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Abstract

Historicaly, instruction schedulers have been developed in an ad hoc manner. This paper explores
using onescheduler for anumber of different architecturesand theramificationsof this. In order to achieve
thisgenerality, a machine description that encompasses arich set of architectural features and a scheduler
than can accommodate these descriptions are needed. Using the techniques described here, an efficient
local instruction scheduler that generates excellent code for instruction-level parallel architectures can be
built.
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. INTRODUCTION

Computer manufacturers are continually striving to make faster computers by 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
inclusion of instruction-level paralelism (ILP) ILP computers exploit the implicit parallelism
that most programs contain [54]. They overlap the execution of operations! that do not depend
on one another. For example, a memory address can be found while the value to store there
is computed. Today, typical ILP processors have a memory address, an integer, and several
floating point computational units. Future processors will have more of each of these. Some
ILP processors reorder operations based on the hardware knowing they depend on each other
(usually called Superscalar processors). Some (usually called (V)LIW processors) do not reorder
the instruction stream but instead rely on the instructions themselves to express parallelism.
Newer processors have hardware support for speculative execution. Unlike most traditional
multiprocessorsthat usually require explicit parallelism, ILP exploitation does not require users
to rewrite programsto use the potential parallelism.

While high-performance architectures have included some ILP for at least 25 years [54],
recent computer designs have exploited ILP to a larger degree. This trend shows no sign of
reversing. Effective use of ILP hardware requires that the instruction stream be ordered such
that, whenever possible, multiple low-level operations can be in execution smultaneoudly. This

We define an operation as an atomic computational function, such as an add, multiply, or memory access. An instruction is
an abstract representation of the operationsthat can be issued during asingle machine cycle. Aninstruction might contain more
than one operation, and the operation(s) may not be performed in the order they are presented in the instruction.
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ordering of machine operations to effectively use an ILP architecture’s parallelism is typically
called instruction scheduling (1S.) This paper describestechniques useful for building amachine-
independent instruction scheduler. The development of a machine-independent scheduler is
motivated by a desire to re-use the scheduler for multiple ILP architectures. List scheduling
(LS) [42], awell-defined instruction scheduling technique, provides a basis for such a machine-
independent scheduler. LS iswell understood and can be easily abstracted to build an excellent
scheduler independent of the ILP architecture. The ability to build a scheduler as described
here, that can be used for a variety of architectures given a small amount of machine-dependent
resource timing information, sharply reduces the time necessary to develop a quality compiler
for anew ILP architecture.

ISistypicaly divided into two categories:

1. local IS orders operations only within the context of a single basic block?,

2. hyperblock I'S schedul es loop-free sections of code, and

3. global IS considers more than one basic block when ordering operations.

It is commonly held that to best exploit the considerable ILP found in most programs, global
scheduling is necessary. Yet, this paper’s focus centers around techniques for building a local
scheduler. There are several reasons for this. First, while alocal scheduler is not sufficient
for generation of excellent ILP code, it is necessary as many global scheduling and software
pipelining techniques rely on alocal scheduler. For example, trace scheduling [29], dominator-
path scheduling [63], and superblock scheduling [44] use alocal scheduler to schedule multiple
adjacent basic blocks as though they were asingle block. So do the SP techniques of URCR [60]
and URPR [61]. Whileglobal scheduling techniquesare well-documented, practical discussions
of local schedulers are notable in their absence. This paper strivesto remedy that disparity.

The remainder of this paper addresses several practical issues involved in the construction of
a machine-independent list-scheduling instruction scheduler. Section |1 describes the machine
model which is important for our methods. Section |11 discusses the list scheduling algorithm
in detail. Section IV looks at several practical considerations that can lead to a more effective
and efficient list scheduler. Section V shows how our DDD model easily adapts to scheduling
instructions for a wide variety of ILP architectures, and Section VI looks at some additional

2A basic block is a single entrance, single exit sequenceof operations that can have a branch only at the bottom.
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concernsbrought on by thedesireto use alocal scheduler within aglobal scheduling framework.

