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ABSTRACT

A Variable Neighbourhood Search algorithm that employs new neighbourhoods is proposed for solving a task allocation problem whose main characteristics are: (i) each task requires a certain amount of resources and each processor has a capacity constraint which limits the total resource of the tasks that are assigned to it; (ii) the cost of solution includes fixed costs when using processors, task assignment costs, and communication costs between tasks assigned to different processors. A computational study shows that the algorithm performs well in terms of time and solution quality relative to other local search procedures that have been proposed.
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Introduction
The task allocation problem (TAP) consists of assigning a set of tasks to a set of processors (or machines) so that the overall cost is minimized. This cost may include a fixed cost for using a processor, a task assignment cost that may depend on the task and processor, and a communication cost between tasks that are assigned to different processors. The problem can be constrained (CTAP) or unconstrained (UTAP) depending on whether or not processors have a limited capacity. Specifically, for the CTAP, each task has an associated resource requirement, and each processor has a capacity constraint which limits the total resource of the tasks that are assigned to it.
The problem arises in distributed computing systems (Stone, 1977) where a number of tasks (programs, editing files, managing data, etc.) are to be assigned to a set of processors (computers, disks, etc.) to guarantee that all tasks are executed within a certain cycle time. The aim is to minimise the cost of the processors and the inter-processor data communication bandwidth installed. The problem has also many industrial applications. For example, Rao (1992) introduces a specific constrained task allocation problem in the automobile manufacturing industry: in the modern automobile, many tasks such as integrated chassis and active suspension monitoring, fuel injection monitoring, etc., are performed by a subsystem consisting of micro-computers linked by high-speed and/or low speed communication lines. The cost of the subsystem is the sum of costs of the micro-computers (or processors), and the installation costs of the data links that provide inter-processor communication bandwidth. Each task deals with the processing of data coming from sensors, actuators, signal processors, digital filters, etc., and has a throughput requirement in KOP (thousand operations per second). Several types of processors are available and, for each, it is known its purchase cost and its throughput capacity in terms of the KOP it can handle. The tasks are interdependent; a task may need data from other task to be completed. Hence, if two tasks are assigned to different processors, they may need a communication link with a certain capacity. The communication load between two tasks is independent of the processors to which they are assigned.
Since its introduction by Stone (1977), many authors have tackled different versions of the problem by applying exact algorithms, heuristic procedures, and meta-heuristics. However, only a few studies have dealt with the constrained version (Chen and Lin, 2000; Ernst et al., 2003; Hadj-Alouane et al., 1999; Hamam and Hindi, 2000), and, due to the complexity of the problem, none of them are capable of solving some real-world applications optimally. To date, the best among known approaches for the CTAP is the hybrid method developed by Chen and Lin (2000), who combine tabu search and a noising method in their algorithm. 

Variable neighbourhood search (VNS) is a relatively recent meta-heuristic for obtaining near-optimal solutions to combinatorial optimization problems (Mladenovic and Hansen, 1997) whose main feature is the systematic change of neighbourhood within a local search procedure. Different versions of VNS have been successfully applied to a variety of problems such as bin-packing, the p-median problem, the quadratic assignment problem, the travelling salesman problem and the vehicle routing problem. We refer to Hansen and Mladenovic (2001) for a review of the technique and applications.
In this paper we propose an algorithm based on a VNS scheme to solve the CTAP. Through the use of five different neighbourhoods, our algorithm has the capability to navigate the solution space more effectively than previously proposed neighbourhood search methods. The results of a computational study show that our procedure outperforms the hybrid method developed by Chen and Lin (2000). 
This paper is organised as follows. The next section introduces the CTAP, and presents the local search methods that have been proposed previously. We then describe the VNS approach in general, and develop our VNS algorithm for the CTAP. The penultimate section describes our computational experiments and reports the main results. Finally, we provide some conclusions in last section.

The constrained task allocation problem
The CTAP consists of assigning n tasks to m processors, subject to processor capacity constraints. The goal is to minimise the total cost, which comprises costs of assigning tasks to processors, fixed costs for using the processors, and communication costs for tasks assigned to different processors. The following quantities comprise an instance of the CTAP:
n

number of tasks

m

number of processors
ai

resource requirement of task i (i=1,…,n)

bk

capacity of processor k (k=1,…,m)

dik

cost of assigning task i to processor k (i=1,...,n; k=1,...,m)
sk

fixed cost of using processor k (k=1,...,m)

cij

communication cost if tasks i and j are assigned to different processors (i=1,...,n; j=1,…,n); this cost is independent of the processors involved.

To specify the problem more precisely, we present a zero-one programming formulation, which uses the following variables:
xik ( {0,1}
indicates whether task i is assigned to processor k (i=1,...,n; k=1,...,m)
yk ( {0,1}
indicates whether any task is assigned to processor k (k=1,...,m)
The formulation, which has a quadratic objective function, is as follows:
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Equation (1) is the allocation cost to be minimised (communication, assignment and fixed costs); (2) is the constraint that each task is to be assigned to one and only one processor; (3) ensures that the binary variable yk takes value 1 if any task is assigned to processor k; and (4) expresses the processor capacity constraints.
When the number of processors is equal to 2, the problem can be transformed into a minimum cost cut problem (Stone, 1977) and optimally solved using network flow techniques. However, the problem has been shown to be NP-hard when the number of processors is equal or greater than 3 (Rao et al., 1979).
Since the work of Stone (1977), great progress has been made both in computer power and computational technology. Ernst et al. (2003) explore the potential of mathematical programming approaches and develop different formulations for the UTAP and CTAP. Nevertheless, results for the CTAP indicate that these approaches cannot be considered satisfactory for practical instances. Hence, some type of heuristic or meta-heuristic approach seems appropriate for tackling the CTAP and finding near-optimal solutions. 

Various studies propose local search procedures to solve different versions of the constrained problem. Hadj-Alouane et al. (1999) develop a hybrid of Lagrangian relaxation and genetic algorithm that is subsequently shown not to be very efficient when compared to other procedures (Chen and Lin, 2000). Hamam and Hindi (2000) propose a simulated annealing algorithm. Their computational experience is very limited and there are no results to assess the effectiveness of their algorithm in terms of quality solution. Finally, Chen and Lin (2000) propose a hybrid approach which combines a tabu search and a noising method. Essentially, there are three major steps in their approach. First, a relaxed initial solution is created, which assigns all tasks to the cheapest processor (lower fixed cost). Second, a local search is performed which first uses tabu search, and then tries to improve on the best solution found by the repeated iterative process of adding noise to the communication costs, applying descent to find a local optimum with the perturbed communication costs, and then applying descent to find a local optimum with the original communication costs. In the final step, a processor substitution technique is applied to improve the solutions. Each component of the local search (tabu search and noising) is run in two phases: the first uses as a neighbourhood those solutions in which a task is reallocated to another processor; and the second uses as a neighbourhood those solutions in which two tasks, allocated to different processors, are exchanged. The results of computational experiments with a set of randomly generated instances lead them to conclude that their algorithm is superior to a random method, to tabu search, to the noising method and to the genetic of Hadj-Alouane et al. (1999) both in terms of solution quality and computation time. All the aforementioned algorithms allow non-feasible solutions. Constraint violations are handled by adding appropriate penalties and the algorithms obtain feasible solutions in practice, although feasibility is not guaranteed.

Our major concern about previous local search procedures is the neighbourhoods they consider. These algorithms consider the processor in which each task is allocated in the current solution and attempt the following moves: (1) reallocate a task to another processor; and (2) exchange two tasks assigned to different processors. Although, theoretically speaking, it is possible to achieve any solution by forming a sequence of these moves, some of the individually moves may be too bad to be performed and hence some solutions may remain unexplored. For example, assigning only one task to an empty processor is a often very bad move (due to the fixed costs), but a good move could consist of allocating a group of tasks with high communication costs to an empty processor. Thus, the algorithms often produce local optima after a short execution time, whereas this problem could be partially avoided through the use of other types of moves (reallocating a group of tasks, for example). 
We add the three following types of neighbourhood to the ones traditionally used (reallocating a task and exchanging two tasks) when solving TAP, allowing us to explore interesting regions of the solution space: (1) reallocating a cluster of tasks from one processor to another; (2) reallocating a cluster of tasks from different processors to another processor; and (3) emptying a processor by reallocating its assigned tasks to other processors. The results obtained by including these neighbourhood structures in a VNS algorithm are very satisfactory.
The variable neighbourhood search algorithm

One of the most successful versions of the VNS is the General Variable Neighbourhood Search, GVNS (Hansen et al., 2003), which is outlined in Figure 1. The termination condition can be either a maximum CPU time or a maximum number of iterations between two consecutive improvements. One of the steps of GVNS is a descent local search using different neighbourhoods, VND, which is outlined in Figure 2. VND terminates when no improvement is possible, thereby giving a solution that is a local optimum in all of the neighbourhoods that are used.
We make use of the following notation: x is the initial solution; f(x) is the cost of solution x; umax is the number of neighbourhood structures applied; and Nu(x) is the neighbourhood of type u of solution x (u=1,…,umax). To improve efficiency, f(x) is updated from its previous value in each step (not re-evaluated).
Insert Figure 1. General Variable Neighbourhood Search Algorithm, GVNS
Insert Figure 2. Variable Neighbourhood Descent Algorithm, VND
Neighbourhoods
Five neighbourhood structures have been used with the aim of allowing the algorithm to explore different regions of the solution space. None of the following moves allow infeasible solutions. Hence, it is guaranteed that the algorithm gives always a feasible solution (in contrast to Hadj-Alouane et al., 1999, and Chen and Lin, 2000 who allow exploration of infeasible solutions). Neighbourhoods N1 and N2 are well known, while N3, N4 and N5 are new. In the description below, x denotes the current solution, i and j are tasks, and k and l are processors.
N1(x)
reallocate a task i from processor k to processor l.

N2(x)
exchange two tasks (task i from processor k to processor l and task j from processor l to processor k).

N3(x)
reallocate a cluster of tasks from processor k to processor l.

N4(x)
reallocate a cluster of tasks from different processors to processor l.
N5(x)
empty processor k.
Communication and assignment costs are considered when determining the cluster of tasks to be reallocated. A full description of the moves considered under the three new types of neighbourhood N3, N4 and N5 proposed in our GVNS are described below.
We make use of the following notation:

xu
a solution belonging to Nu(x) (u=1,…,5)
Pk
a set of tasks currently assigned to processor k (k=1,…,m)
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the remaining capacity of processor k (k=1,…,m)

Tkl
a cluster (set of tasks) currently assigned to processor k that can be assigned to processor l (k=1,…,m; l=1,…,m | l ≠ k)

Tl
a cluster (set of tasks) that can be assigned to processor l (l=1,…,m)

In Figure 3, an algorithm to find a neighbour x3 ( N3(x) is presented. In the computation of Cj, the costs added correspond to “attracting” task j to processor l, while the costs subtracted correspond to “attracting” task j to the processor where it is currently assigned. The idea of setting an initial task s to begin a cluster is to allow a set of tasks with high communication costs to be reallocated together. Without an initial task, the reallocation process would be driven by the costs of assigning tasks to processors. Neighbourhood N3(x) is obtained by selecting all pairs of processors k and l and, for each pair, choosing at random a different task s to initiate a cluster. To avoid too many cluster repetitions, each task is selected with probability 0.7 to initiate a cluster. Furthermore, the parameter is chosen randomly by the clustering algorithm with the aim of creating some diversification.

