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Abstract

In this article constr uctive scheduling methods combined with ge-
netic algorithmsareusedto searchfor a suitableorder to schedule
the operations. The method is extended with an encoding capable
of allocating supplementary resources during scheduling. This
makesit very suitable in high-level synthesis strategies based on
lower bound estimations techniques. Experiments and compar-
isons show high quality results and fast run times that outperform
results produced by other heuristic scheduling methods

1 Introduction

During high-level synthesis a behavioral description of a chipis
trandlated into a digital network structure [McFa90]. The be-
havioral description consists of calculations (like additions, mul-
tiplications, logical operations etc.) and control structures (like
conditionals, loops and procedure calls) which are used to trans-
form input data into output data. The digital network structure
consists of functional modules (adders, multipliers, ALUSs, log-
ical gates), storage (like register, register files, RAM) and inter-
connect (point-to-point connections, buses), summarized by the
term resources, which implements the behavior specified. During
high-level synthesis several interdependent problems need to be
solved:

e Selection. Which kind of resourcesdo we need?
¢ Allocation. How many resources do we need?

¢ Scheduling. Atwhich cyclestepswill resourcesbe occupied
by operations, values and transfer of data?

¢ Assignment. To which specific resources will operations/
values/ value-transfers be assigned?

The interdependent character of these problems follows from the
fact that a scheduleinduces aresource allocation (because partic-
ular operations are executing simultaneously) and a completion
time (the cycle in which the last operation finishes its execution).
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A common scheduling problem in high-level synthesisis the so
called time-constrained scheduling problem. Given atime con-
straint which denotes the cycle step before which each operation
must have finished its execution, and a behavioral description it
tries to find the minimal resource alocation. Solving time con-
strained scheduling efficiently is a non-trivial matter because of
the NP-complete nature of this problem.

To restrict the search space of time constrained scheduling, lower
bound estimation techniquesasreported in [ Timm93] can be used.
Given atime constraint and a dataflow graph this technique gives
an accurate lower bound on the number of functional units which
are needed to schedule the graph within the time constraint spec-
ified. In some casesthis technique findsalower bound for which
no feasible scheduleexists, i.e. the completiontime of all possible
schedulesexceedthetime constrained. Schedulerswhich are used
in such an environment should be able to cope with such a behav-
ior. When exact solution methods like IP scheduling ([Hwan91],
[Gebo90]) areused, the danger existsthat they will perform an ex-
haustive search because they cannot detect that a combination of
constraintsisinfeasible, and large run times might result. Heuris-
tic methodslikelist scheduling[Thom90], critical path scheduling
[Park86] and force directed (list) scheduling [Verh92] are faster,
but may produce unsatisfactory results because of their greedy
characteristics.

In this article a new time constrained scheduler will be presented
which is based on constructive scheduling methods combined
with genetic search techniques [Mich92]. During constructive
scheduling operations are scheduled one after another. Genetic
search techniques are used to find a suitable order in which the
operations have to be scheduled to obtain good schedule results.
First the article will present that reducing the search space for
the genetic algorithm, by partially enforcing the order and the
cycle stepsin which operations are scheduled, greatly speeds up
and improves the quality of the results. Secondly the article will
present an extention with an encoding which provides allocation
of supplementary resources during scheduling to cope with lower
bound estimations which are estimated too low. Finaly, some
well known benchmarkswill be presented to show the quality of
results and fast execution times of this method.



2 Schedulingand Genetic Algorithms

During high-level synthesis the behavioral description of a chip
is often represented by a data-flow graph [Eijn92]. In a data-flow
graph nodesrepresent operationsand control structures, and edges
model flow of data. In figure 1 an example of a data flow graph
of afast discrete cosine transform filter [Mall90] can be found.

