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Abstract This article deals with the design exploration and verification of
real-time critical systems. Assigning the functions to the tasks of the target
real-time operating system is a part of the design process. Finding a suitable
design involves many important design decisions that have a strong impact on
the system quality criteria.

However, with the increasing complexity and scale of today’s systems and
the large number of possible design solutions, making design decisions while
balancing conflicting quality criteria becomes error-prone and unmanageable
for designers.

We propose an automated method using a multi-objective evolutionary
algorithm guided by an architectural clustering technique. This method allows
designers to search the design space for schedulable solutions with respect
to multiple competing performance criteria. To assess our method, several
evaluations were performed. One of them shows that we were able to produce
the exact optimal solution sets for 55% of the studied problem instances.
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1 Introduction

This article is about the design exploration of real-time critical systems. Such
systems must meet hard timing constraints implied by their environment. Fail-
ures including the violation of timing constraints could lead to severe material
damages or even human life losses (Stankovic 1988).

Real-time critical systems are frequently designed according to multi-tasked
architectures. Such tasks are usually interacting with each other. In a real-time
context, the communication and the synchronization of tasks must be carefully
handled in order to preserve the predictability of the system.

Software engineers are expected to provide the appropriate association of
the functions of the system to the hardware resources that will run these
functions. Particularly, they have to assign the functions to the tasks of the
real-time operating system (RTOS), while ensuring the non-violation of the
system constraints and its correct behavior. The verification of the timing
constraints (referred to as schedulability analysis) and the communication and
synchronization requirements are then performed during such design process.

1.1 Problem Statement

Despite significant advances in the development of such systems, their de-
sign remains a challenging task. When designing software architectures for
real-time critical systems, designers have to make good decisions regarding to
several competing performance criteria: improving one criterion may lead to
the degradation of another. In this article, we investigate performance crite-
ria stemmed from the scheduling field, such as preemptions, context switches,
laxities of tasks, blocking times, etc.

Indeed, assigning the functional specifications to software architecture is a
non-trivial task due to the number of functions involved and the important
number of possible assignment solutions, ranging from single-task architec-
tures to concurrent multi-tasked architectures. Given a set of functions, the
functions-to-tasks assignment solution space size is defined by the Bell num-
ber (Rota 1964) which is exponential with regard to the number of functions.
Therefore, an exhaustive and exact search among all possibilities is not prac-
ticable.

Design decisions have a strong influence on the performance of the final
system. Let consider the two extreme functions-to-tasks assignment strategies.
The first extreme solution is the single-task implementation solution in which
the whole functional specification is executed in the context of a single task.
Although this solution is well suited to highly memory-constrained applica-
tions, it leads to a less flexible design which is expensive to change when the
functions of the system evolve. The other extreme is the one-to-one assignment
of functions to tasks, i.e. each function is assigned to a single task. Unlike the
first extreme solution, this second approach results in a more flexible design
since the latter provides more overall system laxity allowing easier modifica-
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tions of the current design or its extension by additional potential functions.
Laxity represents a measure of the available flexibility for scheduling a task as
it is defined by the amount of time between the completion of the task exe-
cution and its deadline. However, this second solution leads to a significantly
higher number of tasks. This increases memory consumption (e.g. stack size
for each task) in addition to the excessive scheduler overhead due to context
switching or preemptions (Bartolini et al 2005).

Then, software architects should explore several architecture alternatives
in order to select those that meet at best the trade-off between performance
criteria. However, finding suitable architecture solutions manually is time-
consuming and can be error-prone. The factors that hinder designers from
handling efficiently the exploration and the decision making processes are an
ever-increasing complexity and size of current systems, large number of pos-
sible design options, strict design requirements and conflicting performance
criteria.

The problem we deal with in this article can be summarized as follows:
given a functional specification, how to assign functions to tasks so as to pro-
duce the best design alternatives with regards to a set of conflicting perfor-
mance criteria? Assigning functions to tasks is non-trivial: (i) it usually raises
combinatorial complexity issues, (ii) its influence on the performance of the
resulting application is difficult to predict, (iii) it has an impact on the system
schedulability which requires the verification of the feasibility of the design al-
ternatives. These problems motivate the automation of the design exploration
that would help not only to make better decisions, but also to reduce the time
of the design process.

1.2 Contributions of this Article

The design exploration problem described above is typically a Multi-Objective
Optimization (MOO) problem. Considering the combinatorial complexity issue
of this problem, we use Multi-Objective Evolutionary Algorithms (MOEAs) (Deb
2001). MOEAs are metaheuristics that allow designers to find sub-optimal (or
near-optimal) solutions (called Pareto set) in a reasonable time when exact
methods fail to handle large scale problems due to computing resource require-
ments.

We propose a method allowing designers to explore schedulable and sub-
optimal solutions in the functions-to-tasks assignment search space according
to a set of competing performance criteria. The proposed method is based on
the Pareto Archived Evolution Strategy (PAES) (Knowles and Corne 2000)
MOEA.

In this article, we consider a uniprocessor system with a preemptive sched-
uler. The architecture exploration method is applied on systems that consist
of a set of concurrent tasks interacting through shared memories protected
by semaphores. We rely on a conventional task model based on Liu and Lay-
land model (Liu and Layland 1973). We assume periodic synchronous tasks
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with implicit deadlines. We target real-time Ravenscar (Burns 1999) compliant
systems, i.e. the shared resource accesses are governed by the priority ceiling
protocol (PCP) (Sha et al 1990) in order to ensure the synchronization of
tasks and their mutual exclusion. The computation of the performance cri-
teria adopted in this work as well as the schedulability analysis of explored
assignment solutions are performed using the Cheddar scheduling analysis
tool (Singhoff et al 2004).

The method we propose in this article relies on the following contributions:
(i) specify and formulate the PAES components for the addressed problem,
(ii) define rules that, from a functional specification and a candidate assign-
ment solution, determine the associated architecture in terms of tasks and
shared resources (including the computation of the timing parameters). The
design space composed of the possible functions-to-tasks assignment solutions
is explored automatically using the PAES algorithm. Design alternatives are
evaluated and compared with regards to a set of competing performance cri-
teria in order to generate those that meet at best the criteria and fulfil timing
constraints.

Several performance criteria, referred to as objectives, could be involved
to drive the design exploration. The correlation between these performance
criteria is not intuitive to identify. That’s why we propose, in the scope of this
article, an empirical study of the correlation between objectives performed on
synthetically generated problem instances. The results of this study show that
the correlation between pairs of objectives depends on the problem instance
and cannot be decided in an absolute way.

Furthermore, two evaluations are conducted in order to assess our propos-
als. Results of these evaluations show that our method is able to (1) converge
or produce solution sets close to the exact Pareto fronts computed using an
exhaustive method, for small size problem instances, (2) produce promising
Pareto fronts that are assessed thanks to a conventional quality indicator for
MOEAs, for larger problem instances with different resources contention levels.

The remainder of the article is organized as follows. Section 2 introduces
the system model, the scheduling analysis and the multi-objective optimization
technique we are dealing with. Section 3 presents the proposed method. An
overview of the implemented prototype for this work is given in Section 4.
Section 5 details the experiments we made to assess our proposals and their
results. Section 6 discusses the related work and section 7 concludes the article.

2 Background and System Models

This section presents the basic concepts about the system model and the
scheduling analysis as well as the notations adopted throughout the article.
Then, it introduces the multi-objective optimization and the PAES algorithm
as the MOO technique used in our design exploration method.
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2.1 Functional and Architectural Models

At the design stage of real-time critical systems, we distinguish in this article
two specification levels, namely, the functional and the architectural specifica-
tion.

2.1.1 Functional Specification

We define a functional specification of a real-time application by FS = {Γ,R}
where Γ is a set of functions and R a set of software resources that can be
shared between several functions (see Figure 1 left).

Γ = {F1, F2, ..., Fn} designates n functions. Each function is an elementary
sequantial program in the system specification.

In this article, we assume periodic functions. Each function Fi is character-
ized by three parameters Fi = (γi, ζi, δi) where γi is the maximum computation
time, the activation period denoted as ζi is a fixed delay between two release
times and δi is the deadline defined by the time limit in which the function
must complete its execution. Implicit deadlines model is adopted here, so δi is
assumed to be equal to ζi.
R = {R1, R2, ..., Rm} represents m software resources. A resource is any

software structure that can be used by a function to advance its execution or
to realize asynchronous interactions with other functions. Typically, it could
be I/O ports, a file, message buffers, a data such as a set of variables, a piece of
program, or other shared data structures. These resources may be used by sev-
eral functions. Only one function is allowed to perform any action on a resource
at a given time to ensure data consistency. The kth usage of a resource Rj by a
function Fi is noted ωk and it is parametrized by an earliest date (ωk)begin and
a latest date (ωk)end respectively for the acquisition and release of the resource
Rj by the function Fi: ωk((ωk)Resource, (ωk)Function, (ωk)begin, (ωk)end).

The parameters (ωk)begin and (ωk)end are relative to the capacity of the
corresponding function.

2.1.2 Architectural Formalization

At the architectural level, software designers define the concrete concurrency
model on which the functional abstractions must be assigned to a set of pe-
riodic tasks that will be run on the top of a RTOS (as shown in Figure 1).
In this article, this design model is also the analysis model that we use for
the schedulability analysis. We consider dependencies between tasks through
software shared resources.

We assume the architectural model consists of a set of k periodic tasks
denoted by S = {τ1, τ2, ..., τk} running on a uniprocessor platform. A task
is defined by three parameters τi=(Ci, Ti, Di): its capacity or worst case
execution time Ci, its period Ti and its deadline Di. We assume that all tasks
are synchronous (i.e. all tasks are released at the same time) and have implicit
deadlines.
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Fig. 1: Real-time Design Model

A task running a given function accesses to the resources handled by such
a function. If a resource of a function may be accessed by several competing
tasks, mutual exclusion has to be enforced. At the architecture level, each
resource is characterized by a set of critical sections. A critical section specifies
when a task τi locks and then unlocks a resource Rj .

We note CSk the kth critical section of a resource Rj . It is defined for the
task that uses the resource on this critical section (CSk)Task as well as instant
of begin and end of the critical section (CSk)begin and (CSk)end, respectively:

CSk

(CSk)Task
(CSk)begin
(CSk)end

The parameters (CSk)begin and (CSk)end are relative to the capacity of
the corresponding task. We should note that several critical sections can be
defined for a given task on a given resource.

In order to enforce mutual exclusion on shared resources, most of modern
RTOSs provide synchronization primitives such as mutexes, semaphores or
monitors, under which tasks have to wait for the access to already locked
resources.

At the design level, shared resources that need synchronization primitives
depend on the assignment of functions to tasks. Indeed, if all functions that
use a resource Rr are assigned to the same task, then the resource Rr does not
need to be accessed through synchronization primitives as the functions imple-
mented in the same task are executed sequentially. In this case, contention to
the resource Rr does not need to be taken into account during schedulability
analysis.

Task parameters as well as their corresponding critical sections are com-
puted according to the parameters stemmed from the functional specification:
Fj(γj , ζj , δj) and ωk((ωk)Resource, (ωk)Function, (ωk)begin, (ωk)end). The details
of how determining timing parameters in the architectural level from the func-
tional specification are given in Section 3.3).
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2.1.3 Scheduling Analysis and Synchronization Protocol

Critical real-time systems have timing constraints that must be satisfied. En-
suring that timing constraints are met at runtime requires real-time scheduling
analysis at an early stage i.e. at design level.

A system is said to be schedulable if all its tasks meet their deadlines when
it is executed on the target platform with a particular scheduling policy (But-
tazzo 2011). The assumptions defined at the functional and the design levels to
enable timing verification strongly depend on the type of the scheduling policy.
Since we consider systems compliant with the Ravenscar profile (Burns 1999).
The Ravenscar profile defines a set of restrictions that avoid non-deterministic
behaviors in the implementation of critical real-time systems. The scheduling
analysis is performed according to a fixed-task priority and preemptive policy,
with the Rate Monotonic priority assignment (RM) (Klein et al 1993) or the
Deadline Monotonic priority assignment (DM) (Leung and Whitehead 1982).

