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ABSTRACT on the processing units and the data transfers on the com-
munication devices. The decisions taken during these steps
Many DSP and image processing embedded systemsire not independent making the process of finding (near)
have hard memory constraints which makes it difficult to optimal design for industrial problems very difficult. The
find a good task assignment and scheduling which fulfill goodness of the final design is determined by all the
these constraints. This paper presents a new heuristic devel-decisions.
oped for task assignment and scheduling for such systems. The complexity of the assignment and scheduling prob-
These systems have also a large number of constraintp ofem increases significantly when memory constraints are
different nature, such as cost, execution time, mempryadded. New synthesis methods capable of dealing with
capacity and limitations on resource usage. The heteroge-increased complexity are required. These methods should,
neous constraints require new synthesis methods which Wwillin addition, provide good quality results and incorporate

take them into account during searching for a valid solfi- designer knowledge through interactions with synthesis
tion. The heuristic presented in this paper is a part of the methods.

CLASS systenCpnstraintLogic Progamming basedys- Data memory aspect of the embedded systems is spe-
temSynthesis). cially important in image processing and DSP applications
Keywords | which process enormous amounts of data. Memory con-

straints are difficult to model but neglecting them can
produce considerable waste of memory components. A
good utilization of memories is a key issue in achieving low
cost solutions with modest amount of memory components.
In our approach, we consider data memory constraints dur-
The complexity of the embedded systems grows cqn- ing task assignment and scheduling and therefore we are
stantly. This causes shifting to higher levels of abstractigns aple to reduce the amount of needed memory.
of digital systems design, as well as need for the multipfo-  The goal of this work is to develop system synthesis sys-
cessor heterogeneous systems. These systems hale tam which accepts an input specification given as
potential to achieve superior results in terms of cost and der-communicating tasks. From this description the system will
formance over homogenous systems since they can mptclyenerate a final system architecture together with task
the design requirements more closely. During the systtmassignment and scheduling. We assume that the input spec-
level synthesis designer decides what are the main conjpoification, described in C-like language, is compiled into a
nents of the system. The decisions at this level hdvetask graph which is synthesized. In this paper, we present
enormous impact on the final product characteristics such ashe task assignment and scheduling heuristic. The input to

cost, performance, and time to market. Thus the responspil-thjs heuristic is an acyclic task graph [9] generated from the
ity of a designer is to perform fast exploration of differeft original specification.

design trade-offs and choose an architecture which suitsfthe  Consider, for example, a task graph depicted in Figure
problem best. la. There are four tasks;;TT,, T3, and T,. Data is trans-
Embedded systems synthesis is usually decomposedint@erred between those tasks by three communicatign€g
a chain of problems which must be solved to obtain a fiffal and G, Each task requires 1 kB of code memory and 2 ms
solution. The first task for a designer is to decide what con- tg execute on a processor. All tasks need 4 kB of data mem-
ponents should be used in the target architectyre.ory which is denoted by [ rectangles in Figure 2. Data
Afterwards, the assignment of all tasks into the selecfedtransfers send 2 kB of data. The data produced by the tasks
components is done. The last step is scheduling of the tgdsksieed to be stored also in data memory which is denoted by

task scheduling, constraint programming, memory constraints

1. INTRODUCTION




system. Section 4 describes the flow of the heuristic. Sec-

C ®, tion 5 presents experimental results. Finally, section 6

& concludes the paper.
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2. RELATED WORK

a) a task graph example b) an example of the system architecture

Figure 1. Task data flow graph and target architecture I The synthesis problem encompasses a number of prob-

lems which can be studied separately. In our work, we try to
integrate these problems. The research presented in [10]
addresses similar problem of embedded system synthesis

D.'s rectangles in Figure 2. Note that during interprocessor
communication both processors have to allocate mempry

for the transferred data. ) 4 )
Figure 2 depicts four distinct schedules. The last thikee under memory constraints. It uses a genetic algorithm to
solve the synthesis problem. This algorithm is iterative and

are distributed ones implemented on the architecture pre- hastic. Th h h q 44
sented in Figure 1b. The same schedule length has Heefftochastic. The authors assume that code and data memory

obtained for distributed schedules but different memdry are itr)nplemc(jantec(j:l using RAM m%mF’“es- The code merrllory
usage is achieved. The distributed schedule depicted in =ig-°a”d e used as data me’;‘]‘orya” V'Ce&"ersa- In 0“”"’0(; 'fWe
ure 2b has very unbalanced and inefficient memdry Made an assumption that ROM and RAM are used for

| -_implementing code memory and data memory respectively.

utilization. The amount of needed data memory on procgs h i t havi N impl X
sor P and R is 8kB and 4kB respectively. The utilization of | '€ assumption of having RAM only implementation can
be easily introduced in our work and it will make the syn-

code memory is unbalanced, 3kB and 1kB for processoffP ) , X . ;
v P 2 | thesis problem simpler. We believe that genetic algorithms

and B respectively. In Figure 2c the schedule with balancgd e ) ;
code memory utilization but still inefficient data memorly €an have problems giving a valid solution when the synthe-
dsis problem is very constrained and therefore we have

utilization is presented. The schedule depicted in Figure}2 develoned e heuristi h heuri
has the same schedule length as previous ones while mermd€Veloped a constructive heuristic. It seems that our heuris-
tic has much shorter execution time than the genetic

ory usage is balanced and optimal, 2kB for code memgr ; , X X ,
y g P yalgorlthm. An important difference is hardware sharing

and 4kB for data memory on both processoraid B. The
y P of > capability in our approach. We are able to model ASIC’s

importance of memory consideration was also indicatedin
[1(? 13, 14]. y hardware which is shared by different tasks.

t The similar work was also described in [13] and its pre-
vious version [12]. The newer version was extended by the

inclusion of a simple memory model. This approach uses
Mixed Integer Linear Programming which results in many

v

)y

The main contribution of this paper is the developm
of a new constructive heuristic which takes into account
memory constraints during task assignment and scheduling

In this paper, we focus on the heuristic which solves the | " ) = , .
problem of task assignment and scheduling under memorymequalltles and binary decision variables. Since the authors

constraints. In section 2, we outline related work in this aimed at finding optimal solutions the runtimes are prohib-

area. Section 3 defines our model of the architecture and thdlVelY arge even for the example consisting of nine tasks.
The architecture of the synthesized systems consists of pro-

cessors, and buses or links only. Other components, such as

pfTT Tty DMA ASIC's, are not considered.

----------- 1 611 . .

