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Abstract

The flexibility, performance and cost effectiveness of
programmable platforms have lead to their widespread use
for embedded applications. The partitioning of an applica-
tion tasks onto the different computational cores of a plat-
form is an important step in the mapping of embedded ap-
plications onto these systems. This paper presents a novel
approach for this problem based on the Ant Colony Opti-
mization. In our algorithm, a collection of agents cooper-
ate to effectively explore the search space. Experimental
results show that our algorithm provides robust results that
are qualitatively close to optimal with minor computational
cost. Compared with the popularly used simulated anneal-
ing approach, the proposed algorithm gives better solutions
with substantial reduction in execution time.

1 Introduction
The continued scaling of the feature size of the transistor

will soon yield incredibly complex digital systems consist-
ing of more than one billion transistors. This allows ex-
tremely complicated systems on a chip, which may consist
of multiple processor cores, programmable logic cores, em-
bedded memory blocks and dedicated application specific
components. At the same time, the fabrication techniques
have become increasingly complicated and expensive. Cur-
rent day designs (below 150 nm feature size) already cost
over one million dollars to fabricate. These forces have
created a sizable and emerging market for programmable
platforms.

A programmable platform is a device consisting of one
or multiple programmable cores. Xilinx Virtex [29] and
Altera Excalibur devices [3] are two examples of a pro-
grammable platform. These platforms may consist of hard
cores, programmable cores and/or soft cores. A hard core
is dedicated static processing unit, e.g. ARM processor in
Excalibur or the PowerPC core in Virtex. A programmable

core is some kind of programmable logic device (PLD)
(e.g. FPGA, CPLD). A soft core is a processing unit im-
plemented on programmable logic, e.g. CAST DSP core
on Virtex or Nios on Excalibur.

Programmable platforms have emerged as a flexible,
high performance, cost effective device for the implemen-
tation of embedded applications. Their programmability
allows application development on the device after is fabri-
cated. Therefore, the functionality of the device can change
over time. This is especially important for embedded sys-
tems where the hardware cannot be easily upgraded (e.g.
computers in cars). As standards change, you just need
to reprogram the device, rather than physically replace the
hardware device.

Programmable platforms provide a good price point for
low volume applications. Also, it allows ”low” end users to
create designs using newest, highest performance manufac-
turing process. Furthermore, programmable devices enable
fast prototyping, which allows for faster time to market.

The programmability in these devices ranges from ex-
tremely fine grain control in PLD, to coarse grain control
in the microprocessor. This allows for fine grain optimiza-
tions (bit level optimizations in the PLD), instruction level
optimizations (on processor cores) and task level optimiza-
tions (across programmable cores).

These complex programmable platforms require a vari-
ety of system design techniques to allow system level de-
sign space exploration by application programmers. The
system partitioning problem assigns computational tasks to
the different computational cores of a platform. It is a key
step in the mapping of embedded applications onto these
systems.

At the system level, the application programmer designs
applications using a set of interdependent tasks, where each
task is a coarse grained set of computations with a well de-
fined interface. The fundamental problem distills to auto-
matically partitioning the tasks onto the system resources,



while optimizing system performance methods such as ex-
ecution time, hardware cost and power consumption.

Some early works investigate the hardware/software
partitioning problem [13, 16, 24, 26]; it is difficult to name
a clear winner [11]. Partitioning issues for system architec-
tures with reconfigurable logic components have also been
studied [4, 17, 21]. These works assume a reconfigurable
device coupling with a processor core in their partitioning
problem.

The partitioning problem isN P -complete [15]. Al-
though it is possible to use brute force search or integer lin-
ear programming (ILP) formulations [22] for small prob-
lem instances, in the general case, the optimal solution
is computationally intractable. Different heuristic meth-
ods have been proposed to try to effectively provide sub-
optimal solutions for the problem [13, 19, 12, 18, 1, 27].
These methods use a range of heuristics, including Sim-
ulated Annealing, Genetic Algorithm, Tabu Search, and
Kernighan/Lin approach.Wiangtonget al. [28] compared
three popularly used heuristic methods for the system level
partitioning problem, and provided a good survey on the
motivation of using task level abstraction and related work.
Software tools are also developed for system level parti-
tioning. For instance, in COSYMA [8] application tasks
are mapped based on simulated annealing.

