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Abstract

Instruction scheduling is an NP-complete problem that in-
volves finding the fastest sequence of machine instructions
from an abstract program representation. List scheduling
isa method often used for instruction scheduling when pro-
ducing code for instruction-level parallel processors and
can produce excellent results when appropriate heuristics
are chosen. We have investigated a method of experimen-
tally determining good scheduling heuristics and found that
it does indeed provide an easy way to tune instruction-
scheduling heuristics.

1 Introduction

Computer manufacturers are continually striving to make
faster computers with a combination of faster circuitry
and increasing the amount of simultaneous computation
(parallelism) in their architectures. One popular method
of increasing the degree of simultaneous computation is
instruction-level parallelism (ILP) ILP computers exploit
the implicit paraleism that most programs contain [25].
They overlap the execution of operations' that do not de-

LWe define an operation as an atomic computational function, such as
an add, multiply, or memory access. Aninstruction isan abstract represen-
tation of the operations that can be issued during a single machine cycle.
Aninstruction might contain more than one operation, and the operation(s)

pend on one another. For example, a memory address can
be cal culated while the valueis computed to store there. To-
day, typical ILP processors have amemory address, an inte-
ger, and several floating point computational units. Future
processors will have more of each of these. While high-
performance architectures have included some ILP for at
least 25 years[20], recent computer designs have exploited
ILPto alarger degree. Thistrend shows no sign of revers-
ing. Indeed, as most of today’s multiprocessors are built
with individual nodes exhibiting significant ILP, multipro-
cessor systems need to make efficient use of ILP hardware.
Effective use of ILP hardware requires that the instruction
stream be ordered such that, whenever possible, multiple
low-level operations can be in execution simultaneoudly.
This ordering of machine operations to effectively use an
ILP architecture’s parallelismis typicaly caled instruction
scheduling (1S.)

While instruction scheduling has been shown to be an
NP-complete problem [8] practitioners have long achieved
good results in polynomial time using list scheduling. List
scheduling (LS) derivesits name from the fact that alist of
data-ready nodes (those with no unscheduled predecessors)
is maintained. The essence of LS isto heuristically deter-
minewhich data-ready nodeto schedule next. Many LSim-
plementations use aweighted sum of key scheduling param-
etersto assign a priority to each data-ready node. This pri-

may not be performed in the order they are presented in the instruction.



ority isthen used to order data-ready nodes. Allan [1] calls
such a method discriminating polynomial selection. She
suggest that the wei ghtsto be used for each term of the poly-
nomial be experimentally determined. It is our contention
that using a genetic algorithm to search the space of possi-
ble heuristic weights allows the weights to be easily tuned
to the specific needs of a scheduler/architecture pair.

Genetic agorithms (GAS) provide a robust method to
search an exponential search space. GAsrely on manipula-
tion of populationsof strings analogousto biological opera-
tions on chromosomes. Genetic Algorithms have been used
successfully to perform the traveling salesperson problem
[29, 30], job shop [30], and flow shop [5, 21] optimization
problems. Encouraging results from these problems have
led usto postulatethat GAsare an effectivetechniquefor op-
timizing the heuristic weights used in list scheduling's dis-
criminating polynomial selection.

To evaluate our contention the GAs can be useful in ex-
perimentally determining the weights for LS's discriminat-
ing polynomial selection, we have used the Rocket com-
piler [23, 2, 22]. Rocket is a highly-optimizing compiler re-
targetable for ILP architectures which uses descriminative
polynomial selection to order nodesin list scheduling’sdata-
ready list.

The remainder of this paper first describes instruction
scheduling in Section 2 beforediscussing genetic algorithms
in Section 3. In Section 4 we turn our attention to our ex-
perimental method for using GAs to determine appropriate
heuristicweightsfor list scheduling and then discuss our ex-
perimental resultsin Section 5.