Lt : T | nee | - =2 The other system synthesis approach which guarantees
nl ld'Tlt l‘bTAt lde lh dul ‘ optimal solutions is described in [3]. The presented algo-
a) non distributed schedule rithm makes it possible to introduce multiple computations
N — o of the same task on several processing units in order to
2 - - Pl 2 . . .
L < s o2 o remove some communications from the buses. This
S I A Py N N L 3 - D”” L= ; approach imposes two restrictions on the target architecture
b) unbalanced and inefficient memory utilization which is an assumption that all buses have the same trans-
T A AP mission rate, and that all tasks assigned to ASIC’s are
L S . ] > executed sequentially. The global memory is used to store
p1| T, . T, | 2] Dr3 0o O t 24 Dy | Dp t

input and output data of the whole task graph only, the inter-
N i mediate data produced and used by tasks cannot be stored
W T A Y there.
L < ;o ol | The complexity of synthesis of aperiodic and periodic
L ] tasks can be reduced by clustering. The COSYN system and
its extension CASPER, described in [5] and [6], are using
Figure 2. Data memory requirements this method. The algorithm presented there can cope with

c) unbalanced and inefficient data memory utilization

Dcs
Dca

Drg Dry t 2 Pn

d) optim_al- memory utilization



large industrial size problems but memory requirements preFDV'’s. Since CLP solvers over finite domain are not com-
not considered. During the assignment of clusters, an arghi-plete, they use search methods, such as branch-and-bound
tecture is gradually extended when task deadlines arenotand heuristics, to find a solution.
met. We use Constraint Handling in Prolog (CHIP) v. 5.1 sys-

In [1], the multiprocessor task assignment was modefedtem. The CHIP system implements basic and global
as a vector packing problem. The target architecture con-constraints. The basic constraints are equality, disequality
sists of an arbitrary number of heterogeneous procesgingor conditional constraints. The CLP modeling with basic
units that communicate over one bus. Having only one Rusconstraints only is similar to ILP modeling style but under-
can result in a bus bottleneck for data dominated appliga-laying solvers are different. Both modeling approaches will
tions. This bottleneck could make the best heuristic Jto result in explosion of constraints. Therefore these
produce solutions with the lowest bus utilization ratio. Th§s approaches are impractical for big problems. To address this
work was extended in [2], where it solves also a configufa- problem CLP frameworks introduced powerful modeling
tion selection problem. The goal is to minimize the cost pf constraints, called global constraints. The global constraints
the system while correct assignment and schedule can beare based on extensive work conducted in operating
found. research community. These constraints provide concise

Our work is based on the research presented in [8]. Ourmodeling, good time complexity bounds, and good con-
approach uses Constraint Logic Programming (CLP) to rgp- straint propagation. The global constraints encompasses
resent the system synthesis problem by a set of fifiteparticular modeling problems. For example, they can
domain variables and constraints imposed on these \fri-impose restrictions on cumulative use of resources, rectan-
ables. The optimal solutions can be obtained for small gle placement or partitioning of graphs [4]. Modeling the
problems, however large problems requires a heuristic. Ourproblem using global constraints gives a clean and under-
system can minimize the design cost for a given executionstandable description of the problem.
time or vice versa. The efficiency of CLP approach is com-
pared with another approaches in favor of CLP [8]. 3.1. Architecture Model

Our approach removes limitations imposed on the target
architecture in [8] and adds memory constraints. We con-  The target architecture, in our approach, consists of pro-
sider processors, ASIC's, buses, links, and memories. Localcessing units, such as processors and ASIC’s, and
memory is divided into code and data memory. The communication devices, such as buses and links. The pro-
designer has a freedom to influence the final design by r;%k-cessors have one local memory for code and one local
ing decisions concerning the final architecture, tapk memory for data. ASIC's have only data memory. The
assignment, and task scheduling. He can also supply thearchitecture is described by specifying processors, ASIC's,
synthesis system with a partial solution which will be us¢d buses, links and their interconnection structure. Each bus or
to obtain a final one. This makes it possible to guide the s[/n— link is described by its cost and speed.
thesis process in a clean manner and still use the full pojver The data memory stores data used by tasks. Each task
of automatic synthesis methods. The implemented optimi- requires a constant memory for data processing which is
zation heuristic produces good results for large designs asdynamically allocated during task execution. The amount of

presented in section 5. | needed data memory on each processor changes therefore
during the schedule as shown in Figure 2b. The processor
3. SYSTEM MODELING | cancompute, send, or receive data concurrently. During the

synthesis we have to assure that the maximal usage of data

In our approach, CLP is used to model the system archi-Memory does not exceed the available memory size.
tecture and the design problem. Since CLP is relatively ~ASIC’s consist of any number of parts. The ASIC parts

young programming framework, we will briefly present it Operate independently making possible parallel execution
here. The general introduction to CLP is presented in [11], Of tasks. Since we fix the maximum number of tasks which

for example. First, we will concentrate on finite domain Can be executed in parallel on the ASIC we can derive the

variables (FDV's) and constraints over these variables sinceASIC’s cost as needed for our synthesis tool. All tasks

they are used in our work. A CLP program consists of c<1n- assigned to an ASIC have access to its local data memory.
straints over FDV's and a search method. Each FDVlis  The cost of the architecture is associated with processing
initially defined by a set of integer values which constitute Units and communication devices. The cost of processing
its domain. Constraints specify relations among these vari-COmponents includes the cost of their memory. This proce-
ables. Constraint engines provide constraint consistencydure of computing the cost suits the situation when a
and propagation methods. Therefore restricting a domaill ofdesigner creates the architecture from off-the-shelf compo-
one FDV usually results in restricting domains of the other Nents which have all features fixed. Differentiating the cost



of the processor with different amount or kind of memory In this case, the previous constraints reduce to the following
can be modeled. onet; +§ <1 , sincé; equals 0.

