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Abstract Running multiple applications optimally in terms of Quality of Service
(e.g. performance and power consumption) on embedded multi-core platforms is
a huge challenge. Moreover, current applications exhibit unpredictable changes of
the environment and workload conditions which makes the task of running them
optimally even more difﬁcult. This dynamic trend in application runs will grow even
more in future applications.
This Chapter presents an automated tool ﬂow which tackles this challenge by a
two-step approach: ﬁrst at design-time, a Design Space Exploration (DSE) tool is
coupled with a platform simulator(s) to get optimum operating points for the set of
target applications. Secondly, at run-time, a lightweight Run-time Resource Manager
(RRM) leverages the design-time DSE results for deciding an operating conﬁguration
to be loaded at run-time for each application. This decision is performed dynamically,
by taking into consideration available platform resources and the QoS requirements
of the speciﬁc use-case. To keep RRM execution and resource overhead at minimum,
a very fast optimisation heuristic is integrated.
Application of this tool-ﬂow on a real-life multimedia use case (described in Chap.
9) will demonstrate a signiﬁcant speedup in optimisation process while maintaining
desired Quality of Service.

5.1

Introduction

The future of embedded computing is shifting to multi-core designs due to handling
of simultaneous multiple applications and at the same time to boost performance
given the unacceptable power consumption and operating temperature increase of
fast single-core processors. This introduces new big challenges for application and
platform designers. The ﬁrst challenge is the support for a variety of applications:
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mobile communications, networking, automotive and avionic applications, multimedia. These applications may run concurrently, start, and stop at any time. There is
lot of dynamism in these applications which makes it challenging to run them optimally. Each application may have multiple conﬁgurations, with different constraints
imposed by the external world or the user (deadlines and quality requirements, such
as audio and video quality, output accuracy), different usages of various types of
platform resources (processing elements, memories and communication), and different costs (performance, power consumption, bandwidth). The second challenge
is the platform heterogeneity, happening between platforms and within a platform.
Even for similar platforms, process variation endows them with different performance characteristics. Furthermore the resource requirement for each application
may vary over time (by the time applications are put in the market for sell) due to
hardware adaptation to physical constraints (power, temperature, battery life, and
aging). Hence, it is untenable to ask software vendors to adapt or optimize their
applications for each platform. The third challenge is time to market, which makes
software development productivity of paramount importance. Designers are getting
much less time to design their application and platforms whereas the complexity of
the design and mapping is increasing. This can make it hard to perform exhaustive
design space explorations. At the same time, due to the increasing complexity of the
architecture, it is almost impossible for traditional design techniques to identify an
optimal static conﬁguration matching the available architecture resources with the
dynamic requirements (i.e., performance and power consumption).
Given such tough challenges, one can design an embedded system by making
conservative worst-case assumptions, but that will not lead to an efﬁcient design.
Especially in embedded system design, where there are very tight constraints (e.g.
cost of a device), it is not acceptable to have a device with large inefﬁciency. To
overcome these challenges, we have developed a methodology to enable efﬁcient
running of multiple applications on multi-core platforms. Our approach uses a runtime manager to control different possible application conﬁgurations [39]. Thus,
concerning all the parameters that can be changed at run-time (e.g. the number of
cores used to run an application and their operating frequencies), a run-time manager
layer is built to achieve desirable Quality of Service (QoS) for the applications.
Our run-time manager layer consists of a Run-time Resource Manager (RRM)
with following features:
• It supports a holistic view of the resources. This is needed for global resource
allocation decisions, arbitrating between all applications, and minimizing the
total costs.
• It transparently optimizes the resource usage and the application mapping on the
platform. This is needed to facilitate the application development and mapping
from diverse application domains.
• It dynamically adapts to changing environment. This is needed to enable the
best usage of resources and to achieve a high efﬁciency under changing environment and requirements. To that end, dynamic resource allocation and dynamic
reconﬁguration of applications must be supported. Also, quality requirements
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and resources must be adapted dynamically (e.g. by adjusting the processor clock
frequency, or by switching off some processors) in order to control platform
performance (i.e., the power consumption and the heat dissipation of the platform).
• Such a resource management problem is a Multi-Objective Optimization (MOO)
problem (known as Multi-dimension Multiple-choice Knapsack Problem or
MMKP) falling into a complexity category of NP-Hard problems [11]. Since
our RRM is intended for embedded platforms, it is implemented as a lightweight
heuristic implementation which consumes during its execution as little platform
resources as possible and does not impact heavily execution time of the running
application.
With respect to discussions in this Chapter, run-time manager consists of only RRM.
Hence we have used term run-time manager and RRM interchangeably.
To alleviate run-time decision making (i.e., to reduce computational complexity at run-time) and to avoid conservative worst-case assumptions, our run-time
management methodology consists of two phases:
• First, a design-time Design Space Exploration (DSE) per application derives
a multi-dimensional Pareto set of optimal conﬁgurations on a given multi-core
platform. During this phase, optimization and modeling techniques presented in
Chaps. 3 and 4 are adopted.
• Second, a low-complexity Run-time Resource Manager (RRM) is incorporated
on top of the basic services of the platform Operating System (OS) and is acting
as an exception handler at run-time to optimize the usage of resources.
In the ﬁrst phase, at design time, each conﬁguration is characterized by a code
version together with an optimal combination of constraints, used resources, and
costs. The different code versions refer to different parallelizations of the application
into parallel tasks and data transfers to shared and local memories. To enable the
design-time DSE phase, the methodology presented in this Chapter considers only
applications within a set deﬁned at design-time. System-wide approaches, for resource management at coarse grain, considering software applications for which the
platform was not directly designed (as the approach proposed in [4]), are discussed in
Chap. 6.
In the second phase of run-time management presented in this Chapter, whenever
the environment is changing dynamically (e.g. when a new application or use case
starts, or when the user requirements change), RRM reacts as follows:
• It selects a conﬁguration from the Pareto set of each active application, according
to the available resources, in order to minimize the costs, while satisfying the
constraints.
• Second, it reconﬁgures and maps the application on the platform i.e., it assigns
the platform resources, it adapts the platform parameters, it loads the application
tasks, and it issues the application executions according to the newly selected
conﬁgurations.