To find x4 ( N4(x) and x5 ( N5(x), similar ideas are employed to those for finding x3. Details are given in Figures 4 and 5, respectively.
Insert Figure 3. Procedure to find x3
Insert Figure 4. Procedure to find x4
Insert Figure 5. Procedure to find x5
Size of neighbourhoods
Next we provide the size, denoted by Sizeu, of each neighbourhood Nu used in the GVNS algorithm, together with the time complexity of searching the neighbourhood. 
N1
There are n tasks and each can be moved to m1 machines. Therefore, Size1 = O(mn). Since each neighbour is evaluated in O(n) time, the time complexity to search this neighbourhood is O(mn2).
N2
There are O(n2) pairs of tasks for selection. Therefore, Size2 = O(n2). Since each neighbour is evaluated in O(n) time, the time complexity to search this neighbourhood is O(n3).
 N3
There are n tasks, each of which can start a cluster on the machine to which it is allocated, and there are m1 possible machines to which this cluster can be moved. Once the set Tkl is initialized, the remaining tasks for inclusion in Tkl are determined by our procedure and the neighbour evaluated in O(n2) time. Therefore, Size3 = O(mn), and the time complexity to search this neighbourhood is O(mn3).
N4
There are m choices for the processor l, and O(n) ways of choosing a task to start the corresponding cluster. As for N3, the tasks to be reallocated are determined once Tl is initialized, and this requires O(n2) time including neighbour evaluation. Therefore, Size4 = O(mn), and the time complexity to search this neighbourhood is O(mn3).
N5
There are m choices for the processor k, and the tasks to be reallocated are then determined and the neighbour evaluated in O(mn2) time. Therefore, Size5 = O(m), and the time complexity to search this neighbourhood is O(m2n2).

Some implementation details affect the actual numbers of neighbours explored. The procedures to find x3, x4 and x5 can give different neighbours if more than one value is used for (. To reduce computing time only one value was used in the experiments. Also, as indicated above, for N3 and N4, each potential task for starting a cluster is selected with probability 0.7.
Initial solution
The same basic ideas included in clustering procedures for our new neighbourhoods are also used to obtain a starting solution for GVNS. Although random solutions give good results, preliminary experiments show that on average the procedure outlined in Figure 6 is better.
Insert Figure 6. Algorithm to find initial solution

Computational experiments
The objective of our computational experiments is to evaluate the efficiency and effectiveness of the proposed GVNS algorithm. Specifically, we aim to assess whether the algorithm gives good solutions in a reasonable computation time even for large instances, and to compare the quality of the solutions obtained with the best known procedure, which is the hybrid method developed by Chen and Lin (2000). 
Ernst et al. (2003) and Hadj-Alouane et al. (1999) report results for 8 real-world instances from an automobile microcomputer system and a Hughes air-defence system. Chen and Lin (2000) describe a way of constructing problem instances by randomly generating the data. The assignment costs dik are not considered in any of these studies. We coded the hybrid method (HYBRID) of Chen and Lin (2000), and included assignment costs dik by adding them to the objective function used by HYBRID, and ran three experiments as follows. 

1. Apply GVNS and HYBRID to the 8 real-world instances provided by Hadj-Alouane, Bean and Murty, and compare these results with the ones obtained by Hadj-Alouane et al. (1999) and Ernst et al. (2003).

 2. Apply GVNS and HYBRID to a new set of 108 randomly generated instances, without considering assignment costs (so the HYBRID is exactly the algorithm described by Chen and Lin (2000)).

 3. Apply GVNS and the HYBRID to a new set of 54 randomly generated instances, including assignment costs. 

Each algorithm is run 50 times and, to get a fair comparison, the maximum solving time of HYBRID is recorded. The two following versions of GVNS with different termination criteria are considered:

(a) GVNS1: Use as a termination condition a maximum number of iterations between two consecutive improvements, which we set to n, and a maximum computation time, which we set to be the maximum HYBRID solving time, and

(b) GVNS2: Use as a termination condition a maximum number of iterations between two consecutive improvements, which we set to n, and a maximum computation time of 50 seconds.

Note that in both GVNS1 and GVNS2, the computation time is checked after each iteration, and therefore the actual time may slightly exceed the time limit set for termination. For HYBRID, approximately n/2 iterations are performed, where one iteration comprises adding noise to the communication costs, applying descent to obtain a local optimum with the perturbed communication costs, and then applying descent to obtain a local optimum with the original communication costs.
Real-world instances
The main data used in Experiment 1 are as follows:
· Problems A, B, C, D, E and F: there are three instances with 20 tasks and 6 processors and three instances with 40 tasks and 12 processors; task requirements ai range from a few up to approximately 50 units; processors capacities bk range from 100 to 250 units; fixed costs sk range from 1,000 to 5,000 units; communication cost matrices are very dense, with cij ranging from a few up to 50 units; and assignment costs are zero (dik = 0).

· Problem G: 15 tasks and 5 processors; ai = 1; bk range from 3 to 5 units; sk = 0; communication cost matrices are very sparse, with cij equal to 0 or 1; and dik = 0.

· Problem H: 41 tasks and 4 processors; ai range from a few up to 950 units; bk range from 800 to 1600 units; sk = 0; communication cost matrices are very sparse, with cij ranging from a few to 70 units; and dik = 0.
Generated data
We use the notation U[u, v] to denote an integer randomly generated from a uniform distribution defined on the interval [u, v]. The data used in Experiments 2 and 3 were generated as follows:

· Number of tasks: Experiment 2: n = 20, 40, 60, 80 and 100; Experiment 3: n = 20, 40 and 60.

· Number of processors: m = 5, 10 (only for n ( 40), 20 (only for n ( 60) and 30 (only for n = 100).
· ai ( U[50, 100]; let 
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· bk ( U[bmin, bmax]:

· loose case: bmin = 3A/m, bmax = 5A/m (on average, only a quarter of the processors may be necessary)

· medium case: bmin = A/m, bmax = 3A/m (on average, half of the processors may be necessary)

· tight case: bmin = A/(3m), bmax = 7A/(3m) (on average, more than the available processors would be necessary, but in practice feasible solutions are often obtained)

· sk ( U[bk , Sbk], with S = 10, 50 and 100
· The communication cost between task i and task j is greater than 0 with a probability of 0.25. This rule gives sparse communication cost matrices, which are good for algorithm testing. Then, cij ( U[50 , 100] with probability 0.25, and cij = 0 with probability 0.75

· dik = 0 (Experiment 2) and dik ( U[50 , 100] (Experiment 3)

Hardware and Software
The algorithms (GVNS and HYBRID) were programmed using the C language and run on a PC Pentium IV at 2.6 GHz with 1024 Mb RAM. The computational experiments reported by Hadj-Alouane et al. (1999) were performed on an IBM RS/6000-320H (in C language), and the algorithm was run 10 times with different seeds. Ernst et al. (2003) implemented their approaches in C/C++ (using CPLEX for solving integer linear programming formulations) and ran the code on a computer with a 500MHz alpha processor.

Experimental results
The following tables (Tables 1 to 7) and figures (Figures 7 to 9) summarise the results of Experiments 1, 2 and 3. In Table 1, EJK (best lower bound and best found solution) refers to Ernst et al. (2003), and HBM (best, average and worst found solutions) refers to Hadj-Alouane et al. (1999). For each instance, the best solutions are shown in bold.

Table 1 shows that, for most of the 8 real-world instances of Hadj-Alouane et al. (1999), the GVNS algorithms outperform, in a very short solving time, the results obtained by the hybrid genetic algorithm (HBM), the column generation approaches of Ernst et al. (2003) and HYBRID. Although in Experiment 1 HYBRID does not seem to outperform HBM, Chen and Lin (2000) carry out a wide computational experiment and show in their paper how their hybrid method generally gives better results than HBM in terms of both solution quality and computation time. Hence, if in Experiments 2 and 3 GVNS outperforms HYBRID, it could be concluded that GVNS is also better than HBM.
Insert Table 1. Results of experiment 1 (8 real-world instances)

Table 2 summarises the main results of Experiment 2 in terms of the solution quality, where we use G and H as abbreviations for GVNS and HYBRID, respectively. Table 2 shows that with a Variable Neighbourhood Search algorithm better solutions are obtained than with the hybrid method of Chen and Lin (2000). On average, our GVNS1 algorithm outperforms HYBRID for 72.2% of the instances, and in these situations the percentage of improvement is quite high (5.5% on average). Only for 27.8% of the instances are the results of the Chen and Lin (2000) algorithm better than ours, and in these cases the percentage of improvement is not very high (1.4% on average). The improvement of GVNS2 compared with GVNS1 is not very great, and it needs longer computation times (see Table 5). This leads us to conclude that the final condition of n iterations between two consecutive improvements may be too much and a shorter number of non-improvement iterations could be used instead of n. 

In Table 3 and 4, corresponding results are presented according to the capacity (loose, medium or tight) and S (defining the range for fixed costs), respectively. The improvement offered by our algorithm is greater in situations in which the number of required processors (on average) is greater than the number available (loose and medium cases). This is not surprising, as these are exactly the cases in which it is possible to take greater advantage of the new neighbourhoods. In most solutions for the tight case, the remaining capacity of the processors may be very low, and it may be very difficult, or even impossible, to reallocate a cluster of tasks to a processor or to empty a processor, which is exactly what is attempted under neighbourhoods 3, 4 and 5. Hence, there may not be a great difference between the results of GVNS and those of HYBRID. On the other hand, the improvements offered by both algorithms are approximately the same for the different values of S (fixed costs). GVNS takes advantage of emptying a processor because this move allows it to lower fixed costs, but the HYBRID method begins with a solution in which all tasks are allocated to a cheapest processor, so the final solution is also good in terms of fixed cost.

Insert Table 2. Results of Experiment 2 (generated data set without assignment costs)

Insert Table 3. Results of Experiment 2 (generated data set without assignment costs) by capacity
Insert Table 4. Results of Experiment 2 (generated data set without assignment costs) by S
The final condition set for GVNS1 ensures that its computation time is always approximately equal to or shorter than the maximum HYBRID solving time. Obviously, both algorithms need more computation time when the number of tasks n) and the number of processors m grow (see Tables 5 and 6 and Figures 7 and 8), but the results confirm that the GVNS algorithm is very efficient and can be used even for large instances.

Insert Table 5. Experiment 2 (generated data set without assignment costs). Computation times as n varies (final condition for GVNS2 includes a maximum computation time of 50 seconds)

Insert Table 6. Experiment 2 (generated data set without assignment costs). Computation times as m varies (final condition for GVNS2 includes a maximum computation time of 50 seconds)

Insert Figure 7. Experiment 2 (generated data set without assignment costs). Computation times as n varies
Insert Figure 8. Experiment 2 (generated data set without assignment costs). Computation times as m varies
Finally, Tables 7 and 8 and Figure 9 summarise the main results of Experiment 3 in terms of solution quality and computation times. Again, the GVNS1 gives better solutions than the HYBRID method with comparable computation times, and GVNS2 further improves solution quality but at the expense of computation time.
Insert Table 7. Results of Experiment 3 (generated data set with assignment costs)

Insert Table 8. Computation times of Experiment 3 (generated data set with assignment costs)

Insert Figure 9. Experiment 3 (generated data set with assignment costs). Computation times as n varies
HYBRID may be perceived as a method that is not designed to take assignment costs into account, and thus better solutions may be expected with GVNS. Even in Experiment 2 when there are no assignment costs, solutions are generally better for GVNS than for HYBRID, which refutes the perception that the superiority of GVNS is mainly attributed to certain of its design features that aim to reduce assignment costs. Tabu search with diversification often allows solutions to improve when allocated more computation time, and the HYBRID method could potentially benefit by allowing further iterations. Nevertheless, we do not anticipate a significant improvement in solution quality when increasing the number of iterations suggested by Chen and Lin (2000).
Conclusions
The Constrained Task Allocation Problem (CTAP), which is known to be NP-hard, consists of assigning a set of tasks to a set of processors so that the overall cost is minimised. This cost includes a fixed cost of using a processor, a task assignment cost (which may depend on the task and processor) and a communication cost between tasks that are assigned to different processors.