There is no restriction on the nature of the interconnec-  The data memory has to be reserved for each task during
tion structure. The designer has to specify the possipleits execution (depicted as;® rectangles in Figure 2). It
connections between processing and communicafjonneeds to be reserved also for data transfers between tasks
devices. This specification is used to impose constraintd on(depicted as Ps rectangles). The data memory for a single
bus or link selection for transferring data between two cofn- data transfer can be reserved on more than one processing
municating tasks, if they are executed on differght unit. First, data is stored on the processor executing pro-

processors. ducer task, from the producer task termination until the
related communication termination. Second, the same data
3.2. Problem Definition is stored on the processor executing consumer task, from the

communication start until consumer task start. During com-
CLASS assumes that functional description of a systg¢m munication the data memory is reserved on both processors.
is given as an acyclic task graph, as presented in Figure 1a. The task assignment, task scheduling and communica-
Each task is characterized by the estimated execution timetion scheduling influence the data memory utilization
and memory requirements. The real-time DSP or image scheme, therefore the actual data memory requirements are
processing applications belong to the class of problemsknown after performing these steps. However using CLP
which can be modeled using our system. They are fairly global constraints and our own techniques we are able to
deterministic, so the static schedule can be derived for them estimate the amount of needed data memory earlier in the
The nodes of the task graph represent computatignaldesign phase. The obtained estimations are vital for our
tasks. Each task is described by the following tuple pf heuristic. The constraints on data memory allocation are
FDV’s: imposed using cumulative and conditional constraints.
T=(1, p, O, He» Hg) 3 These constraints ensure that data memory requirements are
wheret denotes the start time of the task executiopn] not violated. The developed estimates are used by the
denotes the resource on which the task is execuled, assignmentand scheduling heuristic increasing a chance for
denotes the task duratiop, andy denote the amount off generation close to optimal solutions.
code and data memory needed for the execution of the task. The code memory constraints are easier to model than
The execution time and code memory required by the data memory constraints. The code memory requirements
task depend on the processor. The tasks must be alyaysloes not change during execution and they can be expressed
scheduled on one of the processing units and they cann\qt beising a conditional sum constraints.
preempted. This is modeled by imposing constraints which
define finite relations between FDV’s of (3) representing 4. QOPTIMIZATION HEURISTIC
different tasks [8].
The arcs in the task graph represent data transfers The task assignment and scheduling are NP-complete
between tasks. Each arc is described by a tuple of FDV's: proplems and therefore heuristics are usually used to solve
C=(, p, 5 a) 4 them. The inclusion of memory constraints requires the
wheret denotes the start time of the communicatipn,  development of a new heuristic. This heuristic takes into
denotes the resource which is used for transferring data, 5ccount memory constraints and is a part of the developed

denotes the duration of the communication, andenotes  system called CLASS [14] which supports interactive

Each arc in the task graph imposes a constraint on an
execution order of two tasks. This constraint is defined by a4 1. parameters Estimations
conjuction of two following inequalities:
T+ <1 Ut +8 <1, (5) A solution to a synthesis problem is an assignment of
where task Tsends data to task Tising communication] each task to a selected processor and related schedule for
c. All constraints derived from arcs create together a parfial this task. In addition, each communication task has to be
ordering of the tasks. assigned to and scheduled on a communication device. A
There are two possible scenarios for transferring datanumber of parameters is estimated to guide our heuristic
between two communicating tasks. First scenario takesduring the process of finding a good solution.
place when tasks are executed on different processors. In  Generally, distributed execution of the task graph results
this case the communication must be assigned to and schedn b|gger data memory requirement than execution on the
uled on a communication device. In second scenario, bOthsing|e resource as shown in section 1. De|aying the execu-
communicating tasks are executed on the same processafion of not urgent tasks for the favor of the tasks which
and they communicate using the processor’s local memgry.belong to the critical path decreases the schedule length but




0 Cj _ andUTS (usage of processor time), are computed by our

8 e if -1< Ind<-Ly @) heuristic. They are used to select processfoRexecution

g c. T of task T. UCM andUTSuse lower bounds for used code

| . .
G +—LT§. x(1-lind) if -Ly<Ind<-L,  (2) memory (CM) and processor tim&.T9.
i i
|
_ G i, T - _LcMm o

Vi 0 e, +T51j if -L, < Ind< Ly (3) UCM = ACM’ whereACM - available code memory

g c. T LTS

ij ij . = — - i i

ELC_M”X(l_“ndDJrLT]%j if Ly<Inds Ly 4) uTsS ATS whereATS- available processor time

o Tij . Similar measures are computed when we assume that

@] ﬁ if L1< Ind< 1 (5) t - i _

0 i ask T; will be executed on processoy. Fhese look-ahead
wherelnd = UTS- UCM. The valuendiis in the range <-1, 13, and measures are denoted bgM; andLTS;
L, are heuristic constants and are equal 0.16 and 0.08 respectively. These two kinds of measures are then used to compute

| costV; of implementing task jlon processorfas depicted
Figure 3.  cost V; of implementing task T; on the processor P; in Figure 3. The cost function uses al@g which denotes
the amount of code memory needed to execute tasinT
processor Pand T; which represents the time needed to

it usually increases data memory requirements. Decreasin
Y yreq %xecute task Ton processor;P

the schedule length and decreasing the data merrlj)ry The intuitive meaning of coa; is following. In case (1),

requirements are two conflicting goals. Either the schedule,, ,anind < L4, the code memory is much more used than

I(fngth 'Sd o(l§criase_d i 0: _ da]:[_a trtnemﬁn(lj lre(tqw:(er?ent ﬂ'f processor time and therefore only code memory contributes
ecreased. Our heuristic tries first to schedule tasks from i 2 - :

" _ e N&o costV;. The heuristic should minimize further increase in
critical path until the estimation of data memory usage is ., 4e memory usage. On the other hand, when Viaidés
below the memory size. When the estimation of future d tagreater thanL,, the processor time is, more valuable
memory usage exceeds memory size then our heuristic Mg rce and the heuristic should aim at minimizing further
at choosing tasks which will decrease the estimated datgnqrease of processors utilization. When processor and code
memory usage. Since the actual data memory utilization o1y tilizations are balanced (3) then both factors are

depends on the future decisions regarding the schedule, it i, e, into consideration with the same weight. The remain-
difficult to know in advance how exactly the assignment of ;4 cases describe situations when one of the resources is

task T to processor il influence the peak of future datél  gjightly overused. To counteract this, the weight of the other

memory requirements on all processors. To make t IS rasource is decreased

problem easier we use two estimations methods. Our heuristic not only looks ahead before committing to
The first estimate of data memory utilization is com-  yecision but also adapts its own cost function in case when

puted as a sum of incoming communications of ready 10 a6 js a relative shortage of one of the resources. The glo-

execute tasks. These communications represent data tha6a| constraints, provided by CLP engine, and our own

exist at a given stage of the heuristic execution and have t0astimation techniques give our heuristic very good look-

be stored somewhere before they can be used. This estimas, o aq capabilities. Therefore our heuristic which is greedy
tion is fast but not accurate because it does not take ihto;

