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Abstract— In this paper, we describe a scheduling opti-
mization technigue which minimizes size of the resulting
static scheduling tables in embedded memory. To reduce the
size of embedded tables of classical scheduling techniques,
we propose to use an extended synchronous data flow (SDF)
representation. This model permits a compact representa-
tion of periodic applications and then affords the flexibility
of scheduling the tasks on a little part of the hyper-period.
The paper presents the model and the algorithms used to
find small regular structures in real-time schedules. The
technique reduces 70%o of tables size in embedded memory.

I. INTRODUCTION

A key feature of embedded software is the size of em-
bedded memory which is a substantial portion of system
cost.

This paper describes a novel static scheduling algorithm
of embedded applications under hard real-time constraints.
The main contribution of this approach is to use a com-
pact description format of the process structure that can be
transformed in order to define reduced scheduling tables.
Classical static scheduling algorithms generate big
scheduling tables, it is the reason why our objective is to
optimize the size of embedded memory taken by this ta-
bles as shown in figure II.

The inputs of this approach are a standard application
specification (capacities, periods, deadlines and data de-
pendencies of tasks) and a description of the computing
architecture. Considered applications are multimedia and
signal processing applications executing on heterogeneous
multiprocessor architectures. This is a challenging soft-
ware synthesis domain since it requires high performance
hardware/software systems at low implementation costs.
Memory size becomes an other critical resource of this
kind of systems with the growing complexity of embed-
ded applications.

When building off-line schedules, a straightforward way
to implement the scheduler is to store the precomputed
schedule as a table. Each entry in this table refers to a
basic cycle in the system clock and contains the identifica-
tion number of the process to wake-up at this instant.

In this paper, we describe the optimization technique of
scheduling tables size. When it is possible, the approach
significantly reduces table size (70% on average) while
meeting periodic deadlines, it gives the initial table oth-
erwise.

The next section discusses interest of static schedules in
real-time context. The problem of size of scheduling ta-
bles generated by classical related approaches is illus-
trated. In the way to minimize tables, section 3 presents a
new description model of applications with periodic con-
straints inspired by synchronous data flow computation
model (SDF)[3]. This description model is transformed
in order to find a repetitive scheduling structure (a pattern)
with minimal size and that can be infinitely repeated while
satisfying periods and deadlines of applications.

The heuristic is iterative, its first step analytically defines
the minimal size of this pattern, this step is described in
section 4.

Activation times of tasks inside the pattern are then de-
termined after having been mapped onto the architecture
(section 5). Section 6 outlines some actual results and sec-
tion 7 draws conclusions and future works.

Il. MOTIVATIONS

Several works treat real-time scheduling on multipro-
cessors in literature and propose efficient (sometimes opti-
mal) solutions in either dynamic or static scheduling con-
texts. In dynamic scheduling, approaches are flexible but
need high run-time cost to take on-line decisions. In this
context we find earliest deadline first algorithm (EDF) that
find optimal solutions, or RMS algorithm [2] that reduces
on-line decisions by assigning fixed (static) priorities. On
an other hand static approaches are dedicated to a single
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Fig. 1. Our technique takes an input schedule and generates
reduced embedded table.

application but allow deterministic behavior and because
the schedule is computed off-line, we can afford to use
complex, sophisticated algorithms.

However, for satisfying timing constraints in hard real-
time systems, predictability of the system’s behavior is the
most important concern; pre-run-time scheduling is often
the only practical means of providing predictability in a
complex system [7].

But most works in static scheduling context compute
schedules for the entire set of periodic processes occurring
within a time equal to the least common multiple (Icm) of
the periods of the given set of processes. Then, at run-time,
static (or pre-run-time) scheduling consists in executing
the periodic processes in accordance with the previously
computed schedule.

