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Abstract— Dynamically reconfigurable embedded systems
(DRESs) target an architecture consisting of general-
purpose processors and field programmable gate arrays
(FPGAs), in which FPGAs can be reconfigured in run-time
to achieve cost saving.

In this paper, we describe a hardware-software partition-
ing and scheduling approach for DRESs. Previous work
only took configuration time into account, without consid-
ering partial reconfiguration. With partial reconfiguration,
the scheduling on FPGAs becomes a constrained placement
problem, whereas scheduling on application-specific inte-
grated circuits (ASICs) is a serialization problem. Here we
present a method, based on genetic algorithm (GA) and an
improved list scheduling algorithm, which can tackle multi-
rate, real-time, periodic systems. The different variants of
algorithm are evaluated by a randomly generated testbench.

Keywords— Dynamic reconfiguration, FPGA, co-design,
Partitioning, Scheduling

I. INTRODUCTION

Embedded systems perform application-specific func-
tions using both programmable processor and hardware.
Here the hardware can be ASICs, gate arrays or FPGAs.
Until recently, FPGAs are only used in prototyping of
ASIC designs and low-volume production, mostly because
of their low speed and high per-unit cost. However, with
the technology improvement of FPGAs, soaring nonrecur-
ring engineering (NRE) cost and shorter time-to-market
requirements, there is an increasing interest of using FP-
GAs in embedded systems due to their advantages over
ASICs in terms of flexibility and zero NRE cost[1]. Em-
bedded systems employing FPGAs have the potential to
be reconfigured in run-time to achieve further cost saving.
A number of companies have released products which are
both partially and dynamically reconfigurable[2], [3], [4],
and some dynamically reconfigurable systems [5], [6], [7]
have been suggested. However, most of above work fo-
cused on architecture design, ignoring design methodol-

ogy from a system point of view.

Hardware-software co-design research deals with how
to design heterogeneous systems. The main goal is
to shorten the time-to-market while reducing the de-
sign effort and costs of designed products. The normal
design flow includes system specification, cost estima-
tion, hardware-software partitioning, co-synthesis and co-
simulation. Since DRESs consist of both processor and
FPGAs, they fit into a co-design flow naturally. However,
due to reconfigurablity of FPGAs, there are some signifi-
cant differences, especially in partitioning, scheduling and
co-synthesis. Since early nineties, there have been con-
siderable research efforts in co-design [8], [9], [10], [11],
but none of them can repesent the special characteristics
of dynamically reconfigurable systems. In this paper, we
try to solve hardware-software partitioning and scheduling
problems of DRESs.

In traditional approach, the processor and ASICs can be
viewed as sequential processing elements (PEs). There-
fore, the task of partitioning and scheduling is to determine
task assignment and execution order on the PEs while re-
specting time constraints. They are known as NP-complete
problems, and numerous heuristics have been developed to
solve them. In DRESs, the problems are further compli-
cated by consideration of configuration delay and partial
reconfiguration. With the configuration delay, the amount
of configuration time a task requires depends on the previ-
ous and next task in the FPGAs schedule. With partial re-
configuration, FPGAs are more like resource pools rather
than sequential PEs, so the scheduling on FPGAs becomes
a constrained placement problem, which is more compli-
cate than the counterpart in general co-design.

Some recent efforts address automatic partitioning and
scheduling to reconfigurable architectures. Lin et al.[12]
developed a compiler aimed on Garp[6] architecture.
R.Harr present a compler called Nimple [13]. These com-



pilers were able to automatically partition a C-like specifi-
cation on processor-FPGA platform, with the exploration
of instruction levle parallelism(ILP). The methods used
by them are not suited to task level partitioning. Kaul et
al. [14] proposed a ILP based algorithm for temporal par-
titioning. The algorithm didn’t allow hardware-software
partitioning and partial reconfiguration, therefore a simple
FPGA model is employed. Dave[15] proposed a system
called CRUSADE to sythesize tasks on distributed system
consisting dynamically reconfigurable FPGAs. Dick and
Jha [16] also proposed a similar system called CORDS.
Both of them only took configuration delay into account,
without regarding partial reconfiguration.

Here we present an algorithm based on GA and an im-
proved list scheduling algorithm. It can automatically par-
titioning and scheduling multi-rate, periodic systems to
processor-FPGA architecuture, while respecting time con-
straints and taking both configuration delay and partial re-
configuration into account.

