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Abstract— High level synthesis is one of the next major steps
to improve the hw/sw co-design process. The advantages of high
level synthesis are two-fold. At first the level of abstraction is
raised and secondly this allows for exploring the design space
to a higher degree than on register transfer level. The design
space can be explored by applying several kinds of source code
transformations like loop unrolling and tree height reduction.
Performing design space exploration manually leads to inefficient
and inflexible mappings. This work describes the automated
design space exploration for area timing trade-offs by utilising
evolutionary multi-objective optimisation. Several performance
improvements for genetic algorithms are introduced, which
target a fast and accurate design space exploration. Finally, the
performance of the proposed algorithm is evaluated.

I. INTRODUCTION

One of the trends for increasing design productivity in the
hardware/software co-design process is to raise the level of
abstraction. Nowadays, the implementation process of most
designs flows is based on descriptions on register transfer level
(RTL). The advances to higher abstraction levels are at the one
hand provided by languages for simulation (e.g. SystemC) and
on the other hand by the capability of high level synthesis
(HLS). The object of high level synthesis is twofold. First,
by describing a system at higher level a productivity gain
can be obtained. Secondly, because the design transformations
occur on a higher level there is greater potential for exploring
the design space, which should lead to better designs. The
importance of this evolution has a direct impact on costs for
a design. Figure 1 depicts the evolution of the cost during the
development time [1], where it can be seen that early design
decisions have a much higher resulting cost span than design
decisions taken at the end of the development time.

The full advantage of such improvements can only be
exploited by additional tools that allow for discovering trade-
offs automatically, which has been pointed out by the Interna-
tional Technology Roadmap for Semiconductors [2]. Different
realisations of processes are achieved by applying diverse
source code transformations. Especially loop transformations
like loop unrolling with varying unrolling factors as well as
data flow transformations like tree height reduction are to be

This work has been funded by the Christian Doppler Laboratory for Design
Methodology of Signal Processing Algorithms.

Fig. 1. Up to 90% of the costs are determined at the first part of the design.

mentioned. Some high level synthesis tools allow for auto-
matic application of these techniques (CatapultC from Mentor
Graphics [3], SPARK [4]). Nevertheless, these decisions have
to be performed manually and are based for example on
pragma [5], [6] statements within the code in order to control
the compilation task. This leads to inflexible mappings, which
have to be updated when either the target hardware or the
algorithm itself changes.

Those transformations can be applied to code segments
of the algorithm and the permutation of those independent
transformations results in different realisations, that are called
design points. Additional requirements from the specification
translate into constraints on the set of feasible design points.
For example maximum values for area as well as for timing
are given. The design space grows exponentially with the
size of the function under consideration and therefore cannot
be exhaustively searched in reasonable time. Even heuristics,
which yield a quite good approximation of the design space
show their incapability for an application to real examples,
because of a not negligible run time, in the magnitude of
several hours, assuming a typical project with about several
hundred functions.
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One of the main applications of the design space explo-
ration manifests in the extended partitioning problem [7].
Here hw/sw partitioning is performed on systems, that are
represented as task graphs and each node has several im-
plementation options differing in area and execution time.
It is of paramount importance in an industrial setting to
guarantee feasible running times for the estimation of those
implementation options. This paper describes the generation
of Pareto optimal solutions for area and timing trade-offs
with evolutionary multi-objective optimisation. One of the
main targets is to identify a parameter setting combined with
several improvements with respect to the fitness function and
to the introduction of a problem specific elitism technique,
which achieves small running times, while preserving the
performance.

The rest of the paper is organised as follows. Section II
gives an overview of related work in the field of design
space exploration. Further, in Section III the generation of a
design space for area and timing trade-offs is described. Its
formulation as multi-objective optimisation problem, which
leads to the definition of the Pareto optimality, is presented
in Section IV. The mapping of the optimisation problem to
a genetic algorithm (GA) is described in Section V. Within
this section several problem specific improvements of the
standard GA implementation are introduced. Further, perfor-
mance indicators are defined and a performance analysis of
the generated Pareto front is demonstrated on several examples
in Section VI. Finally some conclusions and perspectives to
future work are given.

II. RELATED WORK

The design space exploration embraces a multitude of
different optimisation scenarios on varying abstraction levels.
Typical parameters of this exploration are timing, power, and
area.