[l. MACHINE MODEL

Before we can talk meaningfully about machine-independent instruction scheduling tech-
nigues, we need to identify the class of architectures for which such scheduling techniques are
designed. We wish to make the model as genera as possible to include as many architectures as
possible. Our model focuses on machine resource usage as the primary issue in both retargetabil -
ity and instruction scheduling. While thisresource information takes many forms throughout the
different phases of a compiler, for instruction scheduling’s purposes, the resource information
isincluded in the DDDs used in list scheduling. The architectures are assumed to to operate
synchronoudly. Beyond that, they may have arbitrarily wide instruction formats, pipelined func-
tional execution, permanent and transient storage elements with arbitrary (discrete) setup and
hold times, and brancheswith arbitrary (discrete) branch delays. Thisencompassesabroad range
of architectures, both non-ILP and ILP. While ISis only useful for ILP architectures, there are
no inherent limitations for using it for non-1LP machines. It will not benefit the overall runtime
of aprogram in anon-ILP machine, but it will not hurt it either. If IS can be made fast enough
from auser standpoint, then a single compiler can be used for many architectures without doing
any customization. Indeed, we have produced compilers based on this technology for non-ILP
architectures.

A. Data Dependence DAGs

I nstruction scheduling invol vesthe placement of machine operationsinto machineinstructions,
A data dependence DAG (DDD) is often used to describe the necessary operations and their
order. The nodesin a DDD contain the operations, and the edges denote a partia order on the
nodes. This partial order is used to guarantee program semantics. The edges of a DDD do not
constrain the order nodes are scheduled, only the order they appear in the fina schedule.

Asour architectural model is based upon resource usage, we rely heavily on the formalism of
data dependence analysis. There arethree basic types of data dependence as described by Padua
eta. [50]:

« Flow Dependence — also called true dependence or data dependence. An operation m; IS

flow dependent on operation m if m, executes before m, and m1 writes to some memory
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location read by m..

« Anti-Dependence — also called false dependence. An operation m is anti-dependent on
operation m if m, executes beforem, and m, writesto some memory location read by m;,
thereby destroying the value needed by m .

« Output Dependence. An operation m IS output dependent on operation m if m; executes
before m, and m, and m both write to the same location.

In [66], Vegdahl uses both minimum and maximum times on the edges in a DDD to express
complicated timingsbetween nodes. Inthispaper, A(e) = (min, max ) will be used to denotethe
timing associated with an edgeinaDDD. Thisallowsthe description of arich set of architectural
features, and importantly, allows the description of many different kinds of architecturesin one
representation. Therefore, a scheduler using this representation can be made generic and will
work for any number of different machines. For instruction scheduling the following are easily
expressed with edges that have non-infinite maximum timing:

« multi-stage pipes, either homogeneous or heterogeneous (e.g., a single pipe that does both

multiplications and additions),

« transient resources such as the latent register designation on 1860 [37] pipe operations, and

« other operations extending beyond one clock cycle including delayed branches.

Resources that latch their values (such as general-purpose registers) are modeled with the
maximum time set to an infinite value. Processor scheduling, semaphores and other inter-
process or] communication can be modeled using non-infinite maximum timings.

Using A(e), therange of instructionswhere each operation can be placed can also be cal cul ated.
Thisrangewill betermed ©(op) = (min, max ), meaning op can be scheduled in any instruction
I | min < ¢ < max}. Thisistermed the absolute timing [4] for op.

The absolutetiming cal cul ation (see Section 1 V-B) providesan easy method to check for timing
errors. For example, if a node's earliest time becomes later than its latest time, atiming error
is present in the current schedule. This checking provides a means for detecting errors either in
the order of packing nodes from the DDD or in the DDD itself.

To show how the resource dependence information is incorporated into a DDD, consider the

code fragment shown in Figure 1. It assumes an assembler format for a hypothetical computer
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1) add rda, r2, r3

2) mul t r3, r5, r6
3) add r7z, rl, r8
4) sub r8, r4, r2

Fig. 1. Sequentia Assembly Language Example

Fig.2. DDD for Figure 1

that is asimple 3-address assembly language of the form
op  sourcel, source?, destination

TobuildaDDD, weneed to know the data dependence times and rel ationshipsfor theresources
(all registersin this case) involved in the example. Let these times be (1, oo ) for the registers
flow dependence time and (0, oo) for the registers anti-dependence time. Figure 2 shows the

DDD for the code fragment depicted in Figure 1.