2 Instruction Scheduling

Instruction scheduling invol vesthe placement of atomic ma-
chine operations into machine instructions. A DDD (data
dependence directed acyclic graph (DAG)) is often used to
describethe necessary operationsand their order. The nodes
in aDDD contain the operations, and the arcs denote a par-
tial order on the nodes. This partial order is used to guaran-
tee program semantics.

2.1 Local Scheduling

List scheduling is a general scheduling method [6] often
used for both instruction scheduling (1S) [16] and proces-
sor scheduling (PS) [26]. LS builds a data-ready list that
contains all jobs that are not waiting on the results of an-
other job. Thisready list is then heuristically ordered, and
thehighest priority nodeis placedin thefinal schedule. This
processrepeatsuntil there are no morenodesto place. Inus-
ing a datarready list, LS performs a topological sort of the
DDD, thereby reducing the search space of the scheduling

problem and increasing the chances of finding avalid sched-
ule.

Of course to achieve efficient schedules, LS needs to
have useful heurigtics to order data-ready nodes so that
the “most important” nodes are placed first. While re-
searchers have extolled the virtues of determining these
heuristics experimentally, most list schedulers seem to rely
on ad hoc techniques for choosing heuristics. Allan and
Mueller's discriminative polynomia selection technique
provides a framework to combine severa heuristics into
a single heuristic by assigning weights to each individual
heuristic term and summing the weighted terms. The key
then is to determine what weights yield the most efficient
schedulesfor awide range of programsand architectures.

2.2 Global Scheduling

A considerable body of research has shown that exploita-
tion of significant amount of ILP requires global schedul-
ing techniques|[24, 18, 25]. Several global scheduling tech-
niques make use of a local scheduler, however, to reorder
code for meta-blocks. A meta-block is a group of basic
blocks 2 that a global scheduler treats as a single block.
Trace scheduling [11, 9] is an example of such a global
scheduler. It attempts to optimize the most frequently-
executed paths of a control flow graph (CFG), possibly at
the expense of the less frequently-executed paths. Blocks
that are included in the frequently-executed paths are called
on-trace and those in the less frequently-traveled paths are
called off-trace. The basic ideaisto use alocal scheduling
algorithm to move operations between blocksin an on-trace
path to reduce the number of instructions executed within
that trace. Other globa scheduling algorithms that simi-
larly rely on alocal scheduler to reorder codein meta-blocks
include Bernstein's Global Scheduling [3], Hwu's Sentinel
Scheduling [17], and Sweany’s Dominator-Path Scheduling
[23]. Such use of alocal scheduler on DDDs that contain
control flow complicates the choice of appropriate discrim-
inating polynomial weights and might well require differ-
ent weights for meta-block scheduling than for basic block
scheduling in order to achieve best results.

3 Genetic Algorithms

Genetic algorithms (GAs) manipulate popul ationsof strings
that represent the parameterization of the optimization prob-
lem. The strings correspond to chromosomes or genotypes
in biological terms. There is a mapping from this repre-
sentation to the phenotype of the actual solution. GAs use
a form of selective pressure to encourage over-achieving

2A basic block isastraight-line sequence of instructions with single en-
trance and exit points which may contain a branch only asthe last instruc-
tion in the block.



and discourage under-achieving strings in the population.
A string’s chances of reproducing correspond to its perfor-
mance in the current environment. Thisis an easily under-
standable method and it produces robust searches of diffi-
cult parameter spaces as demonstrated by Holland and oth-
ers[13, 7, 12].

Parametersare usually encoded into some form of binary
representation. This representation is then used for subse-
guent operations and evaluations. Consider the string:

1100101001110110001

Thiscould represent an integer, afixed or floating point real,
or any other relevant model of the parameters to be opti-
mized. Multiple parameters are smply appended together.
Theinitial population is usually generated by creating ran-
dom strings.

