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Abstract 

Scientific workflow scheduling problem is a combinatorial optimization problem. In 

the real application, the scientific workflow generally has thousands of task nodes. 

Scheduling large-scale workflow has huge computational overhead. In this paper, a 

parallel algorithm for scientific workflow scheduling is proposed so that the computing 

speed can be improved greatly. Our method used ant colony optimization approaches on 

the GPU. Thousands of GPU threads can parallel construct solutions. The parallel ant 

colony algorithm for workflow scheduling was implemented with CUDA C language. 

Scheduling problem instances with different scales were tested both in our parallel 

algorithm and CPU sequential algorithm. The experimental results on NVIDIA Tesla 

M2070 GPU show that our implementation for 1000 task nodes runs in 5 seconds, while a 

conventional sequential algorithm implementation runs in 104 seconds on Intel Xeon 

X5650 CPU. Thus, our GPU-based parallel algorithm implementation attains a speed-up 

factor of 20.7. 

 

Keywords: workflow scheduling, ant colony optimization, parallel computing, GPU 
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1. Introduction 

Graphic Processing Unit (GPU) was proposed by NVIDIA Inc. in 1999. GPU contains 

several independent computing units and many processing cores that can make 2D and 

3D rendering. GPU, essentially a parallel processor, due to its great float computing 

ability, is designed to do graphics rendering and general-purpose computing in its 

architecture. GPU has become a new computing paradigm and been largely used in high 

performance computing (HPC). GPU has been widely used in areas such as astronomy, 

molecular dynamics, hydromechanics, image processing, signal processing, pattern 

recognition, data processing in oil prospecting and cryptography. Generally, program 

based on GPU acceleration is faster than that of CPU based one with several times.  

Ant colony optimization (ACO) algorithm [1-2] was initially proposed by Marco 

Dorigo in 1992, and it works well when solving combination optimization problems [3]. 

Parallel ant colony algorithm is a kind of ant colony algorithm designed to run over 

parallel hardware. Due to the intensive computation of large scale optimization problems, 

parallel hardware is needed to finish computation timely. Currently, parallel ant colony 

optimization algorithm includes: cluster and MPI based parallel algorithm [4], multi-core 

CPU and OpenMP based parallel algorithm [5], GPU and CUDA based parallel algorithm 

[6-9]. 

Scientific workflow scheduling problem is a combinatorial optimization problem. 

Benedict et al. solved the scheduling of scientific workflows using Niched Pareto Genetic 

Algorithm (NPGA) [10]. Jia Yu et al. presented a genetic algorithm approach to address 

scheduling optimization problems in workflow applications, based on two QoS 

constraints, deadline and budget [11-12]. Wieczorek et al. solved bi-criteria scheduling of 
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scientific workflows for the grid [13]. Plankensteiner et al. proposed a dynamic execution 

and scheduling heuristic capable of scheduling workflow applications with a high degree 

of fault tolerance [14]. These methods and algorithms are sequential computing methods. 

When the scale of workflow becomes larger, scheduling computational overhead becomes 

larger. So it is necessary to introduce parallel optimization algorithms to solve large-scale 

scientific workflow problems.  

In this paper, we propose a workflow scheduling algorithm based on GPU accelerated 

parallel ant colony optimization algorithm. Due to the speedup of GPU based 

computation is generally several times faster than that of CPU, we choose GPU as our 

computing device. Further, we choose ant colony optimization algorithm and its parallel 

form to solve scientific workflow problems. We have implemented our parallel algorithm 

using CUDA [15-16] and tested our code in NVIDIA Tesla M2070. The GPU 

implementation attains a speed-up factor of 5.8~20.7 over the conventional CPU 

implementation for problems with different scale. 

This paper is organized as follows: in section II, we describe the scientific workflow 

scheduling problem and its mathematic model; in section III, we present GPU-based 

parallel ant colony optimization algorithm and its implementation details; in section IV, 

we present experimental analysis of the proposed algorithm; finally, we conclude our 

work in section V. 

 

2. Problem Description 

All printed scientific workflow model is described with no loop directed 

graph ,  D A G V E   , where node in the graph denotes task nodes of the workflow, 

edge denotes relationship between tasks. The i-th task is denoted as 
i

T  (1 i N  ). 

If task 
j

T  depends on task
i

T , then there is an edge between 
i

T  and
j

T , denoted 

as ,i j E   . 
j

T  can only be executed after 
i

T  finishes execution. 
i

T 's predecessor 

tasks are denoted as ( )
i

p red T  and its successive tasks are denoted as ( )
i

su cc T . 