In this paper, a Variable Neighbourhood Search algorithm for tackling the CTAP is proposed. Three new neighbourhoods are added to the neighbourhoods traditionally used (reallocating a task and exchanging two tasks): (i) reallocating a cluster of tasks from one processor to another; (ii) reallocating a cluster of tasks from different processors to another processor; and (iii) emptying a processor by reallocating its assigned tasks to other processors. Three clustering procedures, which consider assignment and communication costs, are designed to find suitable moves within these three new neighbourhoods.

Extensive computational experiments show that the strengths of the Variable Neighbourhood Search algorithm. Specifically, it outperforms HYBRID, the previous state-of-the-art algorithm of Chen and Lin (2000) both in terms of quality solution and computation times.
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Figure 1. General Variable Neighbourhood Search Algorithm, GVNS
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Figure 2. Variable Neighbourhood Descent Algorithm, VND
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Figure 7. Experiment 2 (generated data set without assignment costs). Computation times as n varies
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Figure 8. Experiment 2 (generated data set without assignment costs). Computation times as m varies
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Figure 9. Experiment 3 (generated data set with assignment costs). Computation times as n varies 
	
	SOLUTION (min, average, max)
	TIME (min, average, max)

	Problem

(n-m)
	Best Low

EJK
	Best

EJK
	HBM
	HYBRID
	GVNS1
	GVNS2
	EJK
	HBM
	HYBRID
	GVNS1
	GVNS2

	A

(20-6)
	13,310.37
	13,450
	13,804
13,866
13,903
	13,519

15,508

15,558
	13,450

13,940

14,263
	13,450

13,832
14,120
	35,120
	3.43
25.93
87.48
	0.015

0.022

0.063
	0.015

0.021

0.047
	0.109

0.153
0.266

	B

(20-6)
	11,946
	11,946
	11,946
11,946
11,946
	11,946

12,018

12,320
	11,946

11,998

12,397
	11,946

11,946

11,946
	671.46
	10.56
28.74
73.53
	0.015

0.019

0.032
	0.015

0.019
0.047
	0.109

0.139

0.218

	C

(20-6)
	11,120
	11,120
	11,120
11,228
11,864
	11,156

11,268

11,315
	11,126

11,285

12,039
	11,126

11,204

11,431
	14,589.12
	6.94
18.95
46.45
	0.015

0.020

0.032
	0.015

0.019
0.031
	0.109

0.184

0.453

	D

(40-12)
	37,662.39
	39,738
	39,680
39,869
41,149
	41,557

41,753

41,850
	39,293

39,591

40,051
	39,214
39,385
39,833
	2,440
	205.2
274.9
395.9
	0.374

0.409
0.515
	0.172

0.250

0.359
	1.875
3.331
7.859

	E

(40-12)
	33,438.86
	38,602
	36,575
37,214
38,767
	37,731

38,052

38,518
	35,674

36,481

38,203
	35,671

35,901
37,953
	3,436
	52.79
307.6
389.5
	0.375

0.411
0.468
	0.172

0.250

0.390
	2.047

2.950

6.890

	F

(40-12)
	32,126.36
	35,016
	35,821
36,427
36,568
	36,410

36,570

36,707
	34,674

35,575

36,360
	34,674

34,950
35,890
	5,809.13
	44.8
346.8
394.9
	0.422

0.481

0.532
	0.204

0.305

0.453
	2.578

4.952

11.187

	G

(15-5)
	16
	16
	16
16
17
	no feas
	16

17

19
	16

16

17
	181.1
	1.31
2.73
6.87
	_
	0.015

0.016
0.016
	0.015

0.029
0.078

	H

(41-4)
	40
	40
	_
	40

45

52
	40

40

48
	40

40

44
	0.29
	_
	0.281

0.313
0.625
	0.109

0.154
0.188
	1.125
1.485
2.375


Table 1. Results of Experiment 1 (8 real-world instances)

	Final condition GVNS
	% instances G better than H
	% instances H better than G
	% improvement
G (average)*
	% improvement H (average)**

	GVNS1
	72.22
	27.77
	5.52
	1.39

	GVNS2
	74.10
	25.90
	6.03
	0.87


Table 2. Results of Experiment 2 (generated data set without assignment costs)
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	Final condition

GVNS
	capacity case
	% instances G better than H
	% instances H better than G
	% improvement
G (average)*
	% improvement H (average)**

	GVNS1
	loose
	77.77
	22.22
	2.96
	0.77

	
	medium
	75.00
	25.00
	11.70
	1.74

	
	tight
	63.88
	36.11
	1.39
	1.52

	GVNS2
	loose
	80.56
	19.44
	3.42
	0.45

	
	medium
	75.00
	25.00
	12.77
	0.32

	
	tight
	66.67
	33.33
	1.61
	1.54


Table 3. Results of Experiment 2 (generated data set without assignment costs) by capacity
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	Final condition

GVNS
	S (fixed cost)
	% instances G better than H
	% instances H better than G
	% improvement
G (average)*
	% improvement
H (average)**

	GVNS1
	10
	77.78
	22.22
	4.67
	1.39

	
	50
	66.67
	33.33
	6.04
	1.48

	
	100
	72.22
	27.78
	5.96
	1.27

	GVNS2
	10
	77.78
	22.22
	5.27
	0.99

	
	50
	69.44
	30.56
	6.49
	0.87

	
	100
	75.00
	25.00
	6.40
	0.78


Table 4. Results of Experiment 2 (generated data set without assignment costs) by S
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	Computation times (min, average, max)

	n
	HYBRID
	GVNS1
	GVNS2

	20
	0.01
0.01

0.02
	0.02

0.03
0.05
	0.14

0.21
0.36

	40
	0.29

0.32
0.37
	0.37

0.43
0.66
	2.89

4.03
7.76

	60
	2.36

2.59
3.03
	3.07

3.21
3.54
	15.97

23.83
38.32

	80
	8.72

9.28
11.55
	11.41

11.89
12.73
	34.89

42.11
49.43

	100
	31.79

34.64
49.66
	42.02

47.98
52.04
	46.03

53.24
58.61


Table 5. Experiment 2 (generated data set without assignment costs). Computation times listed as n varies (final condition for GVNS2 includes a maximum computation time of 50 seconds)
	
	Computation times (min, average, max)

	m
	HYBRID
	GVNS1
	GVNS2

	5
	1.93

2.05

2.37
	2.40

2.51

2.77
	12.41

15.57

22.42

	10
	9.96

10.56

14.06
	12.06

13.26

15.20
	23.59

29.02

37.81

	20
	15.70

16.76

23.76
	21.09

23.48

25.14
	34.20

42.75

50.65

	30
	34.52

39.45

56.50
	49.14

56.61

58.98
	50.00

59.20

62.10


Table 6. Experiment 2 (generated data set without assignment costs). Computation times listed as m varies (final condition for GVNS2 includes a maximum computation time of 50 seconds)
	Final condition GVNS
	% instances G better than H
	% instances H better than G
	% improvement
G (average)*
	% improvement H (average)**

	GVNS1
	62.96
	37.04
	5.99
	1.03

	GVNS2
	62.96
	37.03
	7.09
	0.77


Table 7. Results of Experiment 3 (generated data set with assignment costs) 
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	Computation times (min, average, max)

	n
	HYBRID
	GVNS1
	GVNS2

	20
	0.01

0.01

0.03
	0.03

0.04

0.06
	0.15

0.20

0.33

	40
	0.29

0.32

0.41
	0.41

0.47

0.60
	3.10

4.27

8.03

	60
	2.32

2.53

3.10
	3.14

3.29

3.77
	17.14

26.60

41.37


Table 8. Computation times of Experiment 3 (generated data set with assignment costs)
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Variable Neighbourghood Descent Algorithm (VND)





x is the initial solution for VND


While (no final condition) do


u = 1


While (u ( umax) do


	x’ is the best solution in Nu(x)


	If f(x’) <  f(x) then


		x = x’ and u = 1


	else


		u=u+1


end if


end while


end while


Return best found solution





General Variable Neighbourghood Search (GVNS)





Generate an initial solution, x, and evaluate f(x)


While (no termination condition) do


u = 1


While (u ( umax) do


Choose, at random, a solution x’ ( Nu(x)


	x’’ is the result of applying VND to x’


	If f(x’’) < f(x) then


		x = x’’ and u = 1


	else


		u=u+1


end if


end while


end while


Return best found solution


Return best found solution








Initial solution, x





( ( [0,1) is a random number


Initialize: Pk =(, for k=1,…,m


Sort processors by non-decreasing fixed cost (break ties at random)


Set k to be the first processor


While there are non-assigned tasks, do


 Set J = {j | j(J, aj ≤ � EMBED Equation.DSMT4  ���}


While J ≠ (, do


Compute � EMBED Equation.DSMT4  ���, for all j(J


Select task t(J with Ct  as large as possible


Add t to processor k: Pk = Pk ( {t} and � EMBED Equation.DSMT4  ��� = � EMBED Equation.DSMT4  ��� –  at


Update: J = {j | j(J, aj ≤ � EMBED Equation.DSMT4  ���}


while


Select k to be the next processor


end while


Initial solution, x, is determined by P1,…,Pm





Empty a processor k, N5(x). Determine x5





( ( [0,1) is a random number


Initialize: Tkl = (, for all l ≠ k


Set Jl = {j | j(Pk, aj ≤ � EMBED Equation.DSMT4  ���} for all l ≠ k


Compute � EMBED Equation.DSMT4  ���, for all l ≠ k and j(Jl


While Jl ≠  (, do


Select a task t and the corresponding processor p such that Ctp is as large as possible


Add t to cluster: Tkp = Tkp ({t} and � EMBED Equation.DSMT4  ��� = � EMBED Equation.DSMT4  ��� –  at


Update: set Jl = {j |  j(( Pk –� EMBED Equation.DSMT4  ���Tkl), aj ≤ � EMBED Equation.DSMT4  ���} for all l ≠ k and


� EMBED Equation.DSMT4  ���


end while


x5 is the solution resulting from the reallocation of tasks from Tkl to processor l, for l ≠ k.