96

P. Avasare et al.

The remainder of this Chapter is organized as follows. Section 5.2 overviews the
state-of-the-art on RRM for embedded multi-core platforms and details RRM problem tackled in this Chapter. Section 5.3 formulates the RRM problem. Section 5.4
presents the exploration tool ﬂow to solve this RRM problem. Conclusions are drawn
in Sect. 5.5.

5.2

Run-Time Resource Management in Embedded Systems

This section introduces state-of-the-art techniques on RRM and places our methodology in comparison to previous literature.
In the context of Run-time Resource Management (RRM), traditional approaches
can be roughly classiﬁed into either pure design-time approaches or pure run-time
approaches. Nevertheless, they suffer from the following drawbacks:
• First, some of them are applicable only for single-core platforms [32], or for
homogeneous multi-core platforms [42], but not for heterogeneous multi-core
platforms.
• Second, none of the existing approaches proposes a complete framework. They
are based only on task scheduling, i.e., on task ordering and assignment. A good
overview of available design-time algorithms can be found in [28]. Some others
are based only on slowing or shutting down the platform resources [5] and on
Dynamic Voltage and Frequency Scaling (DVFS) [9, 14, 19, 27].
• Third, the objective of the majority of these approaches is performance optimization [3, 6, 8, 15, 18], and not together with power consumption optimization.
• Finally, design-time approaches involve slow heuristics [27, 29, 30] using Integer
Linear Programming (ILP) and cannot be used at run time. On the other hand, to
reach a lightweight implementation, run-time approaches hide the speciﬁcation
of the internal application tasks, and they do not fully exploit the task mapping
choices of the target platform. Hence these approaches are sub-optimal.
Hence neither the existing pure design-time approaches nor the existing pure run-time
approaches are efﬁcient to solve this complex RRM problem. To alleviate the runtime decision making and to avoid worst-case assumptions, new research directions
are ongoing and propose a mixed design-time and run-time approach:
• The Task Concurrency Management (TCM) methodology [34–36], explores the
energy-performance trade-offs at the system level. To reach an efﬁcient usage of
the platform resources, this methodology models the application at a ﬁner granularity than traditional task graphs. It identiﬁes the sub-tasks of the application that
can run in parallel on a heterogeneous multi-processor platform. It also includes
data access and memory management at the task level [20, 39].
• Scenario-based approaches [12, 23], which are based on the concept of application
scenarios identiﬁed at design time, operate as follows. First, a proﬁling-based
analysis of various run-time situations of the application is performed. Then,
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these run-time situations are clustered into a few dominant application scenarios
and a backup scenario. At run time, the actual scenario is detected with a simple
detector, and the application is executed with the conﬁguration decided for that
scenario at design time.
The task scheduling techniques [34, 35] schedule one task at a time, making use
of the entire platform for each task. This leads to inefﬁcient usage of the platform.
The techniques in [31, 37] allow parallel execution of the tasks, while sharing
the platform resources. But they assume that all tasks start at the same time.
This assumption can lead to idle platform processors until the next RRM call.
These techniques are extended in [24], which allows overlapped sharing of the
platform resources. The latter technique considers the start time and the periodic
information present in applications such as frame processing in video decoding,
or packet processing in wireless applications.
RRM for multi-core embedded platforms [16, 17] also exploits the number of
available cores, in addition to voltage and frequency. Different parallelized versions of a single application are used to trade-off the available platform resources
with the performance and the power consumption.
The addition of the parallelism to the set of platform parameters signiﬁcantly
increases the design space of operating modes. Innovative and efﬁcient techniques
for RRM are needed to extend the traditional approaches for power consumption
optimization. Recent studies in this ﬁeld address the problem by modeling it as
a Multi-dimension Multiple-choice Knapsack Problem (MMKP) and solving it
through dedicated heuristics [31, 37]. Another approach [22] proposes a runtime management technique for task-level parallelism in order to optimize the
performance under a power consumption budget.
Advanced technologies such as sub-45 nm CMOS and 3D integration are known
for the increased number of reliability failure mechanisms. Nevertheless, classical reliability-aware approaches are no longer viable, since they propose ad-hoc
failure or worst-case solutions, which incur a signiﬁcant cost penalty. In [26],
the state-of-the-art in reliability management techniques is summarized, and a
new proactive energy management approach is proposed, which handles both
temperature and lifetime at run time.

