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Abstract— This paper presents a new deterministic algorithm
for the classical HW/SW partitioning problem, targeting a
common architecture model consisting of a microprocessor and a
set of ASIC blocks. The system to be partitioned is represented as
an acyclic task graph, for which a set of constraints on makespan,
area, and code size exist. The restricted range exhaustive search
algorithm is introduced that is well suited for the subset of human
made task graphs, since it exploits their typical characteristics
such as locality, sparsity, and their degree of parallelism. The per-
formance of the new algorithm is demonstrated in comparison to
a genetic algorithm, a tabu search, and the global criticality/local
phase algorithm.

I. INTRODUCTION

Hardware/software (HW/SW) co-design is a design
paradigm for the joint specification, design and synthesis of
mixed HW/SW systems. The interest in automatic co-design
techniques is driven by the increasing diversity and complexity
of applications employing embedded systems, the need to
curb the rising costs of design, verification, and test for such
systems, as well as reducing time-to-market. At numerous
times during the design process crucial decisions have to
be made that dramatically influence the quality and the cost
of the final solution. Some design decisions might have an
impact of even 90% of the overall cost; among these HW/SW
partitioning is of prominent relevance [1], [2].
HW/SW partitioning is generally defined as the mapping of
functional parts of the system description to architectural
components of the platform, while satisfying a set of con-
straints like time, area, power, throughput, delay, etc. HW then
usually addresses the implementation of a functional part, e.g.
performing a finite impulse response filter or Walsh-Hadamard
transform, as a dedicated HW unit features a high throughput
and can be very power efficient. On the other hand, such
a custom data path is much more expensive to design and
inflexible when it comes to future modifications. Contrarily,
SW addresses the implementation of the functionality as code
to be compiled for a general-purpose processor or digital
signal processor (DSP). It generally provides flexibility and
is cheaper to maintain, whereas the required processors are
more power consuming and offer less performance in speed.
The optimal trade-off between cost, power, performance, and
chip area over the complete system has to be identified. For
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a sound introduction into system partitioning in electronic
system design please refer to the literature [1], [2]. The task
of partitioning has been thoroughly researched and enhanced
over the last 15 years and produced a number of feasible
solutions, which depend heavily on their prerequisites: the
architecture model, the communication model, the granularity
of the functional objects, etc. A short overview of the most
relevant work in this field is given in Section II.
In this work a new deterministic algorithm is introduced that
addresses the classical binary HW/SW partitioning problem.
The chosen scenario follows the work of other well-known
research groups in the field, like the GCLP algorithm by
Kalavade and Lee [3], Wiangtong et al. [4], and Chatha
and Vemuri [5]. The fundamental idea behind the presented
strategy is the exploitation of distinct graph properties like
locality and sparsity, which are very typical for human-made
designs. Generally speaking, the algorithm locally performs
an exhaustive search of a restricted size while incrementally
stepping through the graph structure. The algorithm shows
strong performance compared to implementations of the ge-
netic algorithm as used by Mei [6], the penalty reward tabu
search proposed by Wiangtong [4], and the GCLP algorithm
of Kalavade [3].
The rest of the paper is organised as follows. Section II lists
the most reputed work in the field of partitioning/scheduling
techniques. Section III illustrates the basic principles of system
partitioning, gives an overview of typical graph representa-
tions, and introduces the common platform abstraction. It is
followed by a detailed description of the proposed algorithm
and an identification of the essential graph properties in
Section IV. In Section V the sets of test graphs are introduced
and the results for all algorithms are discussed. The work
is concluded and perspectives to future work are given in
Section VI.

II. RELATED WORK

Heuristic approaches dominate the field of partitioning
algorithms, since partitioning is known to be an intractable
problem in most formulations [7]. Genetic algorithms have
been extensively used [6], [8], as well as simulated anneal-
ing [9], [10]. To a smaller degree tabu search [11] and greedy
algorithms [12] have also been applied. Other research groups
developed custom heuristics such as the early work in [13] or
the GCLP algorithm, which features a very low algorithmic



complexity [3].
With respect to combined partitioning and scheduling ap-
proaches, the work in [10] has to be mentioned. The ap-
proaches in [6], [14] also add communication events to links
between HW units and SW functions. The architecture model
varies from having a single SW and a single HW unit [9],
[12], which might be reconfigurable [5], to a limited set
of several concurrently running HW units combined with a
general-purpose processor [4].