Reallocate a cluster of tasks from processor k to processor l, N3(x). Determine x3





( ( [0,1) is a random number


Select a task s (s ( Pk and as ≤ � EMBED Equation.DSMT4  ���)


Initialize: Tkl = {s}; � EMBED Equation.DSMT4  ���= � EMBED Equation.DSMT4  ���– as; � EMBED Equation.DSMT4  ���= � EMBED Equation.DSMT4  ���+ as


Set J = {j | j( (Pk – Tkl), aj ≤ � EMBED Equation.DSMT4  ���}


compute � EMBED Equation.DSMT4  ��� , for all j(J


While J ≠ ( and max Cj > 0, do


Select task t(J with Ct as large as possible


Add t to cluster: Tkl = Tkl ( {t},� EMBED Equation.DSMT4  ��� = � EMBED Equation.DSMT4  ��� –  at and � EMBED Equation.DSMT4  ��� = � EMBED Equation.DSMT4  ��� +  at


Update: set J = {j | j( (Pk – Tkl), aj ≤ � EMBED Equation.DSMT4  ���}, and Cj = Cj + 2cjt  for all j( J


end while


x3 is the solution resulting from the reallocation of tasks from Tkl to processor l








Reallocate a cluster of tasks to processor l, N4(x). Determine x4





( ( [0,1) is a random number


Select a task s (s ( Pl and as ≤ � EMBED Equation.DSMT4  ���)


Initialize: Tl = {s}; � EMBED Equation.DSMT4  ���:= � EMBED Equation.DSMT4  ���– as


Set J = {j | j(J, j( Pl ( Tl, aj ≤ � EMBED Equation.DSMT4  ���}


Compute � EMBED Equation.DSMT4  ���, for all j(J, where k is the processor to which j is currently assigned


While J ≠ ( and max C j > 0, do


 Select task t(J with Ct as large as possible, and select k such that t ( Pk


Add t to cluster: Tl = Tl ( {t} and � EMBED Equation.DSMT4  ��� = � EMBED Equation.DSMT4  ��� –  at


Update: set J = {j | j(J, j( Pl ( Tl, aj ≤ � EMBED Equation.DSMT4  ���} and


� EMBED Equation.DSMT4  ���


end while


x4 is the solution resulting from the reallocation of tasks from Tl to processor l.








* Corresponding author: Amaia Lusa, Research Institute IOC, Av. Diagonal 647 (edif. ETSEIB), p.11, 08028 Barcelona, Spain; Tlf. + 34 93 401 17 05; Fax. + 34 93 401 66 05 ; e-mail: amaia.lusa@upc.edu
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todos

		instance		numtasks		numproc		rcap		ratio		maxit		zmin chen		zmed chen		zmaxchen		timin chen		tmed chen		tmax chen		numit no feas chen		num low ave		zmin vns		zmed vns		zmax vns		tmin vns		tmed vns		tmax vns		numit no inisol		num lov ave

		1		20		5		1		10		200		17505		19364.1		26394		0		0.01245		0.016		0		48		17505		17557.925		20078		0.015		0.016375		0.031		0		74.5

		2		20		5		1		50		200		45276		75297.331658		98540		0		0.015834		0.032		1		53.768845		45208		61966.71		64299		0.015		0.017685		0.031		0		2

		3		20		5		1		100		200		113784		164117.075		207573		0		0.014935		0.031		0		55		113787		126932.085		169305		0.015		0.02131		0.032		0		91

		4		20		5		2		10		200		8086		8233.115		8690		0		0.01055		0.016		0		81.5		8086		8106.315		8638		0.015		0.03109		0.063		0		76.5

		5		20		5		2		50		200		58057		62192.115		126688		0		0.005325		0.016		0		94.5		58057		58057		58057		0.015		0.030845		0.047		0		100

		6		20		5		2		100		200		194737		212036.62		249291		0		0.00883		0.016		0		62		194737		195281.34		249108		0.015		0.031325		0.047		0		99

		7		20		5		3		10		200		11527		12168.94		14395		0		0.01115		0.032		0		79		11527		13485.015		15200		0		0.01096		0.016		0		32

		8		20		5		3		50		200		75938		79983.325		84831		0		0.00794		0.016		0		54.5		75938		77789.1		92775		0		0.0155		0.016		0		80

		9		20		5		3		100		200		171998		172091.182432		172355		0		0.014149		0.016		52		95.270271		172318		172640.445946		172911		0		0.000101		0.015		52		84.459457

		10		40		5		1		10		200		34894		39366.84		47311		0.172		0.223095		0.313		0		48		34894		35038.64		35350		0.11		0.175655		0.297		0		60.5

		11		40		5		1		50		200		127844		153019.025		172146		0.156		0.209285		0.312		0		13.5		127844		127967.63		128310		0.11		0.178845		0.297		0		56.5

		12		40		5		1		100		200		113218		117369.125		247906		0.203		0.239525		0.313		0		97		113218		113377.37		113689		0.14		0.182585		0.312		0		42

		13		40		5		2		10		200		16055		19181.255		21303		0.093		0.143915		0.219		0		39.5		16055		16822.95		20981		0.11		0.217025		0.437		0		86

		14		40		5		2		50		200		42689		42979.415		43511		0.046		0.08476		0.157		0		63.5		42689		43758.405		143371		0.109		0.206725		0.516		0		99

		15		40		5		2		100		200		220621		228463.755		236933		0.046		0.083855		0.172		0		53.5		220621		222185.77		236989		0.109		0.194505		0.391		0		90.5

		16		40		5		3		10		200		35047		35275.512563		40248		0.218		0.29602		0.375		1		88.442207		35047		35199.42		35462		0.093		0.132335		0.203		0		58

		17		40		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		18		40		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		19		40		10		1		10		200		18956		20594.865		26461		0.266		0.367315		0.5		0		50.5		18981		19357.8		19769		0.187		0.28503		0.531		0		51

		20		40		10		1		50		200		80329		99371.365		114689		0.281		0.383985		0.484		0		35.5		80329		83320.745		111380		0.171		0.25984		0.484		0		90

		21		40		10		1		100		200		141075		215490.1		337855		0.281		0.382225		0.485		0		40		89289		138174.705		148919		0.156		0.250355		0.484		0		9

		22		40		10		2		10		200		14512		25693.78		30689		0.203		0.3016		0.485		0		42		14513		16392.995		20056		0.234		0.401755		0.844		0		66

		23		40		10		2		50		200		47519		63022.14		139681		0.219		0.307205		0.406		0		70		47519		50543.08		63212		0.219		0.38295		0.828		0		81

		24		40		10		2		100		200		130542		168719.72		377731		0.218		0.277185		0.36		0		61.5		130542		130658.915		131024		0.235		0.362275		0.562		0		55.5

		25		40		10		3		10		200		35704		38814.46		41811		0.281		0.37142		0.438		0		64		35705		36478.11		37012		0.125		0.167095		0.266		0		37

		26		40		10		3		50		200		144862		145009.865		145185		0.281		0.35228		0.469		0		51		145016		146297.705		147095		0		0.00506		0.047		0		26

		27		40		10		3		100		200		306643		306821.075		306999		0.281		0.369025		0.484		0		53		306702		307794.435		311759		0.062		0.08316		0.125		0		80.5

		28		60		5		1		10		200		43993		58316.37		68129		0.875		1.17209		1.922		0		44.5		43977		44767.425		62903		0.453		0.784705		1.328		0		97

		29		60		5		1		50		200		319728		370772.68		425452		0.937		1.287145		2.141		0		73.5		319728		319976.73		344651		0.687		1.000285		2.094		0		90

		30		60		5		1		100		200		171697		179775.62		223930		0.891		1.047325		1.36		0		84.5		171697		171910.28		172685		0.562		0.788925		1.328		0		60

		31		60		5		2		10		200		46685		58278.82		95819		0.14		0.53298		1.016		0		63		46685		46733.49		47306		0.422		0.844825		1.547		0		72.5

		32		60		5		2		50		200		65772		90338.275		168935		0.25		0.678865		1.141		0		76		65772		75011.03		166524		0.421		0.876065		1.453		0		91

		33		60		5		2		100		200		122161		211854.495		578913		0.437		0.754295		1.016		0		80.5		122161		122297.92		122674		0.5		0.85766		1.5		0		66.5

		34		60		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		35		60		5		3		50		200		225807		225957.65		226159		1.546		1.69515		2.297		0		52.5		225807		226108.21		226719		0.39		0.52649		0.844		0		55.5

		36		60		5		3		100		200		474171		510608.485		522957		1.609		1.86584		2.406		0		25		474170		474488.31		474860		0.437		0.57314		0.828		0		46.5

		37		60		10		1		10		200		40825		49453.825		53028		1.922		2.33912		3		0		38.5		40910		43910.01		47957		0.719		1.11784		1.719		0		60.5

		38		60		10		1		50		200		139468		181172.61		253934		1.859		2.372886		2.953		0		51.5		150841		151170.17		151474		0.812		1.202115		1.906		0		49.5

		39		60		10		1		100		200		155970		263979.396985		373871		1.984		2.420995		3.094		1		72.361809		155894		185103.005		236098		0.765		1.1022		1.812		0		47.5

		40		60		10		2		10		200		36498		38485.04		45891		1.437		1.926545		2.438		0		66		36576		37029.52		38480		1		1.561579		2.454		0		78

		41		60		10		2		50		200		64537		70839.285		91773		1.297		1.836495		2.531		0		77.5		64527		64773.255		65193		0.891		1.55343		2.641		0		56.5

		42		60		10		2		100		200		328503		375802.62		483428		1.5		1.85234		2.469		0		58.5		328503		331049.28		441175		1.016		1.48446		2.484		0		98

		43		60		10		3		10		200		66657		70082.885		71343		2.062		2.47381		3.078		0		11.5		63449		66672.475		66994		0.484		0.63275		0.922		0		48

		44		60		10		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		45		60		10		3		100		200		530512		530811.16		531005		1.969		2.265996		2.937		0		48.5		530847		533309.2		534608		0		0.01346		0.125		0		26

		46		60		20		1		10		200		40513		44565.15		51761		2.063		3.24244		4.344		0		70		40494		41610.765		43966		0.89		1.43217		2		0		75

		47		60		20		1		50		200		128675		160026.92		215293		2.032		3.195821		4.454		0		53.5		121369		125848.49		138068		0.953		1.41262		2.157		0		50.5

		48		60		20		1		100		200		103339		122335.155		172036		1.985		3.156795		4.656		0		65		103001		109045.38		124511		1		1.63118		2.765		0		41

		49		60		20		2		10		200		26940		35722.88		56616		1.968		3.241095		4.438		0		59		24203		28080.685		39217		1.328		2.35273		4.343		0		63.5

		50		60		20		2		50		200		36475		50583.605		90352		2.062		3.266095		4.61		0		56		33084		40481.42		59344		1.328		2.269369		3.75		0		79.5

		51		60		20		2		100		200		198501		238292.276382		361695		2.046		3.254277		4.265		1		58.291458		198291		201759.795		209406		1.438		2.356995		4.125		0		26

		52		60		20		3		10		200		53324		59723.64		62822		1.843		2.20691		2.922		0		60		53190		54956.59		57327		0.531		0.725275		1.063		0		42

		53		60		20		3		50		200		151751		165769.12		174100		1.844		2.35283		3.39		0		32.5		151659		162473.485		177436		0.516		0.712405		0.968		0		42.5

		54		60		20		3		100		200		365185		416773.735		443540		1.89		2.364075		3.344		0		51		359919		384921.445		407306		0.578		0.789675		1.25		0		64.5

		55		80		5		1		10		200		79851		88643.445		98687		3.11		4.498975		7.156		0		47		79851		80224.375		80797		1.61		2.736176		4.844		0		57.5

		56		80		5		1		50		200		110359		139025.015152		286423		3.203		4.560095		7.094		2		80.808083		110359		110630.9		111186		1.875		2.881205		5.625		0		50

		57		80		5		1		100		200		314313		420592.88		607784		3.172		5.128411		8.625		0		44		314311		339843.935		382811		1.657		2.877914		6.094		0		63

		58		80		5		2		10		200		32210		45713.385		89510		0.172		1.305745		2.672		0		68		32210		32423.255		33211		1.188		2.323241		4.687		0		66

