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a b s t r a c t

In this paper we give some extensive benchmark results for some dynamic priority cluster-
ing algorithms for homogeneous multiprocessor environments. By dynamic priority we
mean a priority function that can change with every step of the algorithm. Using dynamic
priority can give us more flexibility as compared to static priority algorithms. Our objective
in this paper is to compare the dynamic priority algorithms with some well known algo-
rithms from the literature and discuss their strengths and weaknesses. For our study we
have selected two recently proposed dynamic priority algorithms: CPPS (Cluster Pair Priority
Scheduling algorithm) having complexity OðjV jjEjðjV j þ jEjÞÞ and DCCL (Dynamic Computation
Communication Load scheduling algorithm) having complexity OðjV j2ðjV j þ jEjÞlogðjV j þ jEjÞÞ
where jV j is the number of nodes in the task graph, and jEj is the number of edges in the task
graph. We have selected a recently proposed randomized algorithm with static priority
(RCCL: Randomized Computation Communication Load scheduling algorithm) and converted
it into a dynamic priority algorithm: RDCC (Randomized Dynamic Computation Communica-
tion load scheduling algorithm) having complexity OðabjV jðjV j þ jEjÞlogðjV j þ jEjÞÞ where a is
the number of randomization steps, and b is a limit on the number of clusters formed. We
have also selected three well known algorithms from literature: DSC (Dominant Sequence
Clustering algorithm) having complexity OððjV j þ jEjÞlogðjV jÞÞ, EZ (Edge Zeroing algorithm)
having complexity OðjEjðjV j þ jEjÞÞ, and LC (Linear Clustering algorithm) having complexity
OðjV jðjV j þ jEjÞÞ. We have compared these algorithms using various comparison parameters
including some statistical parameters, and also using various types of task graphs including
some synthetic and real task graphs. Our results show that the dynamic priority algorithms
give best results for the case of random task graphs, and for the case when the number of
available processors are small.

� 2012 Elsevier Inc. All rights reserved.
1. Introduction

A parallel system is designed so that it can execute the applications faster than a sequential system. For this we need to
parallelize the program. The three steps involved in the parallelization of a program [1] are: task decomposition, dependence
analysis, and scheduling. By scheduling we mean both the temporal allocation (assigning a start time to the task) and the
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spatial allocation (assigning a processor to the task). The tasks are allocated on different processors to exploit the parallelism
so that the parallel execution time of the tasks can be reduced.

A dependence relation among the tasks is represented as a directed acyclic graph, also known as the task graph. Nodes in
the task graph represent the tasks and have a weight associated with them that represents the running time of the task.
Edges in the task graph represent the dependence relation among the tasks and have a weight associated with them that
represents the communication time among the tasks.

The problem of finding a schedule for a given task graph on a given set of processors that takes minimum time is NP-Com-
plete [2, 3].

A fundamental scheduling heuristic is called the list scheduling heuristic. In list scheduling, first we assign a priority
scheme to the tasks. Then we sort the tasks according to the priority scheme, while respecting the precedence constraints
of the tasks. Finally each task is successively scheduled on a processor chosen for it. Some examples of list scheduling algo-
rithms are: Adam et al. [4], Coffman and Graham [5], Graham [6], Hu [7], Kasahara and Nartia [8], Lee et al. [9], Liu [10], Wu
and Gajski [11], Yang and Gerasoulis [12].

Another fundamental scheduling heuristic is called clustering. Basically it is a scheduling technique for an unlimited num-
ber of processors. It is often proposed as an initial step in scheduling for a limited number of processors. A cluster is a set of
tasks that are scheduled on the same processor. Clustering based scheduling algorithms generally consist of three steps. The
first step finds a clustering of the task graph. The second step finds an allocation of clusters to the processors. The last step
finds a scheduling of the tasks. Some examples of clustering based scheduling algorithms are Mishra et al. [13], Yang and
Gerasoulis [14], Kim and Browne [15], Kadamuddi and Tsai [16], Sarkar [2], Hanen and Munier [17].

Several benchmarking for task scheduling algorithms are proposed in literature [18, 19, 20, 21]. In this paper we give some
extensive benchmark results for some dynamic priority clustering algorithms for homogeneous multiprocessor environ-
ments. By dynamic priority we mean a priority function that can change with every step of the algorithm. Using dynamic pri-
ority can give us more flexibility as compared to static priority algorithms. Our objective in this paper is to compare the
dynamic priority algorithms with some well known algorithms from the literature and discuss their strengths and weak-
nesses. For our study we have selected two recently proposed dynamic priority algorithms: CPPS (Cluster Pair Priority
Scheduling algorithm) [22], having complexity OðjV jjEjðjV j þ jEjÞÞ and DCCL (Dynamic Computation Communication Load sched-
uling algorithm) [23], having complexity OðjV j2ðjV j þ jEjÞlogðjV j þ jEjÞÞwhere jV j is the number of nodes in the task graph, and
jEj is the number of edges in the task graph. We have selected a recently proposed randomized algorithm with static priority
RCCL (Randomized Computation Communication Load scheduling algorithm) [24], and converted it into a dynamic priority algo-
rithm: RDCC (Randomized Dynamic Computation Communication load scheduling algorithm) having complexity OðabjV jðjV jþ
jEjÞlogðjV j þ jEjÞÞ where a is the number of randomization steps, and b is a limit on the number of clusters formed. We have
also selected three well known algorithms from literature: DSC (Dominant Sequence Clustering algorithm) [14], having com-
plexity OððjV j þ jEjÞlogðjV jÞÞ, EZ (Edge Zeroing algorithm) [2], having complexity OðjEjðjV j þ jEjÞÞ, and LC (Linear Clustering algo-
rithm) [15], having complexity OðjV jðjV j þ jEjÞÞ. We have compared these algorithms using various comparison parameters
including some statistical parameters, and also using various types of task graphs including some synthetic and real task
graphs. Our results show that the dynamic priority algorithms give best results for the case of random task graphs, and
for the case when the number of available processors are small.