> T AR in its nature successfully omits typical traps for greedy
account the actual schedule. The second estimation is yseflq ristics

when the first one cannot guarantee that data memory will

not be overused. It provides more precise estimation of theg 5 Heuristic’s pseudo-code

upper bound of the data memory requirement. This better

estimation uses the lower bound of the schedule length |, this section, we present the pseudo-code of our heuris-
denoted by k. The tightest possible schedule, defined Dy tic a5 depicted in Figure 4. In each iteration of the while
Em means the best possible parallelism. The best paralleliggp, we first choose a next task to be schedule. The selec-
execution can potentially result in the highest data memory tion of the actual task depends on the data memory
requir_ement. In addition, we compute the latest pOSSiblerequirement estimate. In the next step, we assign chosen
start time for each task denoted by mg}(The latest pos- 55k to a processor which is selected according to the intro-
sible start time of taskjImeans that incoming data to this  gyced cost function. After the assignment of the task to the
task will need to be stored for the_ longest p055|_ble time. processor, incoming communications are assigned to and
Both E,, and max{;) are then used in the cumulative Cor;l' scheduled on the communication devices and finally the
straint to estimate data memory requirement. task is scheduled.

Two kinds of measured)CM (usage of code memory] The proposed heuristic balances the usage of the code



while (Rz0) {
/I S- set of tasks which are already scheduled
/I'T - set of all tasks

/I R- set of all ready tasks {x | T - S[I pred(x)J S}

ngj
t TR

it (g <Lo)d

II' DQ; (D) - the amount of transmitted data from (to) tagk T
/I ADM - the available data memory
/I Lgp- the heuristic constant equals 0.4
I1'1; - the start time of task; T
/I Choose the task according to minimize_schedule_length criterion
find a task Tamong tasks in R with the smallest nak(
(the second criterion is the smallést.)
1 Ad] = Dq - D|j
else {
estimate data memory usage (EDMU) using cumulative constraint,
Em estimation, and mag) estimation for all tasks in R.
if (EDMU < ADM) {
/I Choose the task according minimize_schedule_length criterion
find a task Tamong tasks in R with smallest ma( |
(the second criterion is the smallést)}
else {
/I Choose the task according to minimize_data_memory criterion
find a task Tamong tasks in R with smallessd;.
(the second criterion is the smallest nTji}}
/I The task (J) which we need to assign and scheduled is known
Compute Y for each processor which can execute task$sign task T
to processor Rvith the smallest ).
Schedule incoming communications of tagkiff such a way, that the
start time of task jT- (T;) is minimal.
Schedule task;T I
/I Task T and all incoming communications are assigned and schediuled

Figure 4. Pseudo-code of the heuristic

Table 2: Experimental results (H.261 problem)

Exp. # ggglrlg: Deadline Ei\g:rt‘rjlt?:n Mze?na;?y ATime ?/Izzié
ime

1 1 2965 2965 1385 - -

2a 2 3965 1983 2290 -

2b 2 4002 2001 1673 1% -27%

3a 3 2965 1655 2386 - -

3b 3 5039 1680 1833 2% -23%

4a 2 5965 1492 2386 -

4ab 4 6172 1543 1737 3% -27%
application based on CCITT recommendation H.261 pre-

sented in [3]. Since the example is relatively simple we
constructed more complex task graphs by considering algo-
rithmic pipelining. The pipelining was constrained by
defining a latency of one iteration to be lower than 4000
clocks and an activation period to be 1000 clocks. We also
assumed that establishing communication with environ-
ment take very small amount of time on the universal
processor.

Experiments 2a, 3a, and 4a, shown in Table 2, assume no
memory constraints, thus memory can be inefficiently used.
In experiments 2b, 3b and 4b memory constraints were
added. We obtained a small degradation of the average exe-
cution time while the utilization of data memory was
decreased by ~25%. The experiments show that without
taking memory into consideration task assignment and task
scheduling could result in excessive memory usage.

Since example H.261 represents a relatively simple task
graph we tried our heuristic on large randomly generated
task graph examples. The results are presented in Table 1.
Each of the experiments consists of the same set of 20 ran-

| memory and available time. The relation between the dis- domly generated task graphs. Each task graph consists of

tributed execution and data memory requirements is 130100 computation tasks and 120 communications which
addressed in this heuristic during the selection of the néxtoeq to pe assigned and scheduled. The generated task
task for assgnmt_en'g and scheduling. Therefore our heurlstlcgraphs were constructed in such a way that the potential
can cope with timing, code memory, and data memory paa|ielism and the number of data were much higher then
constraints. in H.261 example. The resources, code memory, data mem-
ory, and time, were quite restricted as utilization ratios
show. In the experiments 2 and 3 we tighten the overall
deadline comparing to experiment 1 thus obtaining better
| We used in our experiments complex image processjngutilization ratios but for some task graphs we were not able
S| to find a solution. In the last experiment, we increased data
memory slightly obtaining lower data memory utilization

5. EXPERIMENTAL RESULTS

Table 1: Experimental results (random examples)

. 5 ez 2| T T | = ratip, higher CPU.utiIization,' and one more .so'lution com-
Exp. £ g o éé é% >5 |55 é paring to the previous experlmept. Our heuristic could find
‘03‘3 = 28 | =8 |98 38| 2 solutions for 74 out of 80 experiments even for very large
z 8% | 8% e 5| ¢ task graph examples and tight deadline constraints. The
T {1201 1044 860 855 863 72 20 heuristic execution time for these experiments was lower
2 | 110| 1012| 87.7| 865 874 75 19 than 12 minutes on 50MHz Sparc workstation.
3 100| 95.4 88.8 86.7 89.6 76.8 17|
4 100| 93.5 89.7 80.8 90.6 80.5 18




6. CONCLUSIONS ComponentsyLSI Signal Processing 994
[14] R. Szymanek, K. Kuchcinski, Design Space Exploration

under Memory Constraints. 25th EuroMicro, 8-10

This paper presented a new heuristic for the task assign- September, 1999

ment and scheduling under memory constraints. The
proposed constructive heuristic gives a valid task assign-
ment and schedule fulfilling all constraints including
memory constraints. Data memory usage peak varies very
much and is influenced by task assignment, task schedule,
and communication schedule. Incorporating timing con-
straints with memory constraints results in better decisions
during task assignment and task scheduling. The experi-
mental results show that data memory should be taken into
account during system level synthesis to avoid inefficient,
costly designs. The presented heuristic provides good
results for large randomly generated task graph examples,
as well as for a real example. The runtimes for presented
real example were lower than one minute in each
experiment.
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ABSTRACT on the processing units and the data transfers on the com-
munication devices. The decisions taken during these steps
Many DSP and image processing embedded systemsire not independent making the process of finding (near)
have hard memory constraints which makes it difficult to optimal design for industrial problems very difficult. The
find a good task assignment and scheduling which fulfill goodness of the final design is determined by all the
these constraints. This paper presents a new heuristic devel-decisions.
oped for task assignment and scheduling for such systems. The complexity of the assignment and scheduling prob-
These systems have also a large number of constraintp ofem increases significantly when memory constraints are
different nature, such as cost, execution time, mempryadded. New synthesis methods capable of dealing with
capacity and limitations on resource usage. The heteroge-increased complexity are required. These methods should,
neous constraints require new synthesis methods which Wwillin addition, provide good quality results and incorporate

take them into account during searching for a valid solfi- designer knowledge through interactions with synthesis
tion. The heuristic presented in this paper is a part of the methods.