Consider the application example composed by 3 indepen-
dent periodic tasks executing on a 2 homogeneous proces-
sor architecture. This tasks have the following characteris-
tics:

« the first one (noted T3) takes 10 processor time units
to execute and must compute with a period of 11 time
units. In the rest of the paper, we will use the follow-
ing notation: a task 7; is such that T; = (¢;, p;) where
¢; 1s the capacity of the task and p; its period. We as-
sume that its deadline d; is such that d; = p;. Here
T = (10,11),

« the next task (75) takes 2 time units when executing
and its period is 23, T> = (2,23),

« and the third task is described by 75 = (20, 24).
When assigning 77 to Ry and T,, T3 to Rs, the usual uti-
lization computation U = Zle ci/pi gives U > 90% on
each processor. However a valid scheduling can be found
easily. We call a valid solution, a schedule that satisfies the
deadlines of each task. The Gantt diagram of a simple so-
lution is drawn in figure 11(a). For this example, the hyper-
period H of the given tasks T; is equal to 6070 time units.
The corresponding embedded table can be compared to an
array of integers (here 2 tasks means 2 bits/entry), with
size equal to 1518 bytes. This size is an upper bound since
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Fig. 2. Embedded scheduling tables for 77(10,11) on Ry, and
T»(2,23), T5(20, 24) on R,.

table can be compressed. For example, when only memo-
rizing starting time stamps, the size is reduced to 268 bytes
Now look at the figure I1(b), by shifting T, at time 22 a reg-
ular structure appears.

This pattern increases the processors’s utilization, but
when repeated infinitely, sufficient time slots (CPU time)
are allocated to each task invocation to be executed during
its period and completed before its deadline. The size of
this cyclic pattern is 9 bytes, which represents a reduction
greater than 90% of memory size.

Once the table statically generated one has to choose at
run-time an under set of time slots between the ones stored
in the table. That choices can be done at the beginning of
each pattern repetition, allowing to take minimal on-line
decisions while preserving predictability. This point will
be discussed in section 5.3.

The main objective of our approach is then to find a repet-
itive structure (pattern) that minimize the size of static
scheduling tables usually computed on the hyper-period
H.

The paper presentation follows the steps of our global ap-
proach (Algorithm 1). First, we build an application de-

Algorithm 1 Global approach.
minSchedule(){
if (isSchedulable())
(1) PG = constructPeriodGraph()
(2) ¢ = minimumTable() //compute g minimum
(3) unfoldPG(q)
(4) mappingAndScheduling(q)
(5) computeReservationTable()
endif

}

scription graph called a Period Graph (PG) and described
using our modelisation format (step 1 in algorithm). This
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representation is used by the heuristic minimumTable()
(step 2) to find the size of the minimal cyclic pattern. In
this step are also defined the number of invocations of each
task in the pattern depending on its period. By making that
the structure has the desired characteristics, we can ensure
that the cyclic schedule respect all real-time constraints.
Then (step 3) the initial graph PG (which represents only
one invocation of each task) is unfolded on the length of
the pattern.

Finally a mapping of each task invocation inside the pat-
tern is determined (step 4) and the schedule table is gener-
ated (step 5).

I11. APPLICATION MODELISATION

In hard real-time systems there are periodic processes
and synchronous processes. A periodic process consist
of a computation that is executed repeatedly, once in each
fixed period of time. An asynchronous process consists of
a computation that responds to internal or external events.
Digital signal processing (DSP) applications represent
computations on an indefinitely long data sequence. The
synchronous data flow model or SDF [3] efficiently de-
scribes continuous computations and is often used in asyn-
chronous contexts with self-timed scheduling [4]. No ex-
plicit period and deadline constraints are considered (sev-
eral executions of a task can occur simultaneously if datas
are available). In our context of periodic processes, iter-
ations can’t occur before the beginning of a new period
interval (datas are available at fixed times) and must com-
plete before their deadline.

In this section, we aim to build a description model based
on SDF properties that explicitly express period and dead-
line constraints of real-time applications. This constraints
are imposed so that we may identify regular structures in
schedules that allow to guarantee deterministic behaviors.

A. Notations

Our model [6] represents each task 7; = (cj,p;), @ =
1,...n of an application by a connected directed graph
G; = < T,A > where each actor 7 € T has the follow-
ing attributes:

« acapacity c(7), which is a worst case estimate of actor

execution time,

« astart date s(r, k) of the kth execution of actor 7,

« anend date e(7, k) of the kth execution of 7.
Contrary to SDF, in our model all actors (or processes) of
the task T; share:

« the same period p(7) = p;,

« and the same deadline d(7) = d;. (We have supposed

in this presentation that d(7) = p(7)).
Moreover, for each edge § € A, we note:

T1 p1 = 10,d1 =11 T3 2p3:20,d3 =24

T2:p2:2,d2:23

Fig. 3. Task graph representation.

« d(§) the delay associated to the buffer 6. Edges with
delays (represented using bullets on edges) can be in-
terpreted as data dependencies across iterations of the
graph.