The rest of the paper is organized in the following manner: Section 2 presents a description of algorithms used in the
benchmarking, Section 3 gives a description of performance evaluation parameters used, Section 4 gives a description of task
graphs used, Section 5 gives the performance results for peer set task graphs, Section 6 gives the performance results for
random task graphs, Section 7 gives the performance results for systolic array task graphs, Section 8 gives the performance
results for Gaussian elimination task graphs, Section 9 gives the performance results for divide and conquer task graphs,
Section 10 gives the performance results for fast Fourier transform task graphs, Section 11 gives the performance results
for small random task graphs with optimal solutions, and finally we conclude in Section 12.
2. A description of algorithms used in the benchmarking

2.1. The CPPS algorithm

Mishra and Tripathi [22] consider the EZ algorithm [2] for scheduling precedence constrained task graphs on parallel sys-
tems as a priority based algorithm in which the priority is assigned to edges. In this case, the priority can be taken as the edge
weight. This can be viewed as a task dependent priority function that is defined for pairs of tasks. In the CPPS algorithm [22]
this idea is extended in which the priority is a cluster dependent function of pairs of clusters (of tasks):
PcðCi;CjÞ ¼ commðCi;CjÞ þ commðCj; CiÞ � compðCiÞ � compðCjÞ; ð1Þ
where PcðCi;CjÞ is the priority function that is defined for a pair of clusters, commðCi;CjÞ is the total communication cost from
the cluster Ci to the cluster Cj; commðCj;CiÞ is the total communication cost from the cluster Cj to the cluster Ci; compðCiÞ is
the total computation cost of the cluster Ci, and compðCjÞ is the total computation cost of the cluster Cj. This can be viewed as
a dynamic priority algorithm that depends on the current allocation in each step of the algorithm. The CPPS algorithm has
complexity OðjV jjEjðjV j þ jEjÞÞ.
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2.2. The DCCL algorithm

In the DCCL algorithm [23], priority of modules is dependent on the computation and the communication times associ-
ated with the module as well as the current allocation. DCCLoad of a module is defined as follows:
DCCLoadi ¼ ðc ini þ c outiÞmi � sum ini � sum outi; ð2Þ
where,
c ini ¼
X

cluster½j�–cluster½i�;16j6n

1; ð3Þ

c outi ¼
X

cluster½i�–cluster½k�;16k6n

1; ð4Þ

sum ini ¼
X

cluster½j�–cluster½i�;16j6n

wji ð5Þ
and
sum outi ¼
X

cluster½i�–cluster½k�;16k6n

wik: ð6Þ
For calculating DCCLoadi of a module Mi, we first multiply its running time (mi) with the number of those incoming edges
from, and outgoing edges to, (c ini þ c outi) that are allocated on different clusters from Mi. Then we subtract the result by
the sum of weight of incoming edges that are allocated on different clusters (sum ini) subtracted by the sum of weight of
outgoing edges that are allocated on different clusters (sum outi).

Initially the modules are allocated in a single cluster. Modules are taken out in decreasing order of priority and the pri-
orities are recalculated. This makes it a dynamic priority algorithm. The complexity of the DCCL algorithm is OðjV j2ðjV j þ jEjÞ
logðjV j þ jEjÞÞ.
2.3. The DSC algorithm

The DSC algorithm [14] finds the critical path of the graph. The critical path is called the DS (Dominant Sequence). An edge
from the DS is used to merge its adjacent nodes, provided the parallel time reduces. After merging, a new DS is computed and
the clustering is tried again. The DSC algorithm has complexity OððjV j þ jEjÞlogðjV jÞÞ.
2.4. The EZ algorithm

The EZ algorithm [2] reduces the parallel time at each step by considering the highest cost edge. This can be viewed as a
static priority algorithm in which the priority is assigned to edges. The approach can summarized by three steps. The first
step sorts the edges of the task graph in descending order of edge costs. The second step merges the clusters connected
by the edge with the highest cost, if the parallel time does not increase. The third step repeats the second step until all edges
are examined. During the second step, if the parallel time increases for an edge, then the two nodes connected by that edge
are scheduled on separate processors. The EZ algorithm uses a level information to determine the parallel time and these
levels are computed for each step. The EZ algorithm has complexity OðjEjðjV j þ jEjÞÞ.
2.5. The LC algorithm

The LC algorithm [15] uses the CP (Critical Path) [15] information to create clusters in a parallel system. The approach can
be summarized by four steps. The first step marks all the edges in the task graph as unexamined. The second step finds the CP
composed of unexamined edges only. In the third step the nodes in the CP are clustered and all the edges incident upon the
nodes in the newly created cluster are marked as examined The fourth step repeats the second and third steps until all the
edges are examined. The LC algorithm has complexity OðjV jðjV j þ jEjÞÞ.
2.6. The RDCC algorithm

The RDCC algorithm is the dynamic priority version (using the dynamic priority function of the DCCL algorithm proposed
by Mishra et al. [23]) of the RCCL (Randomized Computation Communication Load) algorithm [24]. The RCCL algorithm is a
generalization of the CCLC (Computation Communication Load Clustering) [13] algorithm with restricted number of clusters
to reduce the complexity together with a randomization of the generalized algorithm. The RDCC algorithm has complexity
OðabjV jðjV j þ jEjÞlogðjV j þ jEjÞÞ where a is the number of randomization steps, and b is a limit on the number of clusters
formed. We have used a ¼ 100, and b ¼ 10.
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3. A description of performance evaluation parameters used

3.1. Non-statistical parameters

By non-statistical parameters we mean the parameters that consider the performance of only a single algorithm or task
graph. The CCR (Communication to Computation Ratio) [20] of a task graph is defined as the average communication cost di-
vided by the average computation cost:
Table 1
Schedu

Task

TG1
TG2
TG3
TG4
TG5
TG6
TG7
TG8
TG9

Aver

Stan
CCR ¼
X
e2E

wðeÞ=jEj
 !

=
X
v2V

wðvÞ=jV j
 !

; ð7Þ
where E is the set of edges (wðeÞ is the communication cost) and V is the set of vertices (wðvÞ is the computation cost). The
CCR of a task graph tells us whether the task graph is communication intensive (CCR > 1), computation intensive (CCR < 1),
or is a balanced task graph (CCR ¼ 1).

The NSL (Normalized Schedule Length) [20] of a schedule for a given task graph is defined as the SL (Schedule Length) di-
vided by the sum of computation costs on the CP (CP � V , Critical Path) of the task graph:
NSL ¼ SL=
X
v2CP

wðvÞ: ð8Þ
The sum of computation cost of the nodes on the CP gives a lower bound on the SL. So we have the following inequality for
the NSL:
NSL P 1: ð9Þ

Besides these parameters we also consider the number of processors used and the running time of algorithms.