To allow integration and collaboration of all these complementary techniques, a RRM
framework has been developed in [40], with the most relevant generic services.
This Chapter describes a tool ﬂow (shown in Fig. 5.1), combining a design-time
exploration with a lightweight run-time manager for embedded multi-core platforms
[21]. The run-time manager leverages a set of pre-determined run-time conﬁgurations (or operating points) identiﬁed at design-time (see Fig. 5.1) by analyzing
and exploring the architecture run-time parameters impact on the QoS through
an architecture simulator. The operating points consist of information/knowledge
about parameters (e.g. the power consumption, the throughput) that designers wish
to optimize and resource usage associated with each conﬁguration of the run-time
parameters of the hardware/software infrastructure. The overall goal of the run-time
manager is to make a reasonable assignment of the run-time parameters to optimize
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desired output parameters (in our case execution time and power consumption)
while meeting output constraints (in our case throughput QoS).
For each application, a multi-dimension Pareto set of optimal conﬁgurations is
identiﬁed at design time, by analyzing and exploring several parallelizations and impacts on the constraints, the platform resource usage, and the costs. This is automated
through a Design Space Exploration tool coupled with a platform simulator(s):
• The used design space explorers can be: either modeFRONTIER [? ], commercially available, or Multicube Explorer [41] (being open-source, and being
the target of this Chapter). Typically in design space exploration for multi-core
systems, the number of possible application conﬁgurations can be huge. Hence
these exploration tools with sophisticated analytical and modeling techniques are
needed within the embedded system design cycle. And as previously mentioned,
they also allow alleviating the run-time decision making.
• As pointed in [13], platform simulations can be done at many abstraction levels: e.g. functional-level simulation, timed simulation, cycle-accurate simulation.
But the key problem is the following one: the more accurate the simulator, the
more time it takes to perform a simulation. Hence from the Design-Space Exploration point of view, which needs a large number of simulations, there is an
important trade-off between the result accuracy and the simulation time. In this
Chapter, used platform simulators are available at two abstraction levels [1]. In
our approach, we combine two simulators during the DSE as follows: ﬁrst, an
extensive DSE is performed using the fast high-level timed and functional simulator HLSim [2] and derives a large set of optimal application conﬁgurations,
including execution time and power consumption estimations reported by HLSim;
then, only the interesting conﬁgurations are ﬁrst veriﬁed and then explored further
using the more accurate simulator. TLMsim is a SystemC-based cycle-accurate
Transaction-Level Model (TLM) [7], built using the Synopsys virtual platform
prototyping tools [33]. This simulator consumes more time, but it reports more
accurate estimations. Recently, simulations based on a cycle-accurate TLM have
gained importance due to standardization efforts.
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In this Chapter we target both the number of cores and their frequency as a run-time
conﬁgurable parameter of an application. We thus assume that:
• The task-level parallelism of each application running on the system can be
changed through code versioning.
• The frequency associated with each core can be changed (or scaled) dynamically.
The overall goal of RRM is to make a reasonable assignment of the run-time parameters to reach pre-determined operating goals. Operating goals can be just one
(e.g. execution time) or multiple (e.g. power consumption, throughput QoS), as in
our case. In our tool ﬂow, the RRM is incorporated on top of the basic services of
the platform OS and acts as an exception handler. Its implementation conforms to
the framework proposed in [40]. Its optimization strategy to globally select optimal
conﬁgurations for the active applications extends the fast MMKP heuristic for multicore run-time management [37]. In case of soft real-time applications, and when the
optimization strategy can ﬁnd no solution, RRM also takes the application priorities into account to relax the constraints and to reach a solution after all [21]. Also
to reduce execution overhead of the run-time selection heuristic, our methodology
performs initial ﬁltering of optimal run-time parameter conﬁgurations. This allows
further alleviating the run-time selection heuristic.