In our representation each task graph contains 3 particular
actors:

« an activation actor T'; with zero capacity and such
that T; is connected to each process without input data
dependencies.

« a termination actor T°; with zero capacity and such
that T, is connected to each process without output
data dependencies. T; and T; are linked by a one
delay edge.

« an explicit period actor P; with capacity equal to p;.
Its presence imposes the periodicity of T;’s processes.
P; is added in the graph such that a cycle is made with
T;.

Figure 3 illustrates this model with task graphs corre-
sponding to 3 processes structures of tasks 77, T and
Ts. In the graph, the delay on edge §(T;,T1) impose
the constraint s(T'1,k) > e(Ty,k — 1), or s(T1,k) >
maz(e(c,k —1),e(b,k —1),s(T1,k — 1) + p1). So this
representation is efficient at expressing period constraints
in periodic processes.

B. Application graph

In order to represent the all application, task graphs are
then collected in a particular format called Period Graph
PG@ near from the period graph of BHATTACHARY YA et.
al [1] used in self-timed context. All tasks graphs G; are
linked in a same representation from which it will be pos-
sible to estimate throughput once mapped onto an archi-
tecture [1] (see section 5.2).

The way to build the period graph is hierarchic. Each task
graph is considered as a macro-task. An activation actor
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and a termination actor are added in the same way than
previously. This actors will represent the synchronization
of tasks at end and beginning of pattern repetitions and are
consequently noted Ty and T

Determining the period of the entire graph is the main goal
of our approach and is then not currently defined.

The period graph of tasks T', T and T in figure 4(a) illus-
trates this common representation. It well defines a cyclic
pattern since activations of tasks are synchronized by edge
(Ty,To). However this first structure only represents one
activation of each task. Mapping and scheduling the cor-
responding pattern from table 4(b) brings to the Gantt di-
agram in figure 4(c) which is not valid. The period (and
the length) of this pattern is equal to the sum of execution
times on Ry: 22 time units which is 2 times the value of
p1.

In order to determine a valid cyclic pattern we propose to
modify the structure of the period graph PG by using the
unfolding property of SDF graphs. The aim is to repeat
each graph task G; a number of times noted ¢; inside the
period graph.

In the example of figure 4(c), one would include 2 invo-
cations of Ty in the period graph in order to satisfy the
deadline d; as it is shown in figure 5(b).

We describe in the next section the procedure that system-
atically find a vector ¢ = (g1, g2, ---, qn)-

1V. PATTERN RECOGNITION
A. Processors utilization bounds

Mapping and scheduling a set of tasks T;,i = 1, ..., n,
on a N processor architecture, without considering peri-
odic constraints, can lead to several qualities of solution
depending on whether solutions take advantage of par-
allelism. More precisely the lower bound of a schedul-
ing period corresponds to the mapping of the entire set
of tasks on the same processor, this bound can be written
Piow = Y14 ¢;. Conversely, the theoretical upper bound
of period corresponds to a uniform mapping of tasks on
processors, with Py, = [+ 3" 1 ¢i] = [+ Piow -

When now considering real-time applications, few
scheduling satisfy period and deadline constraints. The
usually computed period of such schedules is the hyper-
period H whose value is equal to the Icm of tasks’s periods
Di, with Pup < H < })low-

If H = P,,, minimization is impossible and the input
schedule is unchanged, else we will take advantage of the
free time slots (difference between H and P,;) to find a
regular repetitive scheme (pattern) whose period is P.

In order to repeat pattern all over the hyper-period, P is
needed to be a divisor of H: P, < P < H such that

@

(b)

s
(N]

mean 11

mean 18

X|l—x— =0 oo

R
1
5
4
5]
2
3
2
3
2

N (U1 Ul k(o 0 [T

mean 2
een a0[S[TZ5 ] 34 o
A 24

. F T -
SR RRACHN

T4 T8 1216 02

®

Fig. 4. (a) Homogeneous Period Graph (HPG) of tasks of figure
3. (b) Execution times of processes on resources R; and Rs. (C)
Gantt diagram corresponding to map 75 and 75 on Ry and Ty
on R;.