3.2. Statistical parameters

By statistical parameters we mean the parameters that consider the performance of all the algorithms or task graphs un-
der consideration. The PDB (Percentage Degradation from the Best solution) [20], for SL’s generated by an algorithm A � G for a
given group G of algorithms and a given task graph is defined as the percentage degradation from the least SL generated by
the algorithms in G:
PDB ¼ 100ðSLðAÞ �minðfSLðXÞjX 2 GgÞÞ=minðfSLðXÞjX 2 GgÞ: ð10Þ
Besides these parameters we also consider some standard statistical parameters like average, standard deviation, and cor-
relation [25, 26]).

In order to evaluate the algorithms we use five types of task graphs: average NSL vs number of nodes, average NSL vs CCR,
average percentage degradation from the best solution vs number of nodes, average number of processors used vs number of
nodes, and average running time vs number of nodes.

4. A description of task graphs used

4.1. Peer set task graphs

The peer set task graphs are small sized task graphs that are used by various researchers and are documented to give
examples of tracing the algorithms. We have used 9 such task graphs. These are (as listed in Table 1): a 16-node task graph
(TG1) [27]; a 17-node task graph (TG2) [28]; a 9-node task graph (TG3) [29]; a 11-node task graph (TG4) [30]; a 18-node task
graph (TG5) [11]; a 7-node task graph (TG6) [12]; a 7-node task graph (TG7) [13]; a 15-node task graph (TG8) [16]; and a 9-
node task graph (TG9) [20].
le lengths generated for peer set task graphs.

graph CPPS DCCL DSC EZ LC RDCC

170 270 190 170 190 160
38 44 39 37 40 38
15 17 14 15 14 14
25 30 29 29 33 25

430 500 420 460 420 410
10 5 6 6 10 5
15 27 15 15 16 15
23 32 23 26 23 24
17 27 19 17 19 17

age 82.56 105.78 83.89 86.11 85.00 78.67

dard deviation 131.61 159.11 130.33 140.41 129.79 125.34
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4.2. Random task graphs

We have selected 150 benchmark random task graphs of Davidovic and Crainic [19]. These task graphs are available on-
line at Davidovic [31]. There are 30 task graphs each having number of nodes as 50, 100, 200, 300, 400, and 500. Out of these
we have selected the task graphs having number of nodes as 50, 100, 200, 300, and 400 with a total of 150 task graphs.
4.3. Systolic array task graphs

Fig. 1 shows a sample systolic array task graph [32]. A systolic array task graph has n2 nodes and 2nðn� 1Þ edges where n
is the number of nodes on a path from the start node to the center node. We have selected a total of 153 random systolic
array task graphs with number of nodes as: 16, 25, 36, 49, 64, 81, 100, 121, 144, 169, 196, 225, 256, 289, 324, 361, and
400. For each one of these (number of nodes) we have selected three task graphs each for the value of CCR as 1.00, 10.00,
and 0.10 respectively.
4.4. Gaussian elimination task graphs

Fig. 2 shows a sample Gaussian elimination task graph [33]. A Gaussian elimination task graph has ðn2 þ nþ 4Þ=2 nodes
and n2 þ 1 edges where n is the number of nodes on the second level of the task graph. We have selected a total of 144 ran-
dom Gaussian elimination task graphs with number of nodes as: 93, 107, 122, 138, 155, 173, 192, 212, 233, 255, 278, 302,
327, 353, 380, and 408. For each one of these (number of nodes) we have selected three task graphs each for the value of CCR
as 1.00, 10.00, and 0.10 respectively.
4.5. Divide and conquer task graphs

Fig. 3 shows a sample divide and conquer task graph [34]. A divide and conquer task graph has 3ð2n�1Þ � 2 nodes and
2nþ1 � 4 edges where n is the number of nodes on a path from the start node to the middle level of the task graph. We have
selected a total of 180 random divide and conquer task graphs with number of nodes as: 10, 22, 46, 94, 190, and 382. For each
one of these (number of nodes) we have selected ten task graphs each for the value of CCR as 1.00, 10.00, and 0.10 respectively.
4.6. Fast Fourier transform task graphs

Fig. 4 shows a sample fast Fourier transform task graph [35]. A fast Fourier transform task graph has 2þ ðnþ 1Þ2n nodes
and ðnþ 1Þ2nþ1 edges where 2n is the number of nodes on the second level of the task graph. We have selected a total of 150
random fast Fourier transform task graphs with number of nodes as: 6, 14, 34, 82, and 194. For each one of these (number of
nodes) we have selected ten task graphs each for the value of CCR as 1.00, 10.00, and 0.10 respectively.
4.7. Small random task graphs with optimal solutions

We have selected a total of 180 small random task graphs with optimal solutions having number of nodes as: 5, 6, 7, 8, 9,
and 10. For each one of these (number of nodes) we have selected ten task graphs each for the value of CCR as 1.00, 10.00,
and 0.10 respectively.
Fig. 1. A sample systolic array task graph for n ¼ 3.



Fig. 2. A sample Gaussian elimination task graph for n ¼ 3.

Fig. 3. A sample divide and conquer task graph for n ¼ 3.

Fig. 4. A sample fast Fourier transform task graph for n ¼ 2.
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5. Performance results for peer set task graphs

Table 1 shows the schedule lengths obtained by running the six algorithms (CPPS, DCCL, DSC, EZ, LC, RDCC) on 9 selected
peer set task graphs. As can be seen from the table, CPPS gives 4 best solutions (TG4, TG7, TG8, and TG9). DCCL gives 1 best
solution (TG6). DSC gives 3 best solutions (TG3, TG7, and TG8). EZ gives 3 best solutions (TG2, TG7, and TG9). LC gives 2 best
solutions (TG3, and TG8). RDCC gives 7 best solutions (TG1, TG3, TG4, TG5, TG6, TG7, and TG9). With the number of best
solutions as the comparison parameter we can put them in the order: DCCL < LC < DSC ¼ EZ < CPPS < RDCC. With the



Table 2
Correlation (qXY ) between the algorithms.

X=Y DCCL DSC EZ LC RDCC

CPPS 0.990293 0.998357 0.999602 0.998406 0.999878
DCCL – 0.996355 0.986802 0.995953 0.989693
DSC – – 0.996783 0.999933 0.998119
EZ – – – 0.996859 0.999746
LC – – – – 0.998089
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average of SL as the comparison parameter we can put them in the order: RDCC < CPPS < DSC < LC < EZ < DCCL. With the
standard deviation of SL as the comparison parameter we can put them in the order: RDCC < LC < DSC < CPPS < EZ < DCCL.

