,26 7896,93 6047,16 6645,26 6123,96 6194,39 6453,90 

D 

20 
200 12562,46 15422,14 12187,53 15123,23 12559,26 15425,33 12181,91 13160,93 12297,91 12447,63 12908,90 

100 9354,08 32559,11 7216,29 29356,62 9298,63 32545,03 7140,54 15372,11 7091,71 8329,01 12517,15 
5 

200 18550,02 63764,62 14485,96 55308,24 18507,68 63730,67 14382,33 31253,74 14480,60 15040,42 27093,68 

100 8075,97 38384,15 5961,99 31797,22 8017,56 38331,01 5890,85 14986,79 5909,96 7234,38 12048,81 
10 

200 15596,52 71026,59 11639,25 57157,12 15534,37 71076,53 11564,83 29835,83 12369,36 12482,79 25493,11 

100 7581,46 41458,58 5326,82 32913,38 7546,15 41431,78 5236,45 14640,98 5260,37 6739,26 11552,52 

E 

20 
200 14374,77 73206,57 10703,23 56934,50 14336,97 73100,33 10611,84 29101,33 11202,28 12256,73 24734,94 
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Table V.10 The offline performance values of the algorithms 

T m n SR _AM SR_OI RD_AM RD_OI RP_AM RP_OI RPD_AM RPD_OI CF_AM CF_OI MS 

100 1678,37 1679,07 1672,61 1680,72 1680,97 1680,51 1673,13 1678,87 1673,71 1673,17 1679,89 
5 

200 3243,94 3248,46 3213,82 3245,07 3242,88 3245,34 3215,49 3245,55 3211,60 3220,28 3246,26 

100 1369,29 1371,90 1357,90 1370,75 1371,34 1372,32 1358,00 1372,48 1354,49 1357,08 1371,45 
10 

200 2693,16 2694,39 2634,80 2696,51 2694,73 2697,68 2638,70 2695,22 2624,98 2633,99 2695,95 

100 1209,55 1217,08 1186,43 1214,88 1217,43 1216,20 1185,51 1215,96 1175,62 1180,60 1218,48 

A 

20 
200 2473,21 2481,23 2386,95 2486,66 2480,19 2485,23 2392,65 2488,41 2365,72 2371,72 2485,14 

100 1765,83 1770,01 1761,58 1770,43 1769,85 1768,74 1762,23 1769,02 1763,81 1765,24 1772,89 
5 

200 3632,01 3640,33 3609,71 3631,41 3638,68 3632,47 3600,52 3638,15 3602,44 3610,57 3632,14 

100 1464,84 1463,48 1452,95 1465,56 1466,66 1465,14 1450,96 1464,00 1448,38 1451,67 1465,19 
10 

200 3045,10 3046,75 2993,60 3047,09 3051,34 3047,72 2999,33 3045,70 2972,99 2989,63 3045,54 

100 1259,01 1258,47 1231,11 1262,72 1261,73 1260,52 1235,71 1262,26 1227,37 1237,48 1262,15 

B 

20 
200 2594,14 2616,52 2501,20 2612,51 2604,52 2611,76 2504,96 2617,24 2474,03 2468,81 2611,15 

100 1917,78 1920,14 1913,71 1918,96 1917,39 1915,32 1914,49 1918,49 1917,94 1915,17 1920,60 
5 

200 3538,14 3533,92 3507,54 3531,70 3527,01 3533,93 3508,94 3536,52 3508,03 3505,92 3531,17 

100 1464,54 1463,73 1451,28 1465,21 1463,49 1466,60 1453,58 1464,07 1450,40 1455,63 1465,29 
10 

200 3028,06 3031,79 2976,15 3027,65 3025,17 3024,73 2978,62 3032,63 2963,03 2975,93 3032,02 

100 1343,42 1354,45 1323,81 1349,08 1346,44 1354,93 1325,25 1351,92 1318,28 1323,95 1352,29 

C 

20 
200 2698,17 2707,15 2612,37 2712,66 2714,94 2714,62 2616,93 2713,74 2578,29 2606,51 2714,50 

100 5896,71 5899,75 5893,06 5889,78 5897,99 5896,11 5886,03 5886,15 5886,52 5903,21 5885,22 
5 

200 12198,99 12187,06 12196,43 12195,49 12185,84 12188,46 12203,21 12170,01 12208,57 12222,65 12220,83 

100 5976,91 5981,92 5984,40 5974,39 5979,12 5976,97 5978,63 5978,91 5978,76 5980,58 5984,75 
10 

200 12064,78 12060,19 12030,97 12060,84 12044,06 12069,75 11993,38 12040,76 12042,32 12032,58 12052,12 

100 5849,27 5852,66 5839,99 5849,32 5851,03 5847,64 5853,31 5851,83 5847,16 5841,03 5854,59 