In this paper, we present a novel heuristic searching ap-
proach to the system partitioning problem based on theAnt
Colony Optimization(ACO) algorithm [10]. In the pro-
posed algorithm, a collection of agents cooperate together
to search for a good partitioning solution. Both global and
local heuristics are combined in a stochastic decision mak-
ing process in order to effectively and efficiently explore
the search space. Our approach is truly multi-way and can
be easily extended to handle a variety of system require-
ments.

2 Ant Colony Optimization
The Ant Colony Optimization(ACO) algorithm, origi-

nally introduced by Dorigoet al. [10], is a cooperative
heuristic searching algorithm inspired by the ethological
study on the behavior of ants. It was observed [9] that ants
– who lack sophisticated vision – could manage to estab-
lish the optimal path between their colony and the food
source within a very short period of time. This is done
by an indirect communication known asstigmergyvia the
chemical substance, orpheromone, left by the ants on the
paths. Though any single ant moves essentially at ran-
dom, it will make a decision on its direction biased on the
“strength” of the pheromone trails that lie before it, where
a higher amount of pheromone hints a better path. As an
ant traverses a path, it reinforces that path with its own
pheromone. A collective autocatalytic behavior emerges
as more ants will choose the shortest trails, which in turn
creates an even larger amount of pheromone on those short

trails, which makes those short trails more likely to be cho-
sen by future ants.

The ACO algorithm is inspired by such observation. It
is a population based approach where a collection of agents
cooperate together to explore the search space. They com-
municate via a mechanism imitating the pheromone trails.
One of the first problems to which ACO was successfully
applied was the Traveling Salesman Problem (TSP) [10],
for which it gave competitive results comparing with tradi-
tional methods. Researchers have since formulated ACO
methods for a variety of traditionalN P -hard problems.
These problems include the maximum clique problem the
quadratic assignment problem, the graph coloring problem,
the shortest common super-sequence problem, and the mul-
tiple knapsack problem [7]. ACO also has been applied
to practical problems such as the vehicle routing problem,
data mining and network routing problem [7].

3 ACO for System Partitioning

3.1 Problem Definition

A crucial step in the design of systems with heteroge-
nous computing resources is the allocation of the computa-
tion of an application onto the different computing compo-
nents. This system partitioning problem plays a dominant
role in the system cost and performance.

It is possible to perform partitioning at multiple levels of
abstraction. For example, operation (instruction) level par-
titioning is done in the Garp project [5], while the work in
[28][12] are on the functional task level. In this work, we
focus on partitioning at the task or functional level. One
of the reasons we select the task level partitioning is that it
is commonly found that a bad partitioning in the task level
is hard to correct in lower level abstraction. Additionally,
task level partitioning is typically requested in the earlier
stage of the design so that further hardware synthesis can
be performed. Another variant in partitioning algorithms is
the goal for optimization. Though the model and the algo-
rithm presented in this paper has no limit in this respect, our
experimental results reported here focus on minimizing the
worse case execution time with pre-defined hardware cost.

We formally define the system partitioning problem as
follows. For a given system architecture, a set of computing
resources are defined for the system partitioning task. We
useR to represent this set wherer = |R| is the number of
resources in the system. The notationr i (i = 1, . . . , r) refers
to theith resourceR.

An application to be partitioned onto the system is given
as a set of tasksT = {t1, . . . , tN}, where the atomic par-
titioning unit is a task. Atask is a coarse grained set of
computation with a well defined interface. The precedence
constraints between tasks are modeled using a task graph.
A task graphis a directed acyclic graph (DAG)G= (T,E),
whereT = {t0, t1, . . . , tn} is a collection of tasks, andE is a



set of directed edges. Each task node defines a functional
unit for the program, which contains information about the
computation it needs to perform. There are two special
nodest0 andtn which are virtual task nodes. They are in-
cluded for the convenience of having an unique starting and
ending point of the task graph. An edgeei j ∈ E defines an
immediate precedence constraint betweenti andt j . For a
given partitioning, the execution of a task graph runs in the
following way: the tasks of different precedence levels are
sequentially executed from the top level down, while tasks
in the same precedence level but allocated on different sys-
tem components can run concurrently.