Table 2 shows the correlation (qXY ) between the algorithms. From the table we observe that the algorithms DSC and LC
are highly correlated. This is as expected because both the algorithms are designed using the concept of critical path [15, 14].
6. Performance results for random task graphs

Fig. 5 shows the average NSL vs number of nodes for random task graphs. Average NSL of CPPS ranges from 25.56 to
329.21 with an average of 155.67. Average NSL of DCCL ranges from 29.23 to 391.04 with an average of 183.06. Average
NSL of DSC ranges from 25.74 to 330.56 with an average of 156.67. Average NSL of EZ ranges from 30.39 to 404.67 with
an average of 189.63. Average NSL of LC ranges from 26.77 to 347.60 with an average of 163.83. Average NSL of RDCC ranges
from 26.46 to 363.92 with an average of 169.85. The average performance order is: CPPS < DSC < LC < RDCC < DCCL < EZ.

Fig. 6 shows the average percentage degradation from the best solution vs number of nodes for random task graphs. Average
percentage degradation from the best solution for CPPS ranges from 0.47 to 1.08 with an average of 0.69. Average percentage
degradation from the best solution for DCCL ranges from 17.83 to 21.75 with an average of 19.96. Average percentage degra-
dation from the best solution for DSC ranges from 0.80 to 1.76 with an average of 1.22. Average percentage degradation from the
best solution for EZ ranges from 19.82 to 24.85 with an average of 22.66. Average percentage degradation from the best solution
for LC ranges from 5.56 to 6.15 with an average of 5.86. Average percentage degradation from the best solution for RDCC ranges
from 5.21 to 11.58 with an average of 9.42. The average performance order is: CPPS < DSC < LC < RDCC < DCCL < EZ.

Fig. 7 shows the average number of processors used vs number of nodes for random task graphs. Average number of pro-
cessors used by CPPS ranges from 21.00 to 153.27 with an average of 81.05. Average number of processors used by DCCL
ranges from 2.50 to 3.43 with an average of 3.04. Average number of processors used by DSC ranges from 15.20 to 107.73 with
an average of 57.91. Average number of processors used by EZ ranges from 2.87 to 3.63 with an average of 3.31. Average num-
ber of processors used by LC ranges from 6.70 to 11.00 with an average of 9.24. Average number of processors used by RDCC
ranges from 2.93 to 3.93 with an average of 3.44. The average performance order is: DCCL < EZ < RDCC < LC < DSC < CPPS.

Fig. 8 shows the average running time (in seconds) vs number of nodes for random task graphs. Average running time of
CPPS ranges from 0.084 s to 2070.22 s with an average of 524.81 s. Average running time of DCCL ranges from 0.014 s to
8.21 s with an average of 2.52 s. Average running time of DSC ranges from 0.00062 s to 0.039 s with an average of
0.013 s. Average running time of EZ ranges from 0.0086 s to 16.47 s with an average of 4.74 s. Average running time of LC
ranges from 0.000092 s to 0.0025 s with an average of 0.0012 s. Average running time of RDCC ranges from 1.90 s to
1550.97 s with an average of 470.45 s. The average performance order is: LC < DSC < DCCL < EZ < RDCC < CPPS.
7. Performance results for systolic array task graphs

Fig. 9 shows the average NSL vs number of nodes for systolic array task graphs. Average NSL of CPPS ranges from 7.30 to
191.87 with an average of 69.39. Average NSL of DCCL ranges from 8.23 to 229.22 with an average of 98.54. Average NSL of
DSC ranges from 7.07 to 158.64 with an average of 58.85. Average NSL of EZ ranges from 7.23 to 159.24 with an average of
59.08. Average NSL of LC ranges from 13.88 to 219.49 with an average of 81.58. Average NSL of RDCC ranges from 7.17 to
183.02 with an average of 74.18. The average performance order is: DSC < EZ < CPPS < RDCC < LC < DCCL.

Fig. 10 shows the average NSL vs CCR for systolic array task graphs. For CCR ¼ 0:10, average NSL of CPPS is 14.952, average
NSL of DCCL is 49.78, average NSL of DSC is 14.65, average NSL of EZ is 14.954, average NSL of LC is 14.72, and average NSL of
RDCC is 32.38. The average performance order is: DSC < LC < CPPS < EZ < RDCC < DCCL.

For CCR ¼ 1:00, average NSL of CPPS is 52.08, average NSL of DCCL is 114.98, average NSL of DSC is 45.81, average NSL of
EZ is 49.62, average NSL of LC is 48.35, and average NSL of RDCC is 74.03. The average performance order is:
DSC < LC < EZ < CPPS < RDCC < DCCL.

For CCR ¼ 10:00, average NSL of CPPS is 141.14, average NSL of DCCL is 130.85, average NSL of DSC is 116.10, average NSL
of EZ is 112.65, average NSL of LC is 181.67, and average NSL of RDCC is 116.12. The average performance order is:
EZ < DSC < RDCC < DCCL < CPPS < LC.

Fig. 11 shows the average percentage degradation from the best solution vs number of nodes for systolic array task
graphs. Average percentage degradation from the best solution for CPPS ranges from 0.82 to 30.40 with an average of



Fig. 5. Average NSL vs number of nodes for random task graphs. The average performance order is: CPPS < DSC < LC < RDCC < DCCL < EZ.

Fig. 6. Average percentage degradation from the best solution vs number of nodes for random task graphs. The average performance order is: CPPS < DSC
< LC < RDCC < DCCL < EZ.

Fig. 7. Average number of processors used vs number of nodes for random task graphs. The average performance order is: DCCL < EZ < RDCC < LC
< DSC < CPPS.
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12.81. Average percentage degradation from the best solution for DCCL ranges from 17.56 to 210.00 with an average of
106.74. Average percentage degradation from the best solution for DSC ranges from 0.10 to 14.99 with an average of
5.04. Average percentage degradation from the best solution for EZ ranges from 2.75 to 9.49 with an average of 5.54. Average



Fig. 8. Average running time (in seconds) vs number of nodes for random task graphs. The average performance order is: LC < DSC < DCCL < EZ < RDCC
< CPPS.

Fig. 9. Average NSL vs number of nodes for systolic array task graphs. The average performance order is: DSC < EZ < CPPS < RDCC < LC < DCCL.

Fig. 10. Average NSL vs CCR for systolic array task graphs. The average performance order for CCR ¼ 0:10 is: DSC < LC < CPPS < EZ < RDCC < DCCL. The
average performance order for CCR ¼ 1:00 is: DSC < LC < EZ < CPPS < RDCC < DCCL. The average performance order for CCR ¼ 10:0 is: EZ < DSC < RDCC
< DCCL < CPPS < LC.
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Fig. 11. Average percentage degradation from the best solution vs number of nodes for systolic array task graphs. The average performance order is:
DSC < EZ < CPPS < LC < RDCC < DCCL.

