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Abstract 

To meet the demands of the large-scale network simulation platform technology, we have 

improved the classical Min-min algorithm widely used in Grid application. We proposed a 

novel multi-task network simulation scheduling algorithm based on multi-valued mapping 

and the new algorithm is called MUNS-Min-min, we also discussed how to determine the 

weight of simulation time and the resource consumption. Experimental results show that our 

algorithm is suitable for complex computing environment, and the performance of the 

simulation platform has improved nearly 20%, compared with traditional scheduling 

algorithms. 
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1. Introduction 

In the field of network research, simulation technology has become an important way 

to study network running status and performance characteristics. However, the complex 

large-scale network simulation needs a large amount of computer resources, which 

makes that excessive simulation tasks can not run on a single server. In order to meet 

the demands of the large-scale network simulation, the parallel and distributed network 

simulation technology is born. Currently, there has been a lot of researches on the 

parallel network simulation algorithm for single simulation task.  

However, a large-scale network simulation platform may receive multiple simulation tasks 

at a time or successively. If the server just executes each task in order of its arrival time, it 

cannot guarantee the shortest total execution time. Current parallel network simulation 

algorithm did not consider the issue mentioned above. So in the complex computing 

environment, studying how to divide these simulation tasks, allocate computing resources and 

schedule tasks has great significance for reducing the runtime of all the simulation tasks and 

improving performance of the simulation platform. We learned from the research results of 

task scheduling algorithm in grid computing, and proposed a novel multi-task oriented 

parallel network simulation algorithm based on the complex computing environment. 

 

2. Related Works  

In the field of traditional parallel and distributed scheduling, considerable researches 

have been done centering on scheduling algorithm. They have put forward some 

sophisticated scheduling algorithms [1-6]. 
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OLB (Opportunistic Load Balancing): Each task is randomly assigned to an idle machine 

to execute. 

UDA (User-Directed Assignment): Each task is randomly assigned to the machine of he 

best expectant executing time. 

Fast Greedy: Each task is randomly assigned to the machine of the least completion time. 

Min-min: In this algorithm, we should calculate the shortest completion time of each task 

on each machine. The task with the minimum completion time will be chosen from all the 

tasks and be assigned to the corresponding machine. Then delete the task, repeat the work 

above until all tasks are assigned. 

Max-min: Max-min algorithm is similar with the Min-min algorithm, and we should also 

calculate the shortest completion time of each task on each machine at first.  The task with the 

maximum completion time will be chosen from all the tasks and be assigned to the 

corresponding machine. Then delete the task, repeat the work above until all tasks are 

assigned. 

Greedy: Greedy algorithm combines Max-min algorithm and Min-min algorithm together 

by using some solutions. 

GA (Genetic Algorithm): Genetic algorithm is used to find a bigger solution. It operates on 

the given problems' chromosome, and the first chromosome is randomly generated. The first 

chromosome can be generated by any algorithm, and if it is generated by Min-min algorithm, 

then it is called the Min-min sowing. 

SA (Simulated Annealing): Simulated annealing algorithm is a repeated technology which 

always considers a possible solution at a time and is generally used to solve the problem of 

optimal organization. Its advantage is to avoid solution falling into the local minimum. 

Simulated Annealing uses cyclic search to find the optimal solution. 

GSA (the Genetic Simulated Annealing): GSA is the combination of genetic algorithm and 

simulated annealing algorithm. In general, it is similar to genetic algorithm, but in the process 

of selection, we must use the simulated annealing algorithm to determine whether to accept 

the new chromosome, and keep the best solution at the same time. 

Tabu: Tabu algorithm is a cyclic search technology. The difference is that it records the 

space which has been searched in the solution space. This can avoid searching the nearby area 

repeatedly. 

A*: A*algorithm is a classic state-space search algorithm widely used in many applications 

of task assignment problems. It is a tree search algorithm, and the root is empty while the 

middle nodes represent some solutions. It is like a mapping between a subset of task set and 

the nodes, and these nodes represent complete nodes. 

