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ABSTRACT: This research investigates the problem of the optimisation of run-time task mapping on a
real-time computing system CPU/FPGA (Central Processing Unit/Field-Programmable Gate Array) used to
implement intimately coupled hardware and software models. The case study analyzed in this work is inspired
by the avionic industry. Indeed, real-time computing systems are increasingly used in aerospace and avionic
industries. In the face of power wall and real-time requirements, hardware designers are directed more and
more towards reconfigurable computing with the use of heterogeneous CPU/FPGA systems. In such systems,
multi-core processors (CPU) provide high computation rates while the reconfigurable logic (FPGA) offers
high performance and adaptability to the application real-time constraints. However, there is a lack of CAD
(Computer-Aided design) tools able to deal with the development of applications on such heterogeneous systems.
This work includes the development and the comparison of efficient heuristics that focus on the static initial
task mapping, the dynamic mapping of new applications at run-time, and the dynamic re-configuration to avoid
the real-time constraint violation.

KEYWORDS: Heterogeneous computing; Static and Dynamic mapping;, Run-Time mapping; Algorithm;

MLPT heuristic; Greedy heuristic.

1 Introduction

Real-time systems lead to the increasing demands
on performance, power, and flexibility requirements.
Today, the heterogeneous CPU/FPGA (Central Pro-
cessing Unit/Field-Programmable Gate Array) archi-
tecture is one of the most promising solutions in this
context leading to high performance reconfigurable
computing. FPGA is a chip containing a large num-
ber of logic blocks, these blocs are connected together
by a configurable routing matrix as shown in Figure
1, which allows the re-configuration of the compo-
nent functionality as desired. FPGAs offer cheap and
fast programmable silicon on some of the most ad-
vanced fabrication processes. As cited in (Afonso et
al, 2011), with the management of the parallelism in
applications, FPGA technology can offer better per-
formance, up to 10x, compared to standard CPUs
(Central Processing Unit). FPGAs have also the ben-
efits of high speed and adaptability to the application
constraints, with reduced performance per watt com-
paring to CPUs. Furthermore, FPGA technology en-
ables today to implement massively parallel architec-
tures due to the huge number of programmable logic

fabrics available on the chip. Such architectures can
be customized at runtime using Dynamic Partial Re-
configuration (DPR) feature offered by recent FPGA
technologies. Today, system designers are directed
more and more towards heterogeneous architectures
that gather multi-core CPUs coupled with FPGAs in
order to address specific application constraints (tim-
ing deadlines, power consumption, etc.).

In order to harvest the maximum benefits of this het-
erogeneous architecture, we must offer efficient meth-
ods that make profit from the performance of each
part to propose optimized solutions for the static and
dynamic task mapping. As highlighted in (Kim et al,
2007), an important research challenge is how to as-
sign tasks to the available resources in order to maxi-
mize some performance criterion of the heterogeneous
architecture. In this research, we focus first on the
static initial mapping, then we study the dynamic re-
mapping to prevent overloads and to deal with the
arrival of new tasks at run-time in the environment.
The strategy adopted in this work offers a hierarchy of
mapping options to assign tasks in order to minimize
the communication costs in the CPU/FPGA archi-
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tecture. It also permits the anticipation of overloads
in the CPU cores.

chip boundary

configurable logic block
input/output block

local communication

global communication

routing matrix

Figure 1: General structure of an FPGA

The main contributions of this paper are:

e The formulation of an exact method for the static
initial mapping.

e The development of heuristic approach based on
the LPT-Rule which we call the MPLT-Heuristic,
also for the static initial mapping.

e The development of a fast greedy heuristic to im-
prove the performance of the two methods men-
tioned above.

e The management of the dynamic re-
configuration to deal with an arrival of new
tasks and overloads caused by the growth of
task(s) in the CPU cores.

This paper is structured as follows. Section 2 presents
some representative related contributions. Sections 3
describes the system model and the case study which
is based on real tests in the avionic industry. The ex-
act method, MLPT-rule heuristic, and a fast greedy
heuristic for the static initial mapping are presented
in Section 4. Section 5 details the dynamic reconfig-
uration to deal with overloads and the arrival of new
tasks in the run-time environment. In Section 6, the
experimental results and the comparison of the per-
formance of the different methods are exposed. Fi-
nally Section 7 summarize the contributions of this
paper and presents the perspectives of the futur re-
search.