Suppose the workflow begins from task
1

T , thus 
1

( )p red T    (because there is no 

task before
1

T ). When the workflow stops at task
N

T , ( )
N

Tsu cc   . For a task
i

T , 

suppose there exist 
i

M  candidate computing resource service to be allocated to run 

task
i

T . Denote the candidate computing resource service as 
ik

S (1
i

k M  ), and 

suppose one task can only choose one computing resource service. Let the makespan 

of task 
i

T  executed over 
ik

S  be 
ik

t  and the cost of task 
i

T  executed over 
ik

S  be 
ik

c . 

Suppose decision variables of the workflow scheduling problem are
ik

x , if task 
i

T  is 

allocated with computing resource
ik

S , then 1
ik

x  , otherwise 0
ik

x  . 

The overall makespan of the workflow is determined by its each task completion 

time and the topology of the DAG. Let 
i

t  be the time to complete task
i

T , so 
N

t  is 

the makespan of the whole workflow. The scheduling problem is to map every 
i

T  

onto some 
ik

S  to achieve a minimum execution cost and also complete the 

workflow execution within the deadline D . The mathematical description of 

scientific workflow scheduling problem is as follows:  
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1

1

i
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k
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
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{0 ,1}
ik

x        i=1, 2,…, N; j=1,2,…, 
i

M                      (6) 

Formula (1) is the objective function of the problem, i.e., the total cost of 

scientific workflow; the total cost is the sum of each task’s cost.  

Formula (2) represents the timing constraint relationship between tasks, task 
j

T  

can only begin after the completion of 
i

T , 
i

T  belongs to the predecessor task set of 

j
T , i.e., ( )

i j
T p re d T . The start time of 

j
T  is 

1

M j

j jk jk

k

t t x



   . 

Formula (3) represents that the completion time of each task node is non-negative, 

and formula (4) represents that the total time of the workflow (makespan) meets the 

deadline constraints.  

Formula (5) represents that each task node can only select one candidate 

computing resource.  

Formula (6) describes that the problem decision variables 
ik

x  are boolean 

variables. 

 

3. The Design and GPU Implementation of Parallel Ant Colony 

Algorithm 

In this section, we will introduce ant colony optimization algorithm for scientific 

workflow scheduling problem and its GPU-based parallel implementation in detail.  

 

3.1. Algorithm for Scientific Workflow Scheduling 

The algorithm consists of three parts: data initialization, solution construction and 

pheromone update. It is a continuously iterative process which includes building the 

solution and updating the pheromone.   

Data initialization includes: pheromone matrix initialization, heuristic 

information matrix initialization, random number generator  initialization, and other 

related auxiliary variable initialization. Each element of the pheromone matrix is 

initialized to
0

 , regarded as the algorithm parameter, and its value is specified by 

user. Each element of the Heuristic information matrix is initialized to1 ( )
ik ik

c t . It is 

used to guide the ants to choose computing resources with the low cost and short 

execution time in the solution construction. The random number generator generally 

initializes the random number seed, because the ants are ultimately driven by the 

random number when building the solution. If the random number seed is not set, 
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the runtime system will use the default seed, this will cause the  same results of 

algorithm in each run, thus there is no statistical significance in the multiple runs. 

The construction of the solution is the core part of the algorithm, in each round 

iteration, there are several ants to build the solution of the problem parallel. Here, 

the solution of the problem is an allocation scheme of a workflow task and 

computing resources, expressed as the vector X = (
1

x ,
2

x , ..., 
N

x ), 
i

x k  means 

that computing resources 
ik

S  are allocated for the task 
i

T . Building solution is the 

process that ants select the computing resources 
ik

S  for the task
i

T .  For a workflow 

network with N tasks, it needs N times selection in total. In each selection, the ant 

selection are uncertain, but  according to the specific distribution law or heuristics 

based on selection probability, this is the node selection rules of ants, node selection 

rules are described in detail in section 3.2. 

An important aspect of the algorithm is the pheromone updating, including local 

pheromone updating and global pheromone updating. Local ant pheromone updating 

is in the process of constructing the solution, and the global pheromone updating is 

iteratively performed in each round. Pheromone update aims to realize the ant 

positive feedback in solution searching space, i.e. after an excellent solution to be 

found, the subsequent possibility that ants choose this solution will increase. 

Pheromone update rule is described in detail in section 3.3. 

The input of the algorithm includes: the directed graph matrix of a scientific 

workflow, computing resource cost matrix, computing resource time-consuming 

matrix and workflow deadline. The output of the algorithm includes: the best 

allocation scheme found by the algorithm and its objective function value. 

Algorithm pseudo-code is as follows: 

 

Pseudo code of the algorithm: 

Algorithm ACO_for_ workflow_scheduling 

input DAG[N][N]  // matrix of workflow DAG 

input C[N][M]       // matrix of cost 

input T[N][M]       // matrix of time 

input D                  // deadline of workflow 

begin 

Initialize pheromone matrix 

Initialize heuristic information matrix 

Initialize random generator 

best_value := +∞ 

best_solution:=   

 

for ( i:=1;  i<=nc;  i++) 

for ( r:=1; r <= R; r++) 

       solution[r] = ant_create_solution( ) 

       c := cost of solution[r] 

       t := total time of solution[r] 

       if ( t > D )  

            c:=c+1000000   

       end-if 

       if ( c < best_value ) 

            best_value:=c 

            best_solution:= solution[r] 

       end-if 

    end-for 

    Update pheromone 
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end-for 

output  best_value , best_solution 

end. 