To perform recombination, the basis for most genetic
adaptation in nature, consider also the string:

XYYXXYXYXYXXXYYYXXY

(withx for 0 andy for 1) and some number of break points.
The genetic material from one string is then swapped be-
tween those break points with the corresponding material
from the other. An example with two break pointsis:

11001 \/ 01001110110 \/ 001
XYYXX [\ yxyxyxxxyyy /\ xxy

resulting in the two children:

11001yxyxyxxxyyy001
Xyyxx01001110110xxy

Although asingle break point is usually used in discussions
of GAs, two have been empirically shown by Booker [4] to
produce better results.

Another operation in the reformation of strings is muta-
tion. Thisis accomplished by randomly toggling some of
thehitsintheoffspring. Thiscreatesgeneticdiversity. It has
beenfound, inthegeneral case, that mutation ratesshould be
kept low (less than 5%) for best exploitation and least dis-
ruption of the information present.

In standard GAs, all the strings in the population are re-
formed during a generation. Parents are crossed on the ba-
sis of their performance in comparison to the average fit-
ness of the population and mutation is alowed to occur on
the offspring. The selective pressure is provided by the fit-
ness measure; the differential need not be great to achieve
good results. Both selective pressure and initial population
sizes may be tuned to match the problem space. Thetype of
crossover and rate of mutation needsto be selected based on
the problem type.

To relate the encoding with the sampling of hyperspace,
consider a string of length three. With this we get the abil-
ity to represent a three-dimensional hypercube. The string

011 represents a corner of the hypercube. Edges have one
of thebitsasa“don'tcare”, i.e. 01* . Faceshavetwo “don’t
cares’: i.e. 0**. The entire space can be expressed by a
complete“don’'t care string”: i.e. *** . Strings that contain
a“don’tcare” in some position aretermed schemata. Ingen-
eral, each binary encoding correspondsto one corner in the
hypercube and samples 2% — 1 different hyperplanesin the
search space where L is the length of the binary encoding.
Thisistheideaof “intrinsic parallelism” whereby onestring
samples the productivity of many hyperplanes [13]. The
schematheory indicates that individual hyperplaneswill in-
crease or decrease their representation in a popul ation based
upon their relativefitnessin that population when reproduc-
tion and recombination are applied.

Themorediversetheoriginal population, themoreglobal
the search. The search does not avoid or escape from local
minima; it does a global search where local minimaare ig-
nored in favor of higher-valued strings. If alocal minimais
found to be best, it will tend to be competitivewith all areas
of the spacesearched. It hasbeen shownthat if an areain hy-
perspace has above average performance and is sampled by
aschemain the population, that area’ srepresentationwill in-
crease within the population. It has been calculated that for
the processing of IV structures per generation approximately
N? schemata are sampled (intrinsic parallelism).

The ahility to sustain search is dependent upon the ge-
netic diversity in the population. When a population lacks
diversity, new areas of the space are not examined. Muta-
tion can be used to drive the search into these unexamined
areas. However, afixed level of mutation has been shownto
disrupt the search early and then fail to provide enough di-
versity inthelater stages. Thus, adaptive mutation increases
the mutation rate based on the homogeneity of the popula-
tion and gives better performance.

The GENITOR GA program, devel oped by Whitley [27,
28], has some differences with “standard” GAs that appear
to increase performance. It does not replace the entire pop-
ulation with each generation. Instead it probabilistically
choosestwo parentsto reforminto two offspring. Recombi-
nation and mutation occur, then one of the offspring is dis-
carded randomly. The remaining offspring is placed in the
populationaccordingtoitsfitnessinrelationto therest of the
strings. The lowest-valued string is discarded. This keeps
high-valued strings within the population, directly accumu-
lating high-performance hyperplanes. It also bases the re-
productive opportunity upon rank with the population, not
upon a string's fitness value in comparison with the aver-
age of the population, reducing theimpact of selective pres-
sure fluctuation. It aso reduces the importance of choosing
aproper evaluation function for fitnessin that the difference
in the fitness function between two adjacent stringsisirrel-
evant.