2 Related Contributions

Several works in the field of task mapping in comput-
ing systems have been proposed, such as (Christos
Koulamas and George J. Kyparisis, 2007), (Christos
Koulamas and George J. Kyparisis, 2008), (Wun-Hwa
Chen and Chin-Shien Lin, 1998), (S. Mounir Alaoui et
al, 1999) and (Hans-ulrich Heiss, 1992), which target

identical parallel machines. Recently, research efforts
are increasingly oriented towards solving the mapping
problem onto heterogeneous computing systems. The
mapping problem consists of two significant parts;
the matching that involves assigning tasks to the
available resources, and the scheduling that consid-
ers the execution sequence of tasks. In the litera-
ture, the majority of the existing works refer to the
term scheduling to mean mapping. For example, (Os-
car H. er al, 1977) present heuristic algorithms for
scheduling independent tasks on non identical pro-
cessors. Already in 1988, (Thomas L. Casavant et al,
1988) presented a taxonomy of scheduling in general-
purpose distributed computing systems. At the high-
est level, they distinguish between local scheduling,
which we called scheduling, and global scheduling,
which we called matching. The second level is the dif-
ferentiation between two categories of mapping which
are static and dynamic. A number of articles pro-
pose different approaches to address the problem of
static mapping. As (Ali e al, 2007), (Hyunok Oh and
Soonhoi Ha, 1996) and (Tracy D. Braun er al, 2001)
in which a comparison of eleven static heuristics is
presented for mapping a class of independent tasks
onto heterogeneous distributed computing systems.
Additionally several papers have investigated the dy-
namic mapping problem; see (Kim et al, 2007), (Mah-
mood et al, 2010), (Jeannot er al, 2011), (Muthu-
cumaru Maheswaran and Howard Jay Siegel, 1998),
(Bora Ucar et al, 2005) and (Hans-ulrich Heiss, 1992).
The different approaches explored include the greedy
heuristics in (Ping Luo ef al, 2007), in which authors
evaluate and compare 20 greedy heuristics for map-
ping a class of independent tasks onto heterogeneous
computing systems. In (S. Mounir Alaoui et al, 1999),
the authors expose a genetic algorithm; finally a hy-
brid heuristic is presented in (Wun-Hwa Chen and
Chin-Shien Lin, 1998).

Our work differs from those cited by focusing es-
pecially on matching tasks into the heterogeneous
CPU/FPGA system. In addition, we consider in this
work the two phases of mapping. Indeed, we use a
strategy taking into account not only resource allo-
cation but also the dynamic re-allocation in order to
anticipate the onset of overloads. In this work, we
exploit the heterogeneous architecture CPU/FPGA
by using several options for assigning tasks, including
the partitioning of the task between a CPU core and
the FPGA resources.

3 Problem statement

We consider the challenge of mapping a test or a sim-
ulation project containing several models (or tasks)
onto a dynamically reconfigurable CPU/FPGA ar-
chitecture at the initial phase and at run-time. We
denote by C the set of cores and by F the set of FP-
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GAs as illustrated in Figure 2. We define CardC as
the cardinality of C and CardF as the cardinality of
F.

% load CPU

C1 Cc2 C cardC F cardF

Figure 2: Occupancy of computing capacity at time
t.

As described in Figure 3, we consider an example
of a 16-tasks project mapped onto an architecture
with 4-cores CPU and one FPGA. In a given project,
models are sequentially executed respecting the task
graph as shown in Figure 3. In the real-time environ-
ment, we consider that tasks are occupying at least
their initial load during all the execution time of the
project. In our case study C contains the set of cores
[C1,C2,C3,C4] and F contains only one element [F1].
Then CardC =4 and CardF = 1.