The presence of shared resources will make the scheduling analysis more
complex. Indeed, a task may experience an additional delay called blocking
time as a direct consequence of the mutual exclusion. The maximum blocking
time Bi that a task τi can incur is defined by the maximum amount of time
spent by this task to access a resource. Figure 2 shows an example of execution
of two periodic tasks (τi and τj) sharing a resource. In this example, the task
τi with highest priority is blocked until the release of the resource by task τj .

τi
5 10

τj
5 10

τi  blocked

0

0

Outside critical section Inside critical section

Fig. 2: Example of blocking time on a shared resource

Use of classical synchronization primitives (i.e. semaphores) can lead to
priority inversions 1 or deadlocks 2. Such phenomena introduce unbounded
delays affecting both the schedulability and the predictability of the tasks.

Resource access protocols such as PCP (Sha et al 1990) are designed to
handle the synchronization of tasks accessing shared resources with mutual
exclusion while preventing priority inversion and deadlocks. Thanks to these
protocols, the maximum blocking time of tasks can be bounded and taken into
account in the schedulability analysis.

1 a situation in which a task is blocked by a lower-priority task.
2 a situation in which two or more tasks are waiting indefinitely for each other
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According to Ravenscar, in this article, we assume that PCP is used as a
synchronization protocol. This protocol assigns at each resource Rk a priority
called priority ceiling Π(Rk) equal to the highest priority of any task that
may access the resource. Then, a task can lock an available resource only if its
priority is strictly higher than all priority ceilings of the resources currently
locked by other tasks.

We perform the scheduling analysis through a simulation-based schedula-
bility test. A simulation test consists in producing the scheduling sequence of
a task set within a finite duration in order to detect any temporal fault. This
duration is called feasibility interval :

Definition 1 (Feasibility interval (Goossens et al 2016)) is a finite in-
terval such that if all the deadlines of jobs released in the interval are met,
then the system is schedulable

As we assume synchronous tasks systems, the feasibility interval is the hy-
perperiod (the least common multiple of task periods) according to (Goossens
et al 2016). We achieve schedulability by simulation using the Cheddar schedul-
ing simulator (Singhoff et al 2004).

2.2 Multi-Objective Optimization (MOO)

Many engineering problems involve more than one competing objectives that
need to be optimized simultaneously with respect to a set of constraints. Then,
the performance of candidate solutions have to be evaluated according to more
than one objective (Coello Coello et al 2007). The outcome of a MOO algo-
rithm is a single or a set of solutions, with each solution representing a trade-off
between objectives.

MOO has been applied in many fields, including product and process de-
sign, economics and logistics. When an attempt to improve one objective leads
to the degradation of the other, decisions need to be taken in order to define
trade-offs between objectives.

A single solution that yields the best value for all objectives rarely exists.
Instead, a set of alternative solutions called non-dominated(or Pareto optimal)
solutions are searched for.

A solution is Pareto-optimal with respect to a set of objectives if there is no
other solution in the search space that improves on all of the objectives at once.
These solutions form the Pareto set. As depicted in Figure 3, the associated
objective vectors (points) correspond to the Pareto front which represents the
best trade-offs set for the considered objectives.

Two candidate solutions can be compared according to the Pareto domi-
nance concept:

Definition 2 (Pareto dominance concept (Hruschka et al 2009)) a
candidate solution c1 dominates another candidate solution c2 if and only if
(i) c1 is strictly better than c2 for at least one of considered objective and (ii)
c1 is not worse than c2 for any of the objectives.
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0

f2

f1

non-dominated

Pareto front

dominated

Fig. 3: Pareto front for two minimization objectives

Many metaheuristic algorithms that seek to approximate the Pareto set
have been developed to solve MOO problems (Bandyopadhyay and Saha 2013).
The key points for those algorithms are their accuracy (how close to the Pareto
front are the values of the solutions they provide) and their diversity (are the
solutions numerous and with values well spread in the objective space).

A large amount of MOO techniques is derived from Multi-Objective Evo-
lutionary Algorithms (MOEA). MOEAs are useful in combinatorial problems
that present a very large search space, when exact methods for MOO like
multi-objective integer programming are not applicable because of the amount
of computation resources they require. MOEA are part of evolutionary algo-
rithms. These metaheuristic optimization algorithms are inspired from nature,
e.g. particle swarm (PSO), ant colony, simulated annealing, genetic algorithms
(GA). The latter use biology-inspired mechanisms like mutation and crossover
in order to refine a set of candidate solutions iteratively.

2.2.1 PAES MOEA

The Pareto Archived Evolution Strategy (PAES) (Knowles and Corne 2000) is
a MOEA technique using archiving. It serves to find a set of solutions properly
distributed over the whole spectrum of possible trade-offs between objectives,
which allows us to make the design exploration.

PAES manipulates a single solution as opposed to other methods used for
MOO such as GA or PSO. This is a key point in running very time-consuming
evaluation functions such as those stemmed from the scheduling analysis. Its
conceptual approach is quite simple as a multi-objective local search procedure.

The sequential PAES schema is outlined in the pseudo code of Algorithm 1.
In many evolutionary algorithms, a solution is presented by a set of pa-

rameters called chromosome or genotype. The encoding of solutions (i.e. the
data structure of a chromosome) is specific for each problem.

The PAES algorithm is based on a (1+1) evolution strategy. This means
that it maintains a single current solution (parent), and at each iteration, gen-
erates a single new candidate (offspring) through a random mutation (line 5).
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Algorithm 1: General form of PAES Algorithm

1 begin
2 Generate initial random solution c
3 Evaluate c and add it to the archive
4 repeat
5 Mutate c to produce a new candidate solution m;
6 Evaluate m;
7 if (c dominates m) then
8 Discard m;
9 else if (m dominates c) then

10 Replace c with m;
11 Add m to the archive;
12 Remove from the archive solutions dominated by m;

13 else if (m is dominated by any member of the archive) then
14 Discard m;
15 else
16 Apply test (c,m,archive) to determine which becomes the new current

solution and whether to add m to the archive;
17 end if

18 until (termination condition is satisfied);

19 end

This algorithm is confined to a local search, i.e. it performs only a small change
(mutation operator) that moves from a current solution to a nearby neighbour.
The mutation procedure is also specific for each problem, and depends on the
way the solution is represented into a chromosome.

The candidate solutions are evaluated (line 6) according to a set of objective
functions and compared using the Pareto dominance concept. An objective
function is used to indicate the quality of a solution according to an objective
(or performance) criterion. Each objective is defined by an objective function.

The current solution is replaced at each iteration by its mutated offspring if
the latter dominates or is in a less crowded region than its parent. Otherwise
(i.e. dominated offspring or non-dominated offspring in a crowded region),
the next iteration is realized keeping the same current solution as a basis for
mutation.

PAES maintains a list of some non-dominated solutions called archive used
as reference set with respect to which each new candidate is being compared
(lines 11, 12).

The crowding metric depends on the location of the archive members within
a self-adaptive grid over the objective space.

The algorithm iterates (lines 4-16) according to some convergence criteria
of the objective function values or based onto a fixed number of iterations.

Its time complexity is in the order of O(a · n), where a is the archive size
and n is the number of iterations.
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3 MOO-Based Method for Real-time Software Design Exploration

In this section, first we present an overview of our design exploration method-
ology. Then, we detail the PAES formulation for our problem. Afterwards, we
define a set of rules allowing to compute parameters of a design alternative (in
terms of tasks, resources and critical sections) from a candidate assignment
solution and the functional specification. Finally, we discuss the impact of our
functions-to-tasks assignment method on the system schedulability.

3.1 Methodology Description

As described in Figure 4, the entry point of our approach is the functional spec-
ification of a critical real-time system. This specification defines the functions
of the system, their interactions and their real-time characteristics.

From this specification, an initial architecture is proposed so that each
function is assigned to a single task. A scheduling analysis is achieved on this
initial architecture using the Cheddar scheduling tool. If the initial task set
is schedulable then it will be considered as the initial solution to the PAES
algorithm. Otherwise, the timing parameters of the functions must be adapted.

Once the initial solution is defined, we come to the multi-objective design
exploration and optimization part. The latter involves the execution of the
PAES algorithm.

At each iteration, an alternative design solution (i.e. the mutated solution)
is generated from the current solution by changing the assignment of a random
function to a random task by the mutation procedure (¬ in Figure 4).

Feasibility checks  are performed on each candidate solution in order to
produce designs that fulfil the timing constraints and the functions to tasks
assignment constraint (details and algorithm are given in Section 3.4).

This candidate design is then evaluated according to the considered objec-
tive functions ®.

Then, other PAES steps are performed such as the evaluation, the archiving
and the selection of the current solution for the next iteration ¯.

The four steps are iterated until the termination condition of PAES is
reached, e.g. number of iterations. The output of our method is a set of schedu-
lable design alternatives that approximates the Pareto set. From these solu-
tions, software engineers would choose the suitable design.

3.2 PAES Formulation for the Functions-to-Tasks Assignment Problem

As presented in Section 2.2.1, PAES relies on the definition of several com-
ponents to solve a particular MOO problem. In this section, we specify those
components, i.e. the objective functions, the encoding of solutions into chro-
mosomes, the initial current solution, and the mutation operator in order to
formulate our problem.
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Fig. 4: Approach description

3.2.1 Objective Functions

Considering the system model that we assume and the functions-to-tasks as-
signment problem, several design performance criteria can be defined as ob-
jective functions to drive the multi-objective exploration and optimization
process. Here, we list some possible objective functions.

1. Minimization of preemptions:
The minimization of the number of preemptions expresses the minimiza-
tion of scheduling timing overheads. A preemption occurs when a higher
priority task τi is released during the execution of a lower priority task τj
and when the scheduler interrupts the execution of τj to allow the task τi
to run (Buttazzo 2011). A preemption causes a context switching which
requires to run several processor instructions and thus an important over-
head to the overall task execution time. The objective function relative
to this metric counts the total number of preemptions in the scheduling
simulation. We note this objective function as follows:

minimize (f1 = # preemptions) (1)

2. Minimization of context switches:



Multi-Objective Design Exploration Approach for Ravenscar Real-time Systems 13

The minimization of context switches is also equivalent to the minimization
of timing overheads. The context of a task consists of its memory context
and its processor context, e.g. the temporary register values, the program
counter value, etc. The switching between tasks consists in storing the
current running task context and retrieving the context of the task selected
to be executed. The objective function related to context switches counts
the total number of context switches on the scheduling sequence produced
through simulation. We note this objective function as follows:

minimize (f2 = # context switches) (2)

3. Minimization of the number of tasks:
The minimization of the number of tasks may lead to the minimization of
both timing and memory overhead. Indeed, a large number of tasks is one
of the factors inducing high number of context switchs and requires extra
memory allocations for the task execution stack. The objective function is
noted as follows:

minimize (f3 = # tasks) (3)

4. Maximization of tasks laxity:
The maximization of the tasks laxity may improve the design flexibility, i.e.
the larger the laxities of tasks are, the more the design model could support
additional tasks or possible changes of task parameters. The laxity is the
maximum time a task can be delayed on its activation to complete within
its deadline (Buttazzo 2011). For a task τi, it is defined as the difference
between its deadline Di and its worst-case response time WCRTi, or Di−
WCRTi. The WCRTi of a task τi is the maximum delay between its release
time and its completion time (Audsley et al 1993).
We consider two examples of possible alternatives among many, as an ob-
jective function for the tasks laxity metric:

(A) Maximize the overall laxity of the addressed application, that is
the sum of laxities over all resulting tasks.

maximize (

k∑
i=1

(Di −WCRTi)) (k : number of tasks)

(B) Maximize the minimum task laxity

Maximize (mini∈[1..k]{Di −WCRTi})

In our experiments, we chose the alternative (A).
The PAES algorithm was designed to deal with only two kinds of problems,
either maximization problems (i.e. all objectives are to be maximized) or
minimization problems (i.e. all objectives are to be minimized). However,
most the objectives we consider are to be minimized except the laxity of
tasks objective which is for maximization. Thus, in order to harmonize
the objectives, we transform this objective to a minimization objective
function.
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As shown in Equation 4, we have chosen the hyperperiod of the initial
architecture as a constant 3 from which the original objective function will
be subtracted. With such method, the minimization of the new expression
would result in the maximization of the current objective:

minimize (f4 = hyperperiod−
k∑
i=1

(Di −WCRTi)) (4)