H mod P = 0. In our context we will choose P equal to
a factor of the smallest period p;:

P=k-pi. (1)

If P # H then some of the tasks 7; with j # 1 have
their period p; > P. Then the needed condition to find
a pattern satisfying real-time constraints is that the pattern
contain one entire execution of each task 7;, which implies

P > mazjzi(c;)- 2

Others tasks will have a period p; < P. This tasks will
be executed more than once inside the pattern in order to
have g; - p; > P. Returning to the last case, formula (2) is
updated:

P > max;z1(gjcy)- 3

Then a pattern will contain a number of execution of each
task T; that we note ¢;. The set of repetition values of
each task is stored in a vector ¢ called repetition vector
as in SDF representation, but in this vector g; values are
stored in ascending order: g1 < ¢2 < ...qn,. When ¢; is
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fixed (to k), the number of repetitions of each tasks can be
calculated from (1) and (3):

g =P forj#1. @)
pj

B. Pattern determination

As introduced in section 2, the second step of our
method determine the repetition vector ¢ of tasks in the
cyclic pattern. Since the period P depends on the number
of repetitions ¢; of task T3 (with period p;), we must de-
termine the good value of g;.

The algorithm begins with an homogeneous vector (filled

Algorithm 2 Repetition vector determination.

(1) vector p, ¢, ¢
minimumTable(){
H = lem(p:)
kmaw = H/Tz
(5) For i from 1 to k4, dO
T =[x X, acil;
if (T i mini; (ipi))
return ¢
endif
n++
updateQ()
endfor
return q

}

(10)

with 1 values). The value of ¢, is iteratively increased and
the rest of the vector values are updated with formula (4).
At each iteration of the algorithm (2) we then test if the
upper period bound (the maximum utilization of system’s
resources) is consistent with period constraints:

n

1 .
[ 2 (@ &)1 < min(g; - pi)- 5)
i=1
Take figure 4(c) as an example, the initial homogeneous
1
vector ¢ = 1 | doesn’t respect constraint (5): 30/2
1

is greater than (1 - p;) = 11. (When heterogeneous
processors are used, mean values of c; are used). Then
only ¢; is increased (line 11 and 12 in algorithm 2) since

2
(2-q1) < po. Atsecond iterationg = | 1

1
respect constraint (5) since 41/2 < 2 % 11.
A possible mapping of the corresponding pattern is pro-
posed in figure 5(b).

. This vector

Fig. 5. (a) Unfolded Period Graph (UPG) with ¢7 = (211 1).
(b) A possible mapping solution if T and T3 execute on R, and
T, on R;.

This formulation ensure that there is a way to map tasks
and subtasks to processors inside the pattern leading to a
valid scheduling solution.

We will now use the resulting repetition vector to find this

mapping.
V. PATTERN MAPPING

Finding a valid pattern schedule amounts to find the
schedule with minimum length (P =~ P,,). Also, we
formulate pattern mapping as an optimization problem re-
solved with a local search method. Optimization crite-
rion of this problem is the period P of the pattern com-
puted with a maximum cycle mean calculus in a connected
graph.

Consequently, the next step of our method (step 3 in algo-
rithm 1) consists in transforming the period graph so that
it represents all repetitions of tasks inside the pattern.

A. Graph unfolding

In this third step each task graph in the homogeneous
period graph is repeated by the (unfolding) factor ¢; stored
in the previously determined repetition vector ¢g. The un-
folded period graph corresponding to the homogeneous
period graph from figure 4(a) is represented in figure 5(a).

As shown in this figure, for tasks 7}, j # 1 only explicit
period actors P; of iterations k < ¢; are conserved from
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Homogeneous Period Graph. Deleting the last repetition
of period actors allows to find an integer multiple of ¢y
(formula 1).

The resulting Unfolded Period Graph (UPG) can be
mapped and scheduled on a given architecture. But as-
signing each task to a processing element adds virtual data
dependencies between tasks and processes assigned to a
same resource since computation is supposed to be sequen-
tial on processors. Each mapping and scheduling in the
solution space is then described in our model by adding
virtual edges (dashes in figures) between two consecutive
tasks on processors.

For example, mapping T3 to R; and Ty, T3 to Ry changes
the graph structure in the manner depicted in figure 5(a).

B. Mapping exploration with simulated annealing

Mapping an application graph onto a multiprocessor ar-
chitecture implies assigning actors to processors, ordering
the actors assigned to processors, and determining activa-
tion dates. In order to establish the best (valid) task parti-
tion and edges configuration, we use the mapping method
developed in [5] based on simulated annealing (SA) algo-
rithm. This version of simulated annealing uses an adap-
tive cooling schedule to rapidly explore solution space.
Simulated annealing is a probabilistic algorithm based on
local search strategies where optimization is made by suc-
cessive partial changes called moves.