Target | Local | Global
URM 110 95

RS6000 | 119 95
1860 110 33

Table1: Number of Data Dependence DAGs Used for Eval-
uation

4 Experimental Method

To evaluate our contention that GAs are agood way to tune
LS heuristics, we' ve taken the terms of the discriminating
polynomial used in the Rocket compiler and used a GA to
optimize the weights on those terms. Note that positive
terms in the polynomial denote that a heuristic is useful in
creating a efficacious schedul e, while negative terms denote
aheurigtic that hurtsthe final schedule. Section 4.1 liststhe
25 terms available in Rocket's list scheduler.

In addition to experimentally finding good heuristic
weights for LS, we wanted to compare heuristic weights
for differing machinesand scheduling methodsto determine
the weights useful for different scheduling contexts. As
Rocket is a retargetable compiler, we ran GAs for each of
three different architectures: the IBM RISC RS6000 [14],
a computer based on an Intel i860 chip [15], and a hypo-
thetical ILP machine called the Unlimited Resource Ma-
chine (URM) devel oped at Michigan Technological Univer-
sity [19]. We made use of both Rocket’slocal and global in-
struction scheduling (dominator-path scheduling.) This al-
lowed us to determine heuristic weights for both local and
global scheduling and compare the two.

In our GA, we chose a population size of 1000 192-bit
stringsand ran for 2500 generations. We treated each group
of 8 hits within the 192-bit strings as an integer weight (-
128 to 127) and mapped the bit strings directly to an array
of 24 term weights used in Rocket. To evaluate strings, we
instruction scheduled a representative number of data de-
pendence DAGs for each architecturetested. Table 1 shows
the number of DDDs eva uated for each combination of ar-
chitecture and scheduling method. To build the test suites
of DDDs, examples were taken from a mixture of scientific
and system code. Of course scheduling DDDs to measure
thefitness of strings generated by Genitor required aconsid-
erable time. Typically, each run required two to three days
to complete on a Sparc10 workstation. It is our contention,
however, that investing two or three days of computer time
to fine tune a list scheduling heuristic to a particular com-
bination of architecture and scheduling method is time well
spent.

4.1 Discriminating Polynomial Terms

We have investigated many heuristicsin attemptsto achieve
valid schedulesfor avariety of architectures. Typically, con-
siderable testing goes into choosing heuristics for a particu-
lar target, but some heuristics, such as critical path are al-
most always used.

Hereisalist of discriminating polynomial termswe have
found useful for some architecture we have targeted:

1. hei ght —themaximum number of arcsfromthisnode
to any sink node.

2. on_critical _path — the operation is on the
longest path in the DDD.

3. on_schedul e_critical _path.—the operation
ison thelongest path in the DDD when operation tim-
ings are considered.

4. | exi cal _or der — ordering of nodes from source.
Fisher [10] suggests that program lexical order is not
agood metric for list scheduling priority, but it can be
used for non-ILP architecturesto produce a default or-
dering.

5. br anch_node —thenodeisabranch node, especially
useful in the presence of delayed, restricted branching
mechanisms. Thishas been used to increasethe chance
abranch node will be placed before other operations.

6. resource_usage_of this_type—theamount
of use of this node’s resource in this DDD. The more
contention for resources, the earlier a node should be
placed in order to free the resource as soon as possible
for reuse.

7. used_and_defi ned_resources
— as above, nodes that use more resources than others
should be scheduled so they do not interferewith others
needing those resources.

8. | east _recently_used_resour ce —amethod
of forming round-robin reference to resources.

9. field usage of this type - as with
resources, try to minimize instruction field conflicts.

10. fi el ds_used.
11. | east _recently_used field.

12. successor s — the more successors a node has, the
earlier it should be scheduled, allowing its successors
to becomedataready asearly aspossible. Thisexposes
more parallelism to the scheduler.



13. restricted_successors — the more restricted
successors?®. anode has, the earlier it should be sched-
uled so timing is more flexible within the DDD.

14. total _restricted_successors —tota of the
timingsfor all restricted successors

15. shortest _restricted _successor

16. di stance_from successors — a measure of
how restricted the edges to the successors are.