Experiments of the literature showed that OLB algorithm, UDA algorithm, Max-min 

algorithm, SA algorithm, GSA algorithm and Tabu algorithm are worse than Min-min 

algorithm, GA algorithm and A* algorithm normally. The last three algorithms’ differences in 

completion time do not exceed 10%. GA is a little better than Min-min because we use Min-

min algorithm to seed in GA algorithm. In the last three algorithms, Min-min algorithm is the 

fastest algorithm, GA is the second, and A* is the slowest. 
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3. Parallel Network Simulation Scheduling Algorithm Oriented Towards 
Multitask 

According to the protocol specification of Mainline DHT, during the process of on 

the large-scale network simulation platform, the task’s input time and scale is uncertain, 

and one or more tasks may arrive at a time. Therefore, we choose batch mode 

scheduling strategy in dynamic scheduling algorithm as our scheduling strategy. 

According to the characteristics of network simulation, we choose to improve on the 

basis of Min-min algorithm. Through improving the single valued mapping between 

tasks and the computing nodes in the Min-min algorithm into multivalued mapping, we 

proposed a novel multi-task network simulation algorithm based on multivalued 

mapping which is called MTNS-Min-min (Multi-task Network Simulation Min-min). 

 

3.1 The algorithm idea 

Our algorithm is based on some assumptions. Firstly, we should have mastered m  

parallel network simulation partition algorithms oriented towards single task. Secondly, 

the runtime of each simulation task is far greater than parallel partition time of 

simulation task. Finally, for each task, we can predict possible consumption time of m 

algorithms separately in the complex computing environment. Prediction method can be 

found in literature [8] that we wrote. 

During the parallel network simulation, the consumption of each task consists of two parts, 

the runtime and resource occupied. The main idea of this algorithm is assigning priorities to 

the simulation task with the least runtime and resource degradation when scheduling the 

queue of simulation tasks. In batch mode, it collects the tasks and form a task set instead of 

mapping the simulation task to the machine immediately, and the task set will be mapped 

concentratedly after the arrival of mapping event. The independent task set is called meta-task. 

Under the influence of m partition algorithms 0 1 1{ , , , }mP s s s 
, the mission of our 

algorithm is mapping the S  tasks 0 1 1{ , , , }v SM t t t 
of meta-task vM  to n  hosts 

0 1 1{ , , , }nH m m m 
 in a reasonable way. 

We define the following parameters for a certain task it  in meta-task. 

ib
: the starting execution time of task it ; 

jd
: the expectant time that machine jm

 has finished all the tasks assigned to it and has 

begun to execute another task; 

ikET
 (expectant execution time): the expectant execution time of task it after the partition 

of partition algorithm ks
; 

ikER
(expectant execution resource): the expectant resource occupied by task it after the 

partition of partition algorithm ks
; 
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ikCT
 (expectant completion time): the expectant completion time of task it after the 

partition of partition algorithm ks
, and ik i ikCT b ET  ; 

The MTNS-Min-min scheduling algorithm is shown as follows: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
1. For each task of meta-task, we separately partition it according to the algorithms of the 

partition algorithm set. We should know that the computer resources here are just those 

unallocated resources. If task it  can not find suitable computer resources through partition 

algorithm ks
, ikET  and ikER

 are assigned to NOP. 

2. Analyse each task in turn and predict the completion time of the task. After considering 

the expectant completion time and dissipative resources of all the tasks, we need to choose the 

task with the least execution time and resource consumption and label the machines occupied 

by it. The algorithm won’t stop until all meta-tasks are mapped to specified machines or all 

machines are assigned. 

3. Parallelly simulate all assigned tasks, and wait for the next mapping event. 

4. Repeat above processes until the task queue is empty. 

Suppose the average time complexity of partition algorithm is PARTO . For partition algorithm 

MTNS-Min-min, only one task can be assigned in each loop, consequently the average time 

complexity of the algorithm is 
   SO S 1 O S 2 O O O(S S O )PARKT PARKT PARKT PARKT PARKT       

, 

which is 
2S  times more than the time complexity of the partition algorithm. S is the number 

of simulation tasks in the meta-task. 

To improve the execution efficiency of MTNS-Min-min, there will be another machine 

that will run constantly to execute the partition algorithm for each arrived task during the 

implementation of the algorithm. 