Figure 1: Fast Discrete Cosine Transform Filter

If there is flow of data from operation »; to »;, then v; hasto
finishits execution (produce data) before v; can start its execution
(consume data), also called a dependency relation. When a data
flow graph G = (V, E') and a time constraint 7;,.. are given,
a schedule range [asap(v), alap(v)] for each operation v € V
can be derived. If an operation is scheduled outside its schedule
rangeit will either violate one or more dependency relations or the
resulting schedule will exceed the time constraint. Let delay(v)
denotethe duration of the execution of an operation v, let pred(v)
denotethe set of predecessors of operation v, and et suc(v) denote
the set of successorsof operation ». Theasap and alap values of
v can berecursively defined as:

asap(v) = . I‘gg(ed(asap(vi) + delay(v;))

alap(v) = min

(alap(vi) — delay(v;))
v;Esuce(v)

With asap(v) = 0 if pred(v) = 0 and alap(v) = T if
suc(v) = 0.

One way to construct a schedule is by using a technique called
constructive scheduling, in which operations are scheduled one
by one within their feasible schedule range. Genetic techniques
can be used to search for a suitable order of operationsto obtain
good quality schedules. Such agenetic approach generally works
asfollows. Initially apopulation with individualsis constructed,
each containing arandom permutation. Schedulesare constructed
by decoding permutations by applying a constructive scheduler.
The genetic algorithm selects individuals for re-combination us-
ing stochastic sampling with replacement (also known asroulette

wheel selection). Using this strategy, fit individuals have higher
probability to be selected than non-fit individuals. In [Star91] an
overview of genetic sequencing operatorsis presented. Our own
implementations show a clear advantage for uniform crossover,
and an underlying theory is presented in [Mesm95]. Thetermina-
tion condition of the search usually consists of a specified number
of runs, but when the resource allocation induced by the schedule
found meets the lower bound estimation, an optimal solution is
found, and the genetic search can be stopped (see subsection 3.3
for more details).

Most scheduling methods based on genetic algorithms don’t re-
gard feasible schedule ranges directly. Ignoring these constraints
would lead to genetic search strategies that would evaluate in-
feasible schedules most of the time. In the next section several
schedule constructors and their impact on the efficiency of Ge-
netic Algorithms will be presented. This will finally lead to an
efficient time constrained scheduler with fast execution times and
good quality results.

3 A comparison of constructive scheduling
methods

3.1 Absolutedisplacements

In [Wehn91] a scheduling method is presented based on genetic
paradigms. Thismethod doesnot use constraints, but searchesfor
a trade-off between resource allocation and completion time by
re-weighting acost function. The method isbased upon assigning
a displacement d.(v) to each operation v € V. It then uses a
modified asap schedule algorithm to construct atopological order
schedule, in which the execution of each operation v selected
for scheduling is deferred d.(v) cycles. Resource constraints
are used to defer operations even further when all resources are
occupied in the current cycle considered for scheduling. The
method usessimpl e crossover and mutation operators, and doesn’t
need’complex’ genetic sequencing operators.

Disadvantage of the method is that displacement of critical path
operationshasalargeimpact on the completion time of the sched-
ule. In [Wehn91] special initialization routines are presented to
construct a population containing schedules within their 'time
constraint’ by distributing displacements over critical paths. An
improvement of the quality of the results is reported, however
no attention has been paid to adapt re-combinators such that this
property will be preserved during the run of the genetic algorithm.
Our own experience using a time constrained scheduler derived
fromthis method showsthat only afew individualsare constructed
that represent feasible schedules(i.e. within their time constraint,
seetable 11 for results). Results presentedin subsection 3.4 show
that the use of displacements complicates the search space for
scheduling unnecessary.

3.2 Rdativedisplacements

A new method has been developed that uses relative displace-
ments d-(v) € [0,1] for each operation » € V. Operations
are scheduled according to the order specified in a permutation

1x denotes that no feasible schedule could be found



M. A selected operation v € V is scheduled in cycle step
asap(v) + (alap(v) — asap(v) — delay(v)) * dr(v), and the
feasible schedule ranges of other operations are updated if nec-
essary. The cost of the resulting schedule can be determined
by calculating the area of the resource allocation induced by the
schedule. An individual contains both a permutation N and a
sequenceof relative displacements. Uniform crossover, inversion
and mutation are used to create new individuals.