D 

20 
200 11986,37 11977,42 11958,38 11977,43 11979,89 11981,33 11956,43 11981,18 11940,77 11955,83 11987,50 

100 6100,09 6108,71 6058,63 6102,32 6105,54 6107,89 6060,20 6101,10 6066,38 6074,13 6096,33 
5 

200 13117,31 13125,91 12905,43 13115,60 13128,94 13137,99 12903,35 13132,29 12927,69 12923,50 13109,77 

100 5218,35 5221,78 5140,64 5219,75 5213,20 5218,05 5145,58 5221,08 5154,97 5159,55 5224,07 
10 

200 10884,19 10881,06 10565,81 10898,58 10886,26 10873,48 10570,82 10894,43 10570,70 10629,91 10873,22 

100 4739,07 4761,04 4632,24 4759,40 4755,26 4763,79 4635,36 4745,35 4620,92 4656,22 4747,41 

E 

20 
200 10314,09 10318,52 9960,56 10331,93 10328,08 10327,08 9949,75 10340,59 9961,12 9993,59 10303,03 
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Table V.11 The average execution times of the algorithms 
T m n SR _AM SR_OI RD_AM RD_OI RP_AM RP_OI RPD_AM RPD_OI CF_AM CF_OI MS 

100 2,80 2,64 4,32 13,27 2,78 2,63 4,31 7,97 3,34 6,09 2,81 
5 

200 5,16 4,89 8,01 28,05 5,14 4,85 7,99 17,78 6,69 10,63 5,23 

100 2,98 2,88 4,71 15,91 2,94 2,84 4,67 9,84 3,38 6,54 3,00 
10 

200 5,48 5,24 8,69 32,93 5,46 5,22 8,65 21,82 7,17 12,08 5,62 

100 3,34 3,25 5,27 17,04 3,33 3,23 5,26 11,13 4,77 6,95 3,40 

A 

20 
200 6,16 5,94 9,86 36,62 6,13 5,92 9,85 24,56 9,93 14,27 6,33 

100 2,79 2,67 4,17 13,95 2,77 2,65 4,15 7,56 3,16 5,24 2,83 
5 

200 5,15 4,91 7,78 31,35 5,14 4,88 7,77 16,41 7,32 10,41 5,25 

100 2,99 2,90 4,56 15,90 2,97 2,86 4,52 8,60 3,28 5,83 3,05 
10 

200 5,48 5,28 8,30 32,93 5,46 5,26 8,27 18,13 6,90 10,54 5,66 

100 3,37 3,29 5,17 16,77 3,35 3,27 5,15 10,16 4,12 6,41 3,47 

B 

20 
200 6,20 6,01 9,47 37,21 6,17 5,98 9,45 21,39 8,93 12,75 6,42 

100 2,80 2,67 4,20 12,35 2,78 2,65 4,18 7,12 3,16 5,68 2,83 
5 

200 5,15 4,93 7,77 33,68 5,14 4,90 7,74 16,92 6,27 10,43 5,25 

100 2,99 2,91 4,50 15,17 2,97 2,87 4,46 8,30 3,52 5,69 3,05 
10 

200 5,48 5,29 8,31 33,85 5,47 5,26 8,27 18,46 6,01 10,64 5,66 

100 3,38 3,31 5,08 17,02 3,37 3,29 5,07 10,04 4,36 6,34 3,50 

C 

20 
200 6,20 6,01 9,29 35,40 6,16 5,99 9,28 20,54 7,82 11,44 6,42 

100 2,83 2,66 4,35 10,50 2,81 2,65 4,33 5,78 2,82 3,48 2,83 
5 

200 5,24 4,91 8,08 23,46 5,22 4,88 8,06 11,39 5,87 7,44 5,24 

100 3,03 2,88 4,62 11,16 3,00 2,84 4,58 7,16 3,29 4,79 3,05 
10 

200 5,59 5,23 8,62 27,43 5,56 5,22 8,57 14,36 6,09 9,08 5,66 

100 3,42 3,23 5,19 9,74 3,42 3,20 5,16 9,48 3,82 6,15 3,50 

D 

20 
200 6,28 5,91 9,53 22,95 6,25 5,89 9,50 19,23 8,11 11,39 6,43 

100 2,86 2,54 5,00 9,50 2,84 2,53 4,99 9,55 3,94 7,37 2,83 
5 

200 5,28 4,68 9,35 18,11 5,26 4,65 9,34 22,16 7,81 16,05 5,24 

100 3,07 2,75 5,74 9,95 3,06 2,72 5,73 11,50 4,24 8,51 3,05 
10 

200 5,66 5,02 10,89 19,54 5,64 5,00 10,85 31,08 9,93 19,57 5,65 

100 3,48 3,13 6,57 10,85 3,47 3,10 6,59 11,25 4,96 9,82 3,49 

E 

20 
200 6,40 5,73 12,49 21,51 6,36 5,71 12,51 32,03 13,09 22,13 6,42 
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V.4.2.1 Influence of Severity of Change 

This experiment presents the effect of severity of change on the performance by 

changing the standard deviation values of the normally distributed random variable. In 

our experiments, three different standard deviations values are considered, which are 

0.02, 0.05, and 0.1. 