Generally, there arerN unique partitions for a task graph
of sizeN. A feasiblepartitioning is a partitioning that satis-
fies the system constraints. Anoptimalpartitioning is a fea-
sible partitioning that minimizes the system objective func-
tion. The multi-way partitioning problem is then defined
as: Find a set of partitionsP = {P1, . . . ,Pr} on r resources,
wherePi ⊆T, Pi∩Pj = φ for anyi 6= j that minimizes a sys-
tem objective function under a set of system constraints.

The objective function may be a multivariate function of
different system parameters (e.g. minimiz execution time
or power consumption) while system cost (e.g. cost per
device must be less than $5) is an example of a system con-
straint.In this work, we use the critical path execution time
of a task graph as the objective function and a fixed amount
of area as the constraint.

3.2 Augmented Task Graph

We further introduce the Augmented Task Graph as the
underlying model for the multi-way system partitioning
problem. AnAugmented Task Graph(ATG) G′ = (T,E′,R)
is an extension of the task graphG. It is derived fromG as
follows: Given a task graphG = (T,E) and a system ar-
chitectureR, each nodeti ∈ T is duplicated inG′. For each
edgeei j = (ti , t j) ∈ E, there existr directed edges fromti
to t j in G′, each corresponding to a resource inR. More
specifically, we have

e′i jk = (ti , t j , rk), whereei j ∈ E, andk = 1, ..., r

An edgee′i jk represents thebindingof edgeei j with re-
sourcerk. Our algorithm uses these augmented edges to
make a local decision at task nodeti about the binding of
the resource on taskt j

1. We call this anaugmented edge.
The original task graphG is called thesupportof G′.

An example of ATG is shown in Figure 1(a) for a 3-
way partitioning problem. In this case, we assume the sys-
tem contains 3 computing resources, a Power PC micro-
processor, a fixed size FPGA, and a digital signal processor
(DSP). In the graph, the solid links indicate that the pointed
task nodes are allocated to the DSP, while the dotted links
for tasks partitioned onto Power PC and dot-dashed links

1This will be further explained in Section 3.3

for FPGAs. It is easy to see that partitioning algorithm
based on the ATG model can be easily adapted if more re-
sources are available. All we need to do is add additional
augmented edges in the ATG.��t
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Figure 1: ATG for 3-way Partitioning

Based on the ATG model, a specific partitioning for the
tasks on the multiple resources is a graphGp, whereGp is
a subgraph ofG′ that is isomorphic to itssupport G, and
for every task nodeti in Gp, all the incoming edges ofti are
bounded with the same resource (say)r. Further, we say
that partitionGp allocates taskti to resourcer. Figure 1(b)
shows a sample partitioning for the ATG illustrated in Fig-
ure 1(a). In this partitioning, task 1, 2, and 3 are allocated
onto the Power PC, task 4 is partitioned on to the DSP and
task 5 for the FPGAs. Astn is a virtual node, we do not
care the status of the edge fromt5 to tn.

3.3 ACO Formulation for System Partitioning

Based on the ATG model, our goal is to find a feasible
partitioningGp for G′, which provides the optimal perfor-
mance subject to the predefined system constraints. We in-
troduce a new heuristic method for solving the multi-way
system partitioning problem using the ACO algorithm. Es-
sentially, the algorithm is a multi-agent2 stochastic decision
making process that combines local and global heuristics
during the searching process. Each agent traverses the ATG
and attempts to create a feasible partitioning by selecting
the next move probabilistically according to the combined
heuristics. The quality of the solution is measured by the
overall execution time of the ATG, fromt0 to tn, together
with the consideration of the predefined constraints, such
as hardware area cost limit. The quality measurement is
used to reinforce thegoodsolutions. The global heuristic
information is distributed as pheromone trails on the edges
of the ATG.