The advantage of the method is that it always leads to feasible
schedules with respect to time and precedence constraints. The
method however produces disappointing results (see table 1). A
possible explanation for the failure of the algorithms is the lack
of problem specific knowledge inside the decoding of the per-
mutation. For example, the method does not prevent 2 additions
being scheduled simultaneously, evenif both operations havelarge
scheduleranges. Simple strategiesto prevent from such a behav-
ior are not known to us.

3.3 List scheduling

In [Heij95] a permutation N of operations is used as a priority
list for alist scheduler [Thom90]. A list scheduler is resource
constrained, i.e. given adataflow graph and a resource constraint
(e.g. number of functional units) it will try to find aschedulewith
the fastest completion time possible. To obtain atime constrained
scheduler from a list scheduler, the method as depicted in figure
2 can be used.

DFG + time constraint

Resource Allocation
+

Selection

Resource
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Scheduling
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Figure 2: Resource Constrained towards Time Constrained

First aresourceallocation must be performed to obtain aresource
constraint. To be sure that not too many resources are allocated
(which lead to non-optimal solutions), lower bound estimations
asin [Timm93] can be used. After allocation, alist scheduler can
be applied to construct a schedule. The completion time of this
schedule can be used to calculate the fitness of the permutation
and theresourceallocation. A small penalty on thefitnessis used
to favor individual srepresenting schedul esthat arewithin thetime
constraint. If both the time constraint and resource constraint are
satisfied (hencean optimal solution hasbeen found) or the number
of populations exceeds 100, the scheduler stops and returns the
best schedule constructed so far.

In some cases lower bound estimation techniques find a lower
bound for which no feasible schedule exists, i.e. the resource

allocation induces a completion time for which each resource
constrained schedule exceeds the time constraint specified. Con-
sequently the method must have the possibility to allocate extra
hardware.

Initial minimal add3 add4 mult2

resource allocation: Individual 1 1 0

add1l add2 multl Individual 2 0 0

Figure 3: Encoding of supplementary resource allocation

In [Clui92] a genetic encoding of extra resource alocation is
presented. The difference between the maximum and minimum
number of resourcesneededis encodedin astring. A lower bound
on the number of resourcesis obtained by using the technique of
[Timm93], and an upper bound on the number of extra resources
needed can be obtained by looking at the maximal parallelism
for each resource type. This problem can be modelled as a min-
flow max-cut problem on a comparability graph [Golu80], which
can be solved in polynomial time. Each resource not part of the
initial lower bound is accompanied by a binary variable which
denotes whether a resource is available (1) or is not available
(0) for scheduling (see figure 3). Standard cross and mutate
re-combinators can be used to modify these classic bit-vector
representations during the run of the genetic algorithm.

Theadvantageof usingagenetic strategy for the allocation of extra
resourcesis that no complex feedback paths are necessary for re-
allocation (seefigure 2), theresults of which might heavily depend
ontheresource constrained scheduler used and theinitial resource
allocation taken, such asis the casein for instance [Kuma91].

Special attention has been paid to prevent constructing permuta-
tionswhich lead to identical schedules. In the example of figure 4
individual 0 and 1 lead to the samelist schedule, henceexchanging
operation v; and v3 inside the permutation makes no sense.

list schedule using 1 resource

80
individual 0: V1 V3 V2 e
o)
individual 1: v3 vl v2
o]
o]

Figure 4: Permutations and lists schedules

Several observationsassist in avoiding the exchangeof operations
leading to identical schedules:

¢ Only the exchangeof operationswhose schedulerangeshave
cycles in common will lead to priority lists with possibly
different schedules.

¢ Only the exchange of nodeswhich don’t have flow of data

1 —— 3adders, 2 multipliers

1 — = 2adders, 2 multipliers



in common (i.e. can be executed in parallel) can lead to
priority lists with different schedules. This relation among
nodes can be determined by taking the complement of the
transitive closure of the data flow graph.

¢ Only the exchange of operations which have common re-
source types makes sense.