 

Pseudo code of ant colony generated solution: 

procedure  ant_create_solution( ) 

begin 

solution:=   

for ( i:=1;  i<=N;  i++ ) 

Choose node k according to the node selection rule 

solution:= solution∪{<i,k>} 

Update local pheromone 

end-for      

return  solution 

end. 

 

The time complexity of the algorithm is ( )O n c R N M   , where n c  is the iteration 

times, R  is the number of ants, N  is the number of tasks and { }
i

M m a x M . 

 

3.2. Node Selection Rules  

In this section, we will introduce the node selection rules.  

Suppose q   is a random number with uniform distribution over [0, 1], 
0

q  

(
0

0 1q  ) is a parameter. When
0

q q , ant selects ordered pair  ,   i k   

according to empirical knowledge:  

 

( )

a rg { m a x [ ( ) ]}
iu iuu a llo w e d t

k t





                                                    (7) 

 

When 0q q , ant select ordered pair  ,   i k   according to the following 

probability equation: 

 

( )

( )

( )

( )( i , k , t)

ik ik

ik ik
u a llo w e d t

t

a l lo w e d t

t

o th e r w is e

P












 


 








　 k

　　 　 　 　 　 　 　 　０

                               (8) 

where i is the current task number, k is the computing resource number allocated 

to task 
i

T , ( t )
ik

  is the pheromone corresponding to ordered pair  ,   i k  , 

0
( t )

ik
   (

0
  is the initial value of the pheromone), 

ik
  is the heuristic information 

of  ,   i k  . In our algorithm, 1 ( )
ik ik ik

c t  , β is the weight of heuristic 

information, and allowed(t) is the set of available computing resources.  

 

3.3. Pheromone Update Rule 

Pheromone update rules include two kinds–the local and global. For local 

pheromone update rules, when the ant has selected an ordered pair  ,   i k  , it 

updates the pheromone as follows:     

 

0
( 1) (1 - ) ( )

ik ik
t t                                               (9) 
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Where   ( 0 1  ) is the evaporation factor of the local update rule. 

Global pheromone update is done after one iteration as: 

 

       ( ) (1 - ) ( )
ik ik

t m t                                             (10) 

 

1 / _ , _

0

b e s t v a lu e i k b e s t s o lu tio n

o th e r w is e


 
  



　 　

　 　 　 　 　 　
                                (11) 

Where   ( 0 1  ) is the evaporation factor of the global update rule, 

best_solution is the global optimal solution until the current iteration, and 

best_value is the corresponding objective function value. 

 

3.4. GPU-based Algorithm Implementation 

    The algorithm is implemented in three parts: initialization, constructing 

problem solution and pheromone matrix update. The initialization part is executed 

by CPU and the other two parts are executed by GPU. The construction of problem 

solution consists of four kernel functions: ant_create_solution, evalue_total_time, 

evalue_cost and select_node. Pheromone matrix update has two kernel functions: 

loacl_update and global_update. Here we introduce 6 kernel functions as follows.    

    Kernel function ant_create_solution simulates an ant to get solution of the 

problem, which is stated with keyword __global__ and called from the host code. 

When solving the problem, ant_create_solution function triggers several threads to 

run over GPU to search the solution space in parallel. Kernel function 

ant_create_solution is a loop with N steps (N is the task number in the workflow). 

In the loop, one of the candidate services of the i-th task is selected and added into 

the solution space. When the solution space is constructed, the execution time of the 

workflow is evaluated. If the time requirement is satisfied, the solution vector is 

returned; otherwise the solution vector is abandoned. ant_create_solution function 

will call select_node and evalue_total_time functions. 

    Kernel function select_node, evalue_total_time, evalue_cost, local_update and 

global_update are stated with keywords __device__ and called by the kernel 

function ant_create_solution. 

Kernel function select_node selects a computing resource service from the 

candidate resources, and this kernel is the implementation of the node selection rule 

with roulette wheel method. This method is essentially to generate discrete random 

variables satisfying equation (8).   

    Kernel function evalue_total_time computes the overall makespan of the 

workflow. This function searches DAG of the workflow based on breadth-first 

search method, and computes 
N

t  of the terminal node.  

    Kernel function evalue_cost computes the total cost of the workflow. When the 

makespan of the workflow is greater than deadline D , it means that the solution is 

unfeasible, so the function will add a very big number into the cost.  