5. Minimization of WCRT of tasks:
In the context of real-time systems, we have always an interest in minimiz-
ing the response time of tasks. As for the tasks laxity, there are two possible
examples of objective function alternatives, either to minimize the overall
WCRT (Equation 5.1) or to minimize the maximum WCRT (Equation
5.2).

minimize (f5 =

k∑
i=1

WCRTi) (5.1)

minimize (f5
′ = maxi∈[1..k]{WCRTi}) (5.2)

6. Minimization of the worst-case blocking time (WCBT) of tasks:
As we defined in section 2.1.3, the blocking time is induced by resources
mutual exclusion. It causes latencies in the tasks execution. Again, we can
distinguish two possible examples of objective functions for the WCBT
metric. In the experiments, we will consider the objective function of Equa-
tion 6.1.

minimize (f6 =

k∑
i=1

Bi) (6.1)

minimize (f6
′ = maxi∈[1..k]{Bi}) (6.2)

7. Minimization of the number of shared resources:
The minimization of the number of shared resources allows the minimiza-
tion of semaphores and then reduces memory cost. We note the associated
objective function as follows:

minimize (f7 = # shared resources) (7)

While formulating our problem, we desire to define each performance met-
ric stemmed from the context of our problem as an objective, rather than
as a constraint. However, involving all the aforementioned objectives simulta-
neously leads to a large-dimensional problem (also known as many-objective
problem). This hinders a Pareto-based MOEA (e.g. PAES) from approximat-
ing efficiently the Pareto front (López Jaimes et al 2008). Indeed, MOEA
methods are often applied to problem with at the most two or three objec-
tives. This is due to the fact that the number of non-dominated solutions

3 the choice of the constant is arbitrary
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increases exponentially with the number of objectives (Deb and Saxena 2006)
which complicates the decision making and the search processes, thereby ad-
versely affecting the computational tractability of MOEA methods. Moreover,
the visualization and the analysis of a large-dimensional Pareto front is a te-
dious task. In fact, it would be very hard for designers (i.e. the decision-makers
in our context) to analyze a large number of solutions in order to choose the
most suitable one.

Furthermore, although some of the above listed objectives are conflicting,
others may behave in a non-conflicting way. In the second case, the objectives
support each other and are denoted as redundant objectives. An objective is
identified as redundant when the Pareto front remains the same even if this
objective is omitted from the original set of objectives (Gal and Hanne 1999).

However, it is not intuitively obvious for us to predict the relationship
between pairs of the above objective function list. For that, we choose three
objectives, (f1, f4 and f6) and we devote Section 5.3 to investigate through
experiments the relationships (conflicting or redundant) between each pair of
these objectives.

Most of the objective functions (e.g. f1, f2, f4, f5 and f6) are computed
using the Cheddar scheduling tool (see Section 4).

3.2.2 Encoding

We represent a solution by means of a conventional Integer Encoding schema.
With such encoding, a chromosome is defined as an integer vector with n
positions. In our case, n represents the number of functions in the functional
specification. A chromosome exhibits information about the assignment of
functions to tasks. Each position in the chromosome, called gene, denotes a
particular function, i.e. the ith position corresponds to the ith function. The
value held by a gene represents the index of the task to which the corresponding
function is assigned. Therefore, a chromosome represents a solution formed by
k tasks (k ≤ n), where each gene has a value in {1, 2, ..., k}. This means that
each function is assigned to one of the tasks {τ1, τ2, ..., τk}.

Figure 5 shows an example of a chromosome that corresponds to a par-
ticular solution S. The chromosome length indicates the number of functions.
In this example, the functional specification consists of 8 functions. Gene F1

holds a value equal to 2, which means that the function F1 is assigned to the
task of index 2 (τ2). The solution modeled by this chromosome assigns F4 to
τ1; F1,F3 and F7 to τ2; F2 and F6 to τ3; F5 and F8 to τ4.

This encoding is quite simple but it is redundant, i.e. the same solution can
be represented by different chromosomes. For example the solution S encoded
by the chromosome depicted in Figure 5 can also be represented by other
chromosomes, namely [1 2 1 3 4 2 1 4], [3 1 3 2 4 1 3 4], [2 4 2 3 1 4 2 1], etc. In
other words, a solution may be represented by many chromosomes that model
the same assignment solution independently of the indexes of tasks.

To reduce all of the equivalent assignment solutions to the same chro-
mosome representation, we normalize the chromosome representation. This
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2 3 3 42412

τ1 τ3τ2 τ5τ4 τ6 τ8τ7

chromosome

2 3 3 42412
F1 F3F2 F6 F8F7

chromosome

τ2

F1

τ3τ1

F3

F7

F2 F6F4

τ4

F5 F8

The corresponding task set 

F5F4

Fig. 5: Chromosome representation of a particular assignment solution S

is performed as follows: the task index of the function F1 is always 1 (then
all functions that belong to the same task as F1 have as task index 1). The
task index of F2 is 2, except if F2 is assigned to the same task as F1, and
so on. Figure 6 shows the normalized chromosome representation of the same
assignment solution S inFigure 5.

1 2 2 41431

F1 F3F2 F4 F6 F8F7

chromosome

τ1

F1

τ2 τ3

F3

F7

F2 F6 F4

τ4

F5 F8

The corresponding task set 

F5

Fig. 6: The normalized chromosome representation of the assignment solution
S

The normalization procedure helps to compare two solutions. It must be
applied on each chromosome of candidate solutions generated by mutation.

3.2.3 Initial Current Solution

It consists in assigning each function to a single task, i.e., the number of tasks
is equal to the number of functions:

chrom = [1 2 3 4 .. n] (n : number of functions).

3.2.4 Mutation Operator

We have adapted a random mutation operator that chooses a random posi-
tion in the chromosome and changes the value of the associated gene to a
new random value. This means that the mutation produces a new alternative
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assignment solution from the current solution by reassigning one random func-
tion to a random task. Algorithm 2 describes the mutation operator proposed
for our functions-to-tasks assignment problem. This operator is implemented
in order to generate only feasible solutions that satisfy constraints verified by
Algorithm 4 (Section 3.4.3).

Algorithm 2: Mutation algorithm for the functions-to-tasks assignment
problem

/* Mutation Algorithm: generate a mutated solution from the current one */

/* current solution: n functions assigned to k tasks (n ≥ k) */

input : current solution
output: mutated solution

1 begin
2 Choose randomly a function Fi (1 ≤ i ≤ n); /* chrom[Fi] = τj i.e. the

function Fi is assigned to the task τj */

3 Determine the set of harmonic tasks with the chosen function Fi called
harmonic task set;

4 if (harmonic task set = {τj}) then
/* i.e. the function Fi is not harmonic with any task, only the

task to which it is assigned */

5 Restart the algorithm with another function randomly chosen;

6 else
7 Choose randomly a task τm over tasks in the set harmonic task set

(including τj = chrom[Fi]);
8 if (τm 6= τj) then
9 chrom[Fi] ← τm; /* Fi is moved to the task τm */

10 else if (The function Fi is not alone in τj) then
11 Create a new task τk+1;
12 chrom[Fi] ← τk+1; /* Fi is isolated in the new task τk+1 */

13 else
/* i.e. Fi is the only function assigned to τj */

14 Restart the algorithm with another function chosen randomly;

15 end if

16 end if
/* once the mutated solution is generated, we apply the assignment

rules to generate the new composition of the task set */

17 Apply the assignment rules on the new candidate solution to generate the
corresponding design alternative parameters: i.e. tasks and critical sections
parameters;
/* Check the feasibility of the produced design alternative by

applying Algorithm 4 */

18 if The design alternative is not feasible then
19 Restart the algorithm with another function randomly chosen;
20 end if

21 end
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3.3 Functions-to-Tasks Assignment Rules

In this section, we define the rules used to assign functions to tasks. It consists
in determining the parameters of tasks and resources while considering the
timing parameters of the functions and how functions are assigned to tasks.

3.3.1 Initialization step

At the initialization step, each function is assigned to a task that will take the
same parameters as the corresponding function.

∀i ∈ {1..n} Fi = (γi, ζi, δi)

τi = (Ci, Ti, Di)

Ci = γi
Ti = ζi
Di = δi

Since each function is assigned to exactly one task, then the shared resources
to be taken into consideration in the initial design are the same that in the
functional specification.

Similarly, critical sections CSk of each resource are deduced from ωk that
specify parameters of the use of resources by functions. The only change is to
set (CSk)Task to the task that holds the function that uses the resource.

The mutation operator allows us to explore different software design al-
ternatives through reassignment of functions to tasks. As described in the
mutation algorithm 2, we cluster/separate functions to get a new design alter-
native. This would involve changes in tasks parameters as well as the resource
set and critical sections. In the following, we deal with the way to compute (1)
the parameters of tasks (Section 3.3.2) and (2) the parameters of resources and
critical sections (Section 3.3.3) of an alternative assignment solution generated
by mutation.

3.3.2 Tasks Parameters Computation

The generation of a new alternative assignment solution by mutation must
preserve:

(i) The functional specification in terms of periodic activations of the func-
tions.

(ii) The schedulability of the system (i.e. the schedulability of the resulting
design).

In the sequel, we explain and motivate our assignment method and how
we compute, from the function parameters, the parameters of each task, while
taking into account the constraints outlined above.

Let us consider a task τk = (Ck, Tk, Dk) implementing a single function
Fi = (γi, ζi, δi). Let us see also a classic implementation of a periodic task with
Ada (McCormick et al 2011). The Listing 1 presents such an implementation
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for τk. The task is periodically released thanks to the delay until statement
and then, calls the Fi sub-program to run the function implemented by the
task.

Listing 1: Classical implementation of a periodic task with Ada

1 with Ada . Real Time ; use Ada . Real Time ;
2 . . .
3 task body Tau k i s
4 −− Next Time used f o r p e r i o d i c suspens ion
5 Next Time : Time := Clock ;
6 Period : constant Time Span := Mi l l i s e c ond s (Tk ) ;
7 begin
8 loop
9 −− c a l l i n g the func t i on run by the task τk

10 Fi ;
11 Next Time := Next Time + Period ;
12 −− Time−based a c t i v a t i on event
13 delay un t i l Next Time ;
14 end loop ;
15 end Tau k ;

Let us see how to set τk parameters.

Computation of the Task Period: We want to set a period for τk that releases
the task as Fi and Fj should be released. First, we assume that the function
Fj can be added to τk if and only if

ζj mod Tk = 0 or Tk mod ζj = 0

This condition means that the function Fj is harmonic with the task τk. Con-
sidering this assumption, we can set the period of τk as follows:

Tk = GCD(ζi, ζj) (8)

With GCD is the Greatest Common Divisor of the periods of the functions
Fi and Fj .

A task may implement several functions. It is the case of task τk and we
then need to provide a specific implementation of such a task. It is given
through Listing 2. This implementation preserves the periodic behavior of the
functions assigned to the task. Indeed, the added lines (displayed in blue
boldface) to the implementation of the task ensure an internal scheduling of
the functions assigned to it according to their frequency.
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Listing 2: Ada implementation of the task τk containing two functions

1 with Ada . Real Time ; use Ada . Real Time ;
2 . . .
3 task body Tau k i s
4 Next Time : Time := Clock ;
5 Number Functions : Integer := 2;
6 Period Functions : Integer Array (1..Number Functions) := (ζi, ζj);
7 Index Functions : Integer Array (1..Number Functions) := (i,j);
8 Period : constant Time Span :=
9 Mi l l i s e c ond s (GCD(Period Functions)) ;

10 Counter : Integer := 0;
11 Frequency : Integer;
12 begin
13 loop
14 for i in 1 .. Number Functions loop
15 Frequency := Period Functions(i)/Period;
16 if (counter mod Frequency = 0) then
17 Call Function by index(Index Functions(i));
18 end if;
19 end loop;
20 −− LCM : Least Common Mult ip le
21 counter :=
22 (counter + 1) mod (LCM(Period Functions)/Period);
23 Next Time := Next Time + Period ;
24 delay un t i l Next Time ;
25 end loop ;
26 end Tau k ;

In order to illustrate the behavior at runtime of several functions assigned
to one task (Listing 2), we consider the following example. We assume F1 =
(2, 5, 5) and F2 = (1, 10, 10) assigned to a task τk.

