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A BSTRACT
— Multi-Processor Systems-on-Chip (MPSoC) are an increasingly important design paradigm not only for mobile embedded systems but also for industrial applications such as automotive and avionic systems. Such systems typically execute multiple concurrent applications, with different execution
modes. Modes define differences in functionality and computational resource demands and are assigned with an execution
probability. We propose a dynamic mapping approach to maintain low power consumption over the system lifetime. Mapping templates for different application modes and execution
probabilities are computed offline and stored on the system.
At runtime a manager monitors the system and chooses an appropriate pre-computed template. Experiments show that our
approach outperforms global static mapping approaches up to
45%.
Keywords: Probabilistic Applications, MPSoC, Dynamic
Power-Aware Allocation, Runtime Adaptive Allocation.
I. I NTRODUCTION
Multi-processor systems are becoming increasingly important in consumer electronics as well as in industrial applications, such as automotive software. These systems, known as
Multi-Processor Systems-on-Chip (MPSoC), typically contain
multiple heterogeneous processing units. In multimedia applications, such as mobile phones and Software-Defined-Radio
(SDR) systems, it is uncommon to assume a fixed task set,
since these applications (a) are usually composed of multiple
execution modes and (b) have heavily varying execution patterns over their lifespan.
Power management and energy awareness are important design issues for embedded systems as well as for server system.
Power consumption not only influences the battery lifetime of
mobile devices or the cost of operating a server farm, but also
influences the lifespan of systems, due to increased heat buildup. Power consumption is caused by a dynamic and a static
part [5; 2]. In nano-meter manufacturing, leakage current contributes to the static power consumption significantly and cannot be neglected. Dynamic power consumption is related to a
processing units’ utilization.
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In this paper we study how to map applications to processing units. Applications are defined as sets of modes and a mode
is assigned with an execution probability, instead of concrete
activation and active times. Scenarios define the possible combinations of modes that execute concurrently. Consequently,
a mode change of an application results in a transition to another scenario. As a result, sequences of scenario transitions
can be identified and a particular scenario can be attained by a
sequence of mode changes. The underlying hardware platform
is given as a library of available processing unit types. Deriving the actual hardware platform by instantiating processing
units is part of the mapping problem.
The major contributions of this paper are:
• We propose a dynamic mapping process that is described
by an offline and an online part. The offline part computes
a mapping for each feasible sequence and stores them on
the system as templates. In the online part, a manager
observes mode changes and chooses an appropriate precomputed template.
• Adaptivity to altering execution probabilities is introduced. Templates for different execution probabilities are
computed and stored on the system.
• Experimental results show that the dynamic mapping
process outperforms existing global static mapping approaches in [11] by up to 45%.
Related Work: Recent studies pick up similar application
structures and tackle the problem by computing static global
task allocations, e.g., [6; 11; 10]. In [11] application groups
are constituted by applications that can only execute mutually exclusively. Application groups and applications therein
are assigned with probabilities of execution. A static mapping heuristic is proposed, that considers static and dynamic
power consumption. The effectiveness of the resulting system is limited by two factors. First, the structure of the applications, i.e., their modes and the resulting scenarios, are not
exploited. A global static mapping can only define a single
task allocation and therefore needs to consider the worst-case
scenario. Second, the execution probabilities of applications
need to be both, known a priori and remain constant. The system cannot adopt to alternating execution probabilities. Kim
et al. propose a task allocation process in [6] that considers
only dynamic power consumption. They propose to increase