II. PRELIMINARIES

A. Target Architecture

FPGA Global Memory

Processor

Local Memory

Local Memory

Fig. 1. The target architecture of DRESs

Our algorithm target achitecture is shown in Fig. 1. It
contains one processor, one FPGA, one bus and mem-
ory hierarchy. The processor can be used to implement
control-intensive functions, while an FPGA is employed to
accelerate compuation-intensive tasks. The bus serves as
communication channel connecting processor and FPGA.
This architecture and our algorithm can be easily extended
to loosely coupled systems, which consist of multiple pro-
cessors and FPGAs but only one bus.

B. Formulation of Embedded Systems

The functionality of embedded systems is usually de-
scribed by a set of task graphs. The related concepts are

defined as follows.
System: A embedded system is modeled as a set � �

���� � � �� � � � � �� of � periodic task graph.
Task graph: A task graph �� is a directed acyclic

graph (DAG) of period �� and defined by a 3-tuple �� �

���� ��� ���, where �� � ���� � 	 � �� � � � � 
�� represents
the set of tasks, and �� � ������ 	� � � �� � � � � 
�� repre-
sents the set of communications.

Task: A task ��� is a node of task graph and defined by
a 2-tuple ��� � ��� � ����, in which �� and ��� denote the
software and hardware implementation respectively.

Communication: The communication ���� is a directed
edge, which means task ��� precedes ���. Each commu-
nication is associated with a data transmission time on a
specific communication channel.

Deadline: In hard real-time systems, a task ��� might be
associated with a deadline ��������, which means the task
must be finished before the deadline, otherwise the system
will fail.

Hyperperiod: Due to the periodic behaviour of task
graphs, the study can be restricted to the hyperperiod � ,
which is the least common multiple of the periods ���� �
�� � � � � ��. Therefore, each hyperperiod will have ���� in-
stances. The instance number ��� � �� � � � � ����� is de-
noted ��

� � �� �
� � �

�
� � with � �

� � ������ and ��
� � �������.

C. Physical Resources

Processor: A processor could be a general-purpose pro-
cessor, digital signal processor(DSP), or an application-
specific instruction set processor(ASIP).It is a sequential
device, that says at any time only one task can be carried
out on it. For each task, there is an processor execution
time ���� ������� assoicated with it.

FPGA: In DRESs, the FPGAs must be dynamically and
partially reconfigurable. With partial reconfigurability, a
FPGA is essentially different from a processor. It is mod-
eled as a concurrent device, on which some tasks can be
performed simultaneously. Each task performed on FPGA
has the attributes of execution time ���� �������, length
���� ������, width ���� ������ (if applicable), and con-
figuration time ���� �������. In some systems [5], [6],
to simplify run-time placement, all tasks are specially de-
signed to have same width. Therefore, the width is unnec-
essary for such case. Similarily, each FPGA is associated
with a total length � and a total width � (if applicable).

Bus: The bus connect processor and FPGA. Each com-
munication performed on bus is associated with a data
transmission time �� ���������. It is commonly assumed,
in distributed systems research, that communication be-
tween tasks assign to the same PE is effectively instanta-
neous, compared with inter-PEs communication. We also



follow this assumption in this paper.

D. Fomulation of Solution

With the definition of systems and physical resources,
the solution to our problem consists of four parts
������ ��� ���:

Task partitioning �, which determines the assignment
of each task to either processr ��or FPGA ��.

����� ��� ��� ������ � ��� � � ��� ��

Scheduling on processor ��, which associates each
task instance assigned on processor a start time �.

������� � ��� ��� ��� �������� � �������

Scheduling on FPGA ��, which associates each task
instance assigned on FPGA a start time �, coordinates  
and ! (if applicable), and a flag � indicates whether the
task need configuration before execution.

������� � ���

��� ��� �������� � ���������  ��
�
���� !��

�
���� ���

�
����

Scheduling on bus ��, which associates each inter-PEs
communication a start time �.

����� ��� ��������� � ���������

������ � ��
� ������� �� �������

while respecting following constraints:
Period: Every task can’t start earlier than current pe-

riod.
����� ���

�
��� 	 �� � ��
 ��

Deadline:

����� ����
�
��� " ��	�� 
 ��� ����

�
����

with �� as the finish time of the task and �� as the deadline
time.

Precedence:

������� 	

�
�������� ���� � ��������� ������� � ������
��������� ������

with the ��������� as the predecessors of ��� .