According to Equation 8, the period of τk is equal to GCD(10, 5) = 5.

τk
5 10 15 20 25

F1

5 10 15 20 25

F2

5 10 15 20 25

Job of  F1 Job of F2

0

0

0

Counter
Value

0 1 0 1 0 1

Behavior of  F1 and F2 at the functional specification level

Behavior of F1 and F2 after assignment to the task τk

Fig. 7: Behavior of functions F1 and F2 before and after assignment to the
task τk

Figure 7 shows, first, the execution sequence of F1 and F2 assuming that
each function is assigned to a separate task. Second, it shows also the sequence
of their execution after assigning both functions to the same task τk. This
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example shows how the implementation of Listing 2 as well as Equation 8
ensure periodic executions of functions assigned to the same task.

Computation of the Task Capacity: As shown in Figure 7, the execution time
of a task τk implementing two functions Fi and Fj differs from one period to
another. However, we only consider the worst execution time of both functions
run by the task. Therefore, the capacity of τk is set to the sum of the capacities
of all functions assigned to this task:

Ck = γi + γj (9)

Obviously, this method to compute capacities is pessimistic and may reduce
the schedulability of the resulting design solution.

Computation of the Task Deadline: As a first approach, the deadline Dk of a
task τk holding functions Fi and Fj is set as follows:

Dk = min(δi, δj) (10)

This proposition may restrict the task τk with a smaller deadline than
required by functions Fi and Fj . Again, it may reduce the schedulability of
the associated design.

By considering the assignment method described above, the constraint (i)
mentioned at the beginning of this section is preserved. As we aim also to
ensure the constraint (ii), in Section 3.4.1, we discuss how the assignment may
jeopardize schedulability of the design alternative solutions.

3.3.3 Computation of Critical Sections After Mutation

The mutation operator changes the assignment of functions to tasks which may
impact the parameters of the resource set and critical sections. In this section,
we address how to determine a resource set and critical sections parameters
for a design alternative relative to a mutated solution.

Algorithm 3 represents the different steps and cases we deal with to set
parameters of the resource set after mutation.

We illustrate Algorithm 3 with an example. The initial design of this ex-
ample is given in Figure 8. It consists of 6 tasks, each one holds one function.
As shown in Figure 8, there are two shared resources R1 and R2.

From this initial design, a possible mutation is to assign function F4 with
the function F2 to the task τ2 as F4 is harmonic with τ2 (Period(F4)mod Period(τ2) =
80 mod 20 = 0). We apply Algorithm 3 on this mutated solution and we get
the resource set and critical sections as shown in Figure 9. We can notice
that the change of parameters of CS2 of R1 is stemmed from rules defined
in Algorithm 3: the task index changes from τ4 to τ2 as F4 is reassigned to
τ2 (according to line 6) and the begin/end instants are changed taking into
account the capacity of F2 (according to lines 8,9). We can also notice that
the task accessing R1 on CS3 is set to τ4 (instead of τ5 in the initial design)
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Algorithm 3: Computation of resource set and critical sections of a
mutated solution
input : mutated solution, initial design

1 - mutated solution: the solution generated by mutation
2 - initial design: each function is assigned to a task
output: resource set and critical sections relative to the mutated solution

3 begin
4 foreach resource Ri in the resource set of the initial design do
5 foreach critical section CSj of the resource Ri in the initial design do

/* Let consider Fh the function that uses the resource Ri on

the critical section CSj in the initial design */

6 Set the task that holds Ri on CSj with the task to which Fh is assigned
according to the mutated solution;

7 if in the mutated solution, the function Fh is grouped with other
functions in the same task then

/* The begin and end instants of CSj must be updated

according to capacities of functions with lower indexes

than Fh which are grouped with it in the same task */

/* Let consider (Fl)l≤h the set of functions with lower

indexes than Fh and which are grouped with it in the same

task */

8 (CSj)begin ← (CSj)begin +
∑
γl;

9 (CSj)end ← (CSj)end +
∑
γl;

10 end if
/* Check consistency of resource set and critical sections. We

have to deal with two cases: */

/* Case 1: Check if in the mutated solution the resource Ri is

accessed by a single task, i.e. all functions that use Ri are

assigned to the same task */

11 if in the mutated solution, the resource Ri is no longer shared then
12 Delete Ri from the resource set of the associated design alternative;
13 end if

/* Case 2: Check if in the mutated solution there are two or

more consecutive critical sections for the same task */

14 if in the mutated solution, there are two or more consecutive critical
sections for the same task then

15 Merge these critical sections in one;
16 end if

17 end foreach

18 end foreach

19 end

because in the mutated solution, the function F5, that uses R1 on CS3, is
assigned to the task τ4 (according to line 6).

Let us consider the resource R2. In the functional specification the resource
R2 is used by functions F2, F4 and F5. Then, in the initial design, as we can
observe in Figure 8, the critical sections CS1 and CS2 of R2 are held by τ2
and τ4 respectively. A possible assignment solution that can be produced by
mutation on the initial design is the solution shown in Figure 9: the function F4

is assigned with F2 to the task τ2. The application of lines 6-9 of Algorithm 3
on this candidate solution gives the following parameters of critical sections
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F1(4,10,10)

R1 R2

Critical sections of resource R1: Critical sections resource R2:

F2(4,20,20) F3(4,40,40) F4(4,80,80) F5(1,120,120) F6(2,160,160)

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ1

2 2

CS2
τ4

2 3

CS3 τ5
1 1

τ1 (4,10,10) τ2(4,20,20) τ3(4,40,40) τ4(4,80,80) τ5(1,120,120) τ6(2,160,160)

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ2

3 4

CS2
τ4

1 3

CS3 τ5
1 1

Task C T D

τ1 ={F1} 4 10 10

τ2 ={F2} 4 20 20

τ3 ={F3} 4 40 40

τ4 ={F4} 4 80 80

τ5 ={F5} 1 120 120

τ6 ={F6} 2 160 160

CPU 
utilization

77 %

Fig. 8: Initial design model example: each function is assigned to one task

CS1 and CS2 of resource R2:

CS1

(CS1)Task = τ2
(CS1)begin = 3
(CS1)end = 4

CS2

(CS2)Task = τ2
(CS2)begin = 5
(CS2)end = 7

We can notice that CS1 and CS2 are held by the same task τ2 and are con-
secutive i.e. CS1 finishes at the 4th unit of time of the capacity of τ2 and CS2

begins at the 5th unit of time of the capacity of τ2. Then, the rule defined at
lines 14-16 of Algorithm 3 requires the merge of CS1 and CS2 in one critical
section as illustrated in Figure 9.

From the solution given in Figure 9, a possible mutation is to assign func-
tion F5 with the functions F2 and F4 to the task τ2 as F5 is harmonic with
τ2. Again, we apply Algorithm 3 on this mutated solution and we obtain the
resource set and critical sections as given in Figure 10. We can observe that the
resource R2 is no longer shared. It is thus eliminated from the design model
relative to this mutated solution (according to lines 11-13).

3.4 Feasibility Checks on Candidate Solutions

Feasibility checks are used to avoid the generation of non-feasible candidate
solutions after mutation. We distinguish two kinds of feasibility checks: tim-
ing/schedulability requirements checks and functions-to-tasks assignment re-
lated checks. In the remainder of this section, first we discuss the impact of
the mutation and the assignment method on the schedulability of a design
alternative. Second, we show how they may lead to unnecessary activations
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F1(4,10,10)

R1 R2

Critical sections of resource R1: Critical sections resource R2:

F2(4,20,20) F3(4,40,40)

F4(4,80,80)

F5(1,120,120) F6(2,160,160)

τ1 (4,10,10) τ2(8,20,20) τ3(4,40,40) τ4(1,120,120) τ5(2,160,160)

F2 capacity F4 capacity

F2 capacity F4 capacity

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ1

2 2

CS2
τ2

6 7

CS3 τ4
1 1

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ2

3 7

CS2 τ4
1 1

CS1 and CS2 are consecutive and in the same task 
They will be merged in the same critical section 

Task C T D

τ1 ={F1} 4 10 10

τ2 ={F2, F4} 8 20 20

τ3 ={F3} 4 40 40

τ4 ={F5} 1 120 120

τ5 ={F6} 2 160 160

CPU 
utilization

92%

Fig. 9: A possible assignment solution: the resulting resource set and critical
sections of the mutated solution

F1(4,10,10)

R1 R2

Critical sections of resource R1: Critical sections resource R2:

F2(4,20,20) F3(4,40,40)
F4(4,80,80)

F5(1,120,120) 

F6(2,160,160)

τ1 (4,10,10) τ2(9,20,20) τ3(4,40,40) τ4(2,160,160)

F2 capacity F4 capacity

F2 capacity F4 capacity

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ1

2 2

CS2
τ2

6 7

CS3 τ2
9 9

Critical 
section

Task Instants
Capacity/critical sectionbegin end

CS1
τ2

3 7

CS2 τ2 9 9

F2 capacity F4 capacity F5 capacity F2 capacity F4 capacity F5 capacity

Task C T D

τ1 ={F1} 4 10 10

τ2 ={F2, F4, F5} 9 20 20

τ3 ={F3} 4 40 40

τ4 ={F6} 2 160 160

CPU utilization 96%

Fig. 10: Another possible assignment solution: the resulting resource set and
critical sections of the mutated solution

of some tasks. Finally, we give the algorithm that checks all the constraints,
allowing thereby to decide about the feasibility of a given candidate solution
generated by mutation.
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3.4.1 Impact of the Mutation and the Assignment Method on the
Schedulability of Candidate Solutions

In Section 3.3, we proposed rules to manage the assignment of functions to
tasks. We noted that the assumptions made in the assignment method may
produce unschedulable designs. In order to illustrate that, we consider a sim-
ple example of a functional model Γ = {F1(1, 5, 5), F2(3, 10, 10), F3(3, 20, 20)}
without shared resources. The initial assignment solution is given in Table 1.
This task set is schedulable since its processor utilization is equal to 65%
(< 69%) and we assume RM for the priority assignment.

An assignment alternative is to add F3 to the task τ1 as F3 is harmonic
with τ1. The resulting task set will be as depicted in Table 2 and it is not
schedulable (its processor utilization is equal to 110%).

Table 1: Initial assignment solution

Task C T D
τ1 = {F1} 1 5 5
τ2 = {F2} 3 10 10
τ3 = {F3} 3 20 20

CPU utilization 65%

Table 2: A possible assignment so-
lution

Task C T D
τ1 = {F1, F3} 4 5 5
τ2 = {F2} 3 10 10

CPU utilization 110%

Since the mutation may generate non-schedulable candidate solutions, a
schedulability analysis must be conducted on each design alternative explored
by mutation during the search process. However, there is two cases where a
candidate solution must be directly discarded without performing the schedul-
ing analysis, thereby saving runtime (as the scheduling simulation is time-
consuming). The first case is when the candidate solution exhibits one task
(or more) whose capacity exceeds its deadline. The second case is when the
overall processor utilization of the candidate solution exceeds 100 %.

3.4.2 Functions-To-Tasks Assignment Constraint

The mutation and the assignment method may lead to unnecessary activations
of some tasks of the candidate solution. We illustrate such situation through
the following example. We consider a system of 6 functions. As shown in
Figure 11, a current solution consists of 4 tasks. A possible mutation on this
current solution consists in assigning the function F1 to the task τ4 as F1 is
harmonic with τ4 (Period(τ4) mod Period(F1) = 60 mod 20 = 0).

The resulting candidate solution is given in the same Figure. Parameters
of the associated task set are computed through the application of the as-
signment rules on the candidate solution (i.e. Section 3.3). By examining the
task set of the candidate solution, we note that the period of the task τ4 is
different from all periods of the functions to which they are assigned (i.e. F4

and F5). According to the task implementation given in Listing 2, there are
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some activations of the task τ4 (e.g. at instants 20, 100, 140, etc) at which the
functions F4 and F5 should not be activated. In order to avoid such situation,
any candidate solution that have (at least) a task whose period is different
to the minimum period of its functions, is considered as non-feasible solution.
This constraint is referred to as functions-to-tasks assignment constraint.