The work of Ahmad et al. [8] identifies trade-offs between
area and control steps for data flow graphs. For this task a
problem specific genetic algorithm is introduced, which opti-
mises the number of hardware resources, the number of control
steps, and the length of the clock period. A shortcoming of
this approach is the neglect of control and wiring overhead for
the area estimation.

Design space exploration for multi processor architectures
is presented by Zivkovic [9]. This work focuses on the
comparison of fast estimations against accurate estimations
generated by simulation traces.

System optimisation and exploration with respect to power
consumption is presented within the work of Henkel [10]. In
their work effects of certain system parameters like cache size
or main memory size are considered.

Haubelt and Teich [11] estimate a Pareto front by applying
a hierarchical approach. They use Pareto front arithmetics [12]
for combining different Pareto fronts, that are computed for
sub parts of the architecture. Further extensions of this ap-
proach utilise particle swarm optimisation [13].

The work of Bilavarn et al. [14] considers time and area
trade-offs for different implementation types regarding loop
transformations like loop unrolling or pipelining. Two main
steps compose the flow. In a first step structural exploration
defines several RTL implementations. As a second step char-
acteristics are estimated for the physical mapping on FPGAs.
Here, an exhaustive search of all possible design points is
performed in order to find the optimal solutions.

So et al. [15], [16] examine trade-offs between area and
timing by loop unrolling. A search strategy is introduced to
identify an optimal design point for an FPGA implementation.
This search strategy utilises a balance metric, which guides the
algorithm. It tries to equally use memory and computation
resources targeting a balanced utilisation of the available
resources. The compiler within this technology offers several
optimisations like loop unroll and jam, scalar replacement,
peeling, and invariant code motions.

III. TRADE-OFF BETWEEN AREA AND TIMING

In general an algorithm within a function, which is written
in form of sequential code, can be decomposed into a control
flow graph (CFG). In a CFG representation the intercon-
nected vertices are called basic blocks (BB). Each basic block
contains a sequence of data operations ended by a control
flow statement as its last instruction. This means that the
operations inside a BB are completely data oriented and can
be represented as data flow graph (DFG) as depicted in Fig. 2.

Fig. 2. CFG and a DFG for BB2 with annotations for the corresponding
cycle count (CC) and gate count (GC).

For each basic block BB an execution time CC(BB) and
an area GC(BB) is assumed (e.g. BB2 in Fig. 2).

The basic ideas of area and execution time estimation are
mentioned in the following, a complete discussion of this topic
would be beyond the scope of this paper. Execution time
measured in cycles is based on the analysis of the depth of
the DFG of one basic block [17]. Area measured in gates
is estimated based on the number of required resources like
ADD, SUB, MUL, or DIV and the number of control states.
Further, in order to achieve a more reliable estimation the reuse
capabilities within different CFG paths is accounted with a
parallelism metric for each type of operation [18].
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Different design points are obtained by source code trans-
formations like loop unrolling or tree height reduction:

Loop unrolling describes the reduction of execution time of
a loop by implementing several instances of the loop body,
which can be executed in parallel [19]. We assume reducible
loops with statically known iteration space. The unrolling
factor U counts the number of duplicated loop bodies. We
allow for a loop unrolling factor U for iteration counts M
such that M/U is an integer. The original cycle count of
the loop is defined by the cycle count of the longest path of
the loop body multiplied with the number of loop iterations,
t = M CC(LP ). The gate count of the loop corresponds to
the gate count of the loop body a = GC(BBbody). After loop
unrolling with the factor U the new cycle count computes
to tu = t/U and the new amount for the required area is
computed with au = aU . For the simplification of the model
we neglect an additional increase of the gate count caused by
the added complexity of the controller implementation [4].

Tree height reduction deals with different scheduling of the
data operations inside of a basic block. Assume for instance a
complete sequential scheduling opposing to an implementation
featuring full parallelism.