[11. LIST SCHEDULING

List scheduling derives its name from the fact that a list of data-ready nodes (those with no
unscheduled predecessors) is maintained. the input to the list scheduler is typically a DDD,
representing dependence among the nodes that must be maintained in order to guarantee original
program semantics. During list scheduling, the DDD node to be scheduled next is heuristically
selected from the data-ready set (DRS). While this does not guarantee optimal results (local
scheduling is, after al, N P — complete [22]), it givesexcellent resultsin practice[42]. In short,
list scheduling performsatopological sort of the DDD in an attempt to schedule each DDD node

in the shortest possible sequence of instructions subject to
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1. the graph’s dependence constraints, and

2. the machine'sresource limitations.
We should note that list scheduling is not the only instruction scheduling technique available.
It is however, both a very genera scheduling technique and a very popular one, and thus we
will concentrate on list scheduling in this paper. This section givesthe list scheduling algorithm

(Figure 3) and looks at popular heuristics for choosing the next node to schedule from the DRS.

A. Heuristics

Because list scheduling uses heuristics to prune areas of the search space that appear uninter-
esting, the heuristics must be chosen with great care so unsearched spaces are truly uninteresting.
The choice of giving one operation higher priority than another can have great influence on the
final schedule. Thisis particularly true in the presence of multi-cycle operations. If an operation
with a long latency is scheduled late, it may have a large negative influence on the overall
schedule length by serializing the code. In architectures where more of the hardware features
arevisiblein order to achieve greater performance, this is counter-productive.

A heuristic often cited [2], [42], [62], [ 72] as one necessary for efficacious list scheduling is
that of critical path. A critical path in a DDD is defined to be a longest path from any of the
rootsto any of the leaves [34]. Itiseasy tofind acritical pathinaDDD if al the heights of the
nodes are known. Computing the height of any node issmple

. if thenodeisaledf, its height is zero,

. elseitsheight isthe largest height of its successors, plus one.

Tofind acritical path, find alargest root node, and follow ahighest successor node until reaching
aleaf. The path followed will be acritical path.

This definition is correct for unweighted DDDs, that is, those whose edges are of unit length.
With the introduction of weights on the edges of the DDD, the definition must be dightly
modified. A schedule-critical path is one with the greatest sum of the edge weights from all the
rootsto al the leaves. We define schedule height as

. if thenodeisaledf, its schedule height is zero,

« elseitsschedule height isthe largest schedule height of its successors, plusthe length of the

edge (A(€)min) to that successor.

In Figure 4, node 1 would have a height of 1 and a schedule height of 6. If node 1 does not
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Algorithm List Scheduling
I nput:
Operation sequence OP = opy, opa, . . ., 0p;
Data Dependence DAG, DDD
Resource function, U
Output:
Instruction sequence | = 14, Iy, ..., I},
Algorithm:
Find the priority of each operation Priority(op;)
C=0
Scheduled = ()
UnScheduled = OP
DRS=1
WHILE Jop such that op € UnScheduled DO
DRS = op; such that Vj op;, = op; = op; € Scheduled
C=C+1
I.=0
FOREACH x, = €DRS, in ascending order of Priority(x) DO
| F resource compatible for al K: (as defined by
SU(z, Ry) 4+ Uz, Ry) = 1)
I.=1.+X
Scheduled = Scheduled + x
UnScheduled = UnScheduled - x
Vy suchthat z < y
IFVzsuchthat = < y = 2 € Scheduled
DRS=DRS+y
DRS=DRS- x
end IF
end FOREACH
end WHILE

Fig. 3. List Scheduling Algorithm DRAET



Fig. 4. Critical path comparison

have any machine-resource conflicts with the other nodes, it should be scheduled before any of
the others so that it executes in parallel with the others. Basing the choice of operations upon
schedule-critical path instead of critical path would accomplish this.®