III. SYSTEM PARTITIONING

This section covers the fundamentals of system partitioning.
Due to limited space only a general discussion of the basic
terms is given in order to ensure a sufficient understanding of
our contribution. For a detailed introduction to partitioning,
please refer to the literature [1], [2].
In embedded system design the term partitioning combines
two tasks: allocation, i.e. the selection of architectural
components, and mapping, i.e. the binding of system
functions to these components. Usually a number of
requirements, or constraints, are to be met in the final
solution, for instance execution time, area, throughput, power
consumption, etc. This task is known to be an intractable
optimisation problem [15], in some formulations NP-hardness
has been proven [3], [7]. The system functionality is typically
abstracted into a graph G = (V, E) representation. In
Figure 1a, six vertices V = {a, .., f} are depicted which are
connected by six edges E = {e1, .., e6}. The vertices cover
the functional objects of the system, or processes, whereas
the edges mirror data transfers between different processes.
Depending on the granularity of the graph representation, the
vertices may stand for a single operational unit (MAC, Add,
Shift) or have the rich complexity of an MPEG decoder. The
majority of the partitioning approaches [3]–[5], [14] decide
for medium sized vertices that cover the functionality of FIRs,
IDCTs, a quicksort, or similar procedures. Every vertex has

Fig. 1. (a) Process graph, annotated with characteristic values. (b) Typical
platform model.

been annotated with characteristic values that, e.g. in the case
of the GCLP algorithm for the binary (SW, HW) partitioning

problem, build a quadruple: (execution time (etsw) and code
size (cs) for SW, execution time (ethw) and area in gates
(gc) for HW). This scenario has been chosen to be the base
of the comparison to the other partitioning techniques. The
edges are annotated with the number of data samples (bits)
transmitted per invocation of one process. The mapping of the
task graph to the given architecture in Figure 1b is performed
with the objective to meet constraints for the makespan,
area, and code size. The platform model features a general
purpose processor, which allows for sequential execution of
the assigned processes, and an FPGA or a set of ASICs for
a custom data path, which allows for concurrent execution
of the assigned processes. Since in this work the achievable
system time is considered as one of the key system traits, for
which constraints exist, a reliable feedback on the makespan
of a distinct partitioning solution is obligatory. Therefore,
we adhere to a detailed communication model, that provides
collision-free schedules for all partitioning solutions seen.
Table I provides the example access times for reading and
writing bits via the different resources of the platform in
Figure 1b. Communication of processes on the same resource
uses preferably the local memory, unless its capacity is
exceeded. Processes on different resources use the system bus
to the shared memory. This detailed communication model is

Communication read (bits/µs) write (bits/µs)
Local sw memory 512 1024
Local hw memory 2048 4096
Shared system bus 1024 2048
Direct I/O 4096 4096

TABLE I
MAXIMUM THROUGHPUT FOR READ/WRITE ACCESSES TO THE

COMMUNICATION/MEMORY RESOURCES.

similar to Wiangtong’s work [4]. The underlying scheduling
technique can be switched between static and dynamic
versions of Hu’s priority level schedule [16], Hwang’s earliest
task first schedule [17], and Knerr’s LEP schedule [18].

A. Cost and Constraints

As can be seen in Equation 1, the cost function is a weighted
linear combination of the characteristic values for makespan,
area, and code size, due to its simple and easily extensible
structure. The quality of the obtained solution, the cost value
ΩP for the solution P , is then:

ΩP = pT (TP ) α
TP − Tmin
Tlimit − Tmin

+

pA(AP ) β
AP
Alimit

+ pS(SP ) ξ
SP
Slimit

.