The proposed algorithm proceeds as follows:

1. Initially, associate each augmented edgee′i jk in the
ATG with a pheromoneτi jk , a global heuristic indi-

2We use the terms “agent” and “ant” interchangeably.



cating the favorableness for selecting the correspond-
ing resource; the value of the pheromone on each aug-
mented edge is initially set at the valueτ0;

2. Putm ants on task nodet0;

3. Each ant crawls over the ATG to create a feasible par-
titioning P(l), wherel = 1, . . . ,m;

4. Evaluate the partitions generated by each of them
ants. The quality of a particular partitionP(l) is mea-
sured by the overall execution timetimeP(l) .

5. Update the pheromone trails on the edges as follows:

τi jk ← (1−ρ)τi jk +
m

∑
l=1

∆τ(l)
i jk

where 0< ρ < 1 is the evaporation ratio,k = 1, . . . , r,
and

∆τ(l)
i jk =

{

Q/timeP(l) if e′i jk ∈ P(l)

0 otherwise

andQ is a fixed constant to control the delivery rate of
the pheromone.

6. If the ending condition is reached, stop and report the
best solution found. Otherwise go to step 2.

Step 3 is an important part in the proposed algorithm.
It describes how an individual ant “crawls” over the ATG
and generates a solution. In step 3, each ant traverses the
graph in a topologically sorted manner in order to satisfy
the precedence constraints of task nodes. The trip of an ant
starts fromt0 and ends attn, the two virtual nodes that do
not require allocation. By visiting the nodes in the topolog-
ically sorted order, we insure that every predecessor node
is visited before we visit the current node and that every
incoming edge to the current node has been evaluated.

At each task nodeti wherei 6= n, the ant makes a prob-
abilistic decision on the allocation for each of its successor
task nodest j based on the pheromone on the edge. The
pheromone is manipulated by the distributed global heuris-
tic τi jk ) and a local heuristic such as the execution time
and the area cost for a specific assignment of the successor
node. More specifically, an ant atti guesses that nodet j be
assigned to resourcerk according to the probability:

pi jk =
τα

i jkηβ
jk

∑r
l=1 τα

i jl ηβ
jl

Here η jk is the local heuristic ift j is assigned to re-
sourcerk. In our work, we simply use the inverse of the
cost of having taskt j allocated to resourcerk. It is intuitive
to notice that the probabilitypi jk favors an assignment that
yields smaller local execution time and area cost, and an

assignment that corresponds with the stronger pheromone.
We focus on achieving the optimal execution time subject
to hardware area constraint, therefore a simple weighted
combination is used to estimate the cost:

costjk = wt · timejk +wa ·areajk

wheretimejk andareajk are the execution time and hard-
ware area cost estimates, constantswt andwa are scaling
factors to normalize the balance of the execution time and
area cost.

Upon entering a new nodet j , the ant also has to make
a decision on the allocation of the task nodet j based on
the guesses made by all of the immediate precedents of
t j . It is guaranteed those guesses are already made since
that the ant travels the ATG in a topologically sorted man-
ner. Different strategies can be used. For example, we can
simply make the assignment based on the vote of the ma-
jority of the guesses. In our implementation, this decision
is again made probabilistically based on the distribution of
the guesses, i.e. the possibility of assigningt j to rk is:

p jk =
count of guessrk for t j

count of immediate precedents oft j

The above decision making process is carried by the ant
until all the task nodes in the graph have been allocated.

At the end of each iteration, the pheromone trails on
the edges are updated according to Step 5. First, a certain
amount of pheromone is evaporated. From optimization
point of view, the evaporation step helps the system escape
from local minimums. Secondly, thegoodedges are rein-
forced. This reinforcement creates additional pheromone
on the edges that are included on partition solutions that
provide shortest execution time for the task graph. In each
run of the algorithm, multiple iterations of the above steps
are conducted until we reach the ending condition prede-
fined.

3.4 Extensibility

Though detailed discussion on this topic is beyond the
scope of this paper, it is worth mentioning that the above
algorithm can be easily extended to fit different system re-
quirements. For example, it is common that certain tasks
are predetermined or preferred to run on certain resources.
By modifying the decision strategy in step 3, we can eas-
ily accommodate this by either forcing a certain selection
or biasing the chance for it to be chosen. Better local cost
estimation model can be introduced and integrated as the
local heuristics. Similarly, different target objective func-
tions can be applied as the global heuristics bounded with
the augmented edges. Other global information, such as
profiling statistics on the tasks can also be considered in
the same manner. Also, one can modify the proposed al-
gorithm to handle different communication channels, each



with a different bandwidth and latency. These channels
can either be associated with the augmented edges if they
are bounded with the hardware configuration, or may be
treated as a task attribute if the task can only use one cer-
tain type channel.