A.1 Specifics

Certainly, avast number of heuristicsare availableto reduce the search space of list scheduling.
The search spaceis condensed by choosing one nodein the DRS that appears most promising for
generating a short, valid schedule. In order to get a short schedule, the schedule-critical path is
the most important heuristic. Thisis because the schedule-critical path defines the lower bound
for the length of the schedule. All other nodes might or might not have an impact on the fina
length; those on acritical path will #

An examplewhere scheduling based on schedul e critical path doesnot produceavalid schedule
isshown in Figure5. Nodes 1, 3, 4, 5, and 6 form acritical path for this DDD. If the resource
usage for node 2 conflicts with all the nodes on a critical path, this DDD will not be properly

3Critical path and schedule-critical path different only if A(e)min # 1.
“Note that there may be multiple critical paths, i.e. more than one longest path from the sourcesto the sinks.
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Fig.5. A DDD where the critica path heurigtic fails

scheduled. Nodes 1, 3, 4, and 5 will be placed first. Node 2 is scheduled following node 5,
causing atiming violating from 5 to 6. 1f node 2 had been placed before node 5, the DDD could
be schedul ed.

Another heuristic often used to produce valid schedules isthat of raising the priority of nodes
having restricted timing on successor edges. The logic behind thisis to first place those nodes
that are more “difficult” to schedule. Nodes with unrestricted timing only depend upon being
dataready for placement.> Thisisanother heuristic that doesnot helpin creating avalid schedule
inthisDDD.

In Figure 6, the critical path and the restricted successor heuristics form competing, erroneous
heuristics. Assume node 2’ sresources conflict with those of nodes 3, 4, and 5. If the critical path
heuristic is given the most weight, followed by the restricted successor, nodes will be scheduled
in the following order: 3, 4, 5, and 1. Node 2 will not be able to be placed due to its conflicts

with node 3, 4, and 5. If the heuristic importance is switched, nodes will be scheduled in the

5As mentioned before, list scheduling uses the data ready condition asits foremost priority heuristic.
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Fig. 6. A DDD where the heuristics compete.

following order: 1, 3, 4, and 5. Again node 2 is unable to be scheduled. Only if node 2 is
scheduled somewhere between nodes 3, 4, 5, and 6 will avalid schedule be achieved.
Developing a set of heuristics that attempts to produce a valid schedule for avalid DDD can
be challenging. Further, the most useful heuristics for assuring validity during list scheduling
vary from architecture to architecture. This results from architecture-dependent features. one
may have arestrictive branch delay while another may have a synchronous pipe that does not
latch its output. Differing machine features make the generation and reuse of heuristics difficult

when a machine-independent scheduler is desired.

A.2 Enumeration

Wehaveinvestigated many heuristicsin achieving valid schedulesfor avariety of architectures.
We found that heuristics useful for one architecture are not for another. Typically, considerable
testing goes into choosing heuristics for a particular target, but some heuristics, such as critical
path are amost aways used. Allan and Mueller describe a descriminative polynomial selection
[5] mechanism to to combine multiple heuristic factorsinto one heuristic ranking. Hereisalist

of heuristicsthat have been useful for some architecture we have targeted:
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1. hei ght.

2. schedul e_hei ght .

3.on_critical _path.

4. on_schedul e_critical _path.

5. | exi cal _or der —orderingof nodesfromsource. Fisher [30] showsthat programlexical
order is not agood metric for list scheduling priority, our experience agrees with this. This
can be used for non-I1LP architectures for a default ordering.

6. br anch_node —the node is a branch node, especially useful in the presence of delayed,
restricted branching mechanisms. This has been used to increase the chance a branch node
will be placed before other operations.

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

8. resource_usage_of _thi s_type—theamount of use of thisnode'sresourcein this
DDD. The more contention for resources, the earlier anode should be placed in order to free
the resource as soon as possible for reuse.

9. used_and_defi ned_r esour ces — as above, nodes that use more resources than
others should be scheduled so they do not interfere with others needing those resources.