The online performance of the algorithms for different standard deviations is given 

in Table V.12. In general, when the standard deviation of the normally distributed 

random variable is increased, the performance of all algorithms degrades. In particular, 

the difference between the hyper-heuristic and the memory/search algorithm becomes 

larger. While the CF algorithm performs better than the RGD algorithm for A, B and C 

type, the RGD algorithm gives better performance for other types.   

Table V.13 shows the offline performance of the algorithms for different standard 

deviations. In general, when the standard deviation of the normally distributed random 

variable is increased, the performance of all algorithms degrades. There is a small 

difference between three algorithms. For most instances, the CF algorithm outperforms 

the other algorithms.  

Figure V.5 shows the offline performance of three algorithms varying standard 

deviation for the instance of D type with (20 agents, 200 jobs). For this instance, the CF 

algorithm outperforms the RPD and the MS algorithms. All algorithms are equally 

affected from the change in severity.  
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Figure V.5 Offline performance of algorithms varying standard deviations of the normally distributed 
random variable
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Table V.12 The online performance of algorithms for various standard deviations of the normally distributed random variable 
T m n RPD_AM CF_AM MS 

      0.02 0.05 0.1 0.02 0.05 0.1 0.02 0.05 0.1 

100 1820,47 1834,52 1854,72 1818,36 1834,71 1859,78 2248,89 2258,74 2273,35 
5 

200 3414,19 3445,70 3480,72 3406,77 3435,89 3473,99 4397,34 4415,77 4438,81 

100 1468,11 1483,56 1501,36 1479,09 1486,19 1500,83 2028,16 2039,64 2051,08 
10 

200 2809,90 2837,51 2860,54 2804,82 2843,86 2836,60 4114,06 4131,03 4146,90 

100 1294,09 1308,65 1321,96 1278,32 1290,51 1313,67 1973,59 1985,12 1996,15 

A 

20 
200 2507,06 2539,02 2561,82 2596,63 2616,08 2535,89 3979,98 3999,21 4017,96 

100 1938,01 1954,60 1973,87 1938,02 1956,73 1973,52 2400,13 2416,60 2428,54 
5 

200 3818,42 3864,12 3925,10 3811,17 3839,08 3899,36 4802,09 4816,73 4852,90 

100 1591,03 1608,37 1630,14 1583,61 1608,31 1621,44 2184,66 2200,93 2214,35 
10 

200 3190,29 3250,03 3294,05 3173,69 3219,44 3265,99 4536,27 4572,80 4604,05 

100 1350,75 1371,09 1389,50 1340,55 1357,47 1358,59 2076,15 2090,57 2104,32 

B 

20 
200 2656,32 2696,99 2732,38 2660,55 2651,89 2709,93 4313,42 4339,15 4363,43 

100 2078,63 2087,87 2114,89 2063,62 2093,24 2106,91 2489,82 2497,17 2515,05 
5 

200 3726,89 3772,92 3827,42 3717,63 3769,17 3811,65 4698,97 4732,97 4773,53 

100 1610,98 1634,07 1654,85 1597,90 1622,67 1635,32 2197,29 2215,96 2232,95 
10 

200 3153,90 3216,78 3262,95 3150,48 3221,58 3223,76 4518,39 4555,72 4584,50 

100 1467,09 1491,28 1508,97 1450,23 1467,14 1486,13 2193,56 2209,41 2220,68 

C 

20 
200 2780,22 2832,52 2871,62 2756,76 2810,25 2829,95 4411,92 4444,00 4468,10 

100 5964,57 6067,15 6265,76 5958,88 6136,47 6344,50 6164,30 6265,62 6424,56 
5 

200 12019,14 12464,08 12838,27 12194,52 12596,07 12933,54 12554,26 12838,48 13094,86 

100 6006,53 6183,38 6411,71 6022,46 6258,80 6462,87 6323,59 6476,73 6643,84 
10 

200 11756,64 12261,64 12738,34 11914,77 12464,63 12817,63 12468,29 12830,48 13103,55 

100 5821,73 6047,16 6302,30 5848,31 6123,96 6330,67 6243,76 6453,90 6628,27 

D 

20 
200 11636,20 12181,91 12647,33 11702,58 12297,91 12676,36 12484,33 12908,90 13192,97 

100 7114,65 7140,54 7174,83 7088,22 7091,71 7238,16 12516,58 12517,15 12574,50 
5 

200 14345,61 14382,33 14476,11 14441,98 14480,60 14485,76 27096,11 27093,68 27186,76 