4 Testing Environment
4.1 Target Architecture and Benchmarks

Our experiments address the partitioning of multimedia
applications on to a programmable, multiprocessor system
platform. The target architecture contains one general pur-
pose hard processor core, a soft DSP core, and one pro-
grammable core. The architecture is shown in Figure 2.
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Figure 2: Target architecture

This model is similar to the Xilinx Virtex II Pro Platform
FPGA [29], which contains up to four hard CPU cores,
13,404 configurable logic blocks (CLBs) and other periph-
erals. In our work, we target a system containing one Pow-
erPC 405 RISC CPU core, separate data and instruction
memory, and a fixed amount of reconfigurable logic with
a capacity of 1,232 CLBs, among which, 724 CLBs are
available to be used as general purpose reconfigurable logic
(FPGA), and the remaining 508 CLBs embed an FPGA im-
plementation (soft core) of the TMS320C25 DSP processor
core [6]. Programmable routing switches provide commu-
nication between the different system resources.

This system imposes several constraints on the partition-
ing problem. The code length of both the PowerPC proces-
sor and the DSP processor must be less than the size of
the instruction memory, and the tasks implemented on FP-
GAs must not occupy more than the total number of avail-
able CLBs. The execution time and required resources for
each task on different resources depends on the implemen-
tation of the task. We assumed the tasks are static and pre-
computed. The communication time cost between inter-
faces of different processors, such as the interface between
the PowerPC and the DSP processor, are known a priori.

Tasks allocated on either the PowerPC processor or the
DSP processor are executed sequentially subject to the
precedence constraints within the task (i.e. instruction level
precedence constraints). Both the potential parallelism
among the tasks implemented on FPGAs and the poten-
tial parallelism among all the processors are explored, i.e.
concurrent tasks may execute in parallel on the different
system resources. However, no hardware reuse between
tasks assigned to FPGAs is considered. This would make

an interesting extension to our work, however, it is outside
the scope of this paper. The system constraints are used
to determine whether a particular partition solution is fea-
sible. For all the feasible partitions that do not exceed the
capacity constraints, the partitions with the shortest execu-
tion time are considered the best.

Our experiments are conducted in a hierarchical envi-
ronment for system design. An application is represented
as a task graph in the top level. The task graph, formally
described in Section 3.1, is a directed acyclic graph, which
describes the precedence relationship between the comput-
ing tasks. A task node in the task graph refers to a func-
tion, which could be written in high-level languages, such
as C/C++. It is analyzed using the SUIF [2] and Machine
SUIF [23] tools; the result is imported in our environment
as a control/data-flow graph (CDFG). CDFG reflects the
control flow in a function, and may contain loops, branches,
and jumps. Each node in CDFGs is a basic block, or a set of
instructions that contains only one control-transfer instruc-
tion and several arithmetic, logic, and memory instructions.

Estimation is carried out for each task node to get per-
formance characteristics, such as execution time, software
code length, and hardware area. Based on the specification
data of Virtex II Pro Platform FPGA [29] and the DSP pro-
cessor core [6], we get the performance characteristics for
each type of operations. Using these operation (instruction)
characteristics, we estimate the performance of each basic
block. This information for each task node is used to evalu-
ate a partitioning solution. In each time an ant finds a candi-
date solution, we perform a critical path-based scheduling
over the entire task graph to determine the minimum exe-
cution time. Additionally, we estimate the hardware cost
and software code length for each task node. The software
code length is estimated based on the number of instruc-
tions needed to encode the operations of the CDFG. The
hardware is scheduled using ASAP scheduling. Based on
that we can determine the approximate area needed to im-
plement the task on the reconfigurable logic. We assume
that there is no hardware reuse between different tasks.