the number of processing units up to an area constraint, which
results in a reduced average utilization. In [10] Schmitz et al.
propose a genetic algorithm to compute a task allocation for
multi-mode applications. They focus on developing different
mutation strategies.
Xu et al. [12] and Chen et al. [2] explore how to execute
tasks and turn off processors in homogeneous multi-processor
systems. These works focus on developing schedules for a
fixed set of tasks, e.g., a single application with known activation and execution time or a set of periodically executing
tasks, e.g. [3]. For power management in a server farm, [4]
et al. explore how to integrate different power management
policies.
Dynamic mapping methodologies are studied more recently.
These studies basically split in two directions. Some tackle the
problem by defining efficient heuristics to assign new arriving tasks onto processing units at runtime, e.g., [8; 7]. Online heuristics cannot guarantee schedulablity, e.g., Moreira et
al. evaluate their approaches by computing the mapping success rate in [8] and [7]. Others analyze applications offline
and compute schedules and allocations that are then stored on
the system, e.g., [1; 9; 13]. In [1] Benini et al. propose to
compute system configurations and derive task allocations and
schedules for each of them. At run-time, transitions between
allocations are assigned a migration cost. This work assumes
that tasks can be migrated from one processing unit to another,
once the system configuration changes. The decision whether
tasks are migrated or not depends on pre-computed migration
costs. We assume tasks to be resident, i.e. task migration is
prohibited. This increases the complexity of the problem, since
we have to consider possible future scenario transitions when
we assign a task to a processing unit. Execution probabilities are neglected in [1], which might lead to adverse system
configurations. Migration costs might be low compared to the
increased dynamic power dissipation that results from not reallocating tasks that execute very frequently.
The rest of the paper is organized as follows: Section II introduces the application and hardware model and shows how
scenarios are derived. We give a detailed problem description
in Section III and continue with the proposed approach in Section IV. We show the effectiveness of our approach in Section
V and finally conclude in Section VI.
II. S YSTEM M ODEL

part, σj and δj respectively. Static (or leakage) power is consumed once a PU is switched on. Dynamic power consumption
depends on a processing unit’s utilization and is consumed in
addition to its static power dissipation.
A task ti in a given task set T is defined by its computation
demand (e.g., operations per time unit) γi,j on a processing
unit type pj ∈ P, where the corresponding utilization ui,j is
γi,j
λj . Therefore, for a given task set T̂j assigned on a processing unit of type
� pj , the utilization of the processing unit is then
defined as ti ∈T̂j ui,j , and the power dissipation is defined
as the sum
� of static and dynamic power dissipation, which is
σj + δj ti ∈T̂j ui,j . By definition, a processing unit cannot be
overloaded, i.e., the utilization of tasks assigned on it must be
less than 100%. We consider the library of available PU types
given and furthermore assume that any number k ∈ N of instances is allowed for each type. Deriving a concrete hardware
platform from the library of processing units is also considered
in this paper.
B. Applications and Scenarios
A represents the set of concurrent applications executing on
the hardware platform. An application A� ∈ A is described
by the given set of tasks T representing the applications functional and computational properties.
Additionally, an application A� is constituted by a set M�
of modes. Each mode defines a use-case of an application,
and, hence, has its own functionality. In other words, for an
application A� ∈ A, a mode µk ∈ M� defines the active tasks,
see Fig. 1 for an example. Applications have sets of initial and
final modes. Initial modes define the start of an application.
Once a mode change happens, final modes transition to initial
modes, i.e., the application is restarted. In Fig. 2a, applications
are composed of 3 modes. Modes I1 and I2 are the initial and
modes R1 and R2 are the final modes of applications A1 and
A2 respectively.
Tasks can be active in multiple modes of an application.
Conclusively only one mode of an application can be active
at a time. As an example consider an application implementing a radio standard, such as Wireless Local Area Network
(WLAN). The application might be described by modes such
as synchronize or receive and there might be a functional dependency, namely a task performing Fast-Fourier-Transform
(FFT) which is active in both modes.

This section introduces the hardware and application model,
the terminology, and the assumptions that are used throughout
the paper.
A. Hardware Model and Task Model
We define a heterogeneous multi-processor hardware platform by specifying a library P of available processing unit
(PU) types. Each PU type pj ∈ P is characterized by its computational resources per time unit (e.g., operations per time
unit), denoted λj , and its power dissipation. The power dissipation of a PU type pj is divided into a static and a dynamic
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Fig. 1. Application with 6 tasks and 2 modes. t4 is active in modes S and R.

A directed graph G� = (E� , V� ) describes the modes of an
application A� , where each node vi ∈ V� of the graph describes
a mode and each edge ei ∈ E� describes a valid mode change,
see Fig. 2a for example.