100 5841,45 5890,85 5913,23 5919,96 5909,96 5911,27 12033,82 12048,81 12089,55 
10 

200 11470,69 11564,83 11648,87 12067,63 12369,36 12230,93 25455,84 25493,11 25571,75 

100 5204,11 5236,45 5285,70 5339,78 5260,37 5250,89 11526,64 11552,52 11598,38 

E 

20 
200 10518,18 10611,84 10701,93 11099,84 11202,28 11461,77 24665,44 24734,94 24833,51 
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Table V.13 The offline performance of algorithms for various standard deviations of the normally distributed random variable 
T m n RPD_AM CF_AM MS 

      0.02 0.05 0.1 0.02 0.05 0.1 0.02 0.05 0.1 

100 1650,59 1673,13 1694,94 1651,18 1673,71 1693,02 1655,94 1679,89 1701,26 
5 

200 3171,52 3215,49 3246,09 3170,64 3211,60 3235,38 3201,12 3246,26 3274,96 

100 1330,34 1358,00 1376,31 1330,78 1354,49 1368,15 1344,84 1371,45 1387,07 
10 

200 2594,76 2638,70 2654,39 2587,83 2624,98 2636,84 2652,10 2695,95 2711,89 

100 1160,90 1185,51 1198,53 1151,36 1175,62 1184,18 1190,70 1218,48 1233,58 

A 

20 
200 2344,31 2392,65 2407,33 2328,21 2365,72 2386,61 2439,10 2485,14 2506,75 

100 1735,87 1762,23 1782,13 1743,02 1763,81 1782,06 1742,30 1772,89 1791,41 
5 

200 3525,93 3600,52 3661,02 3530,80 3602,44 3654,06 3567,16 3632,14 3687,44 

100 1417,94 1450,96 1473,71 1415,08 1448,38 1467,09 1427,62 1465,19 1485,74 
10 

200 2909,57 2999,33 3035,99 2900,06 2972,99 3006,80 2963,47 3045,54 3090,41 

100 1199,74 1235,71 1252,69 1194,40 1227,37 1234,94 1226,56 1262,15 1281,67 

B 

20 
200 2446,67 2504,96 2527,44 2422,80 2474,03 2483,15 2544,99 2611,15 2641,01 

100 1890,86 1914,49 1946,13 1879,81 1917,94 1945,53 1894,15 1920,60 1949,52 
5 

200 3430,65 3508,94 3567,53 3429,32 3508,03 3563,91 3451,99 3531,17 3594,32 

100 1415,83 1453,58 1476,47 1409,67 1450,40 1467,64 1426,28 1465,29 1490,40 
10 

200 2887,04 2978,62 3022,84 2884,80 2963,03 2995,48 2947,26 3032,02 3076,24 

100 1286,55 1325,25 1340,80 1283,78 1318,28 1328,54 1316,55 1352,29 1366,69 

C 

20 
200 2540,69 2616,93 2646,65 2510,23 2578,29 2593,24 2638,01 2714,50 2745,66 

100 5683,51 5886,03 6157,94 5643,23 5886,52 6177,65 5660,91 5885,22 6183,36 
5 

200 11509,35 12203,21 12687,74 11589,68 12208,57 12681,75 11601,81 12220,83 12711,31 

100 5660,73 5978,63 6292,85 5635,47 5978,76 6293,04 5659,00 5984,75 6306,32 
10 

200 11175,11 11993,38 12577,38 11209,64 12042,32 12565,18 11262,51 12052,12 12580,60 

100 5456,61 5853,31 6176,12 5437,01 5847,16 6161,71 5429,61 5854,59 6192,64 

D 

20 
200 11061,89 11956,43 12480,71 11005,00 11940,77 12472,05 11088,74 11987,50 12537,08 

100 6013,05 6060,20 6106,09 6025,32 6066,38 6110,15 6068,10 6096,33 6152,28 
5 

200 12822,64 12903,35 12979,15 12848,43 12927,69 12987,35 13063,55 13109,77 13187,80 

100 5072,40 5145,58 5183,67 5094,63 5154,97 5185,46 5164,26 5224,07 5262,81 
10 

200 10434,75 10570,82 10635,23 10451,81 10570,70 10638,52 10749,07 10873,22 10928,22 

100 4550,02 4635,36 4675,93 4542,52 4620,92 4666,97 4673,01 4747,41 4792,21 

E 

20 
200 9772,65 9949,75 10027,40 9771,52 9961,12 9991,04 10132,78 10303,03 10391,64 
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V.4.2.2 Influence of Frequency of Change 

This experiment presents the effect of frequency of change on the performance of 

each algorithm, where changes are performed at every 10, 25 and 50 generations. The 

online performance of the algorithms for various change frequencies is given in Table 

V.14. For most of the problem instances, when the change frequency is increased, the 

online performance of the algorithms and the difference between the hyper-heuristics 

and the MS algorithm degrade. The most affected algorithm is the MS algorithm, since 

the reinitializing the search population very often may reduce the efficiency of the MS 

algorithm. It can be figured out that the hyper-heuristic methods are significantly better 

than the MS algorithm. 