10. | east _recently_used_resour ce —a method of forming round-robin reference
to resources.

11. fi el d_usage_of _this_type—aswithresources, try to minimizefield conflicts.

12. fi el ds_used —assupra

13. | east _recently_used fiel d-—assupra

14. successor s — the more successors a node has, the earlier it should be scheduled,
allowing its successors to become data ready as early as possible. This exposes more
parallelism to the scheduler.

15. restricted_successors — the more restricted successors a node has, the earlier
it should be scheduled so timing is more flexible within the DDD. Once timing becomes
increasingly limited, restricted successors become harder to place.

16. total _restricted_successor s —tota of A(e) for al restricted successors.
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17. shortest _restricted_successor —restricted successors having asmaller A(e)
reduce flexibility, and therefore the possibility for valid scheduling, diminishes.

18. di st ance_f rom succs —ameasureof how restricted the edgesto the successors are.

19. average_restri ct ed_successor —theaverage of A(e) for al the restricted suc-
Cessors.

20. identical heuristicsfor predecessors as 14 to 19 for successors.

All of these have proven useful in different circumstances for agiven DDD.

A.3 Update Interval

Once the factors that will make up the heuristic evaluation have been chosen, we still need to
address theissue of when to update the priority weightingsfor the DDD nodes. Two possibilities
exist:

1. calculating the weights once, before the list scheduling algorithm begins (denoted static

weighting), and

2. calculating after each nodeis placed in an instruction (denoted dynamic weighting).
Certainly, the first method requires the least computation time. It also gives a good estimate
of the overall priorities present in the DDD. Its difficulty isthat a DDD does not remain static
throughout the scheduling process. As operations are placed into instructions, they are removed
from the DDD, changing the shape and makeup. Thisisnot reflected in the prioritiesif they are
calculated only once. Of the heuristics listed above, 1, 3, 5, 6, 7, 8, 11, and 12 are not dynamic
valuesand so if they arethe only one used, thereis no need to computethe prioritiesdynamically.

One important heuristic that can change during scheduling is critical path. If nodes are
scheduled from a critical path, chances are favorable that the path will become shorter than
another remaininginthe DDD. A simple exampleisshown in Figure8. Originally, nodes1, 2, 3,
4, and 8 are on a critical path. After nodes 1 and 2 are scheduled, nodes 5, 6, 7, and 8 congtitute
acritical path. Another particularly important heuristic is that of schedule range (©(op)). For
example, node 3 will originally have ©(3) = (1, o). After the placement of node 2, node 3 will
have ©(3) = (n,n) where n is one greater than the scheduled value of ©(2). Thisisamuch
tighter bound on the range of node 3 and should be reflected in its priority.

The decision as to when to generate the priorities on the nodes is one that must be considered

carefully when producing a list scheduler. Empirical results usually drive the decision; if the
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Fig. 7. Critical path competition

1

1.1

Fig. 8. Need for dynamic schedule range calculation
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static method works well, no reason exists to use the dynamic method.

B. DAGs and Orders

Given that DDDs are, by definition, DAGS, we can use the properties of DAGs to provide
insight into instruction scheduling. DAG edges provide a partial order on the nodes such that
an edge between nodes specifies when nodes can “execute” relative to each other. Knuth [38]
defines a partial order on a set S as a relation between the objects of S, denoted with “ <"
satisfying the following propertiesfor any objects «, y, and = (not necessarily distinct) in S

1 Ifx<yandy < z, thenz < z. (Trangtivity.)

2. Ifx <yandy < x,then z = y. (Antisymmetry.)

3. If 2 < z. (Reflexivity.)

If + < yand = # y then wewrite z < y. =< istermed “precedes or is equal t0”, and < is
termed “ precedes.” For the relation <, transitivity is aso defined.

Given a DAG, scheduling involves finding a total order consistent with the partial order that
the DAG represents. A total order is a partia order a1, as, ..., a, such that whenever a; < ay,
we have j < k [38]. A agorithm to generate such atotal order called a topological sort. Of
course, there are potentially many different topological sortsfor the partial order represented by
aDAG.