Applications can change their modes anytime without affecting the other applications. Thus, there are various combinations of active modes, as each mode of an application can execute concurrently with any other mode of other applications.
A combination of the active modes for applications in A is defined as a scenario in this paper. We define the cross product
of the applications’ representative graphs as Gπ = (Eπ , S).
Therefore, S is the set of scenarios and a node Sm in S is a
scenario. A directed edge in graph Gπ represents a possible
transition from one scenario to another.
As an example, suppose that A consists of two applications
A1 and A2 represented by graphs GA1 = (EA1 , VA1 ) and
GA2 = (EA2 , VA2 ) respectively. The resulting cross product Gπ = (Eπ , S) is GA1 × GA2 as shown in Fig. 2b. The
initial and final modes of applications define the initial and final modes of graph Gπ . The number of nodes in graph Gπ is
|S| = |VA1 | · |VA2 |.
A path through the graph Gπ (Eπ , S) is a sequence of transitions, starting at node vi ∈ S and leading to another node
vj ∈ S \ {vi }, following the edges in Eπ . Thus, a path describes a sequence of scenarios and the set of all feasible paths
is denoted C. Under the condition that paths are loop free, this
set is finite.
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Fig. 2. a) Graphs representing applications A1 and A2
b) Cross product Gπ = GA1 × GA2 representing all possible scenarios.

Modes of an application are denoted with an execution probability, such that for application A� ∈ A the share of time a
mode µk ∈ M� is active is denoted as χ̂k . Modes of different
applications are stochastically independent, and therefore the
probability of a scenario Sm ∈ S is derived as the product of
its constituting modes:
�
χm =
χ̂k .
(1)
µk ∈Sm

Conclusively, the execution probability ψi for a task ti ∈ T
can be computed, where
ψi =
Sm :ti

�

is active in scenario Sm

χm .

(2)

III. P ROBLEM D EFINITION AND M OTIVATIONS
We explore how to derive a task to processing unit allocation, such that the power dissipation is minimized. Given the
set A of applications, the task set T , and a set P of available
processing unit types, we compute (a) the number of allocated
instances kj of PU type pj ∈ P and (b) the mapping of tasks
onto the allocated processing units. The objective of the studied problem is to minimize the power dissipation, while the
utilization constraints on processing units have to be satisfied.
It has been shown in [11] that the studied problem is N Phard in a strong sense and that it is not easy to have constant
approximation factors with worst-case guarantees. The multistep heuristic approach in [11] tries to compute a static mapping in polynomial time.
This static mapping considers a set of applications with a
probability distribution and computes the set of scenarios from
that. All tasks that are active in these scenarios are considered for computing a static task to processing unit allocation.
First, consider the probability distribution to be known a priori.
Diverging probability distributions in the actual system might
result in inappropriate power dissipation. Second, since modes
of an application can only execute in mutual exclusion, not all
tasks can be active at a time. Considering all tasks for the allocation process limits the degree of freedom and therefore the
performance of the system.
We propose a dynamic approach, which takes advantage of
the applications structure. Instead of computing a global static
mapping, we compute a mapping for each feasible sequence
of scenarios ci ∈ C. Since probability distributions of applications are typically neither known nor static, we compute different mappings for a set of representative probability distributions. These mappings are called templates and are stored in a
table. A manager chooses the appropriate template from this
table at run-time.
As an example, consider a radio application. Sometimes
synchronization is performed very frequently, due to bad signal
reception. At times, data transmission is active more often.
Thus, the modes’ probability distributions change and only a
subset of tasks is active at a time. Static task allocation can
only cover one of the previously shown use-cases and might
result in an increased power dissipation for the other.
IV. P ROPOSED M APPING M ETHODOLOGY
This section describes our proposed dynamic approach.
Based on the graph Gπ representing the scenarios and their
valid transitions, the offline part computes the set of paths
through the graph, i.e., the scenario sequences C. A static
mapping for each scenario sequence is computed and stored as
a template. The online part monitors the scenario transitions
and, once a new scenario becomes active chooses an appropriate mapping from the pre-computed templates, see Fig. 3. We
show how to derive a finite set of paths and how to adapt a
static mapping approach for our purposes.
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Fig. 3. Dynamic Mapping Approach - Overview of offline and online steps