CLASS systenCpnstraintLogic Progamming basedys- Data memory aspect of the embedded systems is spe-
temSynthesis). cially important in image processing and DSP applications
Keywords | which process enormous amounts of data. Memory con-

straints are difficult to model but neglecting them can
produce considerable waste of memory components. A
good utilization of memories is a key issue in achieving low
cost solutions with modest amount of memory components.
In our approach, we consider data memory constraints dur-
The complexity of the embedded systems grows cqn- ing task assignment and scheduling and therefore we are
stantly. This causes shifting to higher levels of abstractigns aple to reduce the amount of needed memory.
of digital systems design, as well as need for the multipfo-  The goal of this work is to develop system synthesis sys-
cessor heterogeneous systems. These systems hale tam which accepts an input specification given as
potential to achieve superior results in terms of cost and der-communicating tasks. From this description the system will
formance over homogenous systems since they can mptclyenerate a final system architecture together with task
the design requirements more closely. During the systtmassignment and scheduling. We assume that the input spec-
level synthesis designer decides what are the main conjpoification, described in C-like language, is compiled into a
nents of the system. The decisions at this level hdvetask graph which is synthesized. In this paper, we present
enormous impact on the final product characteristics such ashe task assignment and scheduling heuristic. The input to

cost, performance, and time to market. Thus the responspil-thjs heuristic is an acyclic task graph [9] generated from the
ity of a designer is to perform fast exploration of differeft original specification.

design trade-offs and choose an architecture which suitsfthe  Consider, for example, a task graph depicted in Figure
problem best. la. There are four tasks;;TT,, T3, and T,. Data is trans-
Embedded systems synthesis is usually decomposedint@erred between those tasks by three communicatign€g
a chain of problems which must be solved to obtain a fiffal and G, Each task requires 1 kB of code memory and 2 ms
solution. The first task for a designer is to decide what con- tg execute on a processor. All tasks need 4 kB of data mem-
ponents should be used in the target architectyre.ory which is denoted by [ rectangles in Figure 2. Data
Afterwards, the assignment of all tasks into the selecfedtransfers send 2 kB of data. The data produced by the tasks
components is done. The last step is scheduling of the tgdsksieed to be stored also in data memory which is denoted by

task scheduling, constraint programming, memory constraints

1. INTRODUCTION




system. Section 4 describes the flow of the heuristic. Sec-

C ®, tion 5 presents experimental results. Finally, section 6

& concludes the paper.
@ @ Ly

2. RELATED WORK

a) a task graph example b) an example of the system architecture

Figure 1. Task data flow graph and target architecture I The synthesis problem encompasses a number of prob-

lems which can be studied separately. In our work, we try to
integrate these problems. The research presented in [10]
addresses similar problem of embedded system synthesis

D.'s rectangles in Figure 2. Note that during interprocessor
communication both processors have to allocate mempry

for the transferred data. ) 4 )
Figure 2 depicts four distinct schedules. The last thikee under memory constraints. It uses a genetic algorithm to
solve the synthesis problem. This algorithm is iterative and

are distributed ones implemented on the architecture pre- hastic. Th h h q 44
sented in Figure 1b. The same schedule length has Heefftochastic. The authors assume that code and data memory

obtained for distributed schedules but different memdry are itr)nplemc(jantec(j:l using RAM m%mF’“es- The code merrllory
usage is achieved. The distributed schedule depicted in =ig-°a”d e used as data me’;‘]‘orya” V'Ce&"ersa- In 0“”"’0(; 'fWe
ure 2b has very unbalanced and inefficient memdry Made an assumption that ROM and RAM are used for

| -_implementing code memory and data memory respectively.

utilization. The amount of needed data memory on procgs h i t havi N impl X
sor P and R is 8kB and 4kB respectively. The utilization of | '€ assumption of having RAM only implementation can
be easily introduced in our work and it will make the syn-

code memory is unbalanced, 3kB and 1kB for processoffP ) , X . ;
v P 2 | thesis problem simpler. We believe that genetic algorithms

and B respectively. In Figure 2c the schedule with balancgd e ) ;
code memory utilization but still inefficient data memorly €an have problems giving a valid solution when the synthe-
dsis problem is very constrained and therefore we have

utilization is presented. The schedule depicted in Figure}2 develoned e heuristi h heuri
has the same schedule length as previous ones while mermd€Veloped a constructive heuristic. It seems that our heuris-
tic has much shorter execution time than the genetic

ory usage is balanced and optimal, 2kB for code memgr ; , X X ,
y g P yalgorlthm. An important difference is hardware sharing

and 4kB for data memory on both processoraid B. The
y P of > capability in our approach. We are able to model ASIC’s

importance of memory consideration was also indicatedin
[1(? 13, 14]. y hardware which is shared by different tasks.

t The similar work was also described in [13] and its pre-
vious version [12]. The newer version was extended by the

inclusion of a simple memory model. This approach uses
Mixed Integer Linear Programming which results in many

v

)y

The main contribution of this paper is the developm
of a new constructive heuristic which takes into account
memory constraints during task assignment and scheduling

In this paper, we focus on the heuristic which solves the | " ) = , .
problem of task assignment and scheduling under memorymequalltles and binary decision variables. Since the authors

constraints. In section 2, we outline related work in this aimed at finding optimal solutions the runtimes are prohib-

area. Section 3 defines our model of the architecture and thdlVelY arge even for the example consisting of nine tasks.
The architecture of the synthesized systems consists of pro-

cessors, and buses or links only. Other components, such as

pfTT Tty DMA ASIC's, are not considered.

----------- 1 611 . .