F1(3,20,20) F2(3,50,50) F3(8,60,60)
F4(4,40,40)
F5(3,60,60) 

F6(4,60,60)

τ1 (10,20,20) τ2(3,50,50) τ3(8,60,60) τ4(4,60,60)

1 2 4113
F1 F3F2 F6

Chromosome:

F5F4

Task set:

Current solution

Mutation: assigning the function F1 to the task τ4

F1(3,20,20) F2(3,50,50) F3(8,60,60) F4(4,40,40)
F5(3,60,60) F6(4,60,60)

τ1 (7,20,20) τ2(3,50,50) τ3(8,60,60) τ4(7,20,40)

4 2 4113
F1 F3F2 F6

Chromosome:

F5F4

Task set:

Candidate solution

1 2 1443
F1 F3F2 F6

Normalized
Chromosome: F5F4

Fig. 11: Example of non-feasible candidate solution towards the functions-to-
tasks assignment constraint

3.4.3 Feasibility Checks Algorithm

In Sections 3.4.1 and 3.4.2, we showed situations for which a mutation action
may produce non-feasible solutions. In order to ensure that mutation generates
only feasible solutions, a set of feasibility checks is performed on each explored
design alternative. These feasibility checks are structured in Algorithm 4.

In the current section, we described elements of our approach. In the next
section, we give an overview of the prototype that implements our solution for
the problem we deal with.
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Algorithm 4: Feasibility checks algorithm
input : design alternative: task set associated to a candidate solution generated by

mutation
output: a boolean that designates the feasibility of the candidate solution

1 - false: non-feasible solution
2 - true: feasible solution
3 begin

/* 1) Check for each task that Ci < Di */

4 if there is at least a task τi for which Ci ≥ Di then
5 return false;

/* 2) Check that the total processor utilization 6 1 */

6 else if U > 1 then
7 return false;

/* 3) Check that all tasks fulfill the functions-to-tasks assignment

constraint */

8 else if there is at least one task τi that violates the functions-to-tasks
assignment constraint then

9 return false;
/* 4) Check the schedulability through scheduling simulation */

10 else if the design alternative is not schedulable then
11 return false;
12 else
13 return true;
14 end if

15 end

4 Prototype

In this section, we present the prototype developed as part of our work. This
prototype has been implemented in the Cheddar 4 framework (Singhoff et al
2004).

Cheddar is an open-source real-time scheduling analysis tool. It is designed
for verifying temporal constraints of real-time critical systems. The developed
software is built in Ada (Taft et al 2014).

The prototype covers the following aspects:

• The implementation of the PAES-based architecture exploration through
functions-to-tasks assignment (method proposed in Section 3). In (Bouaziz
et al 2016), we proposed a parallel implementation and a new selection
strategy for the PAES algorithm. Then, our prototype provides both a
sequential and a parallel implementations and several selection strategies
including the original PAES selection strategy.

• Function sets generator: we provide generators of function sets with shared
resources (methods detailed in Section 5.1).

• The implementation of an exhaustive search method defined in Section 5.4,
mostly for evaluation purposes.

Figure 12 illustrates an overview of the software architecture of our proto-
type and a subset of the Cheddar libraries.

4 All sources available at http://beru.univ-brest.fr/svn/CHEDDAR/trunk
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With Cheddar, designers should specify the architecture of the application
to analyze with AADL (Feiler and Gluch 2012), or the Cheddar specific ADL
called Cheddar-ADL. Cheddar-ADL is an ADL devoted to real-time scheduling
analysis. Cheddar-ADL allows users to define, for a given real-time system, the
software components (e.g. tasks, shared resources, messages, etc), the hardware
components (e.g. processors, cores, caches, etc) and the interactions between
them. Designers can use the Cheddar-ADL associated graphical-editor in order
to easily build their real-time application models.

Two different scheduling analysis methods could be applied with Cheddar:
feasibility tests 5 and scheduling simulations.

Cheddar supports most of classical real-time scheduling algorithms and fea-
sibility tests for different kinds of real-time applications (uniprocessor/multi-
processor, independent tasks/tasks with precedence constraints/tasks sharing
resources, etc). More details about the Cheddar utilities and the Cheddar-ADL
can be found in (Singhoff et al 2015).

Cheddar Framework

PAES  
method

Exhaustive 
method

…Cheddar 
ADL

General PAES algorithm General Exhaustive 
method algorithm

Optimizers Functions-To-Tasks Assignment Architecture generator

Architecture factoryChromosome data manipulation

Obj. functions and feasibility checks 

 Evaluation: Objective functions
scheduling simulation based

 Feasibility checks

 Chromosome representation to Cheddar-ADL
model

 Enumerate all solutions (chromosome)
 Mutation operator

use

Architecture Exploration
tools

use

use

use

use

instantiate

using

using

instantiate

Parsers Graphical 
Editor

Feasibility 
tests

Scheduling 
simulator

Cache 
analysis

Fig. 12: Prototype overview

As shown by Figure 12, in order to implement our prototype, we extend
the Cheddar framework as follows. We add two libraries called Optimizers

5 A feasibility test is an analytical method which usually allows users to compute perfor-
mance criteria in order to assess if task deadlines will be met.
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and Functions-To-Tasks Assignment and we extend an existing one called
Architecture generator.

The optimizers library consists of two Ada packages that define the basic
and common sub-programs that could be reused to formulate any problem with
either the PAES algorithm or the exhaustive method algorithm respectively.
The former requires a mutation operator, the latter some way of enumerating
solutions. Both are also parametrized with some objective functions.

The functions-to-tasks assignment library provides those components,
which are specific to our optimization problem domain. As shown in Figure 12,
it contains two packages. The first package (chromosome data manipulation)
provides functions for manipulating the chromosome representation customized
to the functions-to-tasks assignment. For example, it allows users to transform
a chromosome representation of a given candidate solution to a Cheddar-ADL
model using the Cheddar ADL library. It includes the functions-to-tasks assign-
ment rules that determine and compute parameters of tasks, resources and crit-
ical sections of a given candidate solution (see Section 3.3). The mutation op-
erator proposed for our problem (details in Section 3.2.4) is also implemented
in this package. This package also defines a method that, from an initial solu-
tion (with chromosome representation), enumerates all the functions-to-tasks
possible assignments (again with chromosome representations). This method
is used to implement the exhaustive method.

The second package (objective functions and feasibility checks)
is dedicated to the evaluation of solutions by way of objective functions (Sec-
tion 3.2.1), and to the achievement of the feasibility checks on design alter-
natives (Section 3.4.3). This package uses the scheduling simulator library in
order to perform the scheduling analysis and compute the objective functions
from the resulting simulation (e.g. the number of preemptions, the number of
context switches, WCRT of tasks and WCBTs, etc).

The implementation of our function sets generator (details are given in
Section 5.1) extends the Architecture generator library of Cheddar. This
library includes an Ada package that provides different methods to gener-
ate/build Cheddar-ADL models for different kinds of real-time architectures,
thereby allowing to perform empirical studies related to scheduling analysis.

As we can see in this figure, our prototype provides two new tools allowing
the execution of the PAES method and the exhaustive method for the architec-
ture exploration problem that we address. Each one of these programs instan-
tiates the general form of the corresponding algorithm from the optimizers

library with sub-programs defined in the functions-to-tasks assignment

library. These programs provide two ways of use. First, the user can define
and give to the method to run the Cheddar-ADL model of the initial solution
as argument to the program. Second, the user can configure the function sets
generator through a set of parameters that he provides to the program in order
to execute the desired method on a synthetically generated function sets.
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5 Experimental Studies

In this section, we present three experiments carried out in order to investigate
some aspects related to our problem as well as to evaluate our proposals.

First, we explore the correlation between three objective functions selected
from the list aforementioned in Section 3.2.1.

Second, we evaluate the accuracy (in terms of convergence and coverage
ability) of our PAES-based design exploration method. This evaluation is per-
formed on small-size problem instances through a comparison with an exhaus-
tive search method.

Last, we assess the effectiveness of our method for larger systems by inves-
tigating the quality of produced solution sets for different resources contention
levels.

In order to perform experiments, we propose and implement a function
set generator that produces customizable test instances of our design explo-
ration problem. In those experiments, we use the parallel implementation with
the global selection strategy of the PAES-based method that we proposed
in (Bouaziz et al 2016). Experiments are conducted on a SMP machine with
48 processors at 2.2 GHz frequency and 125-GBytes of RAM, running Linux
CentOS.

In the following, we describe our test instance generator in section 5.1.
Afterwards, we give an overview of the performance metrics used for measur-
ing the results and to assess our proposals (Section 5.2). In Sections 5.3, 5.4
and 5.5, we present the experiments protocol, the results and their analysis
for the three experiments.

5.1 Test Instance Generator for the Design Exploration Problem

In order to perform the different experiments with a broad range of configu-
rations, we propose to generate synthetically functional input models, i.e. sets
of n functions interacting through shared resources.

5.1.1 Functions Parameters

Each function period of the n functions is uniformly distributed between a set
of a predefined number nk of a maximum of different periods per function set
(nk < n), following the method of Goossens and Macq (2001). This ensures
that the scheduling simulations have to be run on limited feasibility intervals.
Given a processor utilization U of a function set, the utilization factor ui of
each function Fi is generated using the UUnifast algorithm (Bini and But-
tazzo 2005). We note that all random variables are generated with a uniform
distribution. We assume implicit deadlines, i.e. deadlines of the functions are
set to be equal to the periods. Finally, the capacities are computed based on
the generated periods and processor utilization factors.
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5.1.2 Resources and Critical Sections Parameters

Each function set handles a set of shared resources between them. Each re-
source Rj is accessed by a random number of functions in the range [2, rsf ∗n]
randomly selected from the set of functions. The rsf parameter (resource shar-
ing factor) is used in order to ensure that there will be a sufficient number of
resource conflicts (i.e. resource contention between the tasks) and to vary the
resources contention according to the experiments.

We assume that each function Fi accessing a resource Rj , issues only a
single request of Rj per job. The parameters of ωk associated to the usage
of Rj by Fi are adjusted as follows. The length of ωk (i.e. the duration of
usage of Rj by Fi) is defined as a percentage (called critical section ratio:
csr) of the computation time of Fi: Length(ωk) = csr ∗ γi. In addition to
the resource sharing factor, the critical section ratio allows us to customize
easily the resources contention in our experiments. The date of begin of ωk is
randomly selected within the function execution time.

5.2 Performance Metrics

In this section, we present the hypervolume and the inverted generational
distance metrics that we need in the assessment of results.

Hypervolume Indicator (HV): The set of solutions provided by our
PAES-based method are to be compared qualitatively. However, the evalua-
tion of the optimization results of MOO techniques is not intuitive since one
solution set (i.e. Pareto front) is not decidedly better than another. To this
end, several unary metrics exist (Coello Coello et al 2007), that map a Pareto
front to a single value thereby allowing an easy evaluation of the quality of the
approximate Pareto fronts PF approx. These metrics take into account both
the closeness of the obtained solutions PF approx to the optimal set PF true

(accuracy) and their spread across objective space (diversity). One of these
metrics is the hypervolume indicator (Zitzler and Thiele 1998).

This latter allows to measure how well algorithms perform in identifying
non-dominated solutions along the full extent of the objective space. Given a
solution set (e.g. generated by a particular algorithm) and associated objec-
tive values (points in objective space), it computes the area of the objective
space dominated by all the solutions bounded by a reference point as shown
in Figure 13. For a given problem, the reference point is selected so that it is
dominated by every solution in the fronts to be investigated. In our experi-
ments, the reference point is formed using the worst value for each objective
(known as the anti-ideal point) observed over all the produced PF approx for
a problem instance. The better the Pareto front, the larger the hypervolume
will be.

Moreover, in order to allow the objectives to contribute approximately
equally, objective values are normalized according to a linear normalization

technique defined by Fonseca et al (2005): fnormalizedi =
fi−f(min)

i

f
(max)
i −f(min)

i
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Fig. 13: Hypervolume performance indicator for two objectives problem

where f
(min)
i and f

(max)
i are the minimum and maximum values respectively,

that the ith objective is taking within the considered fronts. The reference
point is also normalized. In our experiments, the hypervolume indicator is
computed by the means of a dedicated tool provided by Fonseca et al (2006).
With normalized values, hypervolume values are in the range [0..1].