Fig. 12. Average number of processors used vs number of nodes for systolic array task graphs. The average performance order is: DCCL < RDCC < EZ
< LC < DSC < CPPS.
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percentage degradation from the best solution for LC ranges from 17.58 to 99.76 with an average of 40.98. Average percent-
age degradation from the best solution for RDCC ranges from 0.65 to 109.24 with an average of 46.61. The average perfor-
mance order is: DSC < EZ < CPPS < LC < RDCC < DCCL.

Fig. 12 shows the average number of processors used vs number of nodes for systolic array task graphs. Average number
of processors used by CPPS ranges from 5.78 to 365.11 with an average of 129.39. Average number of processors used by
DCCL ranges from 2.11 to 3.22 with an average of 2.67. Average number of processors used by DSC ranges from 3.67 to
69.00 with an average of 28.92. Average number of processors used by EZ ranges from 2.67 to 29.22 with an average of
13.69. Average number of processors used by LC ranges from 4.11 to 50.78 with an average of 23.42. Average number of pro-
cessors used by RDCC ranges from 2.67 to 4.11 with an average of 3.69. The average performance order is:
DCCL < RDCC < EZ < LC < DSC < CPPS.

Fig. 13 shows the average running time (in seconds) vs number of nodes for systolic array task graphs. Average running
time of CPPS ranges from 0.00032 s to 0.46 s with an average of 0.13 s. Average running time of DCCL ranges from 0.00026 s
to 0.36 s with an average of 0.080 s. Average running time of DSC ranges from 0.000036 s to 0.0032 s with an average of
0.0010 s. Average running time of EZ ranges from 0.00010 s to 0.047 s with an average of 0.013 s. Average running time
of LC ranges from 0.000016 s to 0.0014 s with an average of 0.00045 s. Average running time of RDCC ranges from 0.026 s
to 50.24 s with an average of 11.55 s. The average performance order is: LC < DSC < EZ < DCCL < CPPS < RDCC.

8. Performance results for Gaussian elimination task graphs

Fig. 14 shows the average NSL vs number of nodes for Gaussian elimination task graphs. Average NSL of CPPS ranges from
19.82 to 61.27 with an average of 39.29. Average NSL of DCCL ranges from 34.31 to 146.80 with an average of 80.08. Average



Fig. 13. Average running time (in seconds) vs number of nodes for systolic array task graphs. The average performance order is: LC < DSC < EZ < DCCL
< CPPS < RDCC.

Fig. 14. Average NSL vs number of nodes for Gaussian elimination task graphs. The average performance order is: EZ < CPPS < DSC < LC < RDCC < DCCL.
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NSL of DSC ranges from 26.67 to 63.36 with an average of 41.75. Average NSL of EZ ranges from 22.09 to 63.58 with an aver-
age of 38.60. Average NSL of LC ranges from 28.86 to 72.51 with an average of 46.56. Average NSL of RDCC ranges from 25.39
to 100.96 with an average of 55.62. The average performance order is: EZ < CPPS < DSC < LC < RDCC < DCCL.

Fig. 15 shows the average NSL vs CCR for Gaussian elimination task graphs. For CCR ¼ 0:10, average NSL of CPPS is 12.84,
average NSL of DCCL is 63.88, average NSL of DSC is 12.64, average NSL of EZ is 12.93, average NSL of LC is 12.71, and average
NSL of RDCC is 40.25. The average performance order is: DSC < LC < CPPS < EZ < RDCC < DCCL.

For CCR ¼ 1:00, average NSL of CPPS is 21.98, average NSL of DCCL is 74.15, average NSL of DSC is 19.19, average NSL of EZ
is 22.37, average NSL of LC is 20.03, and average NSL of RDCC is 45.58. The average performance order is:
DSC < LC < CPPS < EZ < RDCC < DCCL.

For CCR ¼ 10:00, average NSL of CPPS is 83.06, average NSL of DCCL is 102.22, average NSL of DSC is 93.41, average NSL of
EZ is 80.51, average NSL of LC is 106.94, and average NSL of RDCC is 81.03. The average performance order is:
EZ < RDCC < CPPS < DSC < DCCL < LC.

Fig. 16 shows the average percentage degradation from the best solution vs number of nodes for Gaussian elimination
task graphs. Average percentage degradation from the best solution for CPPS ranges from 3.68 to 12.73 with an average
of 8.32. Average percentage degradation from the best solution for DCCL ranges from 121.05 to 331.84 with an average of
227.50. Average percentage degradation from the best solution for DSC ranges from 2.62 to 20.90 with an average of
9.91. Average percentage degradation from the best solution for EZ ranges from 5.66 to 12.63 with an average of 9.10. Aver-
age percentage degradation from the best solution for LC ranges from 11.29 to 30.15 with an average of 17.89. Average per-
centage degradation from the best solution for RDCC ranges from 49.07 to 183.05 with an average of 111.51. The average
performance order is: CPPS < EZ < DSC < LC < RDCC < DCCL.



Fig. 15. Average NSL vs CCR for Gaussian elimination task graphs. The average performance order for CCR ¼ 0:10 is: DSC < LC < CPPS < EZ < RDCC < DCCL.
The average performance order for CCR ¼ 1:00 is: DSC < LC < CPPS < EZ < RDCC < DCCL. The average performance order for CCR ¼ 10:0 is: EZ < RDCC
< CPPS < DSC < DCCL < LC.

Fig. 16. Average percentage degradation from the best solution vs number of nodes for Gaussian elimination task graphs. The average performance order is:
CPPS < EZ < DSC < LC < RDCC < DCCL.
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Fig. 17 shows the average number of processors used vs number of nodes for Gaussian elimination task graphs. Average
number of processors used by CPPS ranges from 59.67 to 355.33 with an average of 193.26. Average number of processors
used by DCCL ranges from 2.78 to 3.33 with an average of 2.97. Average number of processors used by DSC ranges from 27.44
to 142.11 with an average of 80.81. Average number of processors used by EZ ranges from 10.11 to 41.78 with an average of
22.77. Average number of processors used by LC ranges from 13.00 to 28.00 with an average of 20.50. Average number of
processors used by RDCC ranges from 3.67 to 4.33 with an average of 4.01. The average performance order is:
DCCL < RDCC < LC < EZ < DSC < CPPS.