Table V.15 shows the offline performance of the algorithms for various change 

frequencies. As online performance of algorithms, the offline performance decrease 

when the change frequency is increased for most instances. In general, the hyper-

heuristics perform better than the MS algorithm. Especially; there is a large difference 

between the MS algorithm and the hyper-heuristics for E type.  

Figure V.6 shows the offline performance of three algorithms varying the change 

frequencies for the instance of E type with (20 agents, 100 jobs). The CF algorithm gives 

better performance than the MS and RPD algorithms with the lowest change frequency. 

However, the efficiency of the CF algorithm is reduced when the change frequency is 

increased.   
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Figure V.6 Offline performance of algorithms varying the change frequencies 
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Table V.14 The online performance of algorithms for various frequency of changes 
T m n RPD_AM CF_AM MS 

      10 25 50 10 25 50 10 25 50 

100 1834,52 1825,92 1824,94 1834,71 1827,84 1827,67 2258,74 2167,20 2084,62 
5 

200 3445,70 3430,13 3429,37 3435,89 3428,54 3410,79 4415,77 4285,51 4171,58 

100 1483,56 1478,25 1475,66 1486,19 1475,14 1472,93 2039,64 1943,04 1856,04 
10 

200 2837,51 2824,11 2818,77 2843,86 2850,84 2840,54 4131,03 3997,48 3870,73 

100 1308,65 1304,13 1300,85 1290,51 1312,15 1301,33 1985,12 1888,73 1794,95 

A 

20 
200 2539,02 2525,83 2517,35 2616,08 2625,47 2638,98 3999,21 3864,47 3736,21 

100 1954,60 1944,95 1949,66 1956,73 1943,00 1939,32 2416,60 2309,66 2219,40 
5 

200 3864,12 3844,75 3832,28 3839,08 3853,50 3828,49 4816,73 4667,63 4547,09 

100 1608,37 1599,81 1591,76 1608,31 1586,13 1581,91 2200,93 2098,84 1998,94 
10 

200 3250,03 3221,05 3213,95 3219,44 3175,07 3166,00 4572,80 4420,85 4287,29 

100 1371,09 1363,15 1355,80 1357,47 1355,56 1344,84 2090,57 1984,42 1883,51 

B 

20 
200 2696,99 2676,78 2666,27 2651,89 2685,01 2681,24 4339,15 4188,28 4049,13 

100 2087,87 2075,56 2075,82 2093,24 2078,73 2076,13 2497,17 2400,51 2309,28 
5 

200 3772,92 3743,82 3730,41 3769,17 3757,03 3717,37 4732,97 4593,21 4470,26 

100 1634,07 1624,33 1615,55 1622,67 1611,08 1602,27 2215,96 2107,48 2018,03 
10 

200 3216,78 3187,54 3181,98 3221,58 3157,22 3143,04 4555,72 4390,47 4262,53 

100 1491,28 1480,72 1475,91 1467,14 1466,88 1456,74 2209,41 2103,97 2001,25 

C 

20 
200 2832,52 2808,90 2794,66 2810,25 2789,70 2790,76 4444,00 4292,35 4154,17 

100 6067,15 6010,04 5963,03 6136,47 6047,15 6004,61 6265,62 6118,01 6042,51 
5 

200 12464,08 12184,28 12155,96 12596,07 12396,66 12210,08 12838,48 12499,69 12340,69 

100 6183,38 6069,30 6012,21 6258,80 6126,22 6062,94 6476,73 6291,99 6159,26 
10 

200 12261,64 11998,43 11849,53 12464,63 12148,36 11968,86 12830,48 12475,94 12209,19 

100 6047,16 5907,53 5829,91 6123,96 5955,41 5880,44 6453,90 6220,81 6060,34 

D 

20 
200 12181,91 11879,15 11681,09 12297,91 12051,06 11789,73 12908,90 12509,61 12230,37 

100 7140,54 7131,40 7141,34 7091,71 7113,96 7109,64 12517,15 10986,82 9839,02 
5 

200 14382,33 14385,22 14396,48 14480,60 14372,61 14387,53 27093,68 24771,39 22879,64 

100 5890,85 5887,51 5882,68 5909,96 5899,40 5844,14 12048,81 10502,89 9306,55 
10 

200 11564,83 11543,58 11550,95 12369,36 12030,03 12069,95 25493,11 23074,52 21092,61 