These observations have been incorporated inside the genetic re-
combinators as follows. Before scheduling starts for each node
w alist of nodes L(u) is constructed that satisfies the observa-
tions mentioned before. During mutation first a node «» from a
permutation is selected randomly, then anode v € L(u) is se-
lected randomly, and after that « and v are exchanged inside the
permutation. During inversion first a node « from a permutation
is selected randomly, then the first node v € L(«) in the permu-
tation which comes after « inside the permutation is selected, and
aposition bigger or equal than the position of node » is selected.
Thesenew extensionsgreatly add to a more efficient investigation
of the design space [Heij95] and results show that the method
outperforms ordinary list scheduling (see table 1).

Disadvantage of the method is that it may exclude the optimal
solution in some cases (see figure 5, in which list scheduling
using one adder (1 cycle) and one multiplier (2 cycles) introduces
one extra cycleindependent of the priority list used).

Figure 5: Greedy non-optimal list schedule

3.4 Topological sorted scheduling

Despite the good performance in most practical cases of the ge-
netic schedule strategy using a list scheduler approach, it might
never find an optimal solution in some cases as has been shown
in figure 5. The method presented in subsection 3.2 using rela-
tive displacement does include the optimal solution in its search
space, but results show a poor efficiency because the schedule
constructor lacks problem specific knowledge.

A new scheduling approach has been constructed to overcome
these disadvantages. Given a permutation IM it will build a sched-
ulein atopological order to gradually construct scheduleswhich
prevent introduction of unnecessary parallelism compared to the
method presented in subsection 3.2. The topological scheduling
method is resource constrained in nature, and can be transformed

in atime constrained scheduler identical to the method presented
in subsection 3.3.

Let M be a permutation of operations. Let M(i) denote the i*"
operationfrom 1. Let o(v) bethecycleanoperationv € V starts
its execution. Topological sorted scheduling is performed by the
following algorithm, called construct_schedule : I — o

fori:=0to|M|—1 do
J:=0;,0v:=T11(5);
while!(unscheduled(v) A scheduledpreds(v)) do
v = M(j++);
o(v) = asap(v);
o(v) = satis fyResourceConstraint(v, o(v));
update schedule ranges;
update resource usage;
cost := M AX (cost,o(v) + delay(v));

The algorithm schedules each operation from permutation Il
by repeatedly searching for the first operation » from M which
is un-scheduled and for which each predecessor is sched-
uled. The selected operation v is attempted to be sched-
uled in the as soon as possible cycle from its feasible range.
When all resources are occupied at this cycle, the function
satisfyResourceConstraint(v,t) defers operation v to the
first succeeding cycle steps where a free resource is found. Af-
ter an operation v is scheduled, the schedule ranges of all un-
scheduled operations are updated, and the resource requirements
due to scheduling v is administrated. The cost of the scheduleis
defined by the cycle step in which the last operation finishes its
execution.

A proof will be given that there exists at |east one permutation I1
for which the topol ogical sorted schedule constructor resultsin an
optimal schedule.

Let o ~*(t) denotethe set of operationsthat are scheduledin cycle
step t. Let construct_permutation : o — [ be given by the
following algorithm:
i:=0;
for ¢ := tpegin t0tena dO
for v € ¢71(t) do
N+ +) = v;
THEOREM: There exists a permutation M for which
construct_schedule(N) returns an optimal schedule.

PROOF: Let o.,: be an optimal (and hence feasible) sched-

ule. Let M = construct_permutation(o.p). Then ac-
cording to agorithm construct_permutation, I can be
written as M = o, (teegin) -0 (thegind1) .0 pi(tend) =

M1.M2 M, gty gin+1- FOral vg, v, € T, there are no prece-
dence constraints or resource conflicts, because otherwise oop¢
would be an infeasible schedule.

Let o = construct_schedule(IT). We first proof by induction

that Vte[tbegzn7tend]vv€o'o_p1t(t)a-(v) <t

First, let M = o, (thegin). From o,pc we know that there
are no resource and precedence constraints between any tasks
of M, and hence construct_schedule will schedule all tasks



in cycle step tregin. Thus 'V, . (v) = tregin =

-1 o
o pt{tbegin)

Ve h(thegin) 7 (1) S tocgin.