17. pr edecessor s —the more predecessors a node has,
the later it should be scheduled, allowing its predeces-
sorsto becomedataready asearly aspossible. Thisex-
poses more parallelism to the scheduler.

18. restricted_predecessors -
the more restricted predecessors anode has, the later it
should be scheduled so timing is more flexible within
the DDD.

19. total restricted_predecessors — tota of
all restricted predecessors.

20. shortest _restricted _predecessor

21. di stance_from predecessor s —ameasure of
how restricted the edges to the predecessors are.

22. schedul e_spr ead —the number of instructionsin
which an operation can be placed. The greater the
spread, the more flexibility for placement.

23. average restricted_successor_gap — the
average of A(e) for all the restricted successors.

24. average restricted_predecessor_gap -
the average of A(e) for all the restricted successors.

5 Experimental Results

The data obtained from GA searches for useful heuristic
weights demonstrate several intesting features. For exam-
ple, we found that each of the six populations was able to
find strings which evaluated about 5% better than the best
of the randomly generated strings in the initial population.
This suggests that tuning list scheduling's heuristics may
have alimited effect on the schedules generated.

We aso found that the heuristic weights for well-
performing strings did indeed differ considerably based
upon the architecture compiled for and the scheduling
method used. Using both local and global scheduling on

3asuccessor operation isrestricted if thereisamaximum timethe result
of the dependent operation isvalid

each of three machines (URM, RS6000, i860), six popula-
tions of strings were generated to choose heuristic weights.
Table 2 shows the means and standard deviations of the
weights obtained from each of the 100 top performersfrom
the three GA poolsfor local scheduling. Table 3 showsthe
analogous datafor global scheduling. In each case, individ-
ual heuristics are identified by same number in which they
arelisted in Section 4.1. By looking at the top 100 strings
from each pool after 2500 generationswe can beginto deter-
mine how important each of the 24 heuristic factorsisto cre-
ating efficient schedules. A large averageweight, combined
with a relatively small standard deviation suggests that an
individual heuristic term must be important as it was in-
cluded in most of the high-performance bit strings.

Tables 2 and 3 show several interesting trends. These
data can be used to test the hypothesis (using confidence
analysis) that the “optimal” weight is different than zero for
any heuristic factor. When we do this we discover that, at
the 60% confidence level, al of the 24 heuristics are dif-
ferent from zero for at least one combination of schedul-
ing method and architecture. Thissuggeststhat each heuris-
tic is indeed useful in ordering data-ready nodes for some
scheduling context. However, only one heuristic, lexi-
cal _order (number 4), was found to be significantly differ-
ent from zero at the 75% confidence level for all six com-
binations of architecture and scheduling method. This is
certainly counter-intuitive as popular wisdom suggests that
critical path heuristics are the most important and that lexi-
cal order is relatively unimportant. It is curious, however,
that the weight for lexical order was positive in two pop-
ulations (both local scheduling) and negative for the other
four. Both critical path heuristics (2 and 3) in contrast, were
positive in all populations, though only significantly so (at
the 75% level) for five out of six populations for weighted
critical path and four out of six for unweighted critical
path. Note also that for local scheduling, unweighted crit-
ical pathisat least asimportant in determining good sched-
ules as weighted critical path, while for global scheduling
the weighted critical path seemed roughly twice as impor-
tant a heuristic, judging from the observed weights of the
high-performancestrings.

6 Conclusions

We have successfully used genetic algorithms (GAS) to de-
termine appropriate weights for the heuristic terms used in
list scheduling’sdiscriminating polynomial. We havefound
that GAsallow usto tuneour list scheduler to aparticul ar ar-
chitecture and scheduling method in a short amount of time.