5.3

Run-time Resource Management Problem Deﬁnition

As described above, the goal of the proposed methodology (Fig. 5.1) for our
case is to achieve, at deployment time, a desired QoS while minimizing power
consumption and maximizing the usage of multiple cores. Before describing our
methodology (Sect. 5.4), we formally deﬁne RRM problem. This section ﬁrst describes terminologies used in this Chapter and then formally describes the RRM
problem.

5.3.1

Terminologies

In this Chapter we will assume that there are p active applications; we identify
each application with an identiﬁer α ∈ A = {α1 . . . αp }. During its lifetime, each
application can be described as having a speciﬁc operating point which consists of
its actual cost, used resources and achieved QoS. A list of suitable operating points
is essential for the correct behavior of the run-time manager since it represents both
the goals to be optimized (cost, QoS and resources) as well as the independent
control parameters (the resources and their associated properties) with which the
optimization goal can be achieved.
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More formally, for our optimisation problem, we can deﬁne the operating point
of application α with the following tuple:
cα = ρ, φ, π, τ 

(5.1)

where:
• ρ is a scalar representing the resources associated with the operating point cα .
We assume that there exists an application binary version which has been parallelized over ρ cores. In our case, ρ ∈ R = {1 . . . ρmax }, where ρmax = maximum
number of available cores. Given the features of the interconnection bus, we
assume homogeneity among the cores and a ﬁxed mapping for each of the threads.
• φ corresponds to the frequency conﬁguration for each of the ρ cores:
φ1 . . . φρ , φi ∈ ∧ 1 ≤ i ≤ ρ.
• π is the actual cost associated with the current operating point cα . Here, we
consider the cost as the average power consumption of application α.
• τ is the average execution time needed by α for a single period1 of an application
(e.g. encoding a single frame in a multi-media application) when on the current
operating point cα .
In the following sections, we will use the notation cα [X] to access the element X of
the tuple deﬁned in Eq. 5.1.

5.3.2

RRM Problem

We assume that for each application α, there is an available set of operating points
C α whose size is Nα . The run-time manager has to select exactly one point from each
active set C α , according to the available platform resources, in order to minimize the
total power consumption of the platform, while respecting all application deadlines.
α , our problem deﬁnition is to
Given a set of required application deadlines τmax
identify, at run-time, a comprehensive set of operating points:
γ = cα1 . . . cαp , cαj ∈ C αj ∧ 1 ≤ j ≤ p

(5.2)

such that the following measure of power consumption is minimized:
cα [π ]

(5.3)

α∈A

1 Note that in domains of multi-media and wireless applications, usually the applications are periodic
i.e., they do same task again and again but on different input data e.g. processing video frames or
wireless packets
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subject to the following QoS and resource constraints:
α
cα [τ ] ≤ τmax
, ∀α ∈ A

(5.4)

cα [ρ] ≤ ρmax

(5.5)