		59		80		5		2		50		200		163825		167057.945		172454		0.578		1.65626		3.813		0		54.5		163825		165577.595		331244		0.953		2.055454		4.047		0		99

		60		80		5		2		100		200		457871		478673.885		521112		0.218		1.86135		4.781		0		71.5		457871		458019.315		458299		1.078		2.400055		4.781		0		65

		61		80		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		62		80		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		63		80		5		3		100		200		633183		633601.54		633944		7.078		7.885875		9.828		0		47.5		633082		633816.53		634382		0.657		1.17014		1.594		0		50.5

		64		80		10		1		10		200		72216		86006.34		106830		8.047		9.10211		11.203		0		45		72224		76391.445		79241		2.281		3.211095		4.906		0		38

		65		80		10		1		50		200		157855		222282.27		306936		7.781		9.08576		10.938		0		56		157646		161370.975		202751		2.265		3.28119		5.015		0		91

		66		80		10		1		100		200		186249		233362.878173		439896		6.985		8.883259		11.094		3		62.436546		186199		186647.58		187177		2.859		4.17085		6.25		0		51

		67		80		10		2		10		200		37514		46629.277778		76876		4.562		6.118021		8.125		2		79.292931		37514		37855.075		38892		2.735		4.484644		7.407		0		52

		68		80		10		2		50		200		95794		211950.67		442175		4.797		6.25633		8.75		0		49.5		95905		122866.795		243609		2.828		4.09617		7.938		0		81.5

		69		80		10		2		100		200		244650		332682.445		588624		4.813		6.16135		7.922		0		86		244605		257027.4		320943		2.829		4.25084		7.156		0		84.5

		70		80		10		3		10		200		90715		92731.050251		93446		7.828		9.119337		11.141		1		39.698494		90517		92585.735		93152		1.438		1.883525		2.953		0		37.5

		71		80		10		3		50		200		160110		171350.385		207468		7.937		9.24531		11.093		0		54		159983		163007.755		180405		1.985		2.560469		4		0		64.5

		72		80		10		3		100		200		353924		465405.6		513447		8.125		9.203521		11.406		0		46.5		353759		354154.86		354612		1.61		2.071245		3.062		0		52

		73		80		20		1		10		200		70658		75301.415		81809		8.172		11.160561		14.578		0		50.5		67892		69925.74		71312		2.797		4.092396		6.203		0		49

		74		80		20		1		50		200		266101		301849.755		378324		7.828		10.727923		14.282		0		46.5		258007		263635.935		266356		2.578		3.960121		6.89		0		83.5

		75		80		20		1		100		200		309029		440926.235		617169		7.875		10.897117		14.563		0		45		291983		336103.915		412365		2.64		3.760615		5.547		0		59

		76		80		20		2		10		200		61100		72612.318182		87219		8.156		11.071961		14.109		2		53.535355		58718		63198		78924		4.266		6.255651		10.078		0		75

		77		80		20		2		50		200		180433		212895.161616		301013		8.204		11.055647		14.25		2		34.343433		179990		180891.295		193447		4.391		6.439435		11.704		0		90.5

		78		80		20		2		100		200		372713		429122.070707		534200		8.406		11.507589		15.375		2		50.505051		335845		373605.545		407688		3.672		6.147015		12.328		0		55

		79		80		20		3		10		200		63874		68008.31		71922		7.609		10.988645		14.485		0		58		63715		64902.01		66394		1.859		2.89909		4.203		0		57

		80		80		20		3		50		200		198007		214896.675		241780		7.485		10.109315		13.797		0		48.5		197882		199582.84		205119		1.656		2.305375		3.468		0		68

		81		80		20		3		100		200		516915		534947.565		548265		7.359		8.100534		10.937		0		57.5		520376		532667.645		549225		1.563		2.016415		2.907		0		47

		82		100		5		1		10		200		66425		82059.025253		93965		16.375		19.267416		25.625		2		66.666664		66478		68543.52		76064		4.266		5.902606		8.75		0		83

		83		100		5		1		50		200		272268		329432.251256		574226		8.844		14.190427		21.514999		1		68.341705		272268		272625.05		273445		4.234		6.66951		11.234		0		62.5

		84		100		5		1		100		200		459882		518859.418605		694858		13.875		16.821161		20.485001		28		63.953487		459882		460512.805		461753		3.719		5.66146		8.469		0		49

		85		100		5		2		10		200		43977		47074.82		53608		0.578		7.833091		12.516		0		63		43977		44581.5		54271		1.937		5.430664		8.719		0		66

		86		100		5		2		50		200		160641		233285.325301		441103		2.235		7.834115		15.016		34		75.903618		160867		161350.175		162023		2.39		6.921594		15.469		0		48

		87		100		5		2		100		200		627603		837879.505		1377734		1.344		5.09337		12.234		0		59		627603		628004.66		628789		2.343		5.00295		8.906		0		82.5

		88		100		5		3		10		200		90876		95979.275		99373		18.625		20.720732		25.422001		0		38		90868		91482.3		92312		3.593		4.75654		6.296		0		50.5

		89		100		5		3		50		200		326367		389595.545		468838		14.5		21.113997		26.594		0		36.5		326248		327046.64		327973		3.328		4.782095		6.828		0		50

		90		100		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		91		100		10		1		10		200		73008		88188.175		107785		23.547001		26.42049		29.452999		0		50.5		72426		73239.795		81134		5.875		7.971546		11.704		0		68

		92		100		10		1		50		200		115002		236319.449495		367131		23.483999		25.9072		30.5		2		53.030304		115020		115581.02		116443		5.859		7.965156		11.546		0		54.5

		93		100		10		1		100		200		495369		635812.177665		850516		21.608999		26.071661		31.25		3		61.928932		495045		503250.99		546563		5.938		7.937699		12.64		0		85

		94		100		10		2		10		200		60567		66159.625		102801		15.547		18.592445		24.781		0		49.5		60515		61624.515		67807		7.329		9.829035		13.828		0		88.5

		95		100		10		2		50		200		176881		254712.17		506110		13.391		18.271563		23.016001		0		66.5		176662		178490.31		248161		6.828		10.19937		15.469		0		98.5

		96		100		10		2		100		200		263848		367319.22		685450		12.61		17.255424		21.469		0		47		263705		277062.33		431972		6.875		10.039416		18.578		0		89.5

		97		100		10		3		10		200		92597		93049.705		93336		24.688		26.274981		29.344		0		47.5		92654		93216.595		99860		0		1.554405		2.563		0		60

		98		100		10		3		50		200		327735		353439.67		378923		24.843		26.642776		30.375		0		55		327549		328027.13		328728		3.297		4.529489		6.203		0		53

		99		100		10		3		100		200		788561		856688.720812		937549		23.344		26.50448		32.125		3		18.27411		788415		798390.165		859282		3.782		5.343624		7.25		0		86.5

		100		100		20		1		10		200		111647		123054.01		135719		23.484		31.516		42.313		0		57		108575		111725.975		118859		5.61		8.96		13.984		0		37.5

		101		100		20		1		50		200		235549		269281.734		321601		23.266		30.747		39.08		1		47.236179		218578		219661.785		238977		6.782		9.4425		13.922		0		96

		102		100		20		1		100		200		598885		668016.995		774576		23.032		30.32		37.171		0		53.5		581275		607964.88		644145		6.172		8.767475		13.422		0		35.5

		103		100		20		2		10		200		60367		75259.495		113454		24.907		29.986		36		0		60.5		60191		61577.165		68676		9.89		15.145791		25.281		0		89

		104		100		20		2		50		200		164495		217773.99		351554		24.312		30.643284		36.265		0		69		163984		166857.85		206274		9.688		13.95		21.703		0		76

		105		100		20		2		100		200		321060		404221.64467		490037		24.375		29.695		38.532		3		46.192		320431		327805.86		346239		10.078		14.305		23.875		0		72.5

		106		100		20		3		10		200		122019		126381.789		127871		21.109		24.755		29.08		1		28.64		121851		123639.82		125246		3.219		4.193		5.313		0		40.5

		107		100		20		3		50		200		318323		322210.7		335421		22.5		24.534		28.047		0		75		313953		320132.725		334373		2.641		3.567		4.796		0		84.5

		108		100		20		3		100		200		844128		871067.92		883556		21.891		23.03		26.297		0		77		817882		841186.33		858793		3.5		4.387		5.641		0		89.5





summary

		m		t avg. Chen		t avg. GVNS1		t avg. GVNS2

		5		2.05		2.51		15.57

		10		2.3716666944		2.7711666667		22.4176945278

		20		14.0569443611		15.1974721111		37.80727775

		30		23.7558519259		25.1437037037		50.6519258889





Solving times by n

		5		5		5

		10		10		10

		20		20		20

		30		30		30



t avg. Chen

t avg. GVNS1

t avg. GVNS2

number of processors

Average computation time

Computation times by m

2.05

2.51

15.57

2.3716666944

2.7711666667

22.4176945278

14.0569443611

15.1974721111

37.80727775

23.7558519259

25.1437037037

50.6519258889
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todos

		instance		numtasks		numproc		rcap		ratio		maxit		zmin chen		zmed chen		zmaxchen		timin chen		tmed chen		tmax chen		numit no feas chen		num low ave		zmin vns		zmed vns		zmax vns		tmin vns		tmed vns		tmax vns		numit no inisol		num lov ave

		1		20		5		1		10		200		17505		19364.1		26394		0		0.01245		0.016		0		48		17505		17557.925		20078		0.015		0.016375		0.031		0		74.5

		2		20		5		1		50		200		45276		75297.331658		98540		0		0.015834		0.032		1		53.768845		45208		61966.71		64299		0.015		0.017685		0.031		0		2

		3		20		5		1		100		200		113784		164117.075		207573		0		0.014935		0.031		0		55		113787		126932.085		169305		0.015		0.02131		0.032		0		91

		4		20		5		2		10		200		8086		8233.115		8690		0		0.01055		0.016		0		81.5		8086		8106.315		8638		0.015		0.03109		0.063		0		76.5

		5		20		5		2		50		200		58057		62192.115		126688		0		0.005325		0.016		0		94.5		58057		58057		58057		0.015		0.030845		0.047		0		100

		6		20		5		2		100		200		194737		212036.62		249291		0		0.00883		0.016		0		62		194737		195281.34		249108		0.015		0.031325		0.047		0		99

		7		20		5		3		10		200		11527		12168.94		14395		0		0.01115		0.032		0		79		11527		13485.015		15200		0		0.01096		0.016		0		32

		8		20		5		3		50		200		75938		79983.325		84831		0		0.00794		0.016		0		54.5		75938		77789.1		92775		0		0.0155		0.016		0		80

		9		20		5		3		100		200		171998		172091.182432		172355		0		0.014149		0.016		52		95.270271		172318		172640.445946		172911		0		0.000101		0.015		52		84.459457

		10		40		5		1		10		200		34894		39366.84		47311		0.172		0.223095		0.313		0		48		34894		35038.64		35350		0.11		0.175655		0.297		0		60.5

		11		40		5		1		50		200		127844		153019.025		172146		0.156		0.209285		0.312		0		13.5		127844		127967.63		128310		0.11		0.178845		0.297		0		56.5

		12		40		5		1		100		200		113218		117369.125		247906		0.203		0.239525		0.313		0		97		113218		113377.37		113689		0.14		0.182585		0.312		0		42

		13		40		5		2		10		200		16055		19181.255		21303		0.093		0.143915		0.219		0		39.5		16055		16822.95		20981		0.11		0.217025		0.437		0		86