C. Enumerating Orders

As scheduling a DAG requires performing a topological sort, we might well ask how many
different topological sorts are possible for agiven DAG. The answer is, in part, that the number
of different topological sorts for DAG is primarily determined by the number of edges in the
DAG. In a completely-connected DAG D (one with an edge between every pair of nodes on
neighboring levels®), with nodes N and edges £, the number of different possible orderingsis

l<=levels
D(N,E) ][] (number of nodesin)!
=0

This formula can be derived by observing that all nodes at level | must be placed before any
nodesinlevel [+ 1. The number of different orderingsat any level isthe number of permutations

for the nodes at that level. Thisresultsin alower bound for the number of orderingsfor aDAG.

5The level of anodein aDAG is defined to be length of the longest path from the roots to the node.
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The upper bound may be calculated by using a completely unconnected graph. The functionis
then simply
D(N, E) N!

This is the number of permutations of all the nodes. This represents the ultimate in flexibility.
As the number of orderingsincrease, the number of different final schedulesincrease, allowing
ascheduler more opportunities to create good schedules. A difficulty with reducing the number
of edges is the resultant increase in the size of the search space. To make use of the increased
flexibility, a powerful search technique must be used.

Recent work by Brightwell and Winkler [16] has shown that determining the actual number of
total ordersinaDAG, given apartial ordering, is#P—complete. That is, theproblemisat least as
hard as finding all the Hamiltonian circuits existing in a graph [32]. #P—complete enumeration
problems are thought to be “harder” than their corresponding NP—compl ete existence problems.
For example, if P=NP, and it could be shown in polynomial timethat an arbitrary graph contains
a Hamiltonian circuit, it is not apparent that this would provide a polynomial time method
of knowing how many Hamiltonian circuits exist. The fact that instruction scheduling is NP-
completetellsusthat no known algorithm can guarantee an optimal schedule without performing
an exhaustive search. Given that determining the number of topological sorts possible for a
given DAG is #P—complete, we cannot realistically expect to find an optimal solution and thus,

heuristics are essential to perform list scheduling.

D. Complexity

List scheduling has a complexity of O(n?) [42], [33]. This is because it operates on a
precedence graph; genera precedence graphs have O(n?) edges [19]. Landskov et a. give
another technique for viewing list scheduling’'s complexity: consider the worst-case DDD, one
where no data dependencies (edges) exist between nodes and al nodes have resource conflicts
with each other. To schedule any node, one must examine all the nodes that remainin the graph
for their current priority to choose the most important one. One must also examine aready-
placed nodeswithin the node’s range to check for interference with the chosen node; all of them
will interfere. Therefore

1. nodes are checked “=1" times to decide which to schedule next, and

DRAFT



17

2. chosen nodes are then checked for conflict @ times against the nodes already placed.

This bounds the problem by n? — n or O(n?) (note either bounds the problem by % or O(n?).)

Given this complexity bound, can an optimal schedule be found in polynomial time? If list
scheduling could generate all possible schedules in polynomial time, the shortest could certainly
be chosen in polynomial time. The question is therefore transformed into: Can all schedules be
generated in polynomial time? The answer, as indicated in Section [11-C isthat theory tells us
itis highly doubtful.

Consider the generation of the data ready set from which list scheduling chooses operations
to be scheduled. To add amember to the DRS, all of the node's predecessors must aready have
been scheduled (and in some fashion, removed from the graph.) If a node has any unschedul ed
predecessors, it cannot be added. This operation of finding which nodes to add to the DRS is
an example of producing atopological sort of a precedence graph, that has complexity of O(n?)
(topological sorting has O(max(nodes, edges)), and precedence graphs can have O(n?) edges.)
As thisis aso the complexity of the entire list scheduling technique, list scheduling must be
as hard as producing a topological sort of a general precedence graph. As above, calculating
conflicts adds to the complexity, but does not change the order. If both resource and encoding
conflicts must be checked, complexity can become as great as 3r?, till O(n?). If topological
sorting was not required to properly schedule a graph, a method with less complexity might be
possible. In Section [11-C, generating the number of total orders consistent with apartial order is
discussed. An upper bound of O(n!) is given and any process to enumerate the total orderings
issaid to be #P-complete.