A. Scenario Sequence Generation
Consider the cross product Gπ (Eπ , S) in Fig. 2b as an example. We want to construct all possible paths from the initial
to the final state. The initial and final modes of applications
A1 and A2 in Fig. 2a are known, thus the initial and final states
of graph Gπ are (I1,I2) and (R1,R2) respectively. Considering loop free paths only, i.e., paths that traverse a state at
most once, results in a finite set of paths.
Deriving the set of paths C can be formulated by a recursive algorithm as shown in Alg. 1. Consider Vinit as the set
of initial states and Vend as the set of final states. The set of
paths from all vinit,i ∈ Vinit to all vend,j ∈ Vend is the set
of scenario sequences C and ci ∈ C is one unique sequence of
scenarios. We apply Alg. 1 to any combination of initial and
final states in Vinit and Vend respectively. In our example in
Fig. 2b, there is only one initial and one final state. Therefore,
let Alg. 1 be initialized with vinit,1 = (I1,I2), the initial
sequence c = vi , vend,1 =(R1,R2) and the global variable
C = ∅. Each iteration adds the current state vi to sequence
c and computes its successor states. Successor states vj , that
lead to loop free paths are considered for another iteration of
the algorithm. Once all the sequences are known, we can compute template mappings for each of them.
Algorithm 1 compute paths
Global: C
Input: Gπ (S, Eπ ), vinit , vend , vi , c;
1: if vi = vend then
2:
C ← C ∪ {c}
3:
return;
4: end if
5: for each successor vj of vi ∈ S do
6:
if vj �∈ c then
7:
compute paths(Gπ (S, Eπ ), vinit , vend , vj , c ∪ {vj });
8:
end if
9: end for

Upper bound on the number of scenario sequences Consider the graphs GA1 (VA1 , EA1 ) and GA2 (VA2 , EA2 ) representing applications A1 and A2 respectively. Assume that in
graphs GA1 and GA2 each state can be reached by any other
state in one step and that n is the upper bound of outgoing
edges at each node of graph Gπ = GA1 × GA2 . Then, for
general cases,
the number of loop free paths can be bounded
� Q |VAi |�
by |C| ≤ Ai ∈A
.
n
The graphs used to represent the feasible mode changes of
our applications in Fig. 2a are much more restrictive, as they

assume a sequential order of mode changes. The number of
feasible paths for such graphs, assuming that each node can
reach its successor as well as its predecessor in one step can be
bounded by:
� �
�
|VAi |
|C| ≤ Ai ∈A
.
(3)
n
B. Deriving templates and the hardware platform
The template mappings for our dynamic approach are computed by applying a static mapping procedure to each scenario
sequence ci ∈ C. We define the static mapping, following [11].
The binary variable Mi,j,k = 1 indicates that a task ti is allocated on instance k of processing unit type pj ∈ P, otherwise
Mi,j,k = 0. The binary variable Zm,j,k = 1 indicates that scenario Sm ∈ S is active on processing unit type pj and instance
k, and Zm,j,k = 0 otherwise. Once a scenario is active on a
processing unit, the static power σj is consumed on that processing unit. The probability χm of a scenario Sm defines the
share of time static power consumption has to be consumed.
The dynamic power dissipation is related to a unit’s utilization and the tasks execution probabilities. The objective of the
static mapping approach can be written as:
� � �
� � �
σj χm Zm,j,k +
δj ψi ui,j Mi,j,k
Sm ∈S pj ∈P ∀k