Lt : T | nee | - =2 The other system synthesis approach which guarantees
nl ld'Tlt l‘bTAt lde lh dul ‘ optimal solutions is described in [3]. The presented algo-
a) non distributed schedule rithm makes it possible to introduce multiple computations
N — o of the same task on several processing units in order to
2 - - Pl 2 . . .
L < s o2 o remove some communications from the buses. This
S I A Py N N L 3 - D”” L= ; approach imposes two restrictions on the target architecture
b) unbalanced and inefficient memory utilization which is an assumption that all buses have the same trans-
T A AP mission rate, and that all tasks assigned to ASIC’s are
L S . ] > executed sequentially. The global memory is used to store
p1| T, . T, | 2] Dr3 0o O t 24 Dy | Dp t

input and output data of the whole task graph only, the inter-
N i mediate data produced and used by tasks cannot be stored
W T A Y there.
L < ;o ol | The complexity of synthesis of aperiodic and periodic
L ] tasks can be reduced by clustering. The COSYN system and
its extension CASPER, described in [5] and [6], are using
Figure 2. Data memory requirements this method. The algorithm presented there can cope with

c) unbalanced and inefficient data memory utilization

Dcs
Dca

Drg Dry t 2 Pn

d) optim_al- memory utilization



large industrial size problems but memory requirements preFDV'’s. Since CLP solvers over finite domain are not com-
not considered. During the assignment of clusters, an arghi-plete, they use search methods, such as branch-and-bound
tecture is gradually extended when task deadlines arenotand heuristics, to find a solution.
met. We use Constraint Handling in Prolog (CHIP) v. 5.1 sys-

In [1], the multiprocessor task assignment was modefedtem. The CHIP system implements basic and global
as a vector packing problem. The target architecture con-constraints. The basic constraints are equality, disequality
sists of an arbitrary number of heterogeneous procesgingor conditional constraints. The CLP modeling with basic
units that communicate over one bus. Having only one Rusconstraints only is similar to ILP modeling style but under-
can result in a bus bottleneck for data dominated appliga-laying solvers are different. Both modeling approaches will
tions. This bottleneck could make the best heuristic Jto result in explosion of constraints. Therefore these
produce solutions with the lowest bus utilization ratio. Th§s approaches are impractical for big problems. To address this
work was extended in [2], where it solves also a configufa- problem CLP frameworks introduced powerful modeling
tion selection problem. The goal is to minimize the cost pf constraints, called global constraints. The global constraints
the system while correct assignment and schedule can beare based on extensive work conducted in operating
found. research community. These constraints provide concise

Our work is based on the research presented in [8]. Ourmodeling, good time complexity bounds, and good con-
approach uses Constraint Logic Programming (CLP) to rgp- straint propagation. The global constraints encompasses
resent the system synthesis problem by a set of fifiteparticular modeling problems. For example, they can
domain variables and constraints imposed on these \fri-impose restrictions on cumulative use of resources, rectan-
ables. The optimal solutions can be obtained for small gle placement or partitioning of graphs [4]. Modeling the
problems, however large problems requires a heuristic. Ourproblem using global constraints gives a clean and under-
system can minimize the design cost for a given executionstandable description of the problem.
time or vice versa. The efficiency of CLP approach is com-
pared with another approaches in favor of CLP [8]. 3.1. Architecture Model

Our approach removes limitations imposed on the target
architecture in [8] and adds memory constraints. We con-  The target architecture, in our approach, consists of pro-
sider processors, ASIC's, buses, links, and memories. Localcessing units, such as processors and ASIC’s, and
memory is divided into code and data memory. The communication devices, such as buses and links. The pro-
designer has a freedom to influence the final design by r;%k-cessors have one local memory for code and one local
ing decisions concerning the final architecture, tapk memory for data. ASIC's have only data memory. The
assignment, and task scheduling. He can also supply thearchitecture is described by specifying processors, ASIC's,
synthesis system with a partial solution which will be us¢d buses, links and their interconnection structure. Each bus or
to obtain a final one. This makes it possible to guide the s[/n— link is described by its cost and speed.
thesis process in a clean manner and still use the full pojver The data memory stores data used by tasks. Each task
of automatic synthesis methods. The implemented optimi- requires a constant memory for data processing which is
zation heuristic produces good results for large designs asdynamically allocated during task execution. The amount of

presented in section 5. | needed data memory on each processor changes therefore
during the schedule as shown in Figure 2b. The processor
3. SYSTEM MODELING | cancompute, send, or receive data concurrently. During the

synthesis we have to assure that the maximal usage of data

In our approach, CLP is used to model the system archi-Memory does not exceed the available memory size.
tecture and the design problem. Since CLP is relatively ~ASIC’s consist of any number of parts. The ASIC parts

young programming framework, we will briefly present it Operate independently making possible parallel execution
here. The general introduction to CLP is presented in [11], Of tasks. Since we fix the maximum number of tasks which

for example. First, we will concentrate on finite domain Can be executed in parallel on the ASIC we can derive the

variables (FDV's) and constraints over these variables sinceASIC’s cost as needed for our synthesis tool. All tasks

they are used in our work. A CLP program consists of c<1n- assigned to an ASIC have access to its local data memory.
straints over FDV's and a search method. Each FDVlis  The cost of the architecture is associated with processing
initially defined by a set of integer values which constitute Units and communication devices. The cost of processing
its domain. Constraints specify relations among these vari-COmponents includes the cost of their memory. This proce-
ables. Constraint engines provide constraint consistencydure of computing the cost suits the situation when a
and propagation methods. Therefore restricting a domaill ofdesigner creates the architecture from off-the-shelf compo-
one FDV usually results in restricting domains of the other Nents which have all features fixed. Differentiating the cost



of the processor with different amount or kind of memory In this case, the previous constraints reduce to the following
can be modeled. onet; +§ <1 , sincé; equals 0.