Theimpact of recognizing that list scheduling istopological sorting has several results, namely
it:

1. Showsthat it cannot generate a known optimal schedule in polynomial time.

2. Givesamethod for viewing list scheduling, i.e. seeing it astopological sorting.

3. Produces a method for analyzing the algorithm.

4. Demonstrates that for valid input, valid output is possible.

Another interesting point is observed: list scheduling’s building a data ready set, and thereby
performing atopological sort, isaheuristic used to create valid schedules. Theimplicit heuristic

is: scheduling nodeswith no unscheduled predecessorsresultsin valid total orderingsmore often
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than scheduling nodes with unscheduled predecessors.

V. PRACTICAL CONSIDERATIONS

Given our basic DDD model and the list scheduling techniques described in Section 111, there
aresevera additional featuresthat contributeto an effective local scheduler. One of theforemost
concerns deals with which “direction” scheduling proceeds. We have assumed to this point that
DDDs would be scheduled top-down, from the sources to the sinks. It is certainly possible
to scheduled bottom up, from sinks to sources. Section IV-A discusses scheduling direction
considerations.

The computation of absolute times for the nodes needs to be efficient in order to have an
efficient scheduler. Section 1V-B discusses our method.

Another concern when scheduling isthe possibility that scheduling will fail. Thisisaconcern
because we are using a heuristic method (as we must) and “difficult” timing may lead to
scheduling failures. This is especialy true when considering edges that represent restrictive
timing (non-infinite max times). Several techniques have been suggested to decrease the risk
of scheduling failure. Three such techniques, check and schedule, foresighted scheduling, and
lookahead scheduling are discussed here.

Finally we consider the of ten antagoni stic rel ationshi p between register assignment and instruc-
tion scheduling, Both register assignment and instruction scheduling are necessary components
of a compiler for ILP architectures. Whichever is executed first during compilation, however,
will adversely effect the efficiency of the other. Section 1V-F investigates this problem and

suggests severa practical solutions.

A. Scheduling Direction

The direction a scheduler traverses a DDD can have a large influence on the final schedule
length. Thusfar, forward traversalshavebeen discussed. To schedulein thebackwardsdirection,
no changes to the algorithms thus far enumerated are required. The change occurs exclusively
in the data structure representing the DDD. Here, all the sources become sinks and vice versa,
all the predecessors edges become successor edges and vice versa, and al the operations are
placed in instructions beginning at the end of the schedule. Upon completion of scheduling, the

instruction list is reversed to reproduce the original semantic ordering of the source.
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Allan and Mueller [4] note that one direction will succeed in producing a valid schedule in a
given architecture much more often than the other. Biasis predicted on the presence of restricted
timing within the DDD. Reasons for this bias include:

1. Presence of restricted branch delays. If branchesin an architecture have (n, m) (or more
likely (n,n)) timing to the end of the DDD, there exist few (or one) instructions in which
they may be placed. Reverse traversal will tend to place thistype of operation in the correct
instruction early in the scheduling process, increasing the chance for a valid schedule.
Increasing the branch node’s scheduling priority is another way of achieving thisend.

2. Presenceof restricted machine pipe stages. Asabovewith branch delays, (n, m) pipe stages
can cause failures when a pipe operation is not instantiated at the proper time. Traversa
direction is dependent on whether

(a) theinputs of the pipe are latched,
(b) the outputs of the pipe are latched,
(c) both are, or

(d) neither are.

3. Use of transient condition code registers within the DDD.

It isalso possible for the direction to have an effect on the length of the final schedule without
considering the impact of restricted edges. The reason is ssimple: direction has an impact on the
order nodes are chosen to be placed. Thisis because the formation of the data-ready setsdiffers
between the two directions. It may be worthwhile to attempt both and choose the shorter. If one

direction failsto produce avalid schedule, the other direction certainly should be tried.