Fig. 18 shows the average running time (in seconds) vs number of nodes for Gaussian elimination task graphs. Average
running time of CPPS ranges from 0.017 s to 0.49 s with an average of 0.17 s. Average running time of DCCL ranges from
0.011 s to 0.40 s with an average of 0.13 s. Average running time of DSC ranges from 0.00029 s to 0.0036 s with an average
of 0.0015 s. Average running time of EZ ranges from 0.0040 s to 0.071 s with an average of 0.026 s. Average running time of
LC ranges from 0.00015 s to 0.0011 s with an average of 0.00053 s. Average running time of RDCC ranges from 1.64 s to
55.98 s with an average of 18.63 s. The average performance order is: LC < DSC < EZ < DCCL < CPPS < RDCC.

9. Performance results for divide and conquer task graphs

Fig. 19 shows the average NSL vs number of nodes for divide and conquer task graphs. Average NSL of CPPS ranges from
3.22 to 25.19 with an average of 13.67. Average NSL of DCCL ranges from 2.73 to 94.73 with an average of 31.72. Average NSL
of DSC ranges from 2.50 to 16.77 with an average of 10.29. Average NSL of EZ ranges from 2.52 to 18.37 with an average of



Fig. 17. Average number of processors used vs number of nodes for Gaussian elimination task graphs. The average performance order is:
DCCL < RDCC < LC < EZ < DSC < CPPS.

Fig. 18. Average running time (in seconds) vs number of nodes for Gaussian elimination task graphs. The average performance order is:
LC < DSC < EZ < DCCL < CPPS < RDCC.

Fig. 19. Average NSL vs number of nodes for divide and conquer task graphs. The average performance order is: EZ < DSC < CPPS < LC < RDCC < DCCL.
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Fig. 20. Average NSL vs CCR for divide and conquer task graphs. The average performance order for CCR ¼ 0:10 is: DSC < LC < EZ < CPPS < RDCC < DCCL.
The average performance order for CCR ¼ 1:00 is: DSC < EZ < LC < CPPS < RDCC < DCCL. The average performance order for CCR ¼ 10:0 is:
EZ < DSC < RDCC < CPPS < LC < DCCL.
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9.98. Average NSL of LC ranges from 6.45 to 24.93 with an average of 15.98. Average NSL of RDCC ranges from 2.50 to 54.38
with an average of 19.57. The average performance order is: EZ < DSC < CPPS < LC < RDCC < DCCL.

Fig. 20 shows the average NSL vs CCR for divide and conquer task graphs. For CCR ¼ 0:10, average NSL of CPPS is 4.0739,
average NSL of DCCL is 24.68, average NSL of DSC is 3.96, average NSL of EZ is 4.0737, average NSL of LC is 3.99, and average
NSL of RDCC is 14.72. The average performance order is: DSC < LC < EZ < CPPS < RDCC < DCCL.

For CCR ¼ 1:00, average NSL of CPPS is 7.56, average NSL of DCCL is 31.71, average NSL of DSC is 6.23, average NSL of EZ is
6.79, average NSL of LC is 7.07, and average NSL of RDCC is 19.15. The average performance order is: DSC < EZ < LC < CPPS
< RDCC < DCCL.

For CCR ¼ 10:00, average NSL of CPPS is 29.38, average NSL of DCCL is 38.77, average NSL of DSC is 20.68, average NSL of
EZ is 19.08, average NSL of LC is 36.88, and average NSL of RDCC is 24.84. The average performance order is: EZ < DSC
< RDCC < CPPS < LC < DCCL.

Fig. 21 shows the average percentage degradation from the best solution vs number of nodes for divide and conquer task
graphs. Average percentage degradation from the best solution for CPPS ranges from 13.76 to 35.54 with an average of 25.45.
Average percentage degradation from the best solution for DCCL ranges from 12.79 to 746.26 with an average of 251.41.
Average percentage degradation from the best solution for DSC ranges from 0.00 to 15.02 with an average of 6.27. Average
percentage degradation from the best solution for EZ ranges from 2.24 to 9.37 with an average of 4.60. Average percentage
degradation from the best solution for LC ranges from 27.37 to 118.43 with an average of 55.29. Average percentage degra-
dation from the best solution for RDCC ranges from 1.27 to 395.69 with an average of 120.90. The average performance order
is: EZ < DSC < CPPS < LC < RDCC < DCCL.

Fig. 22 shows the average number of processors used vs number of nodes for divide and conquer task graphs. Average
number of processors used by CPPS ranges from 3.93 to 370.17 with an average of 113.07. Average number of processors
used by DCCL ranges from 1.97 to 2.57 with an average of 2.27. Average number of processors used by DSC ranges from
2.90 to 96.10 with an average of 32.01. Average number of processors used by EZ ranges from 2.50 to 48.70 with an average
of 17.64. Average number of processors used by LC ranges from 4.00 to 128.00 with an average of 42.00. Average number of
processors used by RDCC ranges from 2.57 to 4.10 with an average of 3.47. The average performance order is:
DCCL < RDCC < EZ < DSC < LC < CPPS.

Fig. 23 shows the average running time (in seconds) vs number of nodes for divide and conquer task graphs. Average run-
ning time of CPPS ranges from 0.000061 s to 0.11 s with an average of 0.024 s. Average running time of DCCL ranges from
0.000057 s to 0.29 s with an average of 0.058 s. Average running time of DSC ranges from 0.000022 s to 0.0028 s with an
average of 0.00069 s. Average running time of EZ ranges from 0.000036 s to 0.031 s with an average of 0.0075 s. Average run-
ning time of LC ranges from 0.000009 s to 0.0028 s with an average of 0.00063 s. Average running time of RDCC ranges from
0.010 s to 40.35 s with an average of 8.21 s. The average performance order is: LC < DSC < EZ < CPPS < DCCL < RDCC.
10. Performance results for fast Fourier transform task graphs

Fig. 24 shows the average NSL vs number of nodes for fast Fourier transform task graphs. Average NSL of CPPS ranges from
3.08 to 8.40 with an average of 6.51. Average NSL of DCCL ranges from 3.08 to 26.11 with an average of 11.08. Average NSL of
DSC ranges from 3.10 to 7.48 with an average of 5.60. Average NSL of EZ ranges from 3.08 to 7.42 with an average of 5.48.
Average NSL of LC ranges from 6.49 to 8.47 with an average of 7.62. Average NSL of RDCC ranges from 3.04 to 15.02 with an
average of 7.50. The average performance order is: EZ < DSC < CPPS < RDCC < LC < DCCL.