In our formulation a solution is defined by a mapping and
a total order on each processor. For this reason, 2 types of
move are used to explore solution space:

« a first move consists in changing the total order on

a processor. This kind of move modifies the config-
uration of edges between actors assigned to a same
processing element in the UPG.

« a second move consists in moving a node from one
resource to another changing its execution time and
the configuration of edges in the source processor and
in the destination processor.

Exploration starts from an initial randomly generated map-
ping and ordering. Then a move is randomly selected and
proposed at each algorithm iteration (for example move
first execution of actor ¢ from R; to Ry). If a proposed
move is accepted the state of the current solution is up-
dated. When the system is considered frozen the process
is terminated. At this point, the current state of the system
is the solution of our optimization problem.

The resulting solution minimizes the period P of the pat-
tern and respect the period and deadlines constraints im-
posed by the period graph for a single repetition of the
pattern.

To be sure that periods and deadlines will be satisfied when

patterns and periods p;, 7 # 1 will be shifted, only final so-
lutions that respect the following constraints are accepted:

s(Ty, k) < s(Tj,k—1)+pj, forj#1, k>1
(6)
P — 5(Tj,q5) + s(Tj,1) < pj

This constraints impose that the interval between two con-
secutive task activations is no longer then a period p;
(but activations belongs to dissociated periodic intervals:
s(T;,k) > s(T;,k—1)+p;). In other words, for a task 7;
there is no intervals with length greater than p; that doesn’t
contain at least ¢; time slots reserved to T;.

The constraints are inserted in the optimization problem
and resolved by adaptativly restricting solution space to
the acceptable region [5].

C. Performance estimation

Since the method optimizes pattern length, we must esti-
mate the period from the modified (mapped) period graph.
It has been showed that the maximum cycle mean (MCM)
of the period graph can be used as an efficient estimate of
period [1]. Using MCM avoids performing expensive sim-
ulation sessions.

This maximum cycle mean is the maximum over all di-
rected cycles C of the sum of the task execution times in
C divided by the sum of the edge delays in C.

D. Embedded table generation

The resulting scheduling solution is then stored in a ta-

ble. The size of the table is equal to the pattern period P
and each entry contains the process Id to activate at the
corresponding processor time unit. The table is read in a
cyclic manner at execution time bringing to possible split
task executions (as in figure Il) that can be considered as
statically defined preemptions.
In order to avoid launching extra tasks computations, we
can count the time slots used in the table for each task at
execution time. Then for each task T; only the ¢; first time
slots are used. This run-time “scheduler” only needs 2n
additional entries in memory: n counters and n needed
time slots (¢;).

V1. RESULTS

We ran experiments on 100 randomly generated appli-
cation graphs (structure, periods, capacities and number of
homogeneous processors). For each example we applied
our method, found a pattern and collected informations
about the size P of the pattern and the ratio between P and
the length of the Hyperperiod H. Moreover we compute
for each example the maximum potential uniform utiliza-

tion of processors: Uz = % Yoy ;— We plot in figure



6 the distribution of solutions, first we plot the pattern size
according to Uy, and the we plot the ratio (r = 1—P/H)
according to Uy,4.. This plots show that the method allows
to reduce the table size from 10% to more than 90%, the
average reduction value being around 70%.

The size of the resulting patterns naturally grows with the
maximum utilization of processors.

VII. CONCLUSION

In this paper, we have described a static scheduling
method that generate reduced scheduling tables. The gain
in embedded memory size can reach more than 90% in
some cases. Moreover, this tables ensure to always satisfy
real-time constraints by making sure the structure has the
desired characteristics. The pattern determination proce-
dure is structured in the following steps: period graph con-
struction, pattern size determination, period graph unfold-
ing, and unfolded period graph mapping. Our method is
then build around a new real-time description model which
inherits SDF properties (delayed cycles, unfolding, MCM
calculus).

Real-time constraints are explicitly expressed in this rep-
resentation from which it is possible to extract regu-
lar scheduling structures that minimizes the embedded
scheduling informations.

This scheduling technique can be used in real-time sys-
tems where worst case estimates are reliable, allowing de-
terministic analysis of system behavior.
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