		14		40		5		2		50		200		42689		42979.415		43511		0.046		0.08476		0.157		0		63.5		42689		43758.405		143371		0.109		0.206725		0.516		0		99

		15		40		5		2		100		200		220621		228463.755		236933		0.046		0.083855		0.172		0		53.5		220621		222185.77		236989		0.109		0.194505		0.391		0		90.5

		16		40		5		3		10		200		35047		35275.512563		40248		0.218		0.29602		0.375		1		88.442207		35047		35199.42		35462		0.093		0.132335		0.203		0		58

		17		40		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		18		40		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		19		40		10		1		10		200		18956		20594.865		26461		0.266		0.367315		0.5		0		50.5		18981		19357.8		19769		0.187		0.28503		0.531		0		51

		20		40		10		1		50		200		80329		99371.365		114689		0.281		0.383985		0.484		0		35.5		80329		83320.745		111380		0.171		0.25984		0.484		0		90

		21		40		10		1		100		200		141075		215490.1		337855		0.281		0.382225		0.485		0		40		89289		138174.705		148919		0.156		0.250355		0.484		0		9

		22		40		10		2		10		200		14512		25693.78		30689		0.203		0.3016		0.485		0		42		14513		16392.995		20056		0.234		0.401755		0.844		0		66

		23		40		10		2		50		200		47519		63022.14		139681		0.219		0.307205		0.406		0		70		47519		50543.08		63212		0.219		0.38295		0.828		0		81

		24		40		10		2		100		200		130542		168719.72		377731		0.218		0.277185		0.36		0		61.5		130542		130658.915		131024		0.235		0.362275		0.562		0		55.5

		25		40		10		3		10		200		35704		38814.46		41811		0.281		0.37142		0.438		0		64		35705		36478.11		37012		0.125		0.167095		0.266		0		37

		26		40		10		3		50		200		144862		145009.865		145185		0.281		0.35228		0.469		0		51		145016		146297.705		147095		0		0.00506		0.047		0		26

		27		40		10		3		100		200		306643		306821.075		306999		0.281		0.369025		0.484		0		53		306702		307794.435		311759		0.062		0.08316		0.125		0		80.5

		28		60		5		1		10		200		43993		58316.37		68129		0.875		1.17209		1.922		0		44.5		43977		44767.425		62903		0.453		0.784705		1.328		0		97

		29		60		5		1		50		200		319728		370772.68		425452		0.937		1.287145		2.141		0		73.5		319728		319976.73		344651		0.687		1.000285		2.094		0		90

		30		60		5		1		100		200		171697		179775.62		223930		0.891		1.047325		1.36		0		84.5		171697		171910.28		172685		0.562		0.788925		1.328		0		60

		31		60		5		2		10		200		46685		58278.82		95819		0.14		0.53298		1.016		0		63		46685		46733.49		47306		0.422		0.844825		1.547		0		72.5

		32		60		5		2		50		200		65772		90338.275		168935		0.25		0.678865		1.141		0		76		65772		75011.03		166524		0.421		0.876065		1.453		0		91

		33		60		5		2		100		200		122161		211854.495		578913		0.437		0.754295		1.016		0		80.5		122161		122297.92		122674		0.5		0.85766		1.5		0		66.5

		34		60		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		35		60		5		3		50		200		225807		225957.65		226159		1.546		1.69515		2.297		0		52.5		225807		226108.21		226719		0.39		0.52649		0.844		0		55.5

		36		60		5		3		100		200		474171		510608.485		522957		1.609		1.86584		2.406		0		25		474170		474488.31		474860		0.437		0.57314		0.828		0		46.5

		37		60		10		1		10		200		40825		49453.825		53028		1.922		2.33912		3		0		38.5		40910		43910.01		47957		0.719		1.11784		1.719		0		60.5

		38		60		10		1		50		200		139468		181172.61		253934		1.859		2.372886		2.953		0		51.5		150841		151170.17		151474		0.812		1.202115		1.906		0		49.5

		39		60		10		1		100		200		155970		263979.396985		373871		1.984		2.420995		3.094		1		72.361809		155894		185103.005		236098		0.765		1.1022		1.812		0		47.5

		40		60		10		2		10		200		36498		38485.04		45891		1.437		1.926545		2.438		0		66		36576		37029.52		38480		1		1.561579		2.454		0		78

		41		60		10		2		50		200		64537		70839.285		91773		1.297		1.836495		2.531		0		77.5		64527		64773.255		65193		0.891		1.55343		2.641		0		56.5

		42		60		10		2		100		200		328503		375802.62		483428		1.5		1.85234		2.469		0		58.5		328503		331049.28		441175		1.016		1.48446		2.484		0		98

		43		60		10		3		10		200		66657		70082.885		71343		2.062		2.47381		3.078		0		11.5		63449		66672.475		66994		0.484		0.63275		0.922		0		48

		44		60		10		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		45		60		10		3		100		200		530512		530811.16		531005		1.969		2.265996		2.937		0		48.5		530847		533309.2		534608		0		0.01346		0.125		0		26

		46		60		20		1		10		200		40513		44565.15		51761		2.063		3.24244		4.344		0		70		40494		41610.765		43966		0.89		1.43217		2		0		75

		47		60		20		1		50		200		128675		160026.92		215293		2.032		3.195821		4.454		0		53.5		121369		125848.49		138068		0.953		1.41262		2.157		0		50.5

		48		60		20		1		100		200		103339		122335.155		172036		1.985		3.156795		4.656		0		65		103001		109045.38		124511		1		1.63118		2.765		0		41

		49		60		20		2		10		200		26940		35722.88		56616		1.968		3.241095		4.438		0		59		24203		28080.685		39217		1.328		2.35273		4.343		0		63.5

		50		60		20		2		50		200		36475		50583.605		90352		2.062		3.266095		4.61		0		56		33084		40481.42		59344		1.328		2.269369		3.75		0		79.5

		51		60		20		2		100		200		198501		238292.276382		361695		2.046		3.254277		4.265		1		58.291458		198291		201759.795		209406		1.438		2.356995		4.125		0		26

		52		60		20		3		10		200		53324		59723.64		62822		1.843		2.20691		2.922		0		60		53190		54956.59		57327		0.531		0.725275		1.063		0		42

		53		60		20		3		50		200		151751		165769.12		174100		1.844		2.35283		3.39		0		32.5		151659		162473.485		177436		0.516		0.712405		0.968		0		42.5

		54		60		20		3		100		200		365185		416773.735		443540		1.89		2.364075		3.344		0		51		359919		384921.445		407306		0.578		0.789675		1.25		0		64.5

		55		80		5		1		10		200		79851		88643.445		98687		3.11		4.498975		7.156		0		47		79851		80224.375		80797		1.61		2.736176		4.844		0		57.5

		56		80		5		1		50		200		110359		139025.015152		286423		3.203		4.560095		7.094		2		80.808083		110359		110630.9		111186		1.875		2.881205		5.625		0		50

		57		80		5		1		100		200		314313		420592.88		607784		3.172		5.128411		8.625		0		44		314311		339843.935		382811		1.657		2.877914		6.094		0		63

		58		80		5		2		10		200		32210		45713.385		89510		0.172		1.305745		2.672		0		68		32210		32423.255		33211		1.188		2.323241		4.687		0		66

		59		80		5		2		50		200		163825		167057.945		172454		0.578		1.65626		3.813		0		54.5		163825		165577.595		331244		0.953		2.055454		4.047		0		99

		60		80		5		2		100		200		457871		478673.885		521112		0.218		1.86135		4.781		0		71.5		457871		458019.315		458299		1.078		2.400055		4.781		0		65

		61		80		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		62		80		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		63		80		5		3		100		200		633183		633601.54		633944		7.078		7.885875		9.828		0		47.5		633082		633816.53		634382		0.657		1.17014		1.594		0		50.5

		64		80		10		1		10		200		72216		86006.34		106830		8.047		9.10211		11.203		0		45		72224		76391.445		79241		2.281		3.211095		4.906		0		38

		65		80		10		1		50		200		157855		222282.27		306936		7.781		9.08576		10.938		0		56		157646		161370.975		202751		2.265		3.28119		5.015		0		91

		66		80		10		1		100		200		186249		233362.878173		439896		6.985		8.883259		11.094		3		62.436546		186199		186647.58		187177		2.859		4.17085		6.25		0		51

		67		80		10		2		10		200		37514		46629.277778		76876		4.562		6.118021		8.125		2		79.292931		37514		37855.075		38892		2.735		4.484644		7.407		0		52

		68		80		10		2		50		200		95794		211950.67		442175		4.797		6.25633		8.75		0		49.5		95905		122866.795		243609		2.828		4.09617		7.938		0		81.5

		69		80		10		2		100		200		244650		332682.445		588624		4.813		6.16135		7.922		0		86		244605		257027.4		320943		2.829		4.25084		7.156		0		84.5

		70		80		10		3		10		200		90715		92731.050251		93446		7.828		9.119337		11.141		1		39.698494		90517		92585.735		93152		1.438		1.883525		2.953		0		37.5

		71		80		10		3		50		200		160110		171350.385		207468		7.937		9.24531		11.093		0		54		159983		163007.755		180405		1.985		2.560469		4		0		64.5

		72		80		10		3		100		200		353924		465405.6		513447		8.125		9.203521		11.406		0		46.5		353759		354154.86		354612		1.61		2.071245		3.062		0		52

		73		80		20		1		10		200		70658		75301.415		81809		8.172		11.160561		14.578		0		50.5		67892		69925.74		71312		2.797		4.092396		6.203		0		49

		74		80		20		1		50		200		266101		301849.755		378324		7.828		10.727923		14.282		0		46.5		258007		263635.935		266356		2.578		3.960121		6.89		0		83.5

		75		80		20		1		100		200		309029		440926.235		617169		7.875		10.897117		14.563		0		45		291983		336103.915		412365		2.64		3.760615		5.547		0		59

		76		80		20		2		10		200		61100		72612.318182		87219		8.156		11.071961		14.109		2		53.535355		58718		63198		78924		4.266		6.255651		10.078		0		75

		77		80		20		2		50		200		180433		212895.161616		301013		8.204		11.055647		14.25		2		34.343433		179990		180891.295		193447		4.391		6.439435		11.704		0		90.5

		78		80		20		2		100		200		372713		429122.070707		534200		8.406		11.507589		15.375		2		50.505051		335845		373605.545		407688		3.672		6.147015		12.328		0		55

		79		80		20		3		10		200		63874		68008.31		71922		7.609		10.988645		14.485		0		58		63715		64902.01		66394		1.859		2.89909		4.203		0		57

		80		80		20		3		50		200		198007		214896.675		241780		7.485		10.109315		13.797		0		48.5		197882		199582.84		205119		1.656		2.305375		3.468		0		68

		81		80		20		3		100		200		516915		534947.565		548265		7.359		8.100534		10.937		0		57.5		520376		532667.645		549225		1.563		2.016415		2.907		0		47

		82		100		5		1		10		200		66425		82059.025253		93965		16.375		19.267416		25.625		2		66.666664		66478		68543.52		76064		4.266		5.902606		8.75		0		83

		83		100		5		1		50		200		272268		329432.251256		574226		8.844		14.190427		21.514999		1		68.341705		272268		272625.05		273445		4.234		6.66951		11.234		0		62.5

		84		100		5		1		100		200		459882		518859.418605		694858		13.875		16.821161		20.485001		28		63.953487		459882		460512.805		461753		3.719		5.66146		8.469		0		49