B. Computing Absolute Timing

In the context of building a list scheduler, it is convenient to associate both relative times
and absolute times with each DDD node. While relative times (decorated on the DDD edges)
indicate the timing relationship between two DDD nodes, the absolute time of a node indicates
the possible range of instructionsinto which that DDD node might be schedul ed.

An operation is said to be data ready if all of its predecessor operations have been scheduled.
Similarly, an operation is said to betiming ready if it is dataready and the minimum edge time,
between each of the node's predecessors and the node, has el apsed.

Assigning an absolute time interval to each node in the DDD provides a measure of urgency
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Fig. 9. DataDependency DAG. edges are annotated with (min,max) pairs.

and yields adynamic priority. The absolute time of an operation isarange of instruction indices
in which the operation can be placed. For example in Figure 9, once Oy is placed in instruction
1, relative timing information indicates successor Oy is ready to be placed in any of the next 1
through oo instructions. However, because of thetiming alongthe path Og — Og — O30 — Oq,
placing Og beforeinstruction 7,4, will result in an eventual timing error.

Absolute timing utilizes the relative timing information and the location of previously sched-
uled nodes. If O,, hasabsolute timing (min.,, max,,), O,, may only be placed at an instruction
with indices between min,, and maz,, inclusve. Though min,, aways has a finite value,
max,, is often initialy infinite, due to infinite relative times. As predecessors are placed, the
absolutetimeinterval shrinksasmin,,, increasesand max,,, decreases. When O,,, isplaced at 7,
(min,,, maz,,) ischangedto (k, k). If anode has absolute timing such that m:n,, > maz,,, the

algorithm fails as the node cannot be placed; no placement can satisfy the conflicting absolute
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set_time(node)
/* node has just had a change in absolute time.
set_time propagates those changes to surrounding nodes. */
{ for each successor, succ, of node
if the following statements alter succ’s absolute time
MiNsyee= Max(minguee, MiNpode + MiNnode—suce )
MAT gyee = Min(maz syee, MaTnode + MAT pode—s suce )
then call set_time(succ)
for each predecessor, pred, of node
if the following statements alter pred’s absolute time
MiNpreq = Maz(ming,cq, MiNgode — MAT pred—node )
Mazpreq = Min(mazp,ed, maz o4e — MINpred—node )

then call set_time(pred)

Fig. 10. Absolute Timing Algorithm. Min and M ax refer to functions returning the minimum and maximum of
the arguments, respectively.

timing requirements.

Therecursive algorithm that computes absolutetimeis shown in Figure 10. Given that thereis
an edgefrom « to b, min,, refersto the minimum absolute time of the node and min,_., refersto
the relative minimum timing from « to 6. If the algorithm initially computes conflicting absolute
timing, the graph is unfeasible regardless of the method used to scheduleit.

A new absolute timing pair for node m is computed having the largest possible range that
satisfies the current absolute timing and the edge timing. Then, the old absolute timing and the
new absolute timing are combined by using the intersection of the two ranges. The maximum of
the minimum timesand the minimum of the maximum times providesthisoverlapinrange. If the
ranges do not overlap, the new minimum will be greater than the new maximum. Thisindicates
that both timings cannot be satisfied, and the algorithm fails. The absolute timing algorithm is

first used to produceinitial absolute timing. As each operation is placed in an instruction during
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scheduling, the absolute timing algorithm propagates the effects of the placement by restricting
timing assignments.

Note that relative times are assigned by the code generator, whereas the absolute times are
assigned solely as an aid to scheduling. Relative times are determined from a small amount
of contextua information; absolute times are assigned after examining the entire graph and are

updated as operations are placed.

C. Check and Schedule

Su’s Check and Schedule (CAS) [62] starts with the timing analysis in a given DDD, and
modifies the DDD to avoid scheduling failures due to incorrect timings. Su calls this timing
computation extended timing.

CAS continues with timing conflict checking and a resource conflict checking to examine the
DDD, and will abandon the scheduling and provide checking information if the given DDD
proves erroneous. There are two reasons for schedule failure: failure caused by unfortunate
scheduling decisions, termed scheduling