Project P1

= T T16
T T9
- 7 T4 13 T8
Cl C2 C3 C4 Fl
iy 7 7 7 5 ]

Figure 3: Example of task mapping onto a
CPU/FPGA system
4 The static initial mapping

In real-time computing systems, the static initial
mapping step is very important. At a given system

workload, this step will guarantee that all real-time
constraints will be satisfied just after the project is
put into operation. In this section, we first present
an exact method to get an optimal mapping of a given
project, then we present two heuristic approaches in
order to improve the speed performance. The first
heuristic is based on the LPT-Rule!, while the second
is a greedy heuristic that we called The Check-greedy.
For the static initial mapping on the heterogeneous
CPU/FPGA architecture, we have two main goals.
First, to avoid overloads, indeed in the context of our
work (Avionic Testing) this requirement is very crit-
ical. Second, to minimize the cost. In this study we
assume that assigning tasks to the FPGA is expensive
due to the reconfiguration time and the communica-
tions cost between the CPU and the FPGA.

As shown in Figure 3, we define z as the difference be-
tween the maximum load and the minimum load of
all available computing cores. To avoid overloads, we
will balance the load assigned to each core in order to
minimize z. Since we want to find a compromise be-
tween avoiding overloads and minimizing the costs of
task allocation, we map the different tasks of a given
project in the heterogeneous architecture according
to three hierarchical mapping options:

e Option 1: Assign the entire task to the CPU.

e Option 2: Split the task between the CPU and
the FPGA.

e Option 3: Assign the entire task on the FPGA.

4.1 Exact method

In order to model the exact approach, we let p,(i, j)
be the fraction of the capacity of processor j that is
occupied by task i under option 0. o=1t03,i=1ton
(for project P1, n=16), j=1 to CardC € C, and
j=CardC+1 to CardC+CardF € F (we consider in
our model CardF= 1).

We define the binary variable x,(i,j) as the decision
variable to assign task i to processor j according to
option o, then:

1, if task i is allocated to processor
jin C U F under option o
0, otherwise

xo(ivj) =

(1)

Now, we define Lc; as the load of core j € C, and Lf;
the load of hardware j € F. This implies:

{ Lej = Y0 Y2 x,(i, j) * poliy ), withj € C. ©)
Lfi=Y" Y3 5 x,(i, ) % poli, j),withj € F.

ILPT-Rule: longest processing Time Rule is a well known
scheduling heuristic




MOSIM’12 - June 06-08, 2012 - Bordeaux - France

4.1.1 System constraints
e First, there are the processors capacity con-
straints:
Lej <1 for each j € C. (3)

As our environment relies on the latest FPGA
technology, we assume that the FPGA capacity
is much larger than that of the CPU cores. Fur-
ther, in this case study, we consider there is no
constraint on FPGA’s space occupation.

e Secondly, each task must be assigned to only one
option:
fori=1ton.

anrdcxo(i,j) +x3(i,CardC+1) =1
xz(z CardC+1) — chir]dcxz(i,j) =0}

(4)

These two sets of constraints ensure that each
task is assigned according to one option. Further,
if option o =2 is selected, this implies a unique
split of the task between a core processor and the
FPGA.

e Finally, we define a constraint in order to antic-
ipate the overloads. We then assign a high cost
to a core when its load exceeds 90%. We define
yj, a binary variable, as follows:

_J Lif core j load is more than 90% (5)
Vi 0, otherwise

Then, the constraint is:

2 n
ZZ Xo(i, J)*po(i, j))—0.90 <y; with j=1to CardC

o=1i=1
(6)

If one core load is higher than 90%, the left side
of the previous equation shall be positive, so y;
will be equal to 1 as required by its definition.
This coefficient is used in the objective function.

4.1.2 Objective variables definition

In order to define the gap between all available com-
puting cores, we introduce the two variables u(ji,/2)
and v(j1,j2) for every pair of processors j; and j; in C.
Then, we have three options depending on the value
of the expression between brackets in equation (7).
As shown in Figure 4, if this expression is negative,
it means that j,’s load is higher than j;’s. Then,
v(j1,j2) will be positive, representing the (negative)
gap between the two core loads. If it is less than
zero, it means that ji’s load is higher than j,’s. Then
u(j1,j2) will be positive, representing the (positive)

gap between the two core loads.

n 2
o, 1) % X0 (i,1) = Y Y po(i, o) # X0 (i, j2)]—

i=lo=1

0 Vji,jpeC

HMN

LL

M(]17]2)+V(J1,]2) =
(7)