 

do until all tasks in vM
 are mapped or all machines are marked 

for each task it  in meta-task vM
 

for each single task partition algorithm ks
 in partition algorithm set P  

compute ikET
 and ikER

 in unmarked machines; 

for each task it  in vM
 

ikET
 set the predicted run-time through BPnet in all machines of ikER

; 

maxb
 set the maximum of jd

 in all machine jm
 in ikER

; 

ikik ETbCT  max   

find the task lt with the shortest completion time and the least resources; 

assign task lt  to the machines in lkER
; 

delete task lt from vM
; 

for each machines jm
 in lkER

 

update jd
 and mark machine jm

; 

end do 
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4. Weighting method for the simulation time and resource consumption  

Now we introduce several details of the MTNS-Min-min partitioning algorithm. 

Firstly, MTNS-Min-min partition algorithm has mentioned that it will choose to execute 

the task which takes the least execution time and the minimum computer resources. Execution 

time can be expressed by array ikCT , but how to express computer resources is not clear. In 

addition, the task which takes the least time may not consume the minimum resources. When 

the two conditions couldn’t be established in the same task, how do we schedule the tasks? 

Secondly, meta-task is thus task that will be mapped after each predefined mapping event. 

Mapping event is defined mainly by two strategies: regular time intervals strategy and fixed 

task-counting strategy. Which strategy should be chosen? 

These problems will be explained in the rest of this paper. 

 

4.1 The Description of Computational Resource  

On the parallel network simulation, a big simulative topology is divided into several 

parts, and every part is processed by a computing node. The division is a process to 

divide some links. However, the flow on these links need to be simulated through 

computer communication, which will result in the problem of telecommunication 

consumption that doesn’t need to be taken into account in stand -alone network 

simulation. So, for parallel network simulation application, the processing ability of a 

computer comC  can be abstracted to two parts, the computing power and communicating 

ability. The definitions are as follows: 

compC
: The computing power of a computer; 

commC
: The communicating ability of a computer; 

( , )com comp commC f C C
; 

For the value of compC
 and commC , we use a set of benchmark to test. The simulation topology 

of test task is the classical dumbbell topological structure. 

To calculate the value of compC
, in this article we will give n  single simulation tasks in 

order of the number of nodes to do the test. The request is that the flow of simulation tasks is 

consistent and the number of simulation nodes increases according to the proportion. 

Assume that the sequence of given stimulation missions is 1 nw w
 and the time 

sequence is 1 nt t
, then do a linear fit and calculate compC

 with Least-Squares algorithm. The 

compC
should make the formula 

2

1

( )
n

i comp i

i

w I t


 
get its minimum [7]. Figure 1 shows the linear fit 

result focusing on a computer’s computing ability, and finally we get the value compC
 = 7.6011. 
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Figure 1. The linear fit effect of computing ability 
 

 

 

Figure 2: The linear fit effect of communicating ability 
 

The process of calculating commC  is similar to that of compC
. Let a server complete the task of 

sending and receiving n  data packets, with the constraint that the amount of sending packets 

increases in proportion. Then do a linear fit and calculate commC  with Least-Squares algorithm. 

Figure 2 shows the linear fit effect of the computer’s communicating ability. The figure 

shows that the computer’s network card is not stable enough, but it generally presents a linear 

relationship. Finally we can compute the value of commC , commC
 = 2.099E+3. 

As all the servers are in interconnections mode in the experiment environment, it’s obvious 

that network transmission has little influence on the communication. The communicating 

ability of every computer doesn’t have much difference, then communicating ability will be 

ignored and only computing ability will be taken into account in the description of the 

computer resources in this paper. 
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4.2 Weighting method for the simulation time and resource consumption based on 

benchmark 

Simulation time of a task can be obtained from costT  predicted by the BP network. Resource 

degradation can be obtained from comC
 mentioned above. If this task is executed parallelly on 

n  servers, then 

 cos cosmax( ) 0
it tT T i n  

                                  (1) 

1

0

0
i

n

com com

i

C C i n




  
                                  (2) 

Finally, the task that will be called should be the one which costs the least time and 

resources. Obviously, the judgement is determined by two parameters together costW
 and comW . 

In formula 3, costW  stands for the weight of simulation time and comW  stands for the weight of 

resource consumption. 

cos cos* *total t t com comW T W C W 
                     (3) 

We will discuss how to determine the value of the weight. The main idea of this paper is to 

start from the separate analyses of each condition and find the impact factor of each condition 

on the simulation results, then we can determine the weight of the simulation time and the 

resource consumption according to the value of the impact factors. 