We create a task level benchmark suite based on the
MediaBench applications [20]. Each testing example is
formed via a two step process that combines a randomly
generated DAG with real life software functions. In or-
der to better assess the quality of the proposed algorithm
while the application scales, task graphs of different sizes
are generated. For a given task graph, the computation defi-
nitions associated with the task nodes are selected from the
same application within the MediaBench test suite.

4.2 Experimental Results
4.2.1 Absolute Quality Assessment

When the task graph size is not too big, it is possible to
achieve definitive quality assessment for the proposed al-
gorithm by first conducting brute force search on the given



problem. In our experiments, we apply the proposed ACO
algorithm on the task benchmark set and evaluate the re-
sults with the statistics computed via the brute force search.
We give 100 run of the ACO algorithm on each DAG in or-
der to obtain enough evaluation data. For each run, the
ant number is set as the average branch factor of the DAG.
As a stopping condition, the algorithm is set to iterate 50
times i.e.I = 50. The solution with the best execution time
found by the ants is reported as the result of each run. In
all the experiments, we setτ0 = 100,Q = 1,000,ρ = 0.8,
α = β = 1, wt = 1 andwa = 2.

Figure 3 shows the cumulative distribution of the num-
ber of solutions found by the ACO algorithm plotted
against the quality of those solutions for different problem
sizes. The x-axis gives the solution quality compared to
the overall number of solutions. The y-axis gives the total
number of solutions (in percentage) that are worse than the
solution quality. For example, looking at the x-axis value
of 2% for size 13, less than 10% of the solutions that the
ACO algorithm found were outside of the top 2% of the
overall number of solutions. In other words, over 90% of
the solutions found by the ACO algorithm are within 2%
of all possible partitions. The number of solutions drops
quickly showing that the ACO algorithm finds very good
solutions in almost every run. In our experiments, 2,163
(or 86%) solutions found by ACO algorithm are within the
top 0.1% range. Totally 2,203 solutions, or 88.12% of all
the solutions, are within the top 1% range. The figure indi-
cates that a majority of the results are qualitatively closeto
the optimal.
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Figure 3: Result quality measured by top percentage

We also evaluate the capability of the algorithm with
regard to discovering the optimal partition. In this test,
our benchmarks contain task graphs with 13, 15 and 17
nodes and for each size there are 25 different testcases.
We first perform the brute force search on each test case,
which provides the optimal execution time and the num-
ber of partitions that achieve this execution time for the

testcase. Based on this information, we can derive theo-
retical possibility of finding an optimal partition if random
sampling is applied. When the task graph size is 13, for a
search space with a size of 313 = 1,594,323, it is shown
that over 2,500 runs across the 25 testcases, ACO algo-
rithm found the optimal execution time 2,163 times. Based
on this, the probability of finding the optimal solution with
our algorithm for these task graphs is 86.44%. Related to
this, we found that for 17 testing examples, or 68% of the
testing set, our algorithm discovers the optimal partitionev-
ery time in the 100 runs. This indicates that the proposed
algorithm is statistically robust in finding close to optimal
solutions. Similar analysis holds when task graph size is 15
or 17.

4.2.2 Compare with Simulated Annealing

In order to further investigate the quality of the proposed
algorithm, we compared the results of the ACO algorithm
with that of the simulated annealing (SA) approach. Our
SA implementation is similar to the one reported in [28].
In our experiments, the most commonly known and used
geometric cooling schedule [28] is applied and the temper-
ature decrement factor is set to 0.9. Figure 4 compares the
ACO results against that achieved by the SA search ses-
sions of different iteration numbers. The graph is illus-
trated in the same way as Figure 3. Here SA50 has roughly
the same execution time of the ACO, while respectively,
SA500 and SA1000 runs approximately 10 times and 20
times longer. We can see that with substantial less execu-
tion time, the ACO algorithm achieves better results than
the SA approach, even when it is compared with a much
more exhaustive SA session such as SA1000.
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When the problem size gets large, it becomes impossi-
ble to perform the brute force search to find the true op-
timal solution. However, we can still assess the quality
of the proposed algorithm by comparing the relative dif-
ference between its results with that obtained with other



popularly used heuristic methods. Figure 5 shows the cu-
mulative result quality distribution curves for task graphs
with 25 nodes. The x axis now reads as the percentage dif-
ference on time performance of the partition found by the
corresponding algorithm with respect to thebestexecution
time over all the experiments. Here the ACO and SA500
take the same amount of execution time, while SA5000
runs at about 10 time longer. It is shown that ACO outper-
forms SA500 while a much more expensive SA performs
comparably.
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Figure 5: ACO, SA and ACO-SA on big size problem