With 0 <u(ji, jo) <z and 0<v(ji1, j») <z Vi,

j2 €eC.
V(ll ]z)
u(h Jj2)
j1

j1 j2 j2 j2
[Zilfl Y510 (1) * %0 (i,J1) - 21'121 Ya

90% ’_‘ ’_‘ 90%

u(j1,J2)

U(jlijZ)[

1Po (1'12 ) *Xo (h]z)

<0 >0 =0

Figure 4: Objective variable cases

The variables u(ji,j2) and v(ji,j2) were introduced
to secure a linear model by avoiding a minmax oper-
ator in the objective function since minimizing the z
parameter (for recall definition, see Figure 3) is equiv-
alent to securing the minmax(u(ji,j2),v(Jji1,j2))-

4.1.3 Objective function

We focus on avoiding any load exceeding 90% of the
capacity of each core processor, and also ensuring load
balancing among the core loads. Both objectives are
realized by adopting the following objective function:

n
min|ul *z+ p2 * sz(i,Cara’C—l— 1)+

- CardC (8)

,uS*ng i,CardC+1)+ud* Y ]
i=1 j=1

We define ul, p2, u3, and u4 as positive constants
with g4 ) ©3 ) 2 ) ul ) 0 in order to get the best
trade-off between avoiding overloads and minimizing
the costs.

4.2 The MLPT-Rule Heuristic

LPT priority rule is one of the oldest methods in
scheduling. Already in 1969, Graham (R. L. Graham,
1969) gave results about "the worst-case ratio bound
of the LPT rule” for the parallel machine makespan?

2Makespan is the time difference between the start and fin-
ish of a sequence of jobs or tasks
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minimization problem. But the use of the LPT rule
and the MLPT (Modified version of the LPT) is still
widespread. In 2008, Koulamas and Kyparisis (Chris-
tos Koulamas and George J. Kyparisis, 2008) demon-
strated the robustness of this approach by implement-
ing it for a two identical parallel machine scheduling
problem.

C1 C2 C3 C4

In this example C2 is the least loaded core

Figure 5: The MLPT Heuristic

In this paper, we use an MLPT Heuristic that implies
the usage of the LPT-Rule on three steps, successively
with the three options to keep the same strategy of
mapping adopted for the exact method. Indeed, first
we load with option 1, then with option 2 and finally
with option 3. This heuristic requires a "preprocess-
ing” step in which we rank the tasks according to
the CPU occupancy rate pi(i,j) in decreasing order.
Then we use the LPT rule in order to load "the task of
largest load first” on the "core with most available ca-
pacity” under option 1 respecting the load limit con-
straint (less than 90%) as described in Figure 5. We
assume that nl tasks could be loaded in STEP1. For
the remaining tasks n-nl, we keep using LPT rule in
STEP2 but now with option 2. Finally in STEP3, we
assign the remaining tasks to the FPGA. The pro-
posed algorithm is shown in Figure 6.

4.3 The Check-greedy Heuristic

A greedy algorithm, as defined in (Cormen et al,
1990), always makes the choice that looks best at the
moment. That is, it makes a locally optimal choice
in the hope that this choice will lead to a globally
optimal solution. In this work we introduce a greedy
heuristic that we called "The Check-greedy”, it is
executed in three steps, first we load with Option 1
(the entire task is allocated to a certain CPU core),
then with option 2 (split the task between a certain
CPU core and the FPGA) and finally with option
3 (the entire task goes to FPGA). This heuristic
requires a “preprocessing” step in which we rank the
tasks in order of decreasing CPU occupancy rate
pi(i,j). Recall that Lc; is the total load of core j.

(1) Initialize. T the list of tasks of project P1

(2) Preprocessing STEP: Rank the N tasks of “ T ” in order of decreasing CPU
occupancy rate Px (b1) .