100 5236,45 5240,12 5211,09 5260,37 5247,82 5255,28 11552,52 9983,32 8796,77 

E 

20 
200 10611,84 10591,17 10577,46 11202,28 11190,75 11096,87 24734,94 22345,06 20373,20 
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Table V.15 The offline performance of algorithms for various frequency of changes 
T m n RPD_AM CF_AM MS 

      10 25 50 10 25 50 10 25 50 

100 1673,13 1664,17 1662,94 1673,71 1666,18 1660,80 1679,89 1672,46 1669,16 
5 

200 3215,49 3201,01 3201,63 3211,60 3199,63 3196,08 3246,26 3231,39 3222,72 

100 1358,00 1350,86 1347,12 1354,49 1348,05 1344,27 1371,45 1360,52 1352,96 
10 

200 2638,70 2627,26 2619,51 2624,98 2620,44 2614,55 2695,95 2683,57 2670,12 

100 1185,51 1180,15 1175,50 1175,62 1172,95 1170,41 1218,48 1213,08 1202,35 

A 

20 
200 2392,65 2382,13 2369,59 2365,72 2365,23 2357,39 2485,14 2476,31 2457,41 

100 1762,23 1751,51 1757,15 1763,81 1761,59 1747,26 1772,89 1758,63 1759,68 
5 

200 3600,52 3577,63 3562,61 3602,44 3581,43 3558,07 3632,14 3599,69 3590,11 

100 1450,96 1441,16 1430,74 1448,38 1438,72 1431,82 1465,19 1455,10 1440,73 
10 

200 2999,33 2966,91 2953,95 2972,99 2956,11 2935,93 3045,54 3020,18 3002,36 

100 1235,71 1226,34 1216,85 1227,37 1218,35 1209,93 1262,15 1252,16 1243,04 

B 

20 
200 2504,96 2485,35 2474,21 2474,03 2462,60 2451,23 2611,15 2592,43 2571,72 

100 1914,49 1900,53 1901,07 1917,94 1904,09 1902,74 1920,60 1911,36 1901,42 
5 

200 3508,94 3479,02 3463,43 3508,03 3479,83 3453,26 3531,17 3510,27 3496,24 

100 1453,58 1442,53 1431,82 1450,40 1435,22 1431,23 1465,29 1447,24 1446,65 
10 

200 2978,62 2947,53 2934,36 2963,03 2936,34 2910,98 3032,02 2992,73 2979,68 

100 1325,25 1314,76 1305,84 1318,28 1306,74 1294,03 1352,29 1341,06 1328,34 

C 

20 
200 2616,93 2592,81 2576,58 2578,29 2557,86 2554,01 2714,50 2691,91 2674,92 

100 5886,03 5788,56 5721,09 5886,52 5778,26 5717,32 5885,22 5763,52 5741,34 
5 

200 12203,21 11817,36 11724,31 12208,57 11899,37 11679,32 12220,83 11836,35 11685,15 

100 5978,63 5805,82 5714,08 5978,76 5807,75 5712,05 5984,75 5815,00 5725,36 
10 

200 11993,38 11608,45 11368,21 12042,32 11634,62 11357,03 12052,12 11624,52 11344,96 

100 5853,31 5642,37 5515,12 5847,16 5638,24 5521,45 5854,59 5637,74 5523,88 

D 

20 
200 11956,43 11518,05 11207,11 11940,77 11524,04 11201,25 11987,50 11523,53 11223,34 

100 6060,20 6054,71 6073,92 6066,38 6066,73 6076,34 6096,33 6091,62 6113,54 
5 

200 12903,35 12914,32 12970,93 12927,69 12945,98 12996,29 13109,77 13121,93 13176,14 

100 5145,58 5142,73 5164,22 5154,97 5136,28 5153,93 5224,07 5212,90 5203,58 
10 

200 10570,82 10566,97 10609,27 10570,70 10578,39 10620,18 10873,22 10858,27 10865,09 

100 4635,36 4625,26 4614,71 4620,92 4621,74 4622,85 4747,41 4716,22 4704,50 

E 

20 
200 9949,75 9934,88 9941,55 9961,12 9950,00 9940,92 10303,03 10283,24 10250,46 
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V.4.2.3 Influence of Memory Update Interval 

 This experiment presents the influence of memory update interval on the 

performance of each algorithm, where the memory is updated at every 10, 20 and 40 

generations. The online performance of the algorithms for various memory update 

interval is given in Table V.16. While the MS algorithm achieves the best offline 

performance with an update interval of 40 for most instances of A, B and C types, its 

better performance is attained with an update interval of 10 for other instances. The 

hyper-heuristics are less affected from this change.   

Table V.17 shows the offline performance of the algorithms for various memory 

update interval.  When the memory update interval is increased, the offline performance 

of algorithms degrades for most instance of A, B and C type. For D type, the difference 

between the MS algorithm and the hyper-heuristics with the update interval of 10 and 20 

is very small. It can be figured out that the choice function based hyper-heuristic with 

the update interval of 40 generally outperforms the other methods for A, B and C types.  