Inverted Generational Distance Metric (IGD): The IGD metric (Van Veld-
huizen and Lamont 1998; Zhang et al 2008) is usually adopted when the true
Pareto front (PF true) is known. It is defined by the following expression:

IDG(PF true,PF approx) =

∑
ν∈PF true

d(ν − PF approx)

|PF true|

where d(ν − PF approx) is the euclidean distance between each solution ν of
PF true and the nearest member of PF approx.

The IGD indicator measures not only the convergence of a generated Pareto
front (PF approx) to the true Pareto front (PF true) but also the coverage abil-
ity of the algorithm (i.e. how well PF true is covered by PF approx). Hence, a
PF approx whose solutions are located on a limited area of the extent of the
PF true, will be penalized in its IGD value even if its solutions belong (or are
too near) to PF true. For the IGD metric, the lower are values, better are
corresponding fronts.

In this work, in order to be able to compare the IGD values among different
problem instances, we compute the IGD on normalized fronts. Both PF true

and PF approx are normalized using the same technique applied in the compu-
tation of the hypervolume indicator. With normalized values, IGD values are
in the range [0..

√
2].

5.3 1st Experiment: Empirical Study of the Correlation between Objectives

In a previous work (Bouaziz et al 2015), we have defined our architecture
exploration method on limited functional models (i.e. independent functions)
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while considering the preemptions and task laxities (defined by f1 and f4
respectively in Section 3.2.1) as optimization objectives. Although in (Bouaziz
et al 2015) we did not investigate the conflict between these objectives, results
of the performed experiments showed that they were effectively conflicting.

In the present work, we extend the functional input model to our method-
ology to consider interactions between functions by means of shared resources.
Therefore we would like to involve at least one performance metric directly
related to resource sharing as an optimization objective. We have already
mentioned in Section 3.2.1 that, on the one hand, MOEA methods are often
applied to problems with limited number of objectives. On the other hand,
it is not obvious or intuitive to identify if two given objectives are conflicting
or not. That is, we restrict the problem to three objectives: preemptions (f1),
tasks laxities (f4) and blocking time (f6). We perform a set of experiments to
investigate the conflict relationship between each pair of these objectives.

The purpose of this experiment is to verify, when passing from independent
function models to models with shared resources, whether it is necessary to
consider three objectives or to remain with two objectives.

In order to be able to consider only two objectives, we need to show through
experiments that the third objective (f6) behaves in a non-conflicting way
with either one or both of the other objectives (f1 and f4). Otherwise, even if
experiments are realized onto a restricted set of test instances that will show
that the three objectives are necessary, we must consider all of them.

In the remainder of this section, we describe first the applied method for
measuring the correlation between objectives. Then, we give the experiments
protocol and the parameters settings. Finally, we present results of the exper-
iments.

5.3.1 Pearson Correlation Coefficient Analysis for Identifying Correlation
between Objectives

Interactions arising between objectives are either a conflict or a support rela-
tion. In the case of a conflict relation, a change of a solution which yields to an
improvement of one objective is seen to cause deterioration of a second objec-
tive. However, in the case of a support relation, a solution change causes at the
same time either improvement or deterioration to both objectives (Purshouse
and Fleming 2007).

Formally speaking, as defined by Carlsson and Fullér (1995), two objectives
are in conflict means that one objective increases while the other decreases
and vice versa. But, if they support each other then both objectives increase
or decrease simultaneously. In the former case the objectives are said to be
negatively correlated, and in the latter case they are positively correlated.

Measuring the conflict or the correlation among objectives is a baseline el-
ement of objective reduction approaches (Deb and Saxena 2006; López Jaimes
et al 2008, 2009, 2014; Saxena et al 2013; Wang and Yao 2016) that deal with
many-objective problems.
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In order to estimate the correlation between the objectives, we suggest
to use a simple method similar to those applied in (Deb and Saxena 2006;
López Jaimes et al 2008, 2009, 2014). Thus, we rely on the Pearson correlation
coefficient. This correlation coefficient rxy measures the linear relationship
between two objectives x and y through their observed data sets. By definition
the correlation coefficient values are in the range [−1, 1]. When rxy > 0, it is
said that x and y are positively correlated, and when rxy < 0, they are said
to be negatively correlated. If rxy = 0 they are not correlated.

The correlation between two objectives is computed using the approxima-
tion set of the Pareto front PF approx, produced by our PAES-based method,
as the data set. Each solution in PF approx is an observation. The obtained cor-
relation coefficient is associated with a p − value (Westfall and Young 1993),
representing the statistical risk of error on the correlation result significance.
In our experiments, we use the standard threshold of 0.05: two objectives are
considered as correlated when the corresponding p − value is less than 0.05,
and the nature of the correlation (positive or negative) is determined by the
sign of their correlation coefficient rxy.

5.3.2 1st Experiment : Protocol and Parameters

A number of experiments were run in order to investigate the correlation
between the objectives following the method detailed above by the mean of
synthetically generated function sets (test instances).

The parameters settings of the function sets generator are given in Ta-
ble 3. Experiments are performed for two function sets sizes: 20 functions and
30 functions. For each size, 50 different test instances are generated. In these
experiments, some parameters are set for both function sets sizes: (i) the over-
all processor utilization factor is fixed at 0.8, (ii) each function period of a
given function set is uniformly distributed between a set of nk = 5 different
periods randomly generated (iii) and the critical section ratio (csr) is selected
randomly from {0.1, 0.3, 0.5}. In addition to the function set size, we vary the
number of resources and the resource sharing factor (rsf) as shown in Table 3.
Hence, there will arise a sufficient number of resource conflicts.

Each generated test instance is processed by the PAES-based method for
5 independent runs because of the random nature of PAES. The number of
PAES iterations for each run is fixed at 2000. For a given test instance, the
correlation coefficients of objectives pairs are computed over all the PF approx

generated by all the runs.

5.3.3 1st Experiment: Results

Figure 14 reports for each pair of objectives (f1, f4), (f1, f6) and (f4, f6) the
rates of each correlation kind (i.e. negative, positive or insignificant) captured
over the total number of generated test instances (50 test instances with 20
functions and 50 test instances with 30 functions).
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Table 3: 1st experiment : synthetically generated function sets parameters

Common parameters

Parameter Value

# generated test instances per function set size 50

overall processor utilization 0.8

# different periods per function set, nk 5

critical section ratio, csr 0.1, 0.3, 0.5

Per function set size parameters

20 fcts 30 fcts

# resources 6 10

resource sharing factor, rsf 0.2 0.25
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Fig. 14: Negative, positive and insignificant correlation rates between the ob-
jectives pairs over all the generated test instances

We can observe that the presence of the conflict relationship among pairs of
objectives is more important for some pairs than others. As shown in this fig-
ure, both pairs of objectives (f1, f4) and (f4, f6) present a conflict relationship
for most of the studied test instances (more than 70% of the test instances),
whereas for (f1, f6), only 46% of the test instances present a conflict relation-
ship. We can notice also that the original objectives f1 and f4 are sometimes
(for 15% of test instances) supporting each other. This is explained by the fact
that for these test instances the added objective f6 is in conflict with each one
of the former objectives.

However, none of the objective pairs presents a support relationship for
a major part of the processed test instances, since the best supporting ra-
tio is 23% for the couple (f1, f6). Thus, the hypothesis of remaining with
only two objectives is not relevant and we must consider the three objectives.
Therefore, in our problem the conflict among the objectives depends on the
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addressed problem instance and cannot be decided in an absolute way (i.e. for
any instance of our problem).

5.4 2nd Experiment: Accuracy Evaluation of the PAES-based Architecture
Exploration Method for Small-Sizes Problem Instances

The second experiment aims at assessing the convergence and coverage of our
PAES-based architecture exploration method. The IGD indicator (defined in
Section 5.2) is applied for this evaluation.

The computation of the IGD requires the knowledge of the true Pareto
front. Thus, we propose a method that determines the true Pareto front
through an exhaustive search among all functions-to-tasks assignment solu-
tions. The exhaustive method works as follows:

(1) Enumerate all possible assignment solutions for a given function set. The
number of solutions is equal to the Bell number (Rota 1964) of the pro-
cessed function set size.

(2) Determine feasible solutions among all the enumerated solutions (i.e, ap-
plying Algorithm 4).

(3) Evaluate solutions and identify schedulable ones
(4) Finally, compute the Pareto front from schedulable solutions according to

the dominance concept.

However, as it was already mentioned in the problem statement (Section 1),
we deal with a combinatorial problem. An exhaustive search as the above
proposed method can be applied only for small-size instances of our problem
since the search space size increases exponentially with the problem instance
size (i.e. the number of functions).

With the exhaustive method, we can handle, in a reasonable amount of
time, problem instances up to 10 functions. For a problem instance of 10
functions, the number of all possible assignment solutions to proceed with the
exhaustive method is equal to the 10th Bell number, B10 = 115975. This is
already an important number of solutions that will take a considerable time to
be proceeded by the exhaustive method. However, if we want to increase the
problem instances to 11 functions, the number of possible solutions is equal to
B11 = 678570 which is unmanageable by the exhaustive method.

5.4.1 2nd Experiment: Protocol and Parameters

We perform several experiments. We take into account problem instances with
9 and 10 functions. For each size, 30 different test instances are generated using
our function sets generator. The parameters of the latter for the performed
experiments of both sizes, are detailed in Table 4.

The small size of the test instances and the constraints that they must
fulfil may lead to get PF true with a single solution. These cases are ignored
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Table 4: 2nd Experiment: synthetically generated function sets parameters
settings

Parameter Value

# generated test instances per function set size 30

overall processor utilization 0.5

# different periods per function set, nk 2

# resources 7

critical section ratio, csr 0.5

resource sharing factor, rsf 0.5

and we consider only test instances with PF true containing at least two non-
dominated solutions.

According to the first experiment (Section 5.3), we consider in the current
evaluation, the three objectives f1, f4 and f6. At a first stage, each generated
test instance is processed by the exhaustive method in order to produce its
PF true. Then, we apply our PAES-based method for 30 independent runs.
Each IGD value shown in this experiment is the average over the 30 runs. The
number of PAES iterations for each run is fixed at 3000.

5.4.2 2nd Experiment: Results

Table 5 and Table 6 show the results for test instances of 9 functions and 10
functions respectively, with respect to the average IGD, the size of the PF true

(i.e. the number of non-dominated solutions) and the size of the PF approx. For
the latter, we present the average, the minimum and the maximum over all
the runs.

Table 5: The inverted generational distance (IGD) relative to 30 synthetically
generated test instances with 9 functions

Test

instances

Avg.

IGD
|PFtrue|

|PFapprox|
Avg. Min - Max

1 0.0 3 3.0 3 - 3

2 0.0 2 2.0 2 - 2

3 0.0 3 3.0 3 - 3

4 0.0 2 2.0 2 - 2

5 0.0 12 12.0 12 - 12

6 0.0 2 2.0 2 - 2

7 0.0 7 7.0 7 - 7

8 0.0 2 2.0 2 - 2

9 0.0 12 12.0 12 - 12

10 0.0 3 3.0 3 - 3

11 0.0 4 4.0 4 - 4

12 0.0 4 4.0 4 - 4

13 0.0 2 2.0 2 - 2

14 0.0 5 5.0 5 - 5

15 0.0 4 4.0 4 - 4

Test

instances

Avg.

IGD
|PFtrue|

|PFapprox|
Avg. Min - Max

16 0.0 5 5.0 5 - 5

17 0.0 2 2.0 2 - 2

18 0.0002 12 12.0 12 - 12

19 0.0022 18 17.86 17 - 18

20 0.0084 14 13.16 12 - 14

21 0.0131 6 6.0 6 - 6

22 0.0327 8 7.23 7 - 8

23 0.1237 9 7.0 7 - 7

24 0.2589 4 3.06 3 - 4

25 0.2654 15 6.0 6 - 6

26 0.3106 7 9.0 9 - 9

27 0.3334 3 2.0 2 - 2

18 0.3535 4 2.0 2 - 2

29 0.7043 6 2.0 2 - 2

30 0.7071 2 1.0 1 - 1
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Table 6: The inverted generational distance (IGD) relative to 30 synthetically
generated test instances with 10 functions

Test

instances

Avg.