For the acquisition of the impact factor, we use a series of benchmark tasks to test. The 

size of task distributes between dozens and thousands, as tasks of this scale can achieve better 

testing purpose and can be executed within suitable time. The topology of benchmark tasks is 

still the dumbbell topological structure, but the number of network nodes and simulation 

application set time are set differently. 

We select 10 task groups, and each task group has 5 tasks. As the number of tasks is small, 

it is easy to calculate the optimal scheduling order of tasks in each group. First, use MTNS-

Min-min scheduling algorithm, we change the judgment condition and execute the task with 

least execution time preferentially to get the results. Second, we change the judgment 

condition and execute the task with least resource consumption preferentially to get the 

results, too. The results are shown in Table 1 (at the end of this paper). Impact factors in the 

table can be computed through formulas below: 

 

Best scheduling time

Scheduling time by the time
costIF 

                                (4) 

Best scheduling time

Scheduling time order by the resource consumption
comIF 

       (5) 
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Table 1. Impact factor of simulation time and resource consumption 

Task 

group 

ID 

Best 

schedulin

g order 

Schedulin

g order 

by the 

time 

Scheduli

ng order 

by the 

resource 

consump

tion 

Best 

executi

on time 

Executi

on time 

by the 

time 

Execution 

time on 

resource 

consumption 

Time 

factor 

Cost 

factor 

1 2-4-1-3-5 2-3-1-4-5 2-1-3-4-5 451.36 465.24 555.31 0.97 0.81 

2 1-2-3-5-4 1-2-5-4-3 1-2-5-4-3 487.98 521.37 627.58 0.94 0.78 

3 4-1-2-5-3 1-2-4-5-3 2-1-4-5-3 425.46 487.21 599.17 0.87 0.71 

4 2-1-4-3-5 2-1-4-3-5 2-1-4-3-5 542.35 542.35 542.35 1.00 1.00 

5 2-4-1-5-3 4-2-1-5-3 4-2-1-3-5 415.24 455.76 559.67 0.91 0.74 

6 3-2-1-4-5 2-1-3-5-4 2-3-4-1-5 476.21 498.47 621.63 0.96 0.77 

7 2-5-4-1-3 3-2-4-1-5 2-4-1-5-3 477.28 516.57 566.43 0.92 0.84 

8 1-2-4-5-3 1-3-4-2-5 1-4-2-5-3 515.75 588.34 556.64 0.88 0.93 

9 2-1-4-5-3 2-4-1-5-3 1-4-2-5-3 474.57 517.34 634.15 0.92 0.75 

10 1-4-2-5-3 2-1-4-5-3 2-1-4-3-5 537.14 575.24 629.24 0.93 0.85 
 

 

Table 1 shows the time relationship between time scheduling, resource scheduling and 

optimal scheduling, after the benchmark task tests. We can see that time cost of resource 

scheduling is larger than that of time scheduling. 

Impact factors on the table are averaged separately: 

cos

1

1
i

n

cost t

i

W IF
n


                                            (6) 

1

1
i

n

com com

i

W IF
n


                                      (7) 

 

Then we can calculate the value of the weight: 

costW
=0.93, comW

=0.82 

After a series of Benchmark task testing, we can calculate weight of the simulation time 

and resource consumption by weighting and averaging the values. We can directly use the 

two weights in the following experiments. 

 

4.3 Triggering algorithm of mapping  

Now it is reasonable to discuss when and under what conditions should we start this 

algorithm. 

In the first place, if we do not have a spare computer, it is meaningless to start mapping, 

because even if the algorithm has already begun, it can not enter while unless being mapped.   

Then, if there are few tasks in meta-task, when all the tasks are mapped, there might still 

exist spare computers, which may result in the waste of computing resources. Because these 

javascript:LinkNextNbest('the%20optimal%20schedule',1);
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spare computers will be idle before next mapping. This paper sets the minimum tasks in meta-

task as | |H  which is as same as the number of computers. Under extreme conditions, one 

computer matches one task, that is, all the tasks are finished by stand-alone network 

simulation. Thus, if the number of tasks in meta-task is not smaller than that of the computers, 

there will be no spare computers.       

What’s more, if there are spare computers, won’t we start mapping only because of a small 

number of tasks in meta-task? It is unreasonable not to start if there will never be a new task, 

because this may take too long time to finish the tasks. Our way to solve it is setting a Max 

Wait Time (MWT). If time is up, we will start mapping no matter if the number of tasks in 

meta-task has achieved the minimum. 