Example 3.1: In Fig. 3(a) a DFG is shown, which corre-
sponds to the algebraic expression z = (a+b)c+(d+e)f . Dif-
ferent schedules allow for four realisations (x1, x2, x3, and x4)
as shown in Fig. 3(b). Here, a cycle count of five is achieved
by sequentially performing the additions (x1), whereas a
completely parallel implementation achieves a cycle count of
three (x4). Finally the design space of the four solutions is
shown in Fig. 3(c)). It is assumed that the implementation
cost for a multiplication and additions is equal. In this case
only the design points x4 and x3 achieve the best trade-off
between area and timing and therefore could be considered as
most promising candidates for an implementation.

Based on the described code variants each BB is annotated
with a set of k possible implementation types I(BB) =
{(a1, t1), (a2, t2), . . . , (ak, tk)}. Thus, the number of possible
design points for a CFG, that consists of N basic blocks, is
computed with

∏N
i=1 |I(BBi)|. Hence, it is obvious that for

large N an exhaustive search for all possible design points is
an infeasible technique.

IV. MULTI-OBJECTIVE OPTIMISATION

As shown in the section before area and time are competing
resources for the implementation. The problem of identifying
optimal implementations can be generally described as multi-
objective optimisation problem [20] and has the following
formulation

min{f(x)}
subject to x ε S,

(1)

where f(x) defines a vector involving k(≥ 2) conflicting
objective functions fi : Rn → R, i = 1..k. The decision
(variable) vector x = (x1, . . . , xn)T belongs to the feasible
region Xf ⊂ Rn. This region is determined by a set of

(a) Data flow graph.

(b) Four different implementations x1, x2, x3, and x4.

(c) Design space.

Fig. 3. Trade offs and design space for one data flow graph.

constraints bi like maximum area, maximum response time,
or maximum power consumption given by the requirements
of the system. Those constraints, which can be grouped into
a vector b = (b1, . . . , bn)T , define a set of inequalities

x ≤ b. (2)

All possible realisations span the design space X =
{x1, . . . ,xm}. The following relations between two design
points x1 and x2 can be identified:

x1 � x2 (dominates) if f(x1) < f(x2),
x1 � x2 (weakly dominates) if f(x1) ≤ f(x2),

x1 ∼ x2 (is indifferent to) if f(x1) � f(x2)∧ f(x1) � f(x2).

We use the relation for vectors in the following way.

u = v if for all i = 1, . . . , k : ui = vi,
u ≤ v if for all i = 1, . . . , k : ui ≤ vi,

and u < v if for all i = 1, . . . , k : ui < vi.

The relations greater and greater equal are defined sym-
metrically. As stated before it is not possible to find a single
solution that would optimise all the objectives simultaneously.
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Therefore, we use the most commonly description of opti-
mality for a multi-objective optimisation given by Vilfredo
Pareto [21].

Definition 1 (Pareto-optimality): A vector x1 is Pareto op-
timal if there does not exist another vector x2 such that
x2 � x1. The set of Pareto optimal points is called Pareto
optimal set Xp or short Pareto front. Further, we call a quality
set Xq the approximation of the Pareto set Xp.

Mathematically, all the Pareto optimal points are equally
acceptable solutions. However, is is generally desirable to
obtain one or a sub set of those points as solution.

Example 4.1: In Fig. 4 a design space for area and timing
is depicted. The design point x1 is Pareto optimal and it
dominates x2, x3, x4 and x5, (x1 � x2, x1 � x3, x1 � x4,
x1 � x5), whereas x3 is indifferent to x4 (x3 ∼ x4). The
design point x2 weakly dominates x3(x2 � x3). Also some
constraints for maximum timing and area are shown, so that
the design points x5 and x6 become not valid.

Fig. 4. Design space for area and timing trade-off.

V. GENETIC ALGORITHM

Several heuristics are applicable in order to solve this
optimisation problem like for example simulated annealing
and tabu search. Usually, in this techniques the optimisation
result is only one design point. In order to identify a Pareto
front with theses heuristics a multi start approach has to be
chosen, which leads to a high running time of the algorithms.
Most promising candidates for the identification of a Pareto
front are genetic algorithms because of their good capability
of maintaining a large set of possible solutions [22]. The
fundament of the algorithm is the representation of a solution
in form of a chromosome. In this case it is a vector of the
length of the number of basic blocks of the CFG (Fig. 5).