Fig. 21. Average percentage degradation from the best solution vs number of nodes for divide and conquer task graphs. The average performance order is:
EZ < DSC < CPPS < LC < RDCC < DCCL.

Fig. 22. Average number of processors used vs number of nodes for divide and conquer task graphs. The average performance order is:
DCCL < RDCC < EZ < DSC < LC < CPPS.

Fig. 23. Average running time (in seconds) vs number of nodes for divide and conquer task graphs. The average performance order is:
LC < DSC < EZ < CPPS < DCCL < RDCC.
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Fig. 24. Average NSL vs number of nodes for fast Fourier transform task graphs. The average performance order is: EZ < DSC < CPPS < RDCC < LC < DCCL.

Fig. 25. Average NSL vs CCR for fast Fourier transform task graphs. The average performance order for CCR ¼ 0:10 is: DSC < LC < CPPS < EZ < RDCC < DCCL.
The average performance order for CCR ¼ 1:00 is: DSC < LC < EZ < CPPS < RDCC < DCCL. The average performance order for CCR ¼ 10:0 is:
EZ < RDCC < DSC < CPPS < DCCL < LC.
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Fig. 25 shows the average NSL vs CCR for fast Fourier transform task graphs. For CCR ¼ 0:10, average NSL of CPPS is 1.969,
average NSL of DCCL is 7.51, average NSL of DSC is 1.94, average NSL of EZ is 1.99, average NSL of LC is 1.965, and average NSL
of RDCC is 4.83. The average performance order is: DSC < LC < CPPS < EZ < RDCC < DCCL.

For CCR ¼ 1:00, average NSL of CPPS is 4.11, average NSL of DCCL is 11.22, average NSL of DSC is 3.82, average NSL of EZ is
4.085, average NSL of LC is 4.081, and average NSL of RDCC is 7.18. The average performance order is:
DSC < LC < EZ < CPPS < RDCC < DCCL.

For CCR ¼ 10:00, average NSL of CPPS is 13.45, average NSL of DCCL is 14.52, average NSL of DSC is 11.03, average NSL of
EZ is 10.38, average NSL of LC is 16.82, and average NSL of RDCC is 10.49. The average performance order is:
EZ < RDCC < DSC < CPPS < DCCL < LC.

Fig. 26 shows the average percentage degradation from the best solution vs number of nodes for fast Fourier transform
task graphs. Average percentage degradation from the best solution for CPPS ranges from 1.14 to 29.10 with an average of
15.91. Average percentage degradation from the best solution for DCCL ranges from 1.70 to 545.64 with an average of 176.94.
Average percentage degradation from the best solution for DSC ranges from 0.00 to 11.75 with an average of 3.42. Average
percentage degradation from the best solution for EZ ranges from 1.62 to 6.43 with an average of 4.46. Average percentage
degradation from the best solution for LC ranges from 5.89 to 105.09 with an average of 45.16. Average percentage degra-
dation from the best solution for RDCC ranges from 0.03 to 287.56 with an average of 84.28. The average performance order
is: DSC < EZ < CPPS < LC < RDCC < DCCL.

Fig. 27 shows the average number of processors used vs number of nodes for fast Fourier transform task graphs. Average
number of processors used by CPPS ranges from 2.13 to 188.40 with an average of 60.25. Average number of processors used
by DCCL ranges from 1.47 to 2.73 with an average of 2.30. Average number of processors used by DSC ranges from 2.07 to
79.97 with an average of 26.45. Average number of processors used by EZ ranges from 1.47 to 22.47 with an average of 8.50.



Fig. 26. Average percentage degradation from the best solution vs number of nodes for fast Fourier transform task graphs. The average performance order
is: DSC < EZ < CPPS < LC < RDCC < DCCL.

Fig. 27. Average number of processors used vs number of nodes for fast Fourier transform task graphs. The average performance order is: DCCL < RDCC
< EZ < LC < DSC < CPPS.
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Average number of processors used by LC ranges from 2.00 to 32.00 with an average of 12.40. Average number of processors
used by RDCC ranges from 1.83 to 3.97 with an average of 3.21. The average performance order is: DCCL < RDCC < EZ < LC
< DSC < CPPS.

Fig. 28 shows the average running time (in seconds) vs number of nodes for fast Fourier transform task graphs. Average
running time of CPPS ranges from 0.000044 s to 0.033 s with an average of 0.0088 s. Average running time of DCCL ranges
from 0.000029 s to 0.066 s with an average of 0.016 s. Average running time of DSC ranges from 0.000015 s to 0.0011 s with
an average of 0.00032 s. Average running time of EZ ranges from 0.000019 s to 0.018 s with an average of 0.0046 s. Average
running time of LC ranges from 0.0000060 s to 0.00098 s with an average of 0.00026 s. Average running time of RDCC ranges
from 0.0040 s to 9.63 s with an average of 2.23 s. The average performance order is: LC < DSC < EZ < CPPS < DCCL < RDCC.
11. Performance results for small random task graphs with optimal solutions

Fig. 29 shows the average NSL vs number of nodes for small random task graphs with optimal solutions. Average NSL of
CPPS ranges from 1.36 to 2.02 with an average of 1.65. Average NSL of DCCL ranges from 1.24 to 2.21 with an average of 1.67.
Average NSL of DSC ranges from 1.24 to 2.00 with an average of 1.602. Average NSL of EZ ranges from 1.23 to 1.99 with an
average of 1.598. Average NSL of LC ranges from 2.49 to 4.10 with an average of 3.12. Average NSL of RDCC ranges from 1.22
to 1.96 with an average of 1.58. Average NSL of OPT (the Optimal algorithm) ranges from 1.22 to 1.95 with an average of 1.57.
The average performance order is: OPT < RDCC < EZ < DSC < CPPS < DCCL < LC.

Fig. 30 shows the average NSL vs CCR for small random task graphs with optimal solution. For CCR ¼ 0:10, average NSL of
CPPS is 1.248, average NSL of DCCL is 1.373, average NSL of DSC is 1.251, average NSL of EZ is 1.263, average NSL of LC is



Fig. 28. Average running time (in seconds) vs number of nodes for fast Fourier transform task graphs. The average performance order is: LC < DSC
< EZ < CPPS < DCCL < RDCC.

Fig. 29. Average NSL vs number of nodes for small random task graphs with optimal solutions. The average performance order is: OPT < RDCC < EZ
< DSC < CPPS < DCCL < LC.