4.2.3 Hybrid ACO with Simulated Annealing

One possible explanation for the proposed ACO ap-
proach to outperform the traditional SA method with regard
to short computing time is that in the formulation of the SA
algorithm, the problem is modeled with a flat representa-
tion, i.e. the task/resource partitioning is characterized as a
vector, of which each element stores an individual mapping
for a certain task. This model yields simplicity, while loses
critical structural relationship among tasks comparing with
the ATG model. This further makes it harder to effectively
use structural information during the selection of neighbor
solutions. For example, in the implementation tested, the
internal correlation between tasks is fully ignored. To com-
pensate for this, SA suffers from lengthy low temperature
cooling process.

Another problem of SA, which may be more related
with the stability of the results’ quality than the long com-
puting time, is its sensitivity to the selection of the initial
seed solution. Starting with different initial partitionsmay
lead to final results of different quality, besides the possi-
bility of spending computing time on unpromising parts of
the search space.

On the other hand, the ACO/ATG model makes effective
use of the core structural information of the problem. The
autocatalytic nature of how the pheromone trails are up-
dated and utilized makes it more attractive in discovering

“good” solutions with short computing time. However, this
very behavior raises stagnation problem. For example, it is
observed that allowing extra computing time after enough
iterations of the ACO algorithm does not have significant
benefit regarding to the solution quality. This stagnation
problem has been discussed in other works [14, 25] and
special problem-dependent recovery mechanisms have to
be formulated to ease this artifact.

These complementary characteristics of the two meth-
ods motivate us to investigate a hybrid approach that com-
bines the ACO and SA together. That is to use the ACO
results as the initial seed partitions for the SA algorithm,it
is possible for us to achieve even better system performance
with a substantially reduced computing cost. In Figure 5,
curve ACO-SA500 shows the result of this approach. It
achieves definitively better results comparing with that of
SA5000 while only taking 20% of its running time. Simi-
lar result holds for task graphs of with bigger size, such as
50 and 100 (For a test case with 100 task node, the comput-
ing time can be reduced from about 2 hours to 18 minutes
using the hybrid ACO-SA approach).

Overall, we summarize the result quality comparison
with Table 1 for large problem instances. It compares the
average result qualities reported by ACO, SA500, SA5000
and the hybrid method ACO-SA500. The data is normal-
ized with that obtained by SA500, and the smaller the bet-
ter. It is easy to see that ACO always outperforms the tra-
ditional SA even when SA is allowed a much longer exe-
cution time, and the ACO-SA approach provides the best
average results consistently with great runtime reduction.

SA500 ACO SA5000 ACO-SA500
(run time) (t) (t) (10t) (2t)
size = 25 1 0.86 0.90 0.85
size = 50 1 0.81 0.94 0.77
size = 100 1 0.84 0.92 0.80

Table 1: Average Result Quality Comparison

5 Conclusion
In this work, we presented a novel heuristic searching

method for the system partitioning problem based on the
ACO algorithm. Our algorithm works as a collection of
agents work collaboratively to explore the search space. A
stochastic decision making strategy is proposed in order
to combine global and local heuristics to effectively con-
duct this exploration. We introduced the Augmented Task
Graph concept as a generic model for the system partition-
ing problem. Our approach is truly multi-way and can be
easily extended to handle a variety of system requirements.

Preliminary results over our test cases for a 3-way sys-
tem partitioning task showed promising results. The pro-
posed algorithm consistently provided near optimal parti-
tioning results over tested examples with very minor com-
putational cost. Our algorithm is more effective in finding



the near optimal solutions and scales well as the problem
size grows. It is also shown that with substantial less exe-
cution time the proposed method achieves better solutions
than the popularly used simulated annealing approach. Fur-
thermore, we provide a new hybrid approach combining the
ACO and SA that yields even better results than using each
of the algorithms individually.
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