α∈A

where ρmax is the maximum number of resources (or cores) in the system, p is
number of active applications and A is a set of all active applications.
According to [38], the previous problem is a Multi-dimension Multiple-choice
Knapsack Problem (MMKP) whose complexity resides in the NP-hard space with
α
constraints have
respect to p, Nα and ρmax . Moreover, depending on how tight τmax
been set, there may not be feasible solutions γ . However, in our case of embedded
systems for multi-media domain, usually applications do not have hard real-time
constraints. Instead, we address the design of a soft real-time system in which
deadlines can be missed with the lowest penalty possible and/or the lowest probability. We manage this possibility by introducing a priority ω(α) measure to be used
α
and reach a feasible solution.
by the run-time manager to relax some τmax
In the following section we describe our proposed toolﬂow which consists of two
parts: one design-time analysis and other run-time heuristic.

5.4

Proposed Tool-Flow for RRM

This section describes our proposed tool-ﬂow to solve Run-time Resource Management (RRM) problem described above. Application of this tool-ﬂow on a real-life
multimedia use case is described in Chap. 9. Our tool-ﬂow solves RRM problem in
two steps:
1. A design-time heuristic methodology for reducing the average size Nα for each
α.
2. A run-time management layer consisting of a ﬁltering algorithm for each C α
and a greedy, prioritized heuristic for solving the MMKP.

5.4.1

Design-Time Heuristic Methodology

Our design-time methodology is shown in Fig. 5.1. At design time, we identify an
ordered list C α of operating points:
α
C α = c1α . . . cN
α 

(5.6)

C α is generated at design-time by analyzing and exploring the impact of the architecture run-time parameters on the QoS through an architecture simulator(s). Optimal
C α is derived from these design-time analysis by help of sophisticated optimization
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Fig. 5.2 Design-time methodology for identifying the initial C α , for each application α

and modeling techniques (see Chaps. 3 and 4) supported by DSE tool. The following
algorithm describes sequence of steps taken during our design-time methodology.
Algorithm in Fig. 5.2 shows the structure of adopted design-time methodology.
The algorithm mainly performs the minimization of the execution time and power
consumption for each application version (i.e., for each application α and each
available version of α which is parallelized over ρ resources).
Once all results are collected, these are sorted for obtaining a further speedup at
run-time. A more detailed step-by-step description follows:
• Steps 1, 2 and 3: The algorithm loops over the set of available applications A (Step
1) and the set of resources R (Step 2) by solving a multi-objective minimization
problem with respect to both Pα,ρ (φ) and Tα,ρ (φ) (Step 3). In our case, Pα,ρ (φ)
and Tα,ρ (φ) are, respectively, the average power consumption and the execution
time delay returned by the architectural simulator for a frequency conﬁguration
vector φ. Note that the independent variable to be optimized is φ since ρ is set as
a constraint in the loop (Step 2).
Since the size of the design space increases rapidly with ρ, while for ρ ≤ 3 a
full search exploration is performed, for ρ ≥ 4 the problem is solved by using
the NSGA-II multi-objective genetic algorithm [10]. The genetic algorithm is run
with a population size | | × ρ for 50 generations. The set p contains all the
Pareto conﬁgurations associated with the solution of the problem.
• Steps 5 and 6: The set p is used to construct the operating points and insert them
into the associated C α .
• Step 10: It prunes C α from all the conﬁgurations that do not represent an efﬁcient
trade-off in terms of resources, energy and execution time.
• Step 11: It sorts the resulting C α to improve the performance of the run-time
algorithm while ﬁnding an operating point with a lower resource usage while
α .
achieving τmax
The proposed heuristic methodology is able to save a considerable number of simulations. The exact amount of simulation time saving depends on the speciﬁc application
scenario as well as from the selected optimization algorithm used for solving the
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MOO problem in the Step 3. In particular, for the multimedia scenario proposed
in Chap. 9 the design-time DSE ﬂow is able to solve the optimization problem
simulating less than the 1% of the overall run-time candidate conﬁgurations.