(3) STEP1, While ( Ley < 90%) | |(Le, < 90%) | |( Lea< 90%) | |(Lcy <90%)
/| reminder “ Lcj ” is the total load of “ core j “

for (i-0;i<N;i++) {

if ( p1 (Ty—i )> 90 %) { storeTy_; on new list“ T_S1“; NI ++ }

else { assign Ty—; to the least loaded core under option 1 } }

store the remaining tasks on the list “I_S1” // N1 is the cardinality of T_S1

(4) STEPZ. While ( Ley < 90%) | |(Lez < 90%) | |(Lca < 90%) | |(Les < 90%)
for (i-0; i<NT ;i++) {

split Ty1-; between the least loaded core and the FPGA under option 2 }

store the remaining tasks on the list “I_S2” // N2 is the cardinality of T_S2

(5) STEP3. store the remaining N2 tasks on the FPGA under option 3

Figure 6: Algorithm MLPT

cz c3 c4
LC1< LC4 = S=1 : LC1> LC4_ = S=2

Cl C2 C3 c4 1 CI

Figure 7: The Check-greedy Heuristic

It is important to note that these heuristics use the
difference "Lcy - Legy 7 value to guide the heuristic
search. Moreover, let S be a binary variable defined as

S=1if Ley ) Lea
{ S=2 if LC4 > Lcl (9)

e STEP1:

First we put all the tasks which have a CPU oc-
cupation rate larger than 90% in a list called
STEP1; clearly, these tasks cannot be assigned
to option 1. We will use the "Largest Load First”
rule to assign tasks in the CPU cores which re-
quire the preprocessing step mentioned before.
Then the first set of four tasks will be allocated
to cores C1 to C4, the second set of four tasks will
be allocated to cores C4 to C1. After the eight
first tasks our strategy depends on the value of
S. If S = 1 we assign a set of four tasks to cores
C1 to C4; otherwise ( S = 2 ) we assign a set of
four tasks in the CPU cores from C4 to C1 as
described Figure 7. In each iteration if we can-
not assign a certain task to a certain core, we
will try to do it with the next middle core in this
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(1) Initialize. “T “ the list of tasks of project P1

(2) Preprocessing STEP: Rank the N tasks of “ T ” in order of decreasing CPU
occupancy rate p; (i,i) .

(3) STEPI:

* Store all the tasks of load above 90% on a new list “TS1”

* Assign one task to each core

* While ( Lc1< 90%) | |( Lca<90%) || ... | | (Lca <90%)
if (S-1) { Assign the next 4 tasks respectively to cores [C1, C2, C3, C4]}
if ( S-2) { Assign the next 4 tasks respectively to cores [C4, C3, C2, C1]}

* Store the remaining tasks on the list “TS1”

(4) STEP2. While (Lc;< 90%) | |(Lea < 90%) || ... | |(Lea< 90%)
if ( S-1) {split the next 4 tasks respectively between one of the cores [C1,
C2, C3, C4] and the FPGA under option 2 }
if ( S-1) {split the next 4 tasks respectively between one of the cores [C4,
C3, C2, Cl1] and the FPGA under option 2 }

* Store the remaining tasks on the list “TS2” // N2 is the cardinality of “TS2”

(5) STEP3. store the remaining N2 tasks on the FPGA under option 3.

Figure 8: The Check-greedy Algorithm

sequence. For instance, if S=1 and one cannot
assign task 13 to core C1, one tries successively
with the middle cores C2 and C3; if still with-
out success task 13 will be stored in TS1. One
continues with task 14, and tries to assign it to
core 4. The iterations continue until all the tasks
are either allocated to the CPU cores or stored
in the list T'S1.

o STEP2:

In the second STEP we switch to option 2 but re-
tain the same scheduling strategy. Indeed the list
stored in TS1 is already ordered in a decreasing
way, then we will choose the sense of allocation
by evaluating S (equal to 1 or 2). If it is possible
to use option 2, we split the task between a core
and the FPGA; otherwise we store the task in
the list TS2.

e STEP3:

In the third step we switch to option 3, the strat-
egy then is to allocate all the tasks stored in the
list TS2 to the FPGA.

5 The Dynamic mapping

By run-time mapping we mean that the decisions are
made during the execution of the application. For ex-
ample in avionic industry a change in environmental
parameters (weather, geographical factors, etc.) will
generate changes of the application inputs. Hence
run-time mapping is suitable for realizing applications
that involve dynamic reconfiguration. Moreover, the
duration of an avionic test can last up to 20 hours or
more, and the onset of an overload in such an appli-
cation will generate just the failure of the test and all
the extra costs that may ensue. All these elements
make the runtime mapping necessary in order to an-
ticipate the onset of overloads and minimize losses.