Kernel function local_update updates local pheromone according formula (9), 

and ant generating a solution needs to call this function and the pheromone of the 

corresponding solution is updated accordingly.   

    Kernel function global_update updates the global pheromone according to 

formula (10) and (11). This function is executed only once during one iteration and 

updates pheromone with the optimal solution. 

    Besides the above functions, there are some auxiliary functions in the 

algorithm, and we omit their description here. 
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4. Performance Evaluation 
 

4.1. Experimental Settings 

To verify the performance and speedup of the proposed GPU-based parallel ant 

colony optimization algorithm, we use CUDA C to implement the algorithm and 

compare it with a CPU-based sequential algorithm. 

The hardware used in the experiment is: NVIDIA Tesla M2070 GPU with 14 SM 

units, each SM unit with 32 CUDA cores (so there are 448 cores totally), 6GB 

device memory. Theoretically, the floating performance with single precision of the 

GPU is 1.8TFlops. We used Intel Xeon X5650 CPU running in 2.66GHz to run the 

CPU-based sequential ant colony optimization algorithm for scientific workflow 

scheduling.  

Software used in our experiment is: Red Hat Enterprise Linux 5.4 X86_64, 

CUDA ToolKit 4.2 and GNU g++ compiler. 

The parameters of the algorithm are listed in Table 1.  

Table 1.  Algorithm’s Parameters 

Parameter Value 

β 1 

ρ 0.2 

γ 0.2 

τ0 0.01 

q0 0.1 

 

To test the performance of the algorithm, we experimented over 3 problems with 

different scales. For the three instances, the number of workflow task nodes is 

N=12, N=100 and N=1000 respectively, and randomly generated workflow 

networks are utilized in the instances with N=100 and N=1000. There are 10 

candidate services for each workflow task node. Workflow deadlines of the three 

problems are D=30, D=150 and D=400 respectively. The problem instances are 

listed in Table 2. 

Table 2.  Problem Instances 

No.  N M D 

#1 12 10 30 

#2 100 10 150 

#3 1000 10 400 

 

4.2. Experimental Results 

In our performance evaluation process, parallel and sequential algorithms are all 

executed 100 times, and the results are the average value of the 100 times execution 

of the two algorithms. 
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The performance comparison of our parallel algorithm with the sequential one is 

listed in Table 3. The objective function value is the smaller the better, and the 

makespan of workflow should meet the deadline constraints. 

Table 3.  Algorithm Performance Comparison 

Proble

m 

instances 

Sequential   algorithm Parallel   algorithm 

Objective Makespan Objective Makespan 

#1 53.0 30.0 56.2 29.5 

#2 408.2 143.6 283.6 148.6 

#3 4759.8 388.6 4082.8 394.4 

When there are 1000 tasks in scientific workflow, i.e., N=1000, the best cost of 

workflow found by sequential algorithm and parallel algorithm are 4880.14 and 

4214.28 respectively. When N=100, their best cost are 421.69 and 371.41 

respectively. But in small scale problem instances, i.e., N=12, the cost found by 

parallel algorithm is bigger than that of the sequential one. We will improve our 

algorithm performance for small scale problems in future work. 

Time consumption comparison of these two algorithms are listed in Table 4. The 

speed-up factor is defined as the ratio of sequential to parallel algorithm running 

time.  

Table 4.  Time Consumption Comparison 

 

Problem 

instances 

Running Time 

(Sequential algorithm) 

Running Time 

(Parallel algorithm) 
Speed-up 

#1 20.50ms 3.51ms 5.8 

#2 306.87ms 51.83ms 5.9 

#3 104.082 sec 5.018 sec 20.7 

From the experimental results, we can see that for large scale workflow 

scheduling problems, GPU-based parallel ant colony optimization performs better 

than CPU-based sequential algorithm and has great speedup (the solution precision 

is also guaranteed). 

 

5. Conclusions 

In the real application, the scientific workflow generally has thousands of task 

nodes. As the problem scale is huge, there are many feasible solutions in the 

solution space making computation intensive. The commonly used sequential 

optimization algorithm needs long time to obtain the optimal solution making it 

infeasible for practical scientific workflow scheduling. To speed up the problem 

solving, we propose GPU based parallel ant colony optimization algorithm. 

Scientific workflow scheduling is a kind of combination optimization problem, and 

ant colony optimization algorithm works well for combination optimization 

problems, performance of GPU based parallel algorithm is overwhelming compared 

with CPU-based algorithms, so GPU-based parallel ant colony optimization 

algorithm has great advantage to solve scientific workflow scheduling problems. 

Our proposed algorithm is implemented with CUDA C and compared with 
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sequential algorithm. Experimental results show that our parallel algorithm obtain 

the same solution compared with sequential algorithm, but the speedup is great, 

about 5.8 times to 20.7 times speedups. 
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