III. PARTITIONING

GA is one class of optimization algorithm, which ex-
ploits an analogy to natural evolution. Some researchers
have applied it in similar problems[17], [18], [19]. How-
ever, we have different problem definition and employ a
new list scheduling algorithm in the context of DRESs. In
this section, main aspects of our algorithm are described.

A. Chromosome Coding

GA employs the concept chromosome to code a solution
instead of manipulating the solution itself. The choice of
this coding is a main feature of a GA. It will affect the qual-
ity of solutions and constrain the choice of genetic opera-
tors. As we aim at one-processor-one-FPGA architecture,
the chromosome coding in our algorithm is straitforward
and easy to extend. Each task ��� is represented by a bi-
nary gene which denotes the allocation ������ for this task
(Fig. 2).

task:

gene:

allele: {0, 1}

Processor FPGA

t11 t12 t13 t14 t15 t21 t22 t23 t24 t25

Bus

Physical
resources:

Fig. 2. A chromosome for our partitioning algorithm

In heterogenous systems, one task has different versions
of executable code. For example, the executable code
could be a collection of instructions for processor, or bit-
steams for FPGAs. If different instances of same task are
allocated on different PEs, we have to maintain multiple
versions for the same task. It imposes extra requirement
on limited memory. Thus, we assign one gene to each task
instead of each task instance.

Another advantage of this coding strategy is that ge-
netic operators, such as crossover and mutation, can easily
be applied without generating invalid chromosomes. It is
also easy to extend to loosely coupled multiple-processor-
mulitple-FPGA architecture.

B. Cost Function

As GA is an optimization method, one cost function
must be defined. Unlike ASICs, where the hardware area
is often a cost to be minimized, in DRESs, we often know
which FPGA is on the board. Cosenquently FPGA area
minimization doesn’t seem important to take into account.
Furthermore, if the area is an objective of optimization,
it is difficult to deal with the placement issue, where the
physical size of FPGA should be prior knowledge. Here
we use the similar cost function as [18], which is based on
accumulated violation, called tardiness. For a partitioned
and scheduled system, the violation of task instance ���� can
be computed as Eq. 1.



#������� �

�

 if �������� " ��������

��������� �������� if �������� $ ��������

(1)
Then the tardiness can be computed as Eq. 2. In this way,
the goal is to find a zero tardiness scheduling, i.e., a so-
lution meeting the timing constraints, by minimizing the
tardiness function.

������� �
�
�

�
�

�
�

#�������� (2)

C. Main Loop

Our GA algorithm is implemented using the PGAPack
library [20]. It takes many parameters as inputs. These
parameteres may affect the partitioning quality and run-
ning time. The choice of these parameters are often deter-
mined by experience rather than theory. Through exper-
iments, we use these parameter: population size is 100;
crossover type is uniform; crossover probability is 0.7;
mutation probablity is 0.3; maximum generation is 200;
the size of new individuals is 50. The main loop is de-
scribed as follows.

� Step 1: Initialization. In order to get diversty in the ini-
tial population, each individual(chromosome) is randomly
generated, where each gene is set to 0 or 1 with equal prob-
ability
� Step 2: Evaluation and Fitness. Invoke the scheduler
(see section IV) to schedule the tasks and apply Eq. 1,2 to
compute the tardiness. The fitness is derived from evalua-
tion using a linear rank fitness function given by

%�
� �%� �%�
�
��
����� �

& � �
(3)

� Step 3: Selection. The selection phase allocates repro-
ductive trials to strings on the basis of their fitness. Here
we follow the normal tournament selection strategy.
� Step 4: Crossover and Mutation. In this phase, crossover
and mutation operators are applied on selected parent indi-
viduals. The crossover type is set as uniform [21], and the
probability is 0.5. The mutation probability is set as 0.3.
� Step 5: Update Population. Recaculate the evaluation
and fitness value of new individuals. Then according to
fitness, discard losers and add new individuals to form new
genration.
� Step 6: Stop Criteria. If the one of stop criteria is met
(find solution or reach the maximum generations), stop to
export results; Otherwise repeat step 3 to 6.

IV. SCHEDULING

A. Description of Problem

As mentioned above, the scheduler serves as a subrou-
tine of partitioning algorithm. It is invoked as the evalua-
tion step of GA. In the context of DRESs, the scheduling
can be divided into two parts. On the processor and bus
side, the scheduling keeps the traditional meaning, i.e., to
determine the execution order and start time on the sequen-
tial devices; On the FPGA side, the scheduling not only
has to find out the start time, but also the physical position
of tasks on the FPGA with respect to the precedence and
resource constraints. In the other words, it can be defined
as a constrained placement problem, where the placement
space is 3-dimensional by taking time dimension into ac-
count. An example of scheduled system is shown in Fig. 3.