(1)

Here, TP ≤ Tlimit is the makespan of the graph for par-
titioning P ; AP ≤ Alimit is the sum of the area of all
processes mapped to hardware; SP ≤ Slimit the sum of the
code sizes of all processes mapped to software. With the
weight factors α, β, and ξ the designer can set individual
priorities. If not stated otherwise, these factors are set to 1. If



TP > Tlimit ∨ AP > Alimit ∨ SP > Slimit is true, a penalty
function is applied to enforce solutions within the limits:

pA(AP ) =

{
1.0 , AP ≤ Alimit(
AP

Alimit

)η
, AP > Alimit

(2)

pT and pS are defined analogously. If not stated otherwise, η
is set to 4.
The validity percentage Υ = Nvalid/N is the quotient of the
number of valid solutions Nvalid divided by the number of all
solutions N , for a graph set containing N different graphs.
The constraints are specified by three ratios RT , RA, RS to
give a better understanding of their strictness. The ratios are
obtained by the following equations:

RT =
Tlimit − Tmin
Tmax − Tmin

, RA =
Alimit
Amax

, RS =
Slimit
Smax

. (3)

The values Amax, Smax, and Tmax are simply built by the sum
of the gate counts gc, code sizes cs, and maximum execution
time etmax of every process (plus the maximum transfer time
ttmax of every edge), respectively. The computation of Tmin
is obtained by scheduling the graph under the assumption
of unlimited FPGA/ASIC resources and no conflicts on any
sequential device. Thus, Tmin and Tmax are respectively the
lower and upper bounds on the makespan.
The computational runtime Θ has been measured in clock
cycles by the high resolution timer QueryPerformanceCounter
of the MS Windows API on a PC (AMD Athlon 64 3000+,
1.8GHz Processor).

IV. THE RRES ALGORITHM

A thorough review of typical system graph structures has
been performed to isolate a relevant subset of task graphs.
Concretely, the complete industry design of a UMTS baseband
receiver chip [19] has been analysed. Many contributions in-
corporate one or two example designs taken from development
worksuites they lean towards [3], [9], while others introduce
a fixed set of typical and very regular graph types [4]. Nearly
all of the mentioned approaches generate additional sets of
random graphs to obtain a reliable fundament for test runs
of their algorithms. However, random graphs, if not further
specified, can differ dramatically from human made graphs.
Graphs in electronic system design, in which programmers
capture their understanding of the functionality and the data
flow, can be identified by a set of specific properties, of which
three are of importance for this new algorithm.
Human made system graphs with a granularity of functions
like FIR, FFTs, etc. have a strong affinity to rather short
edges, i.e. vertices pass data and parameters predominantly
to vertices with a similar rank level. A descriptive metric, the
rank-locality rloc, is introduced:

rloc =
1
|E|

∑
ei∈E

rank(vsink(ei))− rank(vsource(ei)). (4)

For any edge the rank difference of its vertices is calculated,
summed and averaged. Unlike the classical k-locality property,
the rank-locality is efficiently computable beforehand to

characterise the system graph under consideration. Typical
values are rloc < 3 and very often even rloc ≈ 1.
The second property of interest is the sparsity, ρ = |E|

|V| of
a graph. If the number of edges scales with the number
of vertices, |E| ∼ |V|, a graph is considered sparse, and if
|E| ∼ |V|2, it is considered dense. Typical values are ρ < 5.
The degree of parallelism γ = |V|

|VCP | , where |VCP | is the
number of vertices on the critical path, has typically low
to medium values as well, γ ∈ [2,

√
|V|], for human made

structures. Note, that in graphs with execution times for
vertices or transfer times for edges, these times are usually
taken as weights per vertex and per edge for the computation
of γ.
Definitions for rank, γ, ρ, and k-locality can be found in the
literature [20].
In Figure 2, a typical graph with low values for ρ and rloc
and is depicted. The rank levels are annotated at the bottom
of the graphic. The following paragraphs describe the new

Fig. 2. Task graph with characteristic values for ρ, rloc, and γ.

strategy to exploit such a graph structure. The fundamental
idea is that in general a local optimal solution, here covering
the rank levels 0 − 1 does probably not interfere with an
optimal solution for the rank levels 4 − 5. Instead of finding
proper cuts in the graph to ensure such a non-interference,
which is very rarely possible, we consider a moving window
(i.e. a contiguous subset of vertices) over the topologically
sorted graph, and apply exhaustive searches on these subsets.
The window is moved incrementally along the graph structure
from the start vertices to the exit vertices. The precise
algorithmic steps are described in the rest of the section.