Figure V.7 shows the offline performance of three algorithms varying memory 

update intervals for the instance of C type with (20 agents, 200 jobs). It can be clearly 

seen that the CF algorithm outperform the RPD and the MS algorithms.  
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Figure V.7 Offline performance of the algorithms varying the memory updates intervals 
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Table V.16 The online performance of algorithms for various memory update intervals 
T m n RPD_AM CF_AM MS 

      10 20 40 10 20 40 10 20 40 

100 1834,52 1833,53 1834,03 1834,71 1820,48 1827,96 2258,74 2257,76 2257,46 
5 

200 3445,70 3446,30 3444,38 3435,89 3431,43 3442,20 4415,77 4413,76 4410,80 

100 1483,56 1484,13 1483,82 1486,19 1475,15 1480,06 2039,64 2038,41 2038,04 
10 

200 2837,51 2834,60 2835,57 2843,86 2847,63 2841,67 4131,03 4131,22 4125,83 

100 1308,65 1307,04 1308,28 1290,51 1299,64 1305,35 1985,12 1981,95 1980,38 

A 

20 
200 2539,02 2537,25 2536,32 2616,08 2592,03 2613,27 3999,21 3998,39 3995,91 

100 1954,60 1959,16 1954,50 1956,73 1956,27 1961,24 2416,60 2410,78 2413,30 
5 

200 3864,12 3865,41 3862,04 3839,08 3853,50 3874,27 4816,73 4819,77 4819,27 

100 1608,37 1604,36 1607,60 1608,31 1598,93 1602,58 2200,93 2200,00 2198,14 
10 

200 3250,03 3243,18 3242,87 3219,44 3244,40 3214,78 4572,80 4571,81 4572,28 

100 1371,09 1371,81 1371,00 1357,47 1354,10 1350,22 2090,57 2089,55 2088,88 

B 

20 
200 2696,99 2697,81 2695,75 2651,89 2670,96 2686,94 4339,15 4337,27 4335,39 

100 2087,87 2086,66 2091,38 2093,24 2088,70 2091,46 2497,17 2496,27 2495,68 
5 

200 3772,92 3776,62 3776,22 3769,17 3756,32 3748,37 4732,97 4739,46 4736,42 

100 1634,07 1630,55 1631,22 1622,67 1617,55 1613,22 2215,96 2214,64 2214,42 
10 

200 3216,78 3212,45 3215,90 3221,58 3182,31 3200,61 4555,72 4555,05 4551,02 

100 1491,28 1488,58 1489,97 1467,14 1478,31 1473,00 2209,41 2206,84 2206,73 

C 

20 
200 2832,52 2830,48 2825,11 2810,25 2787,54 2774,23 4444,00 4443,96 4440,22 

100 6067,15 6074,54 6063,78 6136,47 6151,63 6152,43 6265,62 6267,68 6277,28 
5 

200 12464,08 12462,38 12433,89 12596,07 12584,86 12615,14 12838,48 12836,63 12861,22 

100 6183,38 6188,21 6182,29 6258,80 6259,93 6255,00 6476,73 6478,45 6477,35 
10 

200 12261,64 12297,88 12314,17 12464,63 12462,16 12471,33 12830,48 12835,95 12835,87 

100 6047,16 6039,56 6040,39 6123,96 6125,60 6109,93 6453,90 6452,81 6456,01 

D 

20 
200 12181,91 12185,44 12178,72 12297,91 12286,98 12296,61 12908,90 12890,95 12900,50 

100 7140,54 7149,54 7131,25 7091,71 7139,94 7202,56 12517,15 12523,51 12518,02 
5 

200 14382,33 14406,16 14410,47 14480,60 14628,55 14599,41 27093,68 27109,60 27098,66 

100 5890,85 5894,22 5885,67 5909,96 5931,41 5926,52 12048,81 12047,08 12046,28 
10 

200 11564,83 11577,68 11583,42 12369,36 12148,94 12307,23 25493,11 25501,43 25506,19 

100 5236,45 5248,01 5249,47 5260,37 5296,57 5345,33 11552,52 11546,15 11548,79 

E 

20 
200 10611,84 10636,41 10652,89 11202,28 11416,18 11264,91 24734,94 24741,95 24739,53 
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Table V.17 The offline performance of algorithms for various memory update intervals 
T m n RPD_AM CF_AM MS 