Each vector entry selects one implementation type of its cor-
responding basic block. The structogram of a genetic algorithm
is depicted in Fig. 6. Initially a set of individuals is generated
with randomly chosen implementation types, which forms the
starting population. Now the parents for the next generation are
found by binary selection. This means that two chromosomes

Fig. 5. Chromosome representation of a design point for the genetic
algorithm.

are randomly chosen and the one, which has a better fitness
is selected as parent. After that the parents are recombined by
joining sub sequences of two different chromosomes, in order
to get the new population. Further, the implementation types
of certain chromosomes are probabilistically changed in order
to guarantee the diversity of a population (mutation). This
procedure is repeated until a saturation criteria is achieved,
e.g. new Pareto optimal points cannot be found within one
iteration of the algorithm.

Fig. 6. Structogram of a genetic algorithm.

A. Fitness Function and Elitism

The performance of the optimisation heavily depends on
the fitness computation. Also the application of an elitism
technique can significantly improve the performance of the
genetic algorithm.

1) Weighted Sum: The fitness of each design point is
computed by a weighted sum

k∑
i=1

wifi(x) (3)

with the weighting coefficients wi that represent the relative
importance of the objective functions. Usually it is assumed
that the weights sum up to 1,

∑k
i=1 wi = 1. With this method

a scalar fitness function is achieved, which allows for simple
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comparison of two design points. A serious drawback lies in
its incapability of generating members of the Pareto optimal
set if the Pareto front is concave [23]. Therefore, an approach
is proposed to solve the same problem for different values of
the weighting coefficients. This approach does not require any
changes to the basic mechanism of the genetic algorithm and
is therefore easy to implement. We will refer to this type of
implementation feature as weighted sum (WS).

2) Rank Ordering of Pareto Fronts: A strategy featuring
higher complexity determines the fitness criteria of each design
point by a consecutive identification of Pareto fronts within
one population: once a population is generated, the Pareto
optimal set of this population is determined and removed from
the set. Afterwards the next Pareto front of the remaining
set is determined. This procedure is repeated until the set is
empty. Now, each point gets a fitness value according to rank
number of its Pareto front. In Fig. 7 the design points x1, . . . ,
x14 are shown and their split into consecutive Pareto fronts.
X1 = {x1, . . . , x5}, X2 = {x6, . . . , x11}, and X3 = {x12,
. . . , x13}.

Fig. 7. Rank ordering of a population.

In general the computation of one Pareto front has a
complexity of O(MN2). Here M denotes the number of
objectives and N is the size of the population. In the worst
case this sorting has to be performed N times resulting in a
complexity of O(MN3) in order to determine all fronts of
one set. A fast sorting approach in the order of O(MN2) is
shown in [24]. A GA with this fitness computation will be
referred to in this work as rank ordered (RO).

3) Elitism with Extreme Values: Generally the identification
of all Pareto optimal design points requires an exhaustive
search. Nevertheless, this specific problem allows to compute
some Pareto optimal points beforehand. Generally, we define
extrema as design points xe,i, that minimise or maximise at
least one of the objective functions fi,

xe,i = argmin
x∈X

fi(x), i = 1, . . . , k, or

xe,i = argmax
x∈X

fi(x), i = 1, . . . , k.
(4)

The extreme values for the execution time are found by.

Tmax = max
p∈B

{T (p)}. (5)

Here B defines the set of all possible paths through the CFG
and for each BB the implementation type is chosen, which
yields the highest cycle count. Vice versa, if for each path
the implementation type with the minimal execution time is
chosen, Tmin is computed with

Tmin = max
p∈B

{T (p)}. (6)

We will use this extreme points in order to implement an
elitism feature within the genetic algorithm. This means that
usually the overall best values are added to the population
in order to preserve them. In our case we will add always
the extreme design points to the population. In the remaining
sections we will refer to a genetic algorithm, which includes
the described feature as extreme value elitism (EVE).

VI. PERFORMANCE ANALYSIS

As the result of a multi-objective optimisation is not one
single value, which could be easily compared to the result of
another optimisation run, it is necessary to define some quality
measures. In order to quantify the quality of the genetic algo-
rithm, the actually achieved Pareto front can be compared to
the Pareto optimal solutions found by the full search method.
This is certainly only possible for small optimisation problems.
The size of such problems is in the order of 1010 design
points and a full search takes some hours of computation time
on a standard PC (3 GHz). For larger problem sizes we will
use the following two quality measures. The coverage reflects
the dominance behaviour of two pareto fronts and the hyper
volume indicator is a measure for the length of one pareto
front.