The preparation phase of the algorithm comprises several
necessary steps to boost the performance of the proposed
strategy. A crucial part is certainly the identification of the
order, in which the vertices are visited by the moving window
and the construction of the initial solution. The latter is not
in the focus of this work and is thus omitted in the interest
of brevity. Constructional heuristics for the initial solutions in
this setting can be found in the literature [21]. For the vertex
order a vector is instantiated holding the vertices’ indices. The
main requirement for the ordering is that adjacent elements
in the vector mirror the vicinity of readily mapped processes
in the schedule. Different schemes to order the vertices have



Fig. 3. Moving window for the restricted range exhaustive search on an
ordered vertex vector.

been tested: a simple rank ordering completely neglects the
annotated execution and transfer times; an ordering according
to ascending Hu priority levels incorporates the critical path
of every vertex; a more elaborate approach is the generation
of two schedules, as soon as possible and as late as possible.
For some vertices v ∈ V we obtain the very same start times
st(v) = stasap(v) = stalap(v), for both schedules, for others
these are different, then st(v) = 1

2 (stasap(v) + stalap(v)). An
alignment according to ascending values of st(v) yielded the
best results among these three schemes, since the dynamic
range of possible schedule positions is hence incorporated. It
has to be stated, that in the case of the binary partitioning
problem exactly two different execution times for any vertex
exist, and three different transfer times for the edges (hw-
sw, hw-hw, sw-sw). In order to achieve a single value for
execution and transfer times, again different schemes are
possible: utilising the values from the initial solution, simply
calculating their average, or utilising a weighted average,
which incorporates the constraints. The last technique yielded
the best results on the applied graph sets. The exact weighting
is given in the following equation:

et =
1
3

( RS etsw + (1−RS)ethw+

RA ethw + (1−RA)etsw+

R̂T etsw + (1− R̂T )ethw ),

(5)

where R̂T = RT , if etsw ≥ ethw, and R̂T = 1−RT otherwise.

Once the vertex vector has been generated, the main algo-
rithm starts. In Listing 1 pseudocode is given for the basic
steps of the proposed algorithm. Lines 1 − 2 cover the steps
already explained in the previous paragraphs. The loop in lines
4− 6 is the windowing across the vertex vector with window
length |W |.

Listing 1. Pseudocode for the RRES scheduling algorithm
0 RRES() {
1 createInitialSolution();
2 createOrderedVector();
3
4 for(i=1; i <= |V|-|W|; i++) {
5 exhaustiveSearch(i, i+|W|);
6 }
7 }
8
9 exhaustiveSearch(int v_i, int v_j) {

10 swapVertex(v_j);
11 for (int i=0; i < 2ˆ(|W|-1); i++) {

12 createMapping(v_i, v_j, i);
13 if (constraints fulfilled)
14 { valid = true; }
15
16 if (cost < bestCost)
17 { storeSolution(); }
18 if (cost < bestValCost && valid)
19 { storeValidSolution(); }
20 }
21 mapVertex(v_i, bestSolution);
22 }

From within the loop, the exhaustive search in line 9 is called
with parameters for the window vi−vj . The swapping of most
recently added vertex vj in line 10 is necessary to save half of
the run time, since all solutions for the previous mapping of
vj have already been calculated in the iteration before. This is
related to the break condition of the loop in following the line
11. Although the current window length is |W |, only 2|W |−1

have to be calculated anew in every iteration. In line 12, the
current mapping according to the binary representation of loop
index i is generated. In lines 13− 19, the checks for the best
and the best valid solution are performed. The actual final
mapping of the oldest vertex in the window vi takes place in
line 21. Here, the mapping of vi is chosen, which is part of
the best solution seen so far. When the window reaches the
end of the vector, the algorithm terminates.