Bus

Proc.

FPGA

Time

t22

t11 t12

t23

t13 t15

t14

t24 t25

t14

t12t11 t13 t15t21

Configuration
Time

Execution 
time

Fig. 3. The scheduling in DRESs

In Fig. 3, we use tasks of fixed width, therefore, the 3D
placement is downgraded to a 2D problem. The task must
be placed in the right side of its all predecessors to meet
precedence constraints. No two tasks can overlap with
each other on placement space. Each task has to be re-
configured before execution unless there is same task in
same position on FPGA previously.

B. Computation of Priority

In list scheduling, there is a list of unscheduled tasks,
which are sorted by some metric, called priority. When
multiple tasks are ready, the scheduler will select one with
the highest priority to run. How to compute priority is the
key feature of different list scheduling algorithms. Usual
metrics include as soon as possible(ASAP) time, as late
as possible(ALAP) time, mobility, etc. These priorities
are effective to solve some problems, but often suffer from
their static nature, which means the prority is computed
before scheduling. During the course of scheduling, the
statically computed priority cannot accurately describe the
dynamic property of tasks. So far various dynamic priori-



ties have been suggested in literatures. Here we propose a
new metrics given by

�������!������ � ���!
� ���' ����������' ��
�
���� (4)

with �!
� ���' denoting dynamic ���' start time.
Unlike static metrics, once a task is scheduled, all
�!
� ���' values will be recaculated to reflect the cur-
rent status. Larger ���' time means the task must
be scheduled later, thus has a lower priority. Similarly,
the larger ���' time means that the task can be exe-
cuted later, also should be assigned lower priority. Unlike
���' value, the ���' time doesn’t change during the
scheduling, therefore, it is still computed statically. The
algorithm to compute ���' can be found in [22].

for(each_unscheduled_task)
{
  check_if_ready();
  if(task_is_ready())
  {
     finish_time = check_predecessor();
     dyna_ASAP = 
       search_FPGA_for_space(finish_time);
     dyna_priority = -(dyna_ASAP + ALAP);
  }
}

Fig. 4. Compute dynamic priority

Fig. 4 describes the algorithm of computing dynamic
priority. For each ready task, it derives latest finish time
from all predecessors. Then it searches the FPGA along
the time dimension until it finds enough space to contain
the task. This moment is assigned to �!
� ���' , and
dynamic priority can be computed accordingly. In next
step, the scheduler will select task with the highest priority
to place on FPGA.

C. Placement Algorithms

After the compute and select task of the highest prior-
ity, the next step is to determine where to place the task
on the FPGA. Due to the characteristics of list schedul-
ing, this problem is similar to an online bin-packing prob-
lem, although in fact the scheduling is conducted offline.
Two well-known online algorithms for the 1D bin-packing
problem are first fit (FF) and best fit (BF). The FF algo-
rithm puts the arriving task in the lowest indexed bin that
can accommodate the task. The BF algorithm choose the
smallest bin which can accommodate the task. Intuitively,
BF results in less fragments and can get more compact
placement, while FF is much faster than BF algorithm. But

in DRESs, the differences between them are not so appar-
ent (see Sec. V-B). Both algorithms can be used.

Compared with the offline counterparts such as simu-
lated annealing and greedy algorithms, which employ iter-
ative methods to improve placement results, online place-
ment algorithm often leads to poorer performance. Its
decision is based on incomplete knowledge, and has no
chance to improve the placement quality during the course
of scheduling.

D. Reducing Configuration Overhead

Configuration overhead is a main factor that prevents
dynamic reconfiguration from being accepted. With the
advance of FPGAs technology, the reconfiguration time is
reduced dramatically. However, compared with ever in-
creasing FPGAs speed, the delay is still quite considerable.
Though the delay is mainly determined by characteristic of
target FPGA, by proper partitioning and scheduling algo-
rithm, we still can reduce some configuration costs. This
approach is first exploited by R.P.Dick et.al.[16]. Here we
extend it to the case of partial reconfiguration.

compute_dynamic_priority();
check_same_task_on_FPGA();
if(found_same_task())
{
  dyna_ASAP = end_of_same_task();
  tmp_priority =
    -(dyna_ASAP + ALAP - C * conf_time);
  if(tmp_priority > dyna_priority)
  {
    dyna_priority = tmp_priority;
    save_time_and_position();
  }
}

Fig. 5. Ajust dynamic priority with configuration delay

The algorithm is shown in Fig. 5. The basic idea is that
priorities are ajusted dynamically regarding configuration
possibilities. If a existing configuration can be reused, then
this task will be assigned to higher proper priority. The
( in Fig. 5 is a weight number, which can be choosed in
different applications.