Coverage: The coverage C is defined for two sets of design
points and describes the number of points that are dominated,
C(X, Y ) = |{y εY | ∃ xεX : x�y}|

|Y | . A coverage of C(X, Y ) = 1
means that all elements of Y are weakly dominated by at least
one element of the set X , whereas C(X, Y ) = 0 indicates
that no element of the set Y is weakly dominated by any
element of the set X . Note, that this function is usually non
symmetric, C(X, Y ) 6= C(Y, X), and also the the sum of
C(X, Y ) and C(Y, X) does not equal 1, C(X, Y )+C(Y, X) 6=
1. For example in Fig. 8(a) the Pareto set X dominates 1/3
of the set Y . Vice versa no design point of X is dominated
by Y . This means that if we want to compare the two sets of
the Figure we would consider X better, nevertheless the set
Y covers the design space to a higher extend (higher distance
between the extrema). In Fig. 8(b) a symmetric scenario is
depicted.

Hyper Volume Indicator: The hyper volume indicator [25]
IH is a unary quality measure that can be applied to a single
quality set. The hyper volume is spanned by the union of
of cubes between the solutions xi and a reference point z.
Certainly, it is important that the reference point z has to
be chosen such, that all of the design points dominate this
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(a) Non symmetric coverage. (b) Symmetric coverage.

Fig. 8. Different coverage scenarios.

point (x < z) in order to have an appropriate measure of the
covered area. In our problem this requirement is achievable,
because the maximum extension of the Pareto front is known.
Therefore, we have to chose z such, that it is dominated by
the extreme values xe1 and xe2, which are known beforehand,
xe1 � z and xe2 � z (Fig. 9).

Fig. 9. Hyper volume indicator IH and local hyper volume indicator LH

for a Pareto front.

A measure for the local performance of a Pareto front is the
local hyper volume indicator LH . For example, we apply this
local measure to identify the performance of the Pareto set in
the vicinity of the extreme values.

In order to identify the effects of three strategies described
in the previous section, we apply the the most promising
combinations of features that are used for the optimiser I ∈
{GA1, GA2, GA3, GA4} as shown in Table I separately. Note,
that the extreme value elitism cannot be applied as single
feature and is therefore used only in combination with other
features. The genetic algorithm GA1 utilises both features
rank ordering and weighted sum. Here, the selection process
inside the genetic algorithm contains two steps. At first the
rank of two chromosomes is compared and the one with the
minor rank is selected. If the rank of the two competing
chromosomes is equal, than the one with the smaller weighted
sum is selected as parent for the next generation.

Due to the randomised characteristics of GAs for each
algorithm type 30 runs have been performed. The achieved
quality set of the genetic algorithm GAi will be described with
Xi

q(GAi). Hence, 30 approximation sets Xi
q1, X

i
q2, . . . , X

i
q30

for every algorithm GAi have been generated.

WS RO EVE
GA1 x x x
GA2 x x
GA3 x
GA4 x

TABLE I
FEATURES OF THE VARIOUS GENETIC ALGORITHMS GA1, . . . , GA4 .

The performance of the different optimisers I is evaluated
on two control flow graphs (CFG13 and CFG23). Here the
CFG13 consists of 13 basic blocks and features a size which
allows for an exhaustive search of the Pareto front. The
control flow graph CFG23 incorporates 23 basic blocks. The
parameters of the genetic algorithms are set to 20 individuals
per population and a mutation probability of 10%.

In Table II the results regarding the found quality set Xq

compared to the optimal front Xp is described. The actual
front, which has been derived by an exhaustive search, consists
of 133 design points. Only GA4 is able to find a substantial
portion (22%) of these design points of the optimal Pareto
front. Nevertheless, the draw back of a pure weighted sum
approach will be apparent in the next examples when the
design space coverage is considered. A first indication of this
behaviour can be seen if we compare the number of design
points that build the quality set. Here the algorithm GA1

contains about 50% more design points compared to GA4. Cer-
tainly, the performance of all the different genetic algorithms
can be substantially improved by increasing the number of
individuals. With a population of about 100 individuals nearly
80% of the Pareto optimal design points can be found. The
usage of 20 individuals aims at low computation times of about
several minutes in order to be appropriate for an application
in realistic setting.

|Xq | |Xq ∩ Xp| (|Xq ∩ Xp|)/|Xp|%
Full Search 133 133 100
GA1 67 5 3
GA2 65 3 2
GA3 50 0 0
GA4 44 29 22

TABLE II
PERFORMANCE COMPARISON OF THE DIFFERENT OPTIMISERS FOR THE

CONTROL FLOW GRAPH CFG13 .