5.4.2

The Run-Time Management Methodology

α
We assume that a series of events change the application deadlines τmax
and trigger
the RRM to identify a new cα for every active application α. The RRM layer is
invoked as an exception handler within the OS layer and elaborates the following
input information:

• Optimal application conﬁgurations C α , for each α as determined by the designtime methodology. This information is stored within the OS layer once at the
startup so there is no execution time overhead.
α for each α. In our case related to multi-media applications,
• QoS requirements τmax
this is set to average time-per-frame.
• A priority ω(α) function which ranks each α (low ω(α) corresponds to low
priority).
We deﬁne, for each application α, the following input tuple:
α
, ω(α)
ξ α = C α , τmax

(5.7)

The output of the run-time algorithm is a set of working operating points (γ ) achievα ) while meeting overall constraints: in our case resource
ing QoS (cα [τ ] ≤ τmax
( α cα [ρ] ≤ ρmax ) and power consumption ( α cα [π ]). The operating points are
then set by loading an appropriate application binary version (if the number of resources was varied) or modifying the frequency of each core as dictated by the
frequency vector cα [φ].
The overall run-time management algorithm is shown in Fig. 5.3. Mainly the
algorithm starts trying to ﬁnd a solution which satisﬁes all run-time QoS constraints
and then, if no solutions have been found, it iteratively relax the QoS constraint of
the lowest priority application until a feasible solution is identiﬁed. In particular the
algorithm consists of the following steps:

Fig. 5.3 Priority based
QoS-aware run-time
management
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• Step 1: The algorithm invokes an allocate function which solves the actual MMKP
problem with the given constraints to produce a solution γ .
• Step 2 and 3: The invocation is performed iteratively until γ satisﬁes the given
constraints on the resources or all the application constraints have been relaxed
( = A).
• Steps 4, 5 and 6: Whenever the solution is unfeasible in terms of overall resources,
α of the lowest priority application α is relaxed (Step 6) reducing
the deadline τmax
it to the minimum possible among a reduced set of resources ρα .
• Step 7: allocate() algorithm is invoked.
• Step 8: The selected α is then put into a relaxed application set .
The allocate function (see Fig. 5.4) actually solves the MMKP problem with a
light-weight algorithm as presented in [38].
• Step 2: C α is pruned in order to have a single φ assignment for each ρ. This is
done by selecting only those conﬁgurations which meet τmax but have the lowest
power consumption for a unique ρ. The resulting set of operating points is put
in χ α and actually reduces the amount of data to be elaborated by the MMKP
solver considerably. Note that the pre-ﬁltering Step 2 has a linear complexity with
respect to the cardinality of C α due to the sorting performed in Fig. 5.2, Step 11.
• Step 4: A uniﬁed knapsack vector  is created; this is a vector of c sorted by
prioritizing the improvement per single resource (normalized user value) u(cα ):
u(cα ) =

v(cα )
, v(cα ) = max c[π ] − cα [π ]
∀c∈χ α
cα [ρ]

(5.8)

In other words, v(cα ) is the improvement in terms of power consumption with
respect to the maximum power consuming operating point in χ α . u(cα ) is v(cα )
per unitary resource.
• Step 5: A greedy linear-scan algorithm [38] is invoked on  for identifying the ﬁnal
set of operating points γ . Given the sorting performed previously, the algorithm
has a worst case complexity of O(pN log(pN )), where N is the average size of
the operating point set per application.
It can be shown that the total worst-case complexity of our RRM scheme is
O(pNmax + pNlog(pN )), where p is number of active applications, N is a set
of all active applications and Nmax is maximum number of conﬁgurations. This
reduction in complexity is achieved due to the adequate ﬁltering and sorting done

Fig. 5.4 Allocate function
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before the greedy algorithm solving the knapsack problem. Running such an algorithm on a host processor will not cause too much overhead in terms of resources
and execution time (Chap. 9).

5.5

Conclusions

In this Chapter, we presented an automated tool ﬂow which tackles Run-time
Resource Management challenge for multi-core embedded systems by efﬁciently
combining a design space exploration tool coupled with platform simulator(s). This
tool ﬂow consisted of two steps: ﬁrst a design-time heuristic methodology was
described which reduces number of conﬁgurations that an application can be run
optimally. This ﬁrst design-time phase leverages optimization algorithms described
in Chap. 3 for minimizing the amount of simulations to be performed. Second step
is a light-weight run-time manager which selects an optimal conﬁguration for each
running application depending on demanded QoS requirement. Hence, at run-time,
run-time manager leverages the design-time DSE results for deciding an operating
conﬁguration to be loaded for each application. This operation is performed dynamically, by following the QoS requirements of the speciﬁc use-case. Application of
this tool-ﬂow on a real-life multimedia use case is described in Chap. 9 while other
frameworks operating at the Operating System (OS) level are presented in Chap. 6.
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