IGD
|PFtrue|

|PFapprox|
Avg. Min - Max

1 0.0 2 2.0 2 - 2

2 0.0 3 3.0 3 - 3

3 0.0 3 3.0 3 - 3

4 0.0 5 5.0 5 - 5

5 0.0 12 12.0 12 - 12

6 0.0 3 3.0 3 - 3

7 0.0 2 2.0 2 - 2

8 0.0 3 3.0 3 - 3

9 0.0 2 2.0 2 - 2

10 0.0 4 4.0 4 - 4

11 0.0 2 2.0 2 - 2

12 0.0 9 9.0 9 - 9

13 0.0 9 9.0 9 - 9

14 0.0 6 6.0 6 - 6

15 0.0 5 5.0 5 - 5

Test

instances

Avg.

IGD
|PFtrue|

|PFapprox|
Avg. Min - Max

16 0.0 3 3.0 3 - 3

17 0.0005 26 25.93 25 - 26

18 0.0454 10 9.03 9 - 10

19 0.0431 18 16.3 15 - 18

20 0.1209 6 5.03 5 - 6

21 0.1742 12 9.40 6 - 12

22 0.1659 7 4.16 4 - 5

23 0.1670 14 8.33 8 - 14

24 0.1786 11 7.33 7 - 9

25 0.2214 4 3.16 3 - 4

26 0.3479 9 4.1 4 - 7

27 0.4886 7 3.0 3 - 3

28 0.5909 5 3.03 3 - 4

29 0.6224 4 2.0 2 - 2

30 0.7071 2 1.0 1 - 1

In order to ease the readability and the analysis of the results, in both
tables, we sort the test instances in ascending order of their IGD and we
divide the results into 3 classes according to IGD ranges:

• The first class encloses test instances holding a zero IGD value, which
means that the PAES-based method succeeds in converging to the exact
PF true of these test instances in all the runs. This class represents 55% of
all the presented test instances (17 test instances in Table 5 and 16 test
instances in Table 6). Moreover, as we can see in both tables, the number of
solutions in PF true for about 30% of test instances of this class is greater
than or equal to 5 solutions. This shows the ability of our PAES-based
method to handle instances with diversified Pareto front.

• The second class contains test instances with low IGD values that belong
to the range [0.0002, 0.05] and it includes about 13% over the 60 studied
test instances. Low IGD values may be explained by the fact that for test
instances of this second class, PAES is able to find solutions that belong to
PF true by an average rate about: 94.52% for test instances of the second
class in Table 5 and 77.89% for test instances of the second class in Table 6.

• The third class is defined for test instances with relatively medium and
high IGD values that belong to the range [0.1, 0.7]. We find in this class
around 32% of the studied test instances. For this class the average rates
of solutions found by PAES and that belong to PF true are about: 56.44%
for test instances of the third class in Table 5 and 53.86% for test instances
of the third class in Table 6. The comparison of these rates with those
obtained for the second class justify the increasing of the IGD values in
the third class with regard to the second one.
Furthermore, the range of IGD values of this class which is between 0.1
and 0.7 (i.e. a not tight range) may be due to the variation of the cover-
age ability of PAES among test instances. For example, let consider from
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Table 6, test instance 24 having an IGD of 0.1786 and test instance 29
with an IGD of 0.6224. As we can see for these two test instances PAES
misses 2 solutions: for the former it can find at the best runs 9 solutions
among 11 in the PF true and for the latter it achieves at best 2 solutions
among 4 in the PF true. Even though the number of missed solutions by
PAES is the same for the two test instances, their IGD are different. As
shown in Figure 15, in test instance 24 (Subfigure 15a) PAES covers all
the Pareto area, whereas in test instance 29 (Subfigure 15b) PAES misses
a non-negligible area of the Pareto space. Hence, the test instance 29 is
penalized in its IGD value (0.6224).
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Fig. 15: Comparison of the PAES coverage ability between two test instances

The results obtained with PAES for class one and two that represent 68%
of the studied test instances, can be considered as good, since their IGD values
are less than 0.04 and we know that the upper bound value of normalized IGD
is
√

2 (≈ 1.4142).
Moreover, we have measured the runtime of both methods for the 60 stud-

ied test instances. For the PAES method we consider the average runtime over
all the runs. Then, for each test instance we computed the runtime reduction
rate of the PAES method against the exhaustive method: (1− TPAES

TExhaustive
)∗100.

The average runtime reduction rate over all the test instances is about 74%
which shows that the PAES method outperformed the exhaustive method with
respect to the runtime. Furthermore, we notice that the runtime comparison
results between the two methods are better for instances with 10 functions
than 9 functions. This is due the fact that on one side, the exhaustive method
spends more time for test instances with 10 functions than 9 functions, since
the search space is larger (B10 = 115975 vs B9 = 21147). On the other side, we
run the PAES method for a fixed number of iterations for both test instances
sizes.
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5.5 3rd Experiment: Quality Evaluation of Solution Sets for Different
Resources Contention Levels

In previous works (Bouaziz et al 2015, 2016), we have already evaluated our
architecture exploration method for independent functions systems by assess-
ing the quality of produced solution sets when varying the systems size up to
100 functions. We have showed that our method not only scales well but also
makes effectively the architecture exploration and provides a set of trade-offs
for the designer (e.g. the average hypervolume is about 0.78 for test instances
with 100 functions).

In this experiment, we are interested in assessing the effectiveness of our
method by investigating the quality of the generated solution sets for different
resources contention levels. The solution sets obtained in the current experi-
ments are to be evaluated quantitatively (by way of number of non-dominated
solutions found) and qualitatively (using the hypervolume performance indi-
cator defined in Section 5.2).

5.5.1 3rd Experiment: Protocol and Parameters

For the experiments, we set the parameters of the function sets generator as
detailed in Table 7. Experiments are performed for three resources contention
levels. For each level, 20 different test instances are generated. Some parame-
ters are set commonly for the three resources contention levels: (i) the number
of functions per function set is fixed at 30, (ii) the overall processor utiliza-
tion factor is set at 0.8, (iii) each function period of a given function set is
uniformly distributed between a set of nk = 5 different periods randomly gen-
erated. The resources contention variation is performed by varying the number
of resources, the resource sharing factor and the critical section ratio. As shown
in Table 7, the function sets associated to level1 (respectively level2, level3)
will have a low (respectively medium, high) resources contention level.

Table 7: 3rd Experiment: synthetically generated function sets parameters set-
tings

Common parameters settings

Parameter Value

# functions per test instance 30

# generated test instances per resources contention level 20

overall processor utilization 0.8

# different periods per function set, nk 5

Per resources contention level parameters settings

level1 level2 level3

# resources 5 10 15

resource sharing factor, rsf 0.1 0.2 0.3

critical section ratio, csr 0.1 0.3 0.5
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As in the second experiment (Section 5.4), we take into account the three
objectives f1, f4 and f6. The test instances of each level are processed by the
PAES-based method for 10 independent runs. The number of PAES iterations
for each run is set at 3000.

5.5.2 3rd Experiment: Results

Table 8, Table 9 and Table 10 present the results for the processing of 20 test
instances relative to each of the three considered resources contention levels,
with respect to the hypervolume (average and standard deviation values over
all runs) and the size of the PF approx (average, minimum and maximum values
over all the runs). In order to ease the readability and the analysis of the
results, we sort the test instances in descending order of their hypervolume
values, in the three tables.

Let consider Table 8, where the resources contention level of the studied
test instances is low. We notice that hypervolume values relative to 50% of
test instances are in the range of [0.53, 0.84], whereas the second half of test
instances have zero hypervolume value. Zero hypervolume value is due to the
reduced resources contention that results in zero values for the blocking time
of tasks, thereby leading to zero values of the third objective f6 of all solu-
tions in fronts associated to these test instances. For these test instances, only
objectives f1 and f4 present a conflict relationship, which induces the reduc-
tion of the search space dimension (2 instead of 3). For test instances with
non-zero hypervolume values (i.e. the first part of Table 8), we can see that
the hypervolume values are greater than 0.5 which means that the obtained
solution sets are well spread in the part of the objective space that has been
explored, since the hypervolume value upper bound is 1.0.

The average hypervolume over test instances displayed in Table 9 and
Table 10 are about 0.6915 and 0.7250 respectively which represent relatively
large hypervolume values. This is explained by the large size of the search space
associated to these test instances induced by the magnitude of the resources
contention. Hence, the number of feasible solutions is so important, thereby
resulting in large fronts. This is reinforced by the number of solutions in the
obtained fronts that is quite high: up to 147 in Table 9 and 196 in Table 10.

Besides, when we inspect the size of PF approx in the three tables, we notice
that the number of solutions is so different between runs associated to each
test instance. This variation is more important in Table 9 and Table 10. Again,
this is due to the increase of the search space size with the resources contention
rise. This will cause a variation in the PAES behavior from one run to another
for the same test instance. For a given test instance, despite the variation in the
number of solutions between runs, the standard deviation of the hypervolume
values over the runs is relatively low (8.75% in the worst case), showing that
the quality of the produced fronts is still good and roughly stable over the
different runs.

We have computed the runtime of the 20 test instances of each resources
contention level. Table 11 shows the average, the minimum and the maximum
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Table 8: Hypervolume values and Pareto front sizes relative to 20 generated
test instances with the resources contention level1

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

1 0.8487 0.0127 18.80 12 - 24

2 0.8117 0.0247 7.00 6 - 9

3 0.8015 0.0113 15.30 13 - 18

4 0.7595 0.0663 25.40 21 - 32

5 0.7357 0.1316 5.00 4 - 8

6 0.6746 0.0406 10.40 6 - 17

7 0.6551 0.0290 13.00 11 - 16

8 0.6221 0.0555 8.50 7 - 10

9 0.5868 0.0252 17.90 13 - 21

10 0.5339 0.0000 8.70 8 - 9

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

11 0.0 0.0 4.00 4 - 4

12 0.0 0.0 3.00 3 - 3

13 0.0 0.0 8.00 7 - 9

14 0.0 0.0 3.80 3 - 4

15 0.0 0.0 2.40 2 - 5

16 0.0 0.0 7.00 7 - 7

17 0.0 0.0 8.10 7 - 9

18 0.0 0.0 3.00 3 - 3

19 0.0 0.0 5.80 5 - 6

20 0.0 0.0 8.30 7 - 10

Table 9: Hypervolume values and Pareto front sizes relative to 20 generated
test instances with the resources contention level2

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

1 0.8337 0.0154 25.80 19 - 36

2 0.8336 0.0332 79.20 59 - 101

3 0.8142 0.0173 90.60 74 - 119

4 0.7896 0.0208 60.00 51 - 72

5 0.7835 0.0375 15.00 11 - 22

6 0.7723 0.0220 35.50 33 - 40

7 0.7699 0.0589 103.60 68 - 132

8 0.7420 0.0324 34.20 26 - 42

9 0.7360 0.0315 19.30 14 - 28

10 0.7275 0.0096 5.50 5 - 6

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

11 0.6976 0.0396 41.80 24 - 56

12 0.6559 0.0276 25.40 22 - 28

13 0.6527 0.0498 39.40 22 - 46

14 0.6474 0.0335 64.30 50 - 99

15 0.6164 0.0400 115.20 68 - 147

16 0.6089 0.0313 19.70 16 - 23

17 0.5970 0.0505 34.40 28 - 44

18 0.5801 0.0257 82.90 62 - 98

19 0.4886 0.0015 21.00 21 - 21

20 0.4838 0.0339 21.50 16 - 28

Table 10: Hypervolume values and Pareto front sizes relative to 20 generated
test instances with the resources contention level3

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

1 0.8802 0.0041 120.70 97 - 150

2 0.8551 0.0165 145.20 117 - 158

3 0.8507 0.0109 163.20 148 - 186

4 0.8311 0.0155 30.80 23 - 35

5 0.7814 0.0252 111.10 75 - 138

6 0.7725 0.0539 96.50 50 - 148

7 0.7667 0.0129 102.90 67 - 155

8 0.7546 0.0197 75.90 63 - 88

9 0.7407 0.0453 39.60 28 - 57

10 0.7328 0.0488 141.50 128 - 160

Test

instances

Hypervolume |PFapprox|
Avg. Std. Avg. Min - Max

11 0.7298 0.0381 113.70 42 - 150

12 0.7195 0.0558 46.40 30 - 60

13 0.6866 0.0875 89.50 57 - 109

14 0.6832 0.0337 36.70 28 - 43

15 0.6700 0.0617 173.00 146 - 196

16 0.6654 0.0298 102.00 81 - 127

17 0.6538 0.0515 47.90 41 - 54

18 0.6311 0.0164 146.80 123 - 186

19 0.5723 0.0361 144.80 131 - 165

20 0.5222 0.0626 64.80 53 - 77

runtime over the test instances of each resources contention level. It gives also
the simulation period (SP) of the test instances associated to the Min and the
Max runtime values of each level. We can see in this table that for each level,
the difference between the minimum and the maximum runtime values is about
2h 26min, 2h 44min and 3h 45min for level1, level2 and level3 respectively.
This runtime variation is caused by the variation of the simulation period
between the generated test instances as shown in Table 11. Furthermore, we
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can observe that the runtime increases when the resources contention level
raises. Let consider the maximum runtime values of the three levels. We note
that even though the simulation periods of level1 (SP = 27720) and level2
(SP = 27720) are greater than level3 (SP = 13860), the maximum runtime
relative to level3 is more important. This can be explained by the fact that the
rise of the resources contention will increase the number of events to take into
consideration in the simulation, thereby spending more time to compute the
schedule of each candidate design by simulation. Besides, the shown runtime
values for the three levels indicate that our method is able to handle problem
instances with reasonable system size (i.e. 30 functions for the studied test
instances) and high resources contention.