ti ∈T pj ∈P ∀k

(4)
, where the first term represents static power consumption and
the second term represents dynamic power consumption. By
considering the probability ψi of a task ti , the approach optimizes for the most likely scenarios.
Feasibility of a mapping is guaranteed by a utilization
bound. The binary variable Zm,j,k defines this utilization
bound. Once a scenario is active on a processing unit and consumes static power, the utilization bound is 100% (Zm,j,k =
1). Otherwise, the utilization bound is 0% (Zm,j,k = 0). The
approach minimizes the systems expected average power dissipation by an optimal (ILP), which is formulated in Eq. 5 and
solved by an ILP solver.
Consider a scenario sequence ci ∈ C. It describes the transitions from an initial scenario Sinit to another scenario Send .
Each scenario of that sequence activates and deactivates some
tasks. This results in a set of tasks Tci that has to be considered for allocation. The tasks in Tci all belong to scenarios in
the scenario sequence ci , but not all scenarios that activate a
task ti ∈ Tci are traversed by the sequence ci . The execution
probability ψi of task ti ∈ Tci has to be recomputed, such that
only those scenarios are considered that are actually traversed
by ci , see Eq. 2. The mapping process is applied and a task
allocation for each sequence ci ∈ C is derived.
The static mapping approach is altered, such that only those
scenarios Sm ∈ S are considered, that are traversed in sequence ci . The number of instances k for each PU type pj ∈ P
is limited to be Fj . Fj can at most be |T |, representing the
case, when every task is executed on a single processing unit.
For larger problem instances a multi-step heuristic is used.
First, an initial solution based on linear programming relax-

ation is derived, i.e., constraints in Eq. 5e and Eq. 5f can be any
fractional variable. This may result in tasks being distributed
over a large amount of low utilized PUs. Second, an iterative
process remaps tasks to other processing unit instances, aiming
to reduce static power consumption. Please refer to [11] for a
detailed description.
min.

(5a)

Fj
X X X

Fj
X X X

χm σj Zm,j,k +

Sm ∈ci pj ∈P k=1

ui,j δj ψi Mi,j,k

ti ∈Tm pj ∈P k=1

(5b)

s.t.
X

ti ∈Tnew

Mi,j,k ui,j ≤ Zm,j,k ,

Fj
X X

pj ∈P k=1

∀pj ∈ P,
∀k = 1, 2, . . . , Fj

(5c)

(5d)

Mi,j,k = 1, ∀ti ∈ Tm ,

Mi,j,k = {0, 1} ∀ti ∈ Tci , pj ∈ P, k = 1, 2, . . . , Fj ,
Zm,j,k = {0, 1}, pj ∈ P, k = 1, 2, . . . , Fj .

(5e)
(5f)

The process of deriving all templates for all scenario sequences can be formulated as in Alg. 2.
Algorithm 2 compute templates
Input: P, Gπ (S, Eπ ), T , Vinit , Vend ;
Global: C
Output: templates for C
1: for all combinations of vinit,i ∈ Vinit and vend,j ∈ Vend do
2:
c ← vinit,i
3:
C = compute paths(Gπ (S, Eπ ), vinit,i , vend,j , vinit,i , c)
4: end for
5: for each cj ∈ C do
6:
initialize Z, M
7:
Tcj ← active tasks in sequence cj
8:
recompute ψi for each task ti ∈ Tcj
9:
M, Z ←static mapping(cj , Tcj , P);
10:
store mapping in M , Z as template for cj
11: end for

Deriving a hardware platform Each sequence ci ∈ C results in a distinct mapping and therefore a distinct PU allocation. The resulting hardware platform is made up of processing unit types pj ∈ P and their corresponding number of
instances kj ∀pj . Assuming the maximum number of instances
kj ∀pj ∈ P from all computed mappings results in a single
hardware platform that guarantees feasibility for any scenario
sequence ci ∈ C.
C. Online mapping