In the following we consider a control flow graph CFG23

with a more realistic size. Since the statistical distribution of
the results of the optimisation runs is not known, the results of
the optimisations are illustrated with box plots, that show the
median, the first and the third quartile, 1.5 of the interquartile
range, and outliers. The significance of differences regarding
the performance indicators of the algorithms has been tested
with the rank based Wilcoxon-Mann-Whitney [26] test.

Fig. 10 shows the coverage of the algorithm GA1 compared
to GA2, GA3, and GA4. Here GA1 significantly outperforms
GA2 and GA3 (Fig. 10(a) and Fig. 10(b)). The Pareto front of
the algorithm GA1 dominates 60% to 80% of the quality set
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(a) Coverage C(Xq(GA1),Xq(GA2)) and C(Xq(GA2),Xq(GA1)).

(b) Coverage C(Xq(GA1),Xq(GA3)) and C(Xq(GA3),Xq(GA1)).

(c) Coverage C(Xq(GA1),Xq(GA4)) and C(Xq(GA4),Xq(GA1)).

Fig. 10. Box plot of the coverage of Xq(GA1) compared to Xq(GA2),
Xq(GA3), and Xq(GA4) for the control flow graph CFG23.

of GA2 and GA3, and only about 10% of the design points of
GA1 are dominated. Fig. 10(c) demonstrates that the weighted
sum approach dominates about 60% of the design points of
the combined rank order and weighted sum approach of the
algorithm GA1. Vice versa only 5% of the design points are
dominated by GA1.

In Fig. 11 the quality sets of the GA1 and GA4 are pre-

sented. Here the better coverage performance of GA4 becomes
visible caused by a grouping of the resulting design points in
the middle of the design space region. Naturally, the elitism
of extreme values generates also solution in the regions of
the extreme values (higher local hyper volume indicator in
the vicinity of the extrema). Therefore, much more solution
in this region are seen, which causes a better convergence in
this region of the Pareto front.

Fig. 11. Quality sets derived by the genetic algorithms GA1 and GA4.

Nevertheless, a quite high coverage of the possible design
space is preferable. This is shown by the hyper volume
indicator for the different optimisers (Fig. 12). The application
of the extreme value elitism causes a significantly better
performance of GA1 and GA2 compared to GA3 and GA4.

Fig. 12. Boxplot of the hyper volume indicator.

The convergency of the hyper volume indicator while the
GA proceeds is presented in Fig. 13. Already more than
90% of the hyper volume indicator are achieved after 20
generations.

Finally it can be stated that the combination of improve-
ments in GA1 outperforms all the individually applied features
in the other GAs and exposes good convergency behaviour.
With increased population size and run time (generations)
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Fig. 13. Convergency of the Hyper volume indicator.

the effects of weighting and elitism vanish. Nevertheless, the
design space exploration task has to be accomplished in a
time that is still affordable in an industrial setting, therefore
the number of individuals and generation should be chosen as
small as possible.

VII. CONCLUSIONS

A new step in the automatisation of the hw/sw co-design
process is introduced with high level synthesis tools. Here it is
of high importance for a design flow improvement to provide
the designer or other optimisation tools with Pareto optimal
design points.

The design space of area and time trade-offs grows exponen-
tially with the size of the underlying algorithm. The complete
design space cannot be searched with a reasonable time effort.

This paper shows the application of a genetic algorithm to
the problem of identifying Pareto optimal solutions of the time
and area design space. The effectiveness of a two-stage fitness
function and an extreme value elitism feature has been shown
on an example. Future work will focuss on the selection of an
subset of Pareto optimal design points. Also, the incorporation
of power trade-offs is intended.
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