V. RESULTS

Naturally, the crucial parameter of RRES is the window
length |W |, which has strong effects on both the run time
and the quality of the obtained solutions. In Figure 4, the
first result is given for the graph set with the least number of
vertices |V| = 20, since a complete exhaustive search (ES)
over all 220 solutions is still feasible. The graph set contains
180 different graphs, with rloc = [1 . . . 7], ρ = [1 . . . 6], and
gamma = [2 . . . 8]. The constraints are rather strict to produce
a portion of invalid results, (RT , RA, RS) = (0.4, 0.4, 0.5).
The vertical axes show the range of the validity percentage
Υ and the best obtained cost values Ω averaged over the 180
graphs. Over the possible window lengths |W |, shown on the

Fig. 4. Validity Υ, and cost Ω for RRES, GCLP and ES plotted over the
window length |W |.

x-axis, the performance of the RRES algorithm is plotted.
The dotted lines show the ES and GCLP performance. The



cost Ω̄GCLP = 3.22 is not depicted, since it is outside
the graph range. For a window length of 20, the obtained
values for RRES and ES naturally coincide. The algorithm’s
performance is scalable with the window length parameter
|W |. The trade-off between solution quality and run time
can hence directly be adjusted by the number of calculated
solutions S = (|V| − |W |)2|W−1|. The dashed curves
are the cost and validity values over the graph subset,
for which the product of rank locality and parallelism is
γ rloc < 30. Obviously, there is a strong dependency between
the proposed RRES algorithm and this product. In the last
part of this section, this relation is brought into sharper focus.
The relatively low performance of the GCLP algorithm is
understandable, since it is basically a greedy search and
designed to have a very low algorithmic complexity O(|V|2)
for sparse graphs. Due to its internal structure, the GCLP run
time is comparable to RRES with |W | = 3 . . . 4. However,
with respect to the obtained quality of solutions, it cannot
compete with more time consuming strategies like Genetic
Algorithm (GA), Tabu Search (TS) or RRES.
For the following considerations, the parameter set of the GA
implementation is briefly outlined. For a detailed description
of the GA terms, please refer to the literature [22]. The
chromosome coding utilises as fundament the same ordered
vertex vector as depicted in Figure 3. Every element of the
chromosome, a gene, corresponds to a single vertex. Possible
gene values, or alleles, are 1 for HW and 0 for SW. Two
selection schemes are provided, binary fighting and roulette
wheel selection, of which the first showed better convergence.
Mating is performed via two-point crossover recombination.
Mutation is implemented as an allele flip with a probability
0.03 per gene. The population size is set to 2|V|, and the
termination criterion is fulfilled after 2|V| generations without
improvement. These GA mechanisms have been selected
according to GA implementations in literature [6], [8].
The third algorithm to benchmark against is the penalty
reward TS from Wiangtong et al. [4]. It combines a short
term memory, i.e. the tabu list of recently visited regions
of the search space, with a long term memory, such that
frequently visited regions of the search space are penalised
(diversification), and regions that frequently return high-
quality solution are rewarded (intensification). An aspiration
criterion is provided, which ensures that globally best
solutions are accepted, even when they are flagged tabu.
According to their work, we chose an identical parameter
set: neighbourhood size is SN = b

√
|V|/2c, number of tabu

degrees Ntd = b
√
|V|/2c, so that the obtained tabu list length

is LT = SNNtd = |V|/2. The long term memory covers a
range of 10 vertices, corresponding to sufficient memory for
210 different regions. The termination criterion is fulfilled
after 4|V| iterations without improvement.
Table II contains selected information about the performance

of the four algorithms on all graph sets. Note, that GA
and TS contain randomised mechanisms. As a consequence
their output for different runs on the same graph varies.

|V| GA GCLP
20 Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.52 0.17 92.2% 3.22 0.26 68.6%
loose 2.07 0.11 100% 2.78 0.17 88.1%

TS RRES (|W | = 10)
Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.56 0.19 83.4% 2.56 0.18 85.5%
loose 2.09 0.11 100% 2.06 0.12 100%

|V| GA GCLP
50 Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.76 0.19 81.6% 3.17 0.11 72.2%
loose 2.21 0.12 100% 2.72 0.10 97.5%

TS RRES (|W | = 10)
Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.77 0.19 77.5% 2.70 0.18 93.3%
loose 2.23 0.12 100% 2.17 0.11 100%

|V| GA GCLP
100 Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.88 0.19 56.4% 3.89 0.38 21.8%
loose 2.28 0.12 100% 2.83 0.17 92.6%

TS RRES (|W | = 10)
Ω̄ σ̄ Ῡ Ω̄ σ̄ Υ

strict 2.81 0.20 62.4% 2.70 0.17 99.4%
loose 2.22 0.12 100% 2.16 0.12 100%

TABLE II
RESULTS OBTAINED FOR THE FOUR ALGORITHMS ON 180 DIFFERENT

GRAPHS.