      10 20 40 10 20 40 10 20 40 

100 1673,13 1672,07 1669,87 1673,71 1669,68 1670,77 1679,89 1677,34 1677,22 
5 

200 3215,49 3213,74 3209,94 3211,60 3212,36 3205,74 3246,26 3241,51 3236,34 

100 1358,00 1356,74 1354,38 1354,49 1353,68 1352,89 1371,45 1369,14 1368,51 
10 

200 2638,70 2632,41 2628,90 2624,98 2624,11 2625,47 2695,95 2694,10 2687,53 

100 1185,51 1183,59 1182,91 1175,62 1170,55 1172,64 1218,48 1212,07 1209,58 

A 

20 
200 2392,65 2388,54 2382,35 2365,72 2362,68 2357,03 2485,14 2482,47 2478,20 

100 1762,23 1766,00 1760,52 1763,81 1764,44 1755,91 1772,89 1766,59 1767,72 
5 

200 3600,52 3599,64 3594,47 3602,44 3601,07 3595,65 3632,14 3633,90 3629,41 

100 1450,96 1445,54 1446,72 1448,38 1444,45 1441,96 1465,19 1462,81 1458,51 
10 

200 2999,33 2987,30 2979,75 2972,99 2973,13 2967,19 3045,54 3043,67 3041,14 

100 1235,71 1235,07 1232,15 1227,37 1221,99 1224,53 1262,15 1260,00 1257,74 

B 

20 
200 2504,96 2503,41 2494,79 2474,03 2463,39 2457,27 2611,15 2604,37 2596,97 

100 1914,49 1911,89 1915,60 1917,94 1916,88 1913,44 1920,60 1918,64 1918,01 
5 

200 3508,94 3511,22 3508,46 3508,03 3501,99 3499,22 3531,17 3537,18 3533,38 

100 1453,58 1448,55 1448,55 1450,40 1446,56 1446,16 1465,29 1463,21 1460,11 
10 

200 2978,62 2970,88 2968,34 2963,03 2954,30 2955,69 3032,02 3029,46 3021,18 

100 1325,25 1322,02 1322,28 1318,28 1312,82 1309,17 1352,29 1348,67 1347,10 

C 

20 
200 2616,93 2611,48 2600,14 2578,29 2574,68 2566,93 2714,50 2713,82 2705,85 

100 5886,03 5892,03 5882,13 5886,52 5905,31 5902,20 5885,22 5888,78 5899,32 
5 

200 12203,21 12198,13 12170,64 12208,57 12185,90 12209,41 12220,83 12220,77 12245,85 

100 5978,63 5985,60 5978,42 5978,76 5977,22 5981,94 5984,75 5984,57 5984,02 
10 

200 11993,38 12033,39 12049,46 12042,32 12048,71 12047,58 12052,12 12057,03 12061,36 

100 5853,31 5845,75 5845,99 5847,16 5847,73 5846,68 5854,59 5852,81 5857,83 

D 

20 
200 11956,43 11960,72 11955,45 11940,77 11938,03 11943,67 11987,50 11966,82 11983,21 

100 6060,20 6059,18 6055,66 6066,38 6054,88 6067,07 6096,33 6107,95 6102,75 
5 

200 12903,35 12900,51 12903,45 12927,69 12926,25 12926,77 13109,77 13124,64 13115,22 

100 5145,58 5144,81 5142,85 5154,97 5158,72 5149,96 5224,07 5222,39 5213,93 
10 

200 10570,82 10568,91 10572,67 10570,70 10590,65 10594,38 10873,22 10885,18 10888,15 

100 4635,36 4638,73 4635,02 4620,92 4622,97 4636,42 4747,41 4742,56 4742,50 

E 

20 
200 9949,75 9955,28 9958,41 9961,12 9967,49 9979,75 10303,03 10323,87 10319,44 
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PART VI  

CONCLUSION AND FUTURE WORK 

 

In this thesis, we study the static and dynamic versions of the generalized 

assignment problem. For the static version, since the main objective is to minimize the 

total cost of the assignment, our aim is to present a feasible job-agent assignment. On the 

other hand, for the dynamic case, our aim is to observe the applicability of the hyper-

heuristic approaches to the dynamic environments. 

 In first part of this thesis, we propose a hyper-heuristic based solution for the 

static GAP and compare its performance with related work that includes two genetic 

algorithms and tabu search. The algorithms run several times to guarantee the 

correctness and the average or the minimum are taken into account for each GAP 

instance. The experimental study shows that the hyper-heuristic approaches give 

competitive results with other algorithms with respect to quality of solutions. 

Second, we generate dynamic instances of the generalized assignment problem by 

changing the costs of jobs, the resource consumptions and the capacity constraints. Then 

we propose a new technique by extending memory-based solution with hyper-heuristic 

approaches. To observe the effectiveness of using hyper-heuristics for dynamic 

environments, our techniques are compared with the memory/search algorithm given in 

the literature. The experimental study shows that our hyper-heuristic based approaches 

significantly outperform memory-based technique for various problem instances with 

respect to quality of solutions. 

As a future work, our hyper-heuristic based approaches will be applied to other 

problems in dynamic environments.  In addition to memory/search algorithm, hyper-

heuristic approaches can be integrated with other techniques proposed for dynamic 

environments. 
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