Let the induction hypothesis be true for ¢ € [teegin, toegin +
n]. Hence, if M = a'_l(tbegm).a'_l(tbegm+1)...a'_l(tbegm +
n) = MMMy, al tasks in M can be scheduled by
construct_schedule in the range [tyegin, toegin + n], and
V'UGI'I O'(U) S tbegin + n.

Le'[a'_l(tbegm).a'_l(tbegm+1)...a'_l(tbegm—l—n—l—l) =M.MNy41.
Because in the original schedule o.,,¢ all operations from M;, 41
could be scheduled without constraint violation in cycle step
tregin + » + 1, and from the induction hypothesis we know
that no operationsfrom N are scheduled in cycle stepslarger than
tregin + n, the operations from IM,,41 can be scheduled without
constraint violation inside cycle step tpegin + n + 1 or smaller.
HenceV,enn, 110(v) < teegin +n + 1, which proofsthe induc-
tion hypothesis.

So if M = construct_permutation(coy), and o =
construct_schedule(I), then cost(c) < cost(o.p:). Because
dope 1S an optimal solution, we know by definition that o is an
optimal solution.

Themain advantagesof topological schedulingare (1) that it holds
the optimal solution and (2) implies a significant design spacere-
duction compared to the methods presented in subsections3.1 and
3.2, becauseit doesn’t haveto deal with operation displacements.
Instead, for each operation selected for scheduling it only hasto
consider thefirst cycle step in which the operation can be sched-
uled without constraint violation, without excluding the optimal
solution from the search space. Observe that list schedulingis a
subset of topological scheduling, in which the order of operations
in permutation N isrestricted to non-deceasing asap values of the
operations.

Thetopological schedulingmethod offers good quality resultsand
fast run-times (seetable 1). Themethod isvery robustin thesense
that it is hardly sensitive for changesin the genetic parameterslike
populationsize, distribution of crossing and mutation, the random
seed, and the kind of data flow graphs supplied. The topological
scheduling method has also been incorporated and tested inside a
random search approach, in which optimal solutionsare not found
in almost any casetested. Topological sorted scheduling has also
been incorporated and tested inside an exhaustive search using
an efficient branch and bound, mainly based on the observations
done in subsection 3.3 to avoid creation of permutations which
would lead to identical schedules. Experiments showed that the
exhaustive search needs excessive amounts of execution times,
and had to be cancelled after weeks of running time.

4 Comparison

The schedulersproposed in this article have beenimplemented on
a HP 9000/735 workstation using the NEAT synthesis tool-box
[Heij94], and have been compared with well-known high-level
synthesis time constrained scheduling methods, like improved
force-directed scheduling [Verh92] and ordinary list scheduling
[Thom90] using the schedule range length as priority function.
The experiments show that genetic time constrained scheduler

based on list scheduling and toplogical scheduling offers better
resultsand fast run times. One of the comparisons can befoundin
table 12, which shows the resource allocations found for an often
used high-level synthesis scheduling benchmark shown in figure
1. In the table the execution time of an adder is assumed to be
1 cycle, whereas the execution time of a multiplier is assumed to
be 2 cycles. Typical run times of the methods can be found in the
last row of table 1.

5 Conclusions

A genetic search strategy for schedulingwhich doesn’t use sched-
ule specific knowledge gives poor results. An efficient construc-
tive schedul er based on topological sorting combined with genetic
search techniques and incorporation of schedule specific knowl-
edgelike lower bound estimations, constraint satisfaction and the
possibility of allocation of extra resources has resulted in a time
constrained scheduler which offers high quality results and fast
execution times. A prove has been given that the search space of
the genetic scheduling algorithm contains the optimal schedule.
Although the genetic search does not guarantee to find the opti-
mal solution, the algorithm finds optimal results for all examples
tested. Comparison with other high-level synthesis scheduling
methods show that the new method offers better results and fast
run times.
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