		85		100		5		2		10		200		43977		47074.82		53608		0.578		7.833091		12.516		0		63		43977		44581.5		54271		1.937		5.430664		8.719		0		66

		86		100		5		2		50		200		160641		233285.325301		441103		2.235		7.834115		15.016		34		75.903618		160867		161350.175		162023		2.39		6.921594		15.469		0		48

		87		100		5		2		100		200		627603		837879.505		1377734		1.344		5.09337		12.234		0		59		627603		628004.66		628789		2.343		5.00295		8.906		0		82.5

		88		100		5		3		10		200		90876		95979.275		99373		18.625		20.720732		25.422001		0		38		90868		91482.3		92312		3.593		4.75654		6.296		0		50.5

		89		100		5		3		50		200		326367		389595.545		468838		14.5		21.113997		26.594		0		36.5		326248		327046.64		327973		3.328		4.782095		6.828		0		50

		90		100		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		91		100		10		1		10		200		73008		88188.175		107785		23.547001		26.42049		29.452999		0		50.5		72426		73239.795		81134		5.875		7.971546		11.704		0		68

		92		100		10		1		50		200		115002		236319.449495		367131		23.483999		25.9072		30.5		2		53.030304		115020		115581.02		116443		5.859		7.965156		11.546		0		54.5

		93		100		10		1		100		200		495369		635812.177665		850516		21.608999		26.071661		31.25		3		61.928932		495045		503250.99		546563		5.938		7.937699		12.64		0		85

		94		100		10		2		10		200		60567		66159.625		102801		15.547		18.592445		24.781		0		49.5		60515		61624.515		67807		7.329		9.829035		13.828		0		88.5

		95		100		10		2		50		200		176881		254712.17		506110		13.391		18.271563		23.016001		0		66.5		176662		178490.31		248161		6.828		10.19937		15.469		0		98.5

		96		100		10		2		100		200		263848		367319.22		685450		12.61		17.255424		21.469		0		47		263705		277062.33		431972		6.875		10.039416		18.578		0		89.5

		97		100		10		3		10		200		92597		93049.705		93336		24.688		26.274981		29.344		0		47.5		92654		93216.595		99860		0		1.554405		2.563		0		60

		98		100		10		3		50		200		327735		353439.67		378923		24.843		26.642776		30.375		0		55		327549		328027.13		328728		3.297		4.529489		6.203		0		53

		99		100		10		3		100		200		788561		856688.720812		937549		23.344		26.50448		32.125		3		18.27411		788415		798390.165		859282		3.782		5.343624		7.25		0		86.5

		100		100		20		1		10		200		111647		123054.01		135719		23.484		31.516		42.313		0		57		108575		111725.975		118859		5.61		8.96		13.984		0		37.5

		101		100		20		1		50		200		235549		269281.734		321601		23.266		30.747		39.08		1		47.236179		218578		219661.785		238977		6.782		9.4425		13.922		0		96

		102		100		20		1		100		200		598885		668016.995		774576		23.032		30.32		37.171		0		53.5		581275		607964.88		644145		6.172		8.767475		13.422		0		35.5

		103		100		20		2		10		200		60367		75259.495		113454		24.907		29.986		36		0		60.5		60191		61577.165		68676		9.89		15.145791		25.281		0		89

		104		100		20		2		50		200		164495		217773.99		351554		24.312		30.643284		36.265		0		69		163984		166857.85		206274		9.688		13.95		21.703		0		76

		105		100		20		2		100		200		321060		404221.64467		490037		24.375		29.695		38.532		3		46.192		320431		327805.86		346239		10.078		14.305		23.875		0		72.5

		106		100		20		3		10		200		122019		126381.789		127871		21.109		24.755		29.08		1		28.64		121851		123639.82		125246		3.219		4.193		5.313		0		40.5

		107		100		20		3		50		200		318323		322210.7		335421		22.5		24.534		28.047		0		75		313953		320132.725		334373		2.641		3.567		4.796		0		84.5

		108		100		20		3		100		200		844128		871067.92		883556		21.891		23.03		26.297		0		77		817882		841186.33		858793		3.5		4.387		5.641		0		89.5
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		n		t avg. Chen		t avg. GVNS1		t avg. GVNS2
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todos

		instance		numtasks		numproc		rcap		ratio		maxit		zmin chen		zmed chen		zmaxchen		timin chen		tmed chen		tmax chen		numit no feas chen		num low ave		zmin vns		zmed vns		zmax vns		tmin vns		tmed vns		tmax vns		numit no inisol		num lov ave

		1		20		5		1		10		200		17505		19364.1		26394		0		0.01245		0.016		0		48		17505		17557.925		20078		0.015		0.016375		0.031		0		74.5

		2		20		5		1		50		200		45276		75297.331658		98540		0		0.015834		0.032		1		53.768845		45208		61966.71		64299		0.015		0.017685		0.031		0		2

		3		20		5		1		100		200		113784		164117.075		207573		0		0.014935		0.031		0		55		113787		126932.085		169305		0.015		0.02131		0.032		0		91

		4		20		5		2		10		200		8086		8233.115		8690		0		0.01055		0.016		0		81.5		8086		8106.315		8638		0.015		0.03109		0.063		0		76.5

		5		20		5		2		50		200		58057		62192.115		126688		0		0.005325		0.016		0		94.5		58057		58057		58057		0.015		0.030845		0.047		0		100

		6		20		5		2		100		200		194737		212036.62		249291		0		0.00883		0.016		0		62		194737		195281.34		249108		0.015		0.031325		0.047		0		99

		7		20		5		3		10		200		11527		12168.94		14395		0		0.01115		0.032		0		79		11527		13485.015		15200		0		0.01096		0.016		0		32

		8		20		5		3		50		200		75938		79983.325		84831		0		0.00794		0.016		0		54.5		75938		77789.1		92775		0		0.0155		0.016		0		80

		9		20		5		3		100		200		171998		172091.182432		172355		0		0.014149		0.016		52		95.270271		172318		172640.445946		172911		0		0.000101		0.015		52		84.459457

		10		40		5		1		10		200		34894		39366.84		47311		0.172		0.223095		0.313		0		48		34894		35038.64		35350		0.11		0.175655		0.297		0		60.5

		11		40		5		1		50		200		127844		153019.025		172146		0.156		0.209285		0.312		0		13.5		127844		127967.63		128310		0.11		0.178845		0.297		0		56.5

		12		40		5		1		100		200		113218		117369.125		247906		0.203		0.239525		0.313		0		97		113218		113377.37		113689		0.14		0.182585		0.312		0		42

		13		40		5		2		10		200		16055		19181.255		21303		0.093		0.143915		0.219		0		39.5		16055		16822.95		20981		0.11		0.217025		0.437		0		86

		14		40		5		2		50		200		42689		42979.415		43511		0.046		0.08476		0.157		0		63.5		42689		43758.405		143371		0.109		0.206725		0.516		0		99

		15		40		5		2		100		200		220621		228463.755		236933		0.046		0.083855		0.172		0		53.5		220621		222185.77		236989		0.109		0.194505		0.391		0		90.5

		16		40		5		3		10		200		35047		35275.512563		40248		0.218		0.29602		0.375		1		88.442207		35047		35199.42		35462		0.093		0.132335		0.203		0		58

		17		40		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		18		40		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		19		40		10		1		10		200		18956		20594.865		26461		0.266		0.367315		0.5		0		50.5		18981		19357.8		19769		0.187		0.28503		0.531		0		51

		20		40		10		1		50		200		80329		99371.365		114689		0.281		0.383985		0.484		0		35.5		80329		83320.745		111380		0.171		0.25984		0.484		0		90

		21		40		10		1		100		200		141075		215490.1		337855		0.281		0.382225		0.485		0		40		89289		138174.705		148919		0.156		0.250355		0.484		0		9

		22		40		10		2		10		200		14512		25693.78		30689		0.203		0.3016		0.485		0		42		14513		16392.995		20056		0.234		0.401755		0.844		0		66

		23		40		10		2		50		200		47519		63022.14		139681		0.219		0.307205		0.406		0		70		47519		50543.08		63212		0.219		0.38295		0.828		0		81

		24		40		10		2		100		200		130542		168719.72		377731		0.218		0.277185		0.36		0		61.5		130542		130658.915		131024		0.235		0.362275		0.562		0		55.5

		25		40		10		3		10		200		35704		38814.46		41811		0.281		0.37142		0.438		0		64		35705		36478.11		37012		0.125		0.167095		0.266		0		37

		26		40		10		3		50		200		144862		145009.865		145185		0.281		0.35228		0.469		0		51		145016		146297.705		147095		0		0.00506		0.047		0		26

		27		40		10		3		100		200		306643		306821.075		306999		0.281		0.369025		0.484		0		53		306702		307794.435		311759		0.062		0.08316		0.125		0		80.5

		28		60		5		1		10		200		43993		58316.37		68129		0.875		1.17209		1.922		0		44.5		43977		44767.425		62903		0.453		0.784705		1.328		0		97

		29		60		5		1		50		200		319728		370772.68		425452		0.937		1.287145		2.141		0		73.5		319728		319976.73		344651		0.687		1.000285		2.094		0		90

		30		60		5		1		100		200		171697		179775.62		223930		0.891		1.047325		1.36		0		84.5		171697		171910.28		172685		0.562		0.788925		1.328		0		60

		31		60		5		2		10		200		46685		58278.82		95819		0.14		0.53298		1.016		0		63		46685		46733.49		47306		0.422		0.844825		1.547		0		72.5

		32		60		5		2		50		200		65772		90338.275		168935		0.25		0.678865		1.141		0		76		65772		75011.03		166524		0.421		0.876065		1.453		0		91

		33		60		5		2		100		200		122161		211854.495		578913		0.437		0.754295		1.016		0		80.5		122161		122297.92		122674		0.5		0.85766		1.5		0		66.5

		34		60		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		35		60		5		3		50		200		225807		225957.65		226159		1.546		1.69515		2.297		0		52.5		225807		226108.21		226719		0.39		0.52649		0.844		0		55.5

		36		60		5		3		100		200		474171		510608.485		522957		1.609		1.86584		2.406		0		25		474170		474488.31		474860		0.437		0.57314		0.828		0		46.5

		37		60		10		1		10		200		40825		49453.825		53028		1.922		2.33912		3		0		38.5		40910		43910.01		47957		0.719		1.11784		1.719		0		60.5

		38		60		10		1		50		200		139468		181172.61		253934		1.859		2.372886		2.953		0		51.5		150841		151170.17		151474		0.812		1.202115		1.906		0		49.5

		39		60		10		1		100		200		155970		263979.396985		373871		1.984		2.420995		3.094		1		72.361809		155894		185103.005		236098		0.765		1.1022		1.812		0		47.5

		40		60		10		2		10		200		36498		38485.04		45891		1.437		1.926545		2.438		0		66		36576		37029.52		38480		1		1.561579		2.454		0		78

		41		60		10		2		50		200		64537		70839.285		91773		1.297		1.836495		2.531		0		77.5		64527		64773.255		65193		0.891		1.55343		2.641		0		56.5

		42		60		10		2		100		200		328503		375802.62		483428		1.5		1.85234		2.469		0		58.5		328503		331049.28		441175		1.016		1.48446		2.484		0		98

		43		60		10		3		10		200		66657		70082.885		71343		2.062		2.47381		3.078		0		11.5		63449		66672.475		66994		0.484		0.63275		0.922		0		48

		44		60		10		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		45		60		10		3		100		200		530512		530811.16		531005		1.969		2.265996		2.937		0		48.5		530847		533309.2		534608		0		0.01346		0.125		0		26