Fig. 30. Average NSL vs CCR for small random task graphs with optimal solutions. The average performance order for CCR ¼ 0:10 is: OPT < CPPS < DSC
< LC < RDCC < EZ < DCCL. The average performance order for CCR ¼ 1:00 is: OPT < RDCC < CPPS < EZ < DSC < LC < DCCL. The average performance order
for CCR ¼ 10:0 is: OPT ¼ DCCL ¼ DSC ¼ EZ ¼ RDCC < CPPS < LC.
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Fig. 31. Average percentage degradation from the best solution vs number of nodes for small random task graphs with optimal solutions. The average
performance order is: OPT < RDCC < EZ < DSC < CPPS < DCCL < LC.

Fig. 32. Average number of processors used vs number of nodes for small random task graphs with optimal solutions. The average performance order is:
DCCL < OPT < EZ < RDCC < DSC < CPPS < LC.
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1.255, average NSL of RDCC is 1.261, and average NSL of OPT is 1.246. The average performance order is: OPT < CPPS
< DSC < LC < RDCC < EZ < DCCL.

For CCR ¼ 1:00, average NSL of CPPS is 1.684, average NSL of DCCL is 1.807, average NSL of DSC is 1.720, average NSL of EZ
is 1.694, average NSL of LC is 1.803, average NSL of RDCC is 1.643, and average NSL of OPT is 1.641. The average performance
order is: OPT < RDCC < CPPS < EZ < DSC < LC < DCCL.

For CCR ¼ 10:00, average NSL of CPPS is 2.029, average NSL of DCCL is 1.835, average NSL of DSC is 1.835, average NSL of
EZ is 1.835, average NSL of LC is 6.307494, average NSL of RDCC is 1.835, and average NSL of OPT is 1.835. The average per-
formance order is: OPT ¼ DCCL ¼ DSC ¼ EZ ¼ RDCC < CPPS < LC.

Fig. 31 shows the average percentage degradation from the best solution vs number of nodes for small random task
graphs with optimal solutions. Average percentage degradation from the best solution for CPPS ranges from 0.21 to 13.40
with an average of 4.03. Average percentage degradation from the best solution for DCCL ranges from 2.16 to 12.09 with
an average of 5.93. Average percentage degradation from the best solution for DSC ranges from 0.56 to 2.11 with an average
of 1.46. Average percentage degradation from the best solution for EZ ranges from 0.71 to 2.46 with an average of 1.30.
Average percentage degradation from the best solution for LC ranges from 67.04 to 105.62 with an average of 76.27. Average
percentage degradation from the best solution for RDCC ranges from 0.07 to 1.21 with an average of 0.52. Average percent-
age degradation from the best solution for OPT ranges from 0.00 to 0.00 with an average of 0.00. The average performance
order is: OPT < RDCC < EZ < DSC < CPPS < DCCL < LC.

Fig. 32 shows the average number of processors used vs number of nodes for small random task graphs with optimal solu-
tions. Average number of processors used by CPPS ranges from 1.70 to 3.63 with an average of 2.444. Average number of pro-
cessors used by DCCL ranges from 1.40 to 1.97 with an average of 1.69. Average number of processors used by DSC ranges from
1.83 to 3.47 with an average of 2.439. Average number of processors used by EZ ranges from 1.40 to 3.20 with an average of



Fig. 33. Average running time (in seconds) vs number of nodes for small random task graphs with optimal solutions. The average performance order is:
LC < DSC < EZ < CPPS < DCCL < RDCC < OPT.
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2.14. Average number of processors used by LC ranges from 2.17 to 4.07 with an average of 2.97. Average number of proces-
sors used by RDCC ranges from 1.97 to 2.30 with an average of 2.16. Average number of processors used by OPT ranges from
1.47 to 2.20 with an average of 1.89. The average performance order is: DCCL < OPT < EZ < RDCC < DSC < CPPS < LC.

Fig. 33 shows the average running time (in seconds) vs number of nodes for small random task graphs with optimal solu-
tions. Average running time of CPPS ranges from 0.000035 s to 0.000078 s with an average of 0.000059 s. Average running
time of DCCL ranges from 0.000027 s to 0.00011 s with an average of 0.000064 s. Average running time of DSC ranges from
0.000021 s to 0.000031 s with an average of 0.000025 s. Average running time of EZ ranges from 0.000029 s to 0.000046 s
with an average of 0.000037 s. Average running time of LC ranges from 0.000006 s to 0.000008 s with an average of
0.000007 s. Average running time of RDCC ranges from 0.0058 s to 0.018 s with an average of 0.011 s. Average running time
of OPT ranges from 0.00052 s to 1.93 s with an average of 0.38 s. The average performance order is: LC < DSC < EZ < CPPS
< DCCL < RDCC < OPT.

12. Conclusion

We evaluated the six algorithms (CPPS, DCCL, DSC, EZ, LC, and RDCC) for seven types of task graphs (peer set task graphs,
random task graphs, systolic array task graphs, Gaussian elimination task graphs, divide and conquer task graphs, fast Fou-
rier transform task graphs, and small random taks graphs with optimal solutions) using five types of comparison (average
NSL vs number of nodes, average NSL vs CCR, average percentage degradation from the best solution vs number of nodes,
average number of processors used vs number of nodes, and average running time vs number of nodes).

From the above results it can be concluded that the RDCC algorithm gives best results for the peer set task graphs (in
terms of the number of best solutions) and for the case of small random task graphs with optimal solutions (in terms of aver-
age NSL). This is as expected because the number of randomization steps (a ¼ 100) is too good for small task graphs. The
CPPS algorithm gives best average NSL for random task graphs. The DSC algorithm gives best average NSL for systolic array
task graphs. The EZ algorithm gives best average NSL for Gaussian elimination task graphs, divide and conquer task graphs,
and fast Fourier transform task graphs.

For systolic array task graphs, Gaussian elimination task graphs, divide and conquer task graphs, and fast Fourier trans-
form task graphs we also obseved that the DSC algorithm gives best average NSL for computation intensive task graphs
(CCR ¼ 0:10), and balanced task graphs (CCR ¼ 1:00), whereas the EZ algorithm gives best average NSL for communication
intensive task graphs (CCR ¼ 10:00). This observation is as expected because of the edge zeroing principal [2].

We observed that the LC algorithm gives least running time because of its simplicity in implementation. We also observed
that the DCCL algorithm uses the least number of processors. This observation is as expected because the DCCL algorithm
starts with initial cluster on a single processor.

In summary we can say that the dynamic priority algorithms give best results for the case of random task graphs, and for
the case when the number of available processors are small. For future work we should work for the benchmarking of het-
erogeneous task scheduling algorithms.
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