E. Complete Algorithm

The inputs of scheduling algorithm are partitioned tasks,
while the outputs are scheduled (placed) tasks. The main
loop of scheduling algorithm is described as Fig. 6

In first step, all intra-PE communications are removed,
and new task graphs are constructed where all communi-
cation events are viewed as normal tasks assigned on bus.
Then, ���' values are computed, and an unscheduled



remove_intra-PEs_communication();
construct_new_task_graphs();
compute_ALAP()
construct_unscheduled_list();
do
{
  search_ready_tasks();
  compute_dyna_priority();
  ajust_priority_with_configuraion();
  select_task_with_highest_priority();
  placement_algorithm();
  remove_task_from_unscheduled_list();
  
}while(!unscheduled_list_is_empty())

Fig. 6. Scheduling algorithm

task list is constructed sorted by decreasing ���' values.
In each iterative, the scheduler computes dynamic priority,
ajusts priority with configuration delay, and invokes place-
ment subroutine respectively. The finish condition of loop
is that all tasks are scheduled.

V. EXPERIMENTAL RESULTS

A. The testbench

Since our algorithm is the first to address similar prob-
lem, we can’t compare it with other algorithms. Experi-
ments are only conducted on different versions of our algo-
rithm. We constructed a testbench consisting 300 systems,
which are randomly generated by TGFF[23]. The systems
are composed of 3, 4, or 5 task graphs. Each task graph
contains an average of 10 tasks, with the variability of 5.
According to A. DeHon[24], FPGA implementation is of-
ten 10 times faster than the processor version for the same
task. Thus we assume each task takes an average execu-
tion time of 200us on the processor, with the variablity of
150 us, and the average execution time on FPGA is 20us
with the a variablity of 15us. We also assume the target
FPGA is XC6264, which contains 16384 CLBs and re-
quires 81.92us to configure entire chip. The average num-
ber of CLBs occupied by a task is 2500, with a variability
of 2000. The communication on bus takes an average time
of 15us, with a variability of 10us.

B. The results

We have submitted the same testbench to different ver-
sions of our algorithm. They are: ALAP based priority, dy-
namic priority, dynamic priority with configuration delay,
and dynamic priority with both configuration delay and BF
strategy.

The overall results are shown in Fig. 7. As expected, the
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Fig. 7. The results of different variants of our algorithm

results reveal that the last algorithm outperformed other
three algorithms, but the difference between these algo-
rithms is not so large. Partially because randomly gener-
ated systems are highly diversified, so a large number of
systems are infeasible on target platforms, even with the
optimal alogrithm. Another reason is that all these algo-
rithms employ same GA framework, only vary in the the
scheduling algorithms.

VI. CONCLUSIONS

In this paper, we proposed an algorithm to solve the
hardware-software partitioning and scheduling problem
for DRESs. At our best knowledge, it is the first al-
gorithm that tackles dynamically reconfigurable systems,
while taking hardware-software partitioning, partial recon-
figuration and configuration overhead into account. The
objective is to find a feasible partitioning and scheduling
with the respect to all constraints: precedence, deadline,
periods and resource. The uniqueness of this problem is
that scheduling on FPGA is a constrained placement prob-
lem rather than an ordering issue. We suggest an approach
which combines a ”standard” genetic algorithm and an im-
proved list scheduling algorithm. The list scheduling algo-
rithm includes a new metric to compute dynamic priority,
dynamic ajustment for configuration delay, and BF place-
ment strategy. The experimental results indicate that the
algorithm containing all features outperform other vari-
ants.

However, our algorithm has some obvious disadvan-
tages: It is only suited to loosely coupled system, but
cannot handle hierarchical systems; Unlike simulated an-



nealing placement method, it suffers from possible ineffi-
ciency; it cannot automatically allocate FPGAs and pro-
cessors, etc. We are going to overcome these drawbacks in
future work.

In future, we also plan to integrate the algorithm to our
OCAPI-XL tools. It is supposed to become one step of our
C++ based hardware-software co-design flow.
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