		46		60		20		1		10		200		40513		44565.15		51761		2.063		3.24244		4.344		0		70		40494		41610.765		43966		0.89		1.43217		2		0		75

		47		60		20		1		50		200		128675		160026.92		215293		2.032		3.195821		4.454		0		53.5		121369		125848.49		138068		0.953		1.41262		2.157		0		50.5

		48		60		20		1		100		200		103339		122335.155		172036		1.985		3.156795		4.656		0		65		103001		109045.38		124511		1		1.63118		2.765		0		41

		49		60		20		2		10		200		26940		35722.88		56616		1.968		3.241095		4.438		0		59		24203		28080.685		39217		1.328		2.35273		4.343		0		63.5

		50		60		20		2		50		200		36475		50583.605		90352		2.062		3.266095		4.61		0		56		33084		40481.42		59344		1.328		2.269369		3.75		0		79.5

		51		60		20		2		100		200		198501		238292.276382		361695		2.046		3.254277		4.265		1		58.291458		198291		201759.795		209406		1.438		2.356995		4.125		0		26

		52		60		20		3		10		200		53324		59723.64		62822		1.843		2.20691		2.922		0		60		53190		54956.59		57327		0.531		0.725275		1.063		0		42

		53		60		20		3		50		200		151751		165769.12		174100		1.844		2.35283		3.39		0		32.5		151659		162473.485		177436		0.516		0.712405		0.968		0		42.5

		54		60		20		3		100		200		365185		416773.735		443540		1.89		2.364075		3.344		0		51		359919		384921.445		407306		0.578		0.789675		1.25		0		64.5

		55		80		5		1		10		200		79851		88643.445		98687		3.11		4.498975		7.156		0		47		79851		80224.375		80797		1.61		2.736176		4.844		0		57.5

		56		80		5		1		50		200		110359		139025.015152		286423		3.203		4.560095		7.094		2		80.808083		110359		110630.9		111186		1.875		2.881205		5.625		0		50

		57		80		5		1		100		200		314313		420592.88		607784		3.172		5.128411		8.625		0		44		314311		339843.935		382811		1.657		2.877914		6.094		0		63

		58		80		5		2		10		200		32210		45713.385		89510		0.172		1.305745		2.672		0		68		32210		32423.255		33211		1.188		2.323241		4.687		0		66

		59		80		5		2		50		200		163825		167057.945		172454		0.578		1.65626		3.813		0		54.5		163825		165577.595		331244		0.953		2.055454		4.047		0		99

		60		80		5		2		100		200		457871		478673.885		521112		0.218		1.86135		4.781		0		71.5		457871		458019.315		458299		1.078		2.400055		4.781		0		65

		61		80		5		3		10		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		62		80		5		3		50		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		63		80		5		3		100		200		633183		633601.54		633944		7.078		7.885875		9.828		0		47.5		633082		633816.53		634382		0.657		1.17014		1.594		0		50.5

		64		80		10		1		10		200		72216		86006.34		106830		8.047		9.10211		11.203		0		45		72224		76391.445		79241		2.281		3.211095		4.906		0		38

		65		80		10		1		50		200		157855		222282.27		306936		7.781		9.08576		10.938		0		56		157646		161370.975		202751		2.265		3.28119		5.015		0		91

		66		80		10		1		100		200		186249		233362.878173		439896		6.985		8.883259		11.094		3		62.436546		186199		186647.58		187177		2.859		4.17085		6.25		0		51

		67		80		10		2		10		200		37514		46629.277778		76876		4.562		6.118021		8.125		2		79.292931		37514		37855.075		38892		2.735		4.484644		7.407		0		52

		68		80		10		2		50		200		95794		211950.67		442175		4.797		6.25633		8.75		0		49.5		95905		122866.795		243609		2.828		4.09617		7.938		0		81.5

		69		80		10		2		100		200		244650		332682.445		588624		4.813		6.16135		7.922		0		86		244605		257027.4		320943		2.829		4.25084		7.156		0		84.5

		70		80		10		3		10		200		90715		92731.050251		93446		7.828		9.119337		11.141		1		39.698494		90517		92585.735		93152		1.438		1.883525		2.953		0		37.5

		71		80		10		3		50		200		160110		171350.385		207468		7.937		9.24531		11.093		0		54		159983		163007.755		180405		1.985		2.560469		4		0		64.5

		72		80		10		3		100		200		353924		465405.6		513447		8.125		9.203521		11.406		0		46.5		353759		354154.86		354612		1.61		2.071245		3.062		0		52

		73		80		20		1		10		200		70658		75301.415		81809		8.172		11.160561		14.578		0		50.5		67892		69925.74		71312		2.797		4.092396		6.203		0		49

		74		80		20		1		50		200		266101		301849.755		378324		7.828		10.727923		14.282		0		46.5		258007		263635.935		266356		2.578		3.960121		6.89		0		83.5

		75		80		20		1		100		200		309029		440926.235		617169		7.875		10.897117		14.563		0		45		291983		336103.915		412365		2.64		3.760615		5.547		0		59

		76		80		20		2		10		200		61100		72612.318182		87219		8.156		11.071961		14.109		2		53.535355		58718		63198		78924		4.266		6.255651		10.078		0		75

		77		80		20		2		50		200		180433		212895.161616		301013		8.204		11.055647		14.25		2		34.343433		179990		180891.295		193447		4.391		6.439435		11.704		0		90.5

		78		80		20		2		100		200		372713		429122.070707		534200		8.406		11.507589		15.375		2		50.505051		335845		373605.545		407688		3.672		6.147015		12.328		0		55

		79		80		20		3		10		200		63874		68008.31		71922		7.609		10.988645		14.485		0		58		63715		64902.01		66394		1.859		2.89909		4.203		0		57

		80		80		20		3		50		200		198007		214896.675		241780		7.485		10.109315		13.797		0		48.5		197882		199582.84		205119		1.656		2.305375		3.468		0		68

		81		80		20		3		100		200		516915		534947.565		548265		7.359		8.100534		10.937		0		57.5		520376		532667.645		549225		1.563		2.016415		2.907		0		47

		82		100		5		1		10		200		66425		82059.025253		93965		16.375		19.267416		25.625		2		66.666664		66478		68543.52		76064		4.266		5.902606		8.75		0		83

		83		100		5		1		50		200		272268		329432.251256		574226		8.844		14.190427		21.514999		1		68.341705		272268		272625.05		273445		4.234		6.66951		11.234		0		62.5

		84		100		5		1		100		200		459882		518859.418605		694858		13.875		16.821161		20.485001		28		63.953487		459882		460512.805		461753		3.719		5.66146		8.469		0		49

		85		100		5		2		10		200		43977		47074.82		53608		0.578		7.833091		12.516		0		63		43977		44581.5		54271		1.937		5.430664		8.719		0		66

		86		100		5		2		50		200		160641		233285.325301		441103		2.235		7.834115		15.016		34		75.903618		160867		161350.175		162023		2.39		6.921594		15.469		0		48

		87		100		5		2		100		200		627603		837879.505		1377734		1.344		5.09337		12.234		0		59		627603		628004.66		628789		2.343		5.00295		8.906		0		82.5

		88		100		5		3		10		200		90876		95979.275		99373		18.625		20.720732		25.422001		0		38		90868		91482.3		92312		3.593		4.75654		6.296		0		50.5

		89		100		5		3		50		200		326367		389595.545		468838		14.5		21.113997		26.594		0		36.5		326248		327046.64		327973		3.328		4.782095		6.828		0		50

		90		100		5		3		100		200		100000000		0		0		1000000		0		0		200		0		100000000		0		0		1000000		0		0		200		0

		91		100		10		1		10		200		73008		88188.175		107785		23.547001		26.42049		29.452999		0		50.5		72426		73239.795		81134		5.875		7.971546		11.704		0		68

		92		100		10		1		50		200		115002		236319.449495		367131		23.483999		25.9072		30.5		2		53.030304		115020		115581.02		116443		5.859		7.965156		11.546		0		54.5

		93		100		10		1		100		200		495369		635812.177665		850516		21.608999		26.071661		31.25		3		61.928932		495045		503250.99		546563		5.938		7.937699		12.64		0		85

		94		100		10		2		10		200		60567		66159.625		102801		15.547		18.592445		24.781		0		49.5		60515		61624.515		67807		7.329		9.829035		13.828		0		88.5

		95		100		10		2		50		200		176881		254712.17		506110		13.391		18.271563		23.016001		0		66.5		176662		178490.31		248161		6.828		10.19937		15.469		0		98.5

		96		100		10		2		100		200		263848		367319.22		685450		12.61		17.255424		21.469		0		47		263705		277062.33		431972		6.875		10.039416		18.578		0		89.5

		97		100		10		3		10		200		92597		93049.705		93336		24.688		26.274981		29.344		0		47.5		92654		93216.595		99860		0		1.554405		2.563		0		60

		98		100		10		3		50		200		327735		353439.67		378923		24.843		26.642776		30.375		0		55		327549		328027.13		328728		3.297		4.529489		6.203		0		53

		99		100		10		3		100		200		788561		856688.720812		937549		23.344		26.50448		32.125		3		18.27411		788415		798390.165		859282		3.782		5.343624		7.25		0		86.5

		100		100		20		1		10		200		111647		123054.01		135719		23.484		31.516		42.313		0		57		108575		111725.975		118859		5.61		8.96		13.984		0		37.5

		101		100		20		1		50		200		235549		269281.734		321601		23.266		30.747		39.08		1		47.236179		218578		219661.785		238977		6.782		9.4425		13.922		0		96

		102		100		20		1		100		200		598885		668016.995		774576		23.032		30.32		37.171		0		53.5		581275		607964.88		644145		6.172		8.767475		13.422		0		35.5

		103		100		20		2		10		200		60367		75259.495		113454		24.907		29.986		36		0		60.5		60191		61577.165		68676		9.89		15.145791		25.281		0		89

		104		100		20		2		50		200		164495		217773.99		351554		24.312		30.643284		36.265		0		69		163984		166857.85		206274		9.688		13.95		21.703		0		76

		105		100		20		2		100		200		321060		404221.64467		490037		24.375		29.695		38.532		3		46.192		320431		327805.86		346239		10.078		14.305		23.875		0		72.5

		106		100		20		3		10		200		122019		126381.789		127871		21.109		24.755		29.08		1		28.64		121851		123639.82		125246		3.219		4.193		5.313		0		40.5

		107		100		20		3		50		200		318323		322210.7		335421		22.5		24.534		28.047		0		75		313953		320132.725		334373		2.641		3.567		4.796		0		84.5

		108		100		20		3		100		200		844128		871067.92		883556		21.891		23.03		26.297		0		77		817882		841186.33		858793		3.5		4.387		5.641		0		89.5





summary

		n		t avg. Chen		t avg. GVNS1		t avg. GVNS2

		20		0.01		0.03		0.21

		40		0.32		0.43		4.03

		60		2.59		3.21		23.83

		80		9.28		11.89		42.11

		100		34.64		47.98		53.24





Solving times by n

		20		20		20

		40		40		40

		60		60		60

		80		80		80

		100		100		100



t avg. Chen

t avg. GVNS1

t avg. GVNS2

number of tasks

Average computation time

Computation times by n

0.012637778

0.03158

0.21

0.321567778

0.42819556

4.03

2.592001519

3.21438963

23.83

9.283641926

11.8855275

42.11

34.63860981

47.9815855

53.24
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