So, triggering algorithm of mapping should meet two conditions: (1) there are spare 

computers. (2) a number of tasks in meta-task is equal to or larger than that of the computers, 

or it has reached MWT. This is the triggering algorithm of mapping: 

 

 

 

 

 

 

 

 

 

 

 
About the set of MWT, we adopt the method of Benchmark based similar to what is 

mentioned in last part, which is to test a group of base tasks. Avoiding repetition, we only 

offer the time set instead of the whole process, that is, MWT=600s, which equals to the time 

cost in finishing a 5000-node simulation task. 

 

5. The experimental design and result analysis 

We will do series of experiments to verify whether the MTNS-Min-min scheduling 

algorithm can improve the efficiency of the implementation platform and reduce the 

simulation execution time in the large-scale network simulation platform. 

The input is an array aimed to simulating topology tasks, and each group of tasks execute 

the simulation separately. The experiment is divided into two parts. One part is a reference 

experiment. Every single simulation task partition algorithm executes once according to the 

order of arrival, then we complete the simulation of this group of input tasks and record the 

data. The other part is the MTNS-Min-min experiment, and we use MTNS-Min-min 

scheduling algorithm to complete this group’s simulation and record the data. Finally, we 

analyze the results of the two parts. 

 

while (1)  

   if there are no free machines in H  then goto next; 

else  

 start static record_time; 

 if record_time >= MWT then  

clear record_time; 

call MTNS-Min-min to map; 

else if 
| |vM

 >= | |H  then  

clear record_time; 

call MTNS-Min-min to map; 

 else goto next; 

next: 

sleep 5; 

end while 
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5.1 Experimental environment 

The physical environment of this experiment includes 5 servers interconnected by 100Mb 

exchange network. Table 2 lists the 5 servers’ CPU, memory and processing capacity in detail. 

The single simulation task partition algorithms adopted in the experiments is BencHMAP 

[9] of Georgia Institute of Technology and TPM [10] of Harbin Institute of Technology.  We 

prepared 10 groups of simulation tasks. As shown in Table 3, the topology scale of every 

group’s mission distributes from several nodes to thousands of nodes, in this way the 

experiment could be completed in several hours. Due to the limited space, only list one group 

of data here. The results are shown in the following table, the task ID is its order of arrival. 

The first four topologies are the test topologies provided by the official website of Autopart, 

and the others are generated automatically by the tool developed by the author. 

 

Table 2. Experimental physical environment 

 
 

Table 3. Experiment input topology 

 
 

5.2. Experiment results 

Figure 3 is the parallel simulation results of BecHMAP algorithm and scheduling 

according to the arrival time of tasks. Figure 4 is the parallel simulation results of TPM 

algorithm and scheduling according to the arrival time of tasks. Figure 5 is the parallel 

simulation results of MTNS-Min-min algorithm proposed by us and using BecHMAP and 

TPM to partition. The experimental result of this group suggests that the MTNS-Min-min 

scheduling algorithm is 282.15s faster than the BencHMAP-based algorithm and 361.65s 

faster than the TPM-based algorithm. 

Experiments on the remaining 9 groups have been done and the results are shown in Figure 

6. From the results of ten groups of experiment, the first two methods’ performance is greatly 

influenced by the arrival order of tasks, in addition, BencHMAP scheduling algorithm is a 

little better than TPM. MTNS-Min-min is much better than both methods, and the 

performance has been improved 19.6% and 22.4% separately. 
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Figure 3. Parallel simulation result based on BencHMAP 
 

 

 

Figure 4. Parallel simulation result based on TPM 

 

 

 

Figure 5. Parallel simulation result based on MTNS-Min-min 
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Figure 6. Comparison of different scheduling algorithm 
 

6. Conclusion 

In summary, we have improved the classical Min-min algorithm and proposed the 

multi-task simulation scheduling algorithm which is called MTNS-Min-min. Focusing 

on how to ensure the simulation time, the resource consumption, and trigger mapping 

events, we provide detailed solutions. It not only supports the single simulation task 

partition algorithm based on a homogeneous partition, but also supports the single 

simulation task partition algorithm based on a isomerism partition. Therefore, MTNS-

Min-min is also suitable to complex computing environment. The experiment results 

indicate that this algorithm can make the performance of simulation platform increase 

by 20%. 
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