There is no restriction on the nature of the interconnec-  The data memory has to be reserved for each task during
tion structure. The designer has to specify the possipleits execution (depicted as;® rectangles in Figure 2). It
connections between processing and communicafjonneeds to be reserved also for data transfers between tasks
devices. This specification is used to impose constraintd on(depicted as Ps rectangles). The data memory for a single
bus or link selection for transferring data between two cofn- data transfer can be reserved on more than one processing
municating tasks, if they are executed on differght unit. First, data is stored on the processor executing pro-

processors. ducer task, from the producer task termination until the
related communication termination. Second, the same data
3.2. Problem Definition is stored on the processor executing consumer task, from the

communication start until consumer task start. During com-
CLASS assumes that functional description of a systg¢m munication the data memory is reserved on both processors.
is given as an acyclic task graph, as presented in Figure 1a. The task assignment, task scheduling and communica-
Each task is characterized by the estimated execution timetion scheduling influence the data memory utilization
and memory requirements. The real-time DSP or image scheme, therefore the actual data memory requirements are
processing applications belong to the class of problemsknown after performing these steps. However using CLP
which can be modeled using our system. They are fairly global constraints and our own techniques we are able to
deterministic, so the static schedule can be derived for them estimate the amount of needed data memory earlier in the
The nodes of the task graph represent computatignaldesign phase. The obtained estimations are vital for our
tasks. Each task is described by the following tuple pf heuristic. The constraints on data memory allocation are
FDV’s: imposed using cumulative and conditional constraints.
T=(1, p, O, He» Hg) 3 These constraints ensure that data memory requirements are
wheret denotes the start time of the task executiopn] not violated. The developed estimates are used by the
denotes the resource on which the task is execuled, assignmentand scheduling heuristic increasing a chance for
denotes the task duratiop, andy denote the amount off generation close to optimal solutions.
code and data memory needed for the execution of the task. The code memory constraints are easier to model than
The execution time and code memory required by the data memory constraints. The code memory requirements
task depend on the processor. The tasks must be alyaysloes not change during execution and they can be expressed
scheduled on one of the processing units and they cann\qt beising a conditional sum constraints.
preempted. This is modeled by imposing constraints which
define finite relations between FDV’s of (3) representing 4. QOPTIMIZATION HEURISTIC
different tasks [8].
The arcs in the task graph represent data transfers The task assignment and scheduling are NP-complete
between tasks. Each arc is described by a tuple of FDV's: proplems and therefore heuristics are usually used to solve
C=(, p, 5 a) 4 them. The inclusion of memory constraints requires the
wheret denotes the start time of the communicatipn,  development of a new heuristic. This heuristic takes into
denotes the resource which is used for transferring data, 5ccount memory constraints and is a part of the developed

denotes the duration of the communication, andenotes  system called CLASS [14] which supports interactive

Each arc in the task graph imposes a constraint on an
execution order of two tasks. This constraint is defined by a4 1. parameters Estimations
conjuction of two following inequalities:
T+ <1 Ut +8 <1, (5) A solution to a synthesis problem is an assignment of
where task Tsends data to task Tising communication] each task to a selected processor and related schedule for
c. All constraints derived from arcs create together a parfial this task. In addition, each communication task has to be
ordering of the tasks. assigned to and scheduled on a communication device. A
There are two possible scenarios for transferring datanumber of parameters is estimated to guide our heuristic
between two communicating tasks. First scenario takesduring the process of finding a good solution.
place when tasks are executed on different processors. In  Generally, distributed execution of the task graph results
this case the communication must be assigned to and schedn b|gger data memory requirement than execution on the
uled on a communication device. In second scenario, bOthsing|e resource as shown in section 1. De|aying the execu-
communicating tasks are executed on the same processafion of not urgent tasks for the favor of the tasks which
and they communicate using the processor’s local memgry.belong to the critical path decreases the schedule length but




0 Cj _ andUTS (usage of processor time), are computed by our

8 e if -1< Ind<-Ly @) heuristic. They are used to select processfoRexecution

g c. T of task T. UCM andUTSuse lower bounds for used code

| . .
G +—LT§. x(1-lind) if -Ly<Ind<-L,  (2) memory (CM) and processor tim&.T9.
i i
|
_ G i, T - _LcMm o

Vi 0 e, +T51j if -L, < Ind< Ly (3) UCM = ACM’ whereACM - available code memory

g c. T LTS

ij ij . = — - i i

ELC_M”X(l_“ndDJrLT]%j if Ly<Inds Ly 4) uTsS ATS whereATS- available processor time

o Tij . Similar measures are computed when we assume that

@] ﬁ if L1< Ind< 1 (5) t - i _

0 i ask T; will be executed on processoy. Fhese look-ahead
wherelnd = UTS- UCM. The valuendiis in the range <-1, 13, and measures are denoted bgM; andLTS;
L, are heuristic constants and are equal 0.16 and 0.08 respectively. These two kinds of measures are then used to compute

| costV; of implementing task jlon processorfas depicted
Figure 3.  cost V; of implementing task T; on the processor P; in Figure 3. The cost function uses al@g which denotes
the amount of code memory needed to execute tasinT
processor Pand T; which represents the time needed to

it usually increases data memory requirements. Decreasin
Y yreq %xecute task Ton processor;P

the schedule length and decreasing the data merrlj)ry The intuitive meaning of coa; is following. In case (1),

requirements are two conflicting goals. Either the schedule,, ,anind < L4, the code memory is much more used than

I(fngth 'Sd o(l§criase_d i 0: _ da]:[_a trtnemﬁn(lj lre(tqw:(er?ent ﬂ'f processor time and therefore only code memory contributes
ecreased. Our heuristic tries first to schedule tasks from i 2 - :

" _ e N&o costV;. The heuristic should minimize further increase in
critical path until the estimation of data memory usage is ., 4e memory usage. On the other hand, when Viaidés
below the memory size. When the estimation of future d tagreater thanL,, the processor time is, more valuable
memory usage exceeds memory size then our heuristic Mg rce and the heuristic should aim at minimizing further
at choosing tasks which will decrease the estimated datgnqrease of processors utilization. When processor and code
memory usage. Since the actual data memory utilization o1y tilizations are balanced (3) then both factors are

depends on the future decisions regarding the schedule, it i, e, into consideration with the same weight. The remain-
difficult to know in advance how exactly the assignment of ;4 cases describe situations when one of the resources is

task T to processor il influence the peak of future datél  gjightly overused. To counteract this, the weight of the other

memory requirements on all processors. To make t IS rasource is decreased

problem easier we use two estimations methods. Our heuristic not only looks ahead before committing to
The first estimate of data memory utilization is com-  yecision but also adapts its own cost function in case when

puted as a sum of incoming communications of ready 10 a6 js a relative shortage of one of the resources. The glo-

execute tasks. These communications represent data tha6a| constraints, provided by CLP engine, and our own

exist at a given stage of the heuristic execution and have t0astimation techniques give our heuristic very good look-

be stored somewhere before they can be used. This estimas, o aq capabilities. Therefore our heuristic which is greedy
tion is fast but not accurate because it does not take ihto;