In order to assign a new arrival task we proceed as in

the static mapping. This results, for example, with
the MLPT-Rule Heuristic on assigning this task to
the least loaded core taking into account the initial
load.

In case of an overload of a task in a specific core, there
are two possible scenarios:

e The first scenario, as described in Fig. 9, is an
overload occurring in the least loaded core. In
this case, we transfer the task which causes the
overload to the FPGA.

90% 7

FPGA 1
Cl1 C2 C3 C4

Figure 9: An overload occurs in the least loaded core,
scenario 1.

e The second scenario described in Figure 10 in-
volves an overload not occurring in the least
loaded core. In order to study this scenario, we
suppose that task Ti in core C4 is the cause of
the overload. We denote by L3, the load of the
core least loaded (Core C3 in this example), and
we denote by L4 and Lo4 respectively the ini-
tial load and the overload of the core overloaded,
here C4. Finally, and for illustrative purposes,
we assume that the initial load of task ” Ti 7 is
20%. Then we will proceed as follows :

If "L3 4 Lo4 + 20% < 90%” we assign task "T1i”
to core "C3”. Else we assign "Ti” to the FPGA
component.

6 Experimental and simulation results
6.1 Experimental environment setup

In order to compare the performances of the MLPT
Heuristic and the exact method, we used a machine
equipped with a 3GHz XEON 5160 processor and 16
GB RAM Memory. To solve the integer linear pro-
gram described in Section 4.1, we used the IBM ILOG
CPLEX optimization tool. We assigned the following
values to the coefficients of the objective function: ul
= 50; p2 = 100; u3 = 200; u4 = 400. In order to
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90%

Lo4

L4

Figure 10: An overload does not occur in the least
loaded core, scenario 2.

evaluate the performance of our model, we assigned
different projects to the heterogeneous architecture
containing CardC = 4 cores and CardF = 1 FPGA.
Each project contains n tasks, with n varying from 5
to 16 tasks.

Task| Option Occupancy Task | Option Occupancy
=@0..4] 5 =0..@] I35
o1 0,321 0,000 o1 0,955 0,000
T1| 02 0,161 0,080 | T9 | 02 0,478 0,239
03 0,000 0,107 03 0,000 0,318
o1 0.232 0,000 o1 0.239 0,000
T2 | 02 0,116 0,058 |T10| 02 0,120 0,060
03 0,000 0,077 03 0,000 0,080
o1 0122 0,000 01 0321 0,000
T3 | 02 0,061 0,031 |T11| 02 0,161 0,080
03 0,000 0,041 03 0,000 0,107
01 0.955 0.000 01 0.955 0,000
T4 | 02 0,478 0,239 |T12| 02 0,478 0,239
03 0,000 0,318 03 0,000 0,318
01 0.239 0,000 01 0.239 0,000
T5 | 02 0,120 0,060 |T13| 02 0,120 0,060
03 0,000 0,080 03 0,000 0,080
01 0122 0,000 01 0.321 0.000
T6 | 02 0,061 0,031 |T14| 02 0,161 0,080
03 0,000 0,041 03 0,000 0,107
01 0.232 0,000 01 0.122 0.000
T7 | 02 0,116 0,058 |T15| 02 0,061 0,031
03 0,000 0,077 03 0,000 0,041
01 0321 0,000 o1 0.232 0,000
T8 | 02 0,161 0,080 |T16| 02 0,116 0,058
03 0,000 0,107 03 0,000 0,077

Figure 11: Projects data

As described in the introduction of Section 4, each
task could be assigned to the heterogeneous architec-
ture according to one of three options. For this case
study, we consider a proportionality between the used
capacity ratio of a processor and the chosen option as
follows: let p;(i,j) be the capacity ratio of CPU pro-
cessor j (j € C) that is occupied by task i under option
1. Then for option 2 we consider:

{ p2(ij) /i€ C = (1/2)%p1 (i.) (10)
p2(i,5) = (1/2) * pa(ij)/j € C

Finally for option 3, we consider

p3(i,j) = (1/3) % p1(i, j) (11)