Hence, 30 runs per graph have been performed with GA
and TS each. Their mean and standard deviation incorporate
180× 30 values, as opposed to 180 for the GCLP and RRES
algorithms. Table II shows the averaged results for all graphs
with the sizes |V| = 50, 100. The termination criteria of GA
and TS, and the window length of RRES had been adjusted,
so that their run times did not differ by more than 25%. The
best values are shown in bold. On first inspection, the results
expose advantages for RRES both in cost and validity for
these graph structures. The GCLP algorithm trails by more
than 25% − 50% in Ω and Υ, but is 50 to 100 times faster.
Consequently, this algorithm is a reasonable candidate for
very large graphs |V| > 200, because only then its very low
run time proves truly advantageous.
A more sophisticated picture of the algorithms’ performance
can be obtained if we plot the averaged cost values of
GA, TS, and RRES of all graphs and all sizes over their
rank-locality metric rloc and the parallelism metric γ,
respectively. Recall, that we identified typical system graphs
in the field to have rather low values for rloc and low to
medium value for γ, while having low values for ρ. The
product γ rloc has been calculated for all the sample graphs,
and the performance of GA, TS, and RRES have been
plotted against this characteristic value, as shown in Figure 5.
The Ω values are normalised to the minimum cost value
Ω̄min = min(Ω̄GA, Ω̄TS , Ω̄RRES), so that the performance
differences are given in percentages above 1.00. For low
values of γ rloc, the RRES algorithm yields significantly
better results, up to 7%. Its performance degrades slowly
until it drops back behind GA for values larger than 50 and



behind TS for values larger than 80. Interestingly, GA loses
performance as well, for values larger than 130. For clarity
it has to be mentioned, that the majority of the graphs lies
in the range γ rloc = [30, 80]. This behaviour becomes clear,

Fig. 5. Dependency between the product γ rloc and the obtained averaged
cost values for GA, TS and RRES.

when we recall the intricacies of its chromosome coding.
Due to the fundamental schema theorem [22] of genetic
algorithms, adjacent genes in the chromosome coding have
to reflect a corresponding locality in the system graph. With
growing values of γ rloc, the mapping of the graph onto the
two-dimensional chromosome vector decreasingly mirrors the
vicinity of the vertices within the graph. Hence, GA proves
very sensitive to badly fitting chromosome codings, whereas
TS remains insensitive to high values of the product γ rloc.
Consequently, it can be stated that a thorough a-priori analysis
of the problem graph returning rloc, ρ, and γ, all of which
are derivable with linear algorithmic complexity for directed
acyclic graphs, is an obligatory step before the designer can
decide for an appropriate partitioning technique.

VI. CONCLUSIONS

In this work a new heuristic for the binary HW/SW par-
titioning problem has been introduced. A thorough analysis
of its behaviour related to graph properties revealed a strong
performance for a distinct subset of system graphs typical
in the field of electronic system design. For this subset, the
proposed RRES algorithm outperforms three other popular
partitioning techniques based on the concept of genetic algo-
rithms, Wiangtong’s penalty reward tabu search, and the well
reputed GCLP algorithm of Kalavade and Lee.
Future work will scrutinise the runtime of the RRES algorithm
by revising the incremental movement of the RRES window.
It may be possible to identify situations, in which more than
one vertex could be mapped per movement of the window.
Another interesting idea is the implementation of a short term
memory for the moving window, in which the implementation
type of vertices is fixed precociously, due to their contribution
to the recently found global best solutions. This research is
a mandatory step to address the extended partitioning prob-
lem, when there are more than two possible implementation
alternatives per vertex.
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