an example, consider two applications, constituted by a total of
34 tasks and an assumed hardware platform of 20 processing
units. Then the template mappings require 1kb of memory, or
12 times the amount required by a global static mapping.
V. E XPERIMENTS
Experiments are done with two sets of concurrent applications, both using SDR applications. The first experiment
exploits Wireless Local Area Network (WLAN) and Digital Video Broadcast - Handhelds (DVB-H) applications. The
WLAN application consists of 23 tasks, where 10 are active in
multiple modes. The DVB-H application consists of 11 tasks,
and none is active in multiple nodes. The second set of experiments considers WLAN and Ultra-Wideband (UWB) applications. The UWB application consists of 8 tasks, where one is
active in multiple modes. Each application is composed by 3
modes, see Fig. 2a, and parameters are generated as random
variables, following the definitions given in [11]. The PU type
library P size varies in the experiments, from a minimum of
2 to a maximum of 30 available PU Types. For fair comparison, we reuse the publicly available data by Schranzhofer et al.
in [11].
For each library size and each realization thereof, the templates for our proposed dynamic mapping approach are computed. We compute a template for each sequence ci ∈ C and
the corresponding average expected power consumption. For
our particular experimental applications, there are 12 scenario
sequences. The overall power dissipation can be computed by
the sum of the sequences’ power dissipation and their respective probability. Providing templates for different probability
distribution increases the computation time and the memory
requirement linearly with the number of distributions. Eventually, a global static mapping is computed by applying the
approaches in [11] as a reference value.
In Fig. 4(a) we compare the average expected power consumption of our dynamic approach to the global static mapping. We report the respective applications’ average expected
power consumption normalized to the power consumption a
global static mapping would result in. We use the multi-step
heuristic approach to compute the templates and the global
static mapping. Fig. 4(b) shows the same comparison by using the optimal (ILP) approach to compute the respective templates and the global static mapping. In Fig. 4(c) the time required to compute the templates and static mappings is presented.
A. Results

Templates are stored on the system and a manager observes
scenario transitions. Based on this observation a pre-computed
template is chosen. Adaptivity to altering execution probabilities is achieved by providing templates for a set of execution
probabilities.
There is one mapping for each scenario sequence and the
number of such sequences is bound by Eq. 3. Assuming two
outgoing transitions at each scenario, as shown in P
our example
�
|Vi |�
in Fig. 2, the number of templates is bound by Ai ∈A
. As
2

Fig. 4(a) and Fig. 4(b) show the reduction of power dissipation we achieve with our proposed dynamic mapping approach in comparison to the global static mapping. Fig. 4(a)
and Fig. 4(b) reveal that for the experiments using the WLAN
and the DVB-H application a reduction of power consumption
of up to 32% can be achieved. The multi-step heuristic approach in Fig. 4(a) shows a slightly increased power reduction
compared to the optimal approach in Fig. 4(b). The multistep heuristic approach benefits from the fact that the dynamic
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Fig. 4. Experimental Results.

mapping approach computes a number of templates instead of
a global static mapping. This reduces the number of tasks and
scenarios that have to be considered, from which the multi-step
heuristic can benefit more than the optimal approach.
The second experiment uses the WLAN and the UWB applications. Fig. 4(a) and Fig. 4(b) reveal a reduction of average expected power consumption of 40 - 45 %. In this experiment the total number of tasks is smaller, but there are more
tasks that are active in multiple modes. This experiment clearly
shows the strengths of our proposed dynamic approach
Fig. 4(c) presents the time required to compute the templates
and the static mapping using a multi-step heuristic. Instead of
a single global mapping, we have to compute 12 templates.
Therefore the required computation time increases compared
to the global static mapping approach. However, there are 12
templates to compute but the required computation time is only
9-fold, while the absolute amount of time to compute the templates rises to only 1.2 seconds for large processing unit libraries.
Conclusively, computing a single mapping is less challenging than computing a global static mapping. In [11] it is shown
that the optimal global static mapping fails to deliver results
in up to 6% due to complexity reasons. Our approach is able
to compute optimal templates for all instances and all PU type
library sizes in the experiments.
VI. C ONCLUSION
This paper studies a dynamic mapping strategy based on
pre-computed template mappings. We introduce an application model that defines applications as sets of modes and assigns execution probabilities to each mode. Multiple concurrently executing applications result in a set of scenarios and
each scenario can be attained by sequences of mode changes.
We show that there exists a finite set of sequences to attain each
scenario. We compute a static mapping for each sequence and
store all the mappings as templates on the system. A manager
observes mode changes at runtime and chooses an appropriate pre-computed template to assign newly arriving tasks to
processing units. Compared to the static-mapping approaches
in [11], experimental results reveal that we can achieve a reduction on average expected power consumption of 40 - 45%,

while keeping the introduced overhead to store the template
mappings as low as 1kb. The ability to adapt to altering execution probabilities is provided by templates.
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