6.2 MLPT heuristic VS Exact method

Figure 12 and Figure 13 compare the exact method
with the MLPT heuristic. They show the initial map-
ping time and the z parameter depending on the num-
ber of tasks. We observe that for projects containing
a small number of tasks, both methods are very fast
while we lost in optimality for the z parameter. But
once we start allocating projects with a higher num-
ber of tasks the z parameter is almost the same and
decreases in the both methods, becoming very small
when the load is high. For the execution time, it re-
mains less than 0.032 seconds with the MLPT heuris-
tic, while it increases very quickly with the exact
method (1.68 sec for 16 tasks), indeed, the problem
studied is NP-complete. As shown in Figure 12, even
though the trends of the red and blue curves are nega-
tive, there is a great deal variation; indeed, the work-
load of the tasks assigned influences the z parameter.
Finally, the variations of the gray curve representing
execution time for the exact method, are caused by
whether or not we can minimize the z parameter ac-
cording to the possibilities of load-balancing.

=+Z: Exact M ==Z: MPLT
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0,35
0,3
0,25
0,2
0,15
0,1

5 6 7 8 9 10 11 12 13 14 15 16
n: number of tasks

Z: Parameter of load balancing

Figure 12: 7 parameter: "exact method” VS "MLPT
Heuristic”

6.3 The Check-greedy Heuristic VS The
MLPT Heuristic

In order to compare the performances of the Greedy
heuristic and the MLPT Heuristic, we used the same
data as in the comparison between the MLPT Heuris-
tic and the exact method.

Figure 14 and Figure 15 compare the MLPT Heuristic
with the Check-greedy Heuristic. They show the ini-
tial mapping time and the z parameter depending on
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Figure 13: Comparison "exact method” VS "MLPT
Heuristic”
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Figure 14: Z parameter: "MLPT Heuristic” VS "The
Check-greedy Heuristic”

the number of tasks. We observe in Figure 15 that the
Check-greedy Heuristic is faster than the MLPT rule
heuristic. Indeed, the execution time never exceeds
0,015 seconds with Check-greedy Heuristic while it is
never below 0,015 with the MLPT Heuristic. The two
curves representing the Z parameters for both meth-
ods are almost identical. Which is logical given the
distribution of data we took in our case study. Indeed
with the panel of data studied, applying the MLPT
rule Heuristic amounts to cover the cores from C1 to
C4 then from C4 to C1, assigning each time a task to
a core from the list established in the preprocessing
step, which is the Greedy, by definition of the latter
as explored in this research. Note that we avoided to
put the exact method on the comparison "MLPT VS
Check-greedy” in order to see the difference between
the two heuristics in a smaller scale.

7 Conclusion and perspectives

The matching problem into the heterogeneous archi-
tecture CPU/FPGA is NP-complete. Indeed the re-
search effort in this study shows that it is impossible

=- Time (s): The Greedy =+=Time (s): MLPT
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0,02

0,015

0,01
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0,005

5 6 7 8 9 0 11 12 13 14 15 16
n: number of tasks

Figure 15: Comparison "MLPT Heuristic” VS "The
Check-greedy Heuristic”

to use the exact method as a solution for the static
initial mapping because the execution time will in-
crease exponentially according to the number of tasks,
while the MPLT-Rule Heuristic offers a good compro-
mise between efficiency and optimality. Further, the
greedy heuristic offers a good performance but, as
noted in Section 6.3, optimality depends on the data;
indeed, if there are breaks in the panel data of mod-
els, it could affect the optimality of the z parameter.
In future work, we look to improve the Greedy heuris-
tic in order to obtain a better compromise between
efficiency and the optimality of the solution, dealing
with the case of breaks in the panel data. Further-
more in order to enrich this work, we will include the
communications times between the models as a direct
parameter, which will permit to study the problem in
terms of minimization of the makespan. Then the ex-
tra costs in the objective function due to the choice of
options 2 and 3 will be replaced by the minimization
of the makespan.

Concerning the dynamic mapping which is briefly dis-
cussed in this paper, the solution adopted is very fast
but we can explore in future works the use of option
2, as well as some heuristics similar to those adopted
in the static part in order to improve the optimality
of our solution without losing much in performance,
which is essential in the run-time phase.
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