It should not be surprising that our GA experiments
showed that effective discriminating polynomia weights
differed considerably from architecture to architecture as
well as when moving from local to global scheduling. This



Heuristic URM RS6000 1860
Number Weight | S.D. || Weight | S.D. || Weight | S.D.
1 -365 | 225 -56.4 | 23.7 -440 | 347
2 93.6 24.6 58.3 44.6 70.0 58.1
3 108.0 | 15.7 239 49.7 60.9 58.2
4 16.6 11.7 71.9 22.2 -11.5 | 595
5 -249 | 60.3 -6.73 | 495 0.38 75.1
6 -521 | 623 242 61.4 -1.92 | 645
7 -20.7 | 781 -16.1 | 72.2 -0.05 | 827
8 -233 | 735 -3.08 | 918 -824 | 678
9 -864 | 66.6 -242 | 845 17.7 78.1
10 -400 | 715 -1.87 | 718 -190 | 884
11 -1.25 | 81.0 17.6 55.8 3.75 55.1
12 231 26.1 1049 | 183 60.9 26.0
13 -533 | 67.6 31.0 72.6 69.6 52.0
14 -321 | 70.3 37.1 60.5 72.2 39.5
15 -238 | 710 -272 | 728 9.6 71.0
16 -186 | 49.0 0.99 76.5 -0.24 | 79.0
17 4.82 251 64.3 53.6 51.5 50.8
18 3.80 65.3 19.9 75.8 22.7 74.4
19 15.7 89.2 320 66.6 0.72 78.7
20 19.7 69.4 152 86.7 -16.6 | 75.6
22 5.96 40.9 -11.7 | 67.9 8.68 63.8
22 6.88 715 22.3 69.3 4.40 65.5
23 -292 | 714 325 60.7 68.9 47.1
24 -114 | 845 284 66.3 -7.29 | 70.7

Table 2: Heuristic Weights for Local Scheduling

Heuristic URM RS6000 1860
Number Weight | S.D. || Weight | S.D. || Weight | S.D.
1 -246 | 36.3 -65.1 | 36.7 -344 | 66.8
2 394 48.7 384 59.5 234 65.6
3 72.2 328 60.1 54.3 78.7 53.8
4 -175 | 742 -6.83 | 4.16 -19.1 | 233
5 23.0 78.8 16.6 74.7 -1.07 | 729
6 -169 | 8L6 -493 | 714 -7.20 | 847
7 -4.16 | 717 314 77.1 -6.19 | 85.7
8 -121 | 724 -289 | 77.3 2.08 67.1
9 111 83.6 -313 | 726 -11.2 | 643
10 -158 | 65.7 -149 | 76.8 -184 | 833
11 -811 | 846 -5.00 | 75.9 -2.1 60.4
12 -236 | 44.0 15.0 69.7 31.0 48.0
13 74.7 474 68.7 52.7 60.5 51.2
14 63.1 62.6 34.8 65.0 64.6 56.1
15 -11.0 | 699 30.6 74.8 -095 | 736
16 -8.66 | 633 -6.07 | 715 14.2 59.8
17 -408 | 633 -465 | 58.7 36.4 52.1
18 -294 | 821 -805 | 825 0.25 63.0
19 110 716 -463 | 743 9.24 725
20 -060 | 64.1 -9.93 | 805 194 64.1
22 -119 | 723 -230 | 61.2 -4.94 | 59.1
22 -585 | 64.7 0.24 725 17.8 735
23 74.2 39.7 56.7 63.4 67.5 425
24 -511 | 795 6.81 71.2 2.62 76.3

Table 3: Heuristic Weights for Global Scheduling

suggests that, as hypothesized, tuning heuristics to a partic-
ular scheduling context is an important consideration when
building an instruction scheduler. Our study of 24 different
heuristictermsindicated that all wereuseful in building alist
scheduler for at least one of the six combinationsof schedul -
ing method and architecture tested.

A number of different areas for future work isindicated
from this effort. The effect that different architectures play
in chosing a set of heuristics could bear much fruit. Study-
ing the effect of the application set used to derive the heuris-
ticswould beinteresting. Someof thetraditional ideasabout
which heuristicsareimportant are brought into question, and
these questions need addressing. The differences between
global and local heuristics, while not surprising, could lead
to other interesting research areas.
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