Table 11: Runtime computed over all test instances generated for each resource
contention level

Resources contention

level
Avg. Min Max

Level1 41min 6s
6min

(SP=4620)

2h 32min 8s
(SP=27720)

Level2 1h 27min 54s
29min 13s
(SP=13860)

3h 13min 30s
(SP=27720)

Level3 3h 13min 14s
1h 17min 25s
(SP= 2520)

5h 3min 12s
(SP=13860)

To conclude, although this experiment does not address explicitly the ac-
curacy of the generated fronts (contrary to the second experiment, where
true Pareto fronts can be computed), the results in terms of hypervolume
and number of solutions (e.g. for the studied system instances with high re-
source contention, HV ∈ [0.52, 0.88] and #solutions ∈ [30, 173]) show that our
method makes effectively the architecture exploration for systems with shared
resources by generating a set of promising design trade-offs.

6 Related Work

In this section, we present the related work aiming at driving the design of real-
time critical systems, followed by works that deal with the design exploration
using multi-objective optimization techniques.

Then, we introduce some software architecture design approaches based on
clustering techniques.

In the literature, many approaches have been proposed to drive the design
of architectural models that need meet timing requirements, by mapping a
functional specification to a multi-tasking architecture.

In (Bartolini et al 2005), authors developed heuristic algorithms that gen-
erate the architectural model from a dataflow functional model with timing
properties. The main objective of this work is to automate the functional to
architectural mapping.
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Authors of (Pagetti et al 2011) provide a framework for the integration
and the development of real-time embedded systems. With this framework,
designers write a functional specification with dependency constraints using
the Prelude language. From this model, the proposed framework allows to
generate a set of real-time tasks that can be executed on a uniprocessor ar-
chitecture. Authors proved that the generated implementation enforces the
system behavior as well as timing constraints described in the functional spec-
ification.

Furthermore, a MARTE-based methodology was proposed in (Mraidha
et al 2011), enabling scheduling analysis at early stages of the software life
cycle. It allows designers to generate, from a functional specification expressed
with UML MARTE, a design model compliant with the functional specification
timing requirements.

Unlike these works, we propose to explore various architecture alterna-
tives using a clustering technique for assigning functions to tasks. We perform
scheduling analysis on each architecture alternative and those that meet the
timing constraints are evaluated with regard to a set of competing perfor-
mance criteria (e.g. #preemptions, tasks laxities, blocking time of tasks, etc.),
to finally select good trade-offs.

In distributed AUTOSAR (AUTomotive Open System ARchitecture) sys-
tems (Fürst et al 2009), functions-to-tasks assignment is known by runnables-
to-tasks mapping and is identified as a primordial step in the design process of
such systems (Scheickl and Rudorfer 2008; Fürst et al 2009). Existing meth-
ods in this context (Monot et al 2012; Mehiaoui et al 2013; Wozniak et al
2013) aim at automating the integration of functional specification defined by
the runnables and the data signals exchanged between them. The AUTOSAR
platform consists of a network of distributed execution nodes called ECUs
(Electronic Control Unit) connected through buses and OS tasks/messages as
well.

Investigating runnables-to-tasks assignments raises two issues. The first
one consists in assigning runnables to cores taking into account inter-runnable
dependencies and locality constraints while optimizing the core load. The sec-
ond one is to build the sequencing of the runnable entities of each core using
one task per core.

In (Monot et al 2012) multicores ECUs architectures are considered and
two heuristics are proposed to solve those two issues.

Authors of (Mehiaoui et al 2013; Wozniak et al 2013) presented also a
two steps approach aiming at optimizing the runnables-to-tasks mapping with
respect to a set of optimization metrics such as end-to-end response time,
memory consumption, bus throughput, etc. In the first step runnables/data
signals are partitioned on ECUs/buses afterwards runnables/data signals of
each ECU/bus are assigned to tasks/messages.

The two issues are abstracted and resolved using different theories and
optimization techniques, namely with a mixed integer linear programming
(MILP) and a genetic algorithm (GA) as well.
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These approaches define multi-criteria design exploration methods (as they
involve several performance metrics), but they don’t use MOO techniques
dedicated for such kind of problems.

In (Mehiaoui et al 2013; Wozniak et al 2013), criteria driving the search
are combined into a weighted objective function, and thereby the result of the
exploration is a single design solution instead of a set of design alternatives
that exhibits trade-offs between criteria. In order to perform an effective design
exploration, authors of these works proposed to iterate the exploration while
varying objectives weights. However, such exploration method could in some
cases miss interesting solutions that do not fit with any weights combination
(solutions known as unsupported solutions (Coello Coello et al 2007)). Contrary
to these approaches, we propose a multi-criteria design exploration method
based on a dedicated MOO technique.

Some research contributions have been developed in the scope of design
exploration using multi-objective optimization techniques. Most of them are
based on MOEAs.

In (Rahmoun et al 2015a,b), the authors proposed a method that explores
architecture alternatives for real-time embedded systems, in order to produce
architectures that fulfil at best a set of conflicting non-functional properties
stemmed from the requirements of the addressed systems. This method is
based on model transformations composition and MOEA by means of the
NSGA-II multi-objective optimization strategy (Deb et al 2002).

Koziolek et al. (Koziolek et al 2011) developed a framework called Per-
opteryx. This framework assists software architects during the design stage
to approximate the Pareto set architectures. The exploration and selection
processes are driven by architectural strategies and NSGA-II.

AQOSA (Li et al 2011) is another generic framework that provides an au-
tomated design exploration process based on a set of MOEAs namely NSGA-
II, SPEA2, and SMS-EMOA. Unlike these generic frameworks, we address
a specific architecture exploration problem from a scheduling point of view,
for critical Ravenscar compliant real-time systems. In our work, the explo-
ration process is guided by competing performance attributes stemmed from
the scheduling context.

Our approach is also related to clustering techniques that we apply in order
to explore and evaluate several design solutions. Clustering techniques are used
in different contexts and for different purposes.

In (Bertout et al 2014), authors aim at minimizing overheads (timing and
memory) of architecture composed of a large number of tasks by reducing the
number of tasks through clustering. A heuristic is proposed to automatically
reduce the number of tasks while preserving timing requirements. Contrasting
to our clustering method, the clustering among tasks is restricted to tasks with
identical periods.

Clustering tasks is also investigated in (Santinelli et al 2014), in order to
tackle the scheduling of a large set of tasks with precedence constraints in a
uniprocessor system. The authors propose to group tasks together according to
their functional properties. Furthermore, in order to ensure the refinement of
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the architectural model of a real-time application to a specific RTOS, authors
of (Mzid et al 2013) aim at reducing the number of priority levels used by the
application in order to comply with the number of priority levels provided by
the targeted RTOS. They proposed a task clustering method based on a MILP
formulation.

Finally, in the context of distributed systems, several approaches (Ramam-
ritham 1995; Guodong et al 2003; Ahmadinia et al 2003; Palis et al 1996) seek
to reduce communication costs through clustering techniques. In this context,
clustering is applied as part of partitioning heuristics. They usually expect to
minimize the overall execution time. A cluster can there be a set of tasks allo-
cated to the same processor. Tasks are assigned to clusters in order to ensure
schedulable task sets with minimum communication costs. In our article, we
do not focus on distributed systems as we assume uniprocessor architectures.

To summarize, our method takes advantage of some of the strengths of
approaches cited above: it combines the two fields of (1) clustering techniques
and (2) multi-objective optimization techniques.

7 Conclusion and Future Work

In this article we proposed a design exploration method based on multi-
objective optimization for real-time Ravenscar compliant systems.

This method allows to explore the design space by investigating numerous
functions-to-tasks assignment alternatives in order to select those that meet
at best a set of competing performance criteria.

The final selected designs enforce the system behavior and the timing re-
quirements described in the functional specification.

A clustering technique is used in order to explore the design search space.
To tackle the combinatorial issue of the addressed problem, our method relies
on a multi-objective optimization evolutionary algorithm, namely the Pareto
Archived Evolution Strategy.

Our method was implemented and integrated in Cheddar, an existing
scheduling framework. The main benefit of this implementation is its reusabil-
ity and the extensibility of its software artifacts. For example, the optimizers
library could be reused in different problems or extended with other opti-
mization methods. Similarly, the engine dedicated to the specification of the
functions-to-tasks assignment is reusable in the instantiation of our problem
with other MOEAs, etc.

In this article, we also presented results of experimental studies performed
to investigate some features stemmed from our problem and assess the effec-
tiveness of our approach. The experiments are made on synthetically generated
problem instances.

We performed an empirical study aiming at investigating the correlation
between pairs of objectives (i.e. performance criteria). Our experiments show
that the correlation depends on the addressed problem instance.
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Besides, in order to assess the accuracy of the proposed method, the so-
lutions sets produced by our method were compared against an exhaustive
method results. The experiments for this evaluation were realized on small
size problem instances.

Results of these experiments showed that the proposed method can pro-
duce the optimal solution sets for 55% of the studied instances, and for other
instances (about 13%) results were very close to optimal solutions set (i.e.
instances with low IGD values, see Section 5.4.2).

A runtime comparison study showed that our method outperforms the
exhaustive method by about 74% of runtime reduction.

For larger systems with different resources contention levels, a second eval-
uation was achieved in order to assess the quality of produced solutions sets.
Results of experiments approved that our method made effectively the design
exploration and generated meaningful trade-offs. For example, with high re-
sources contention level, the average hypervolume and the average number of
solutions over 20 test instances were about 0.725 and 100 solutions respectively.

Currently, we used a simple method to investigate the correlation between
objectives based on the Pearson coefficient (linear correlation) and associated
p-value. As part of our future work, we want to employ more sophisticated
tools dealing with both linear and non-linear correlations as those defined
in (Saxena et al 2013; Wang and Yao 2016).

In the same context, in view of the objectives correlation study results,
we plan to apply an objective reduction method that uses the conflict in-
formation during the search process like in (López Jaimes et al 2009, 2014;
Saxena et al 2013; Wang and Yao 2016). Such methods are defined to address
many-objective problems. Hence with an objective reduction method, it will be
possible to consider all the objectives listed in Section 3.2.1 or even other user
defined objectives and then non-redundant objectives (i.e. most conflicting)
will be determined during the algorithm progress.

Although the proposed method achieved promising results, it would be
interesting to formulate the problem with metaheuristics other than PAES.

In addition to that we also aim to extend our approach in order to take
into account more complex systems as multi-processor real-time systems.
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