> T AR in its nature successfully omits typical traps for greedy
account the actual schedule. The second estimation is yseflq ristics

when the first one cannot guarantee that data memory will

not be overused. It provides more precise estimation of theg 5 Heuristic’s pseudo-code

upper bound of the data memory requirement. This better

estimation uses the lower bound of the schedule length |, this section, we present the pseudo-code of our heuris-
denoted by k. The tightest possible schedule, defined Dy tic a5 depicted in Figure 4. In each iteration of the while
Em means the best possible parallelism. The best paralleliggp, we first choose a next task to be schedule. The selec-
execution can potentially result in the highest data memory tion of the actual task depends on the data memory
requir_ement. In addition, we compute the latest pOSSiblerequirement estimate. In the next step, we assign chosen
start time for each task denoted by mg}(The latest pos- 55k to a processor which is selected according to the intro-
sible start time of taskjImeans that incoming data to this  gyced cost function. After the assignment of the task to the
task will need to be stored for the_ longest p055|_ble time. processor, incoming communications are assigned to and
Both E,, and max{;) are then used in the cumulative Cor;l' scheduled on the communication devices and finally the
straint to estimate data memory requirement. task is scheduled.

Two kinds of measured)CM (usage of code memory] The proposed heuristic balances the usage of the code



while (Rz0) {
/I S- set of tasks which are already scheduled
/I'T - set of all tasks

/I R- set of all ready tasks {x | T - S[I pred(x)J S}

ngj
t TR

it (g <Lo)d

II' DQ; (D) - the amount of transmitted data from (to) tagk T
/I ADM - the available data memory
/I Lgp- the heuristic constant equals 0.4
I1'1; - the start time of task; T
/I Choose the task according to minimize_schedule_length criterion
find a task Tamong tasks in R with the smallest nak(
(the second criterion is the smallést.)
1 Ad] = Dq - D|j
else {
estimate data memory usage (EDMU) using cumulative constraint,
Em estimation, and mag) estimation for all tasks in R.
if (EDMU < ADM) {
/I Choose the task according minimize_schedule_length criterion
find a task Tamong tasks in R with smallest ma( |
(the second criterion is the smallést)}
else {
/I Choose the task according to minimize_data_memory criterion
find a task Tamong tasks in R with smallessd;.
(the second criterion is the smallest nTji}}
/I The task (J) which we need to assign and scheduled is known
Compute Y for each processor which can execute task$sign task T
to processor Rvith the smallest ).
Schedule incoming communications of tagkiff such a way, that the
start time of task jT- (T;) is minimal.
Schedule task;T I
/I Task T and all incoming communications are assigned and schediuled

Figure 4. Pseudo-code of the heuristic

Table 2: Experimental results (H.261 problem)

Exp. # ggglrlg: Deadline Ei\g:rt‘rjlt?:n Mze?na;?y ATime ?/Izzié
ime

1 1 2965 2965 1385 - -

2a 2 3965 1983 2290 -

2b 2 4002 2001 1673 1% -27%

3a 3 2965 1655 2386 - -

3b 3 5039 1680 1833 2% -23%

4a 2 5965 1492 2386 -

4ab 4 6172 1543 1737 3% -27%
application based on CCITT recommendation H.261 pre-

sented in [3]. Since the example is relatively simple we
constructed more complex task graphs by considering algo-
rithmic pipelining. The pipelining was constrained by
defining a latency of one iteration to be lower than 4000
clocks and an activation period to be 1000 clocks. We also
assumed that establishing communication with environ-
ment take very small amount of time on the universal
processor.

Experiments 2a, 3a, and 4a, shown in Table 2, assume no
memory constraints, thus memory can be inefficiently used.
In experiments 2b, 3b and 4b memory constraints were
added. We obtained a small degradation of the average exe-
cution time while the utilization of data memory was
decreased by ~25%. The experiments show that without
taking memory into consideration task assignment and task
scheduling could result in excessive memory usage.

Since example H.261 represents a relatively simple task
graph we tried our heuristic on large randomly generated
task graph examples. The results are presented in Table 1.
Each of the experiments consists of the same set of 20 ran-

| memory and available time. The relation between the dis- domly generated task graphs. Each task graph consists of

tributed execution and data memory requirements is 130100 computation tasks and 120 communications which
addressed in this heuristic during the selection of the néxtoeq to pe assigned and scheduled. The generated task
task for assgnmt_en'g and scheduling. Therefore our heurlstlcgraphs were constructed in such a way that the potential
can cope with timing, code memory, and data memory paa|ielism and the number of data were much higher then
constraints. in H.261 example. The resources, code memory, data mem-
ory, and time, were quite restricted as utilization ratios
show. In the experiments 2 and 3 we tighten the overall
deadline comparing to experiment 1 thus obtaining better
| We used in our experiments complex image processjngutilization ratios but for some task graphs we were not able
S| to find a solution. In the last experiment, we increased data
memory slightly obtaining lower data memory utilization

5. EXPERIMENTAL RESULTS

Table 1: Experimental results (random examples)

. 5 ez 2| T T | = ratip, higher CPU.utiIization,' and one more .so'lution com-
Exp. £ g o éé é% >5 |55 é paring to the previous experlmept. Our heuristic could find
‘03‘3 = 28 | =8 |98 38| 2 solutions for 74 out of 80 experiments even for very large
z 8% | 8% e 5| ¢ task graph examples and tight deadline constraints. The
T {1201 1044 860 855 863 72 20 heuristic execution time for these experiments was lower
2 | 110| 1012| 87.7| 865 874 75 19 than 12 minutes on 50MHz Sparc workstation.
3 100| 95.4 88.8 86.7 89.6 76.8 17|
4 100| 93.5 89.7 80.8 90.6 80.5 18




6. CONCLUSIONS ComponentsyLSI Signal Processing 994
[14] R. Szymanek, K. Kuchcinski, Design Space Exploration

under Memory Constraints. 25th EuroMicro, 8-10

This paper presented a new heuristic for the task assign- September, 1999

ment and scheduling under memory constraints. The
proposed constructive heuristic gives a valid task assign-
ment and schedule fulfilling all constraints including
memory constraints. Data memory usage peak varies very
much and is influenced by task assignment, task schedule,
and communication schedule. Incorporating timing con-
straints with memory constraints results in better decisions
during task assignment and task scheduling. The experi-
mental results show that data memory should be taken into
account during system level synthesis to avoid inefficient,
costly designs. The presented heuristic provides good
results for large randomly generated task graph examples,
as well as for a real example. The runtimes for presented
real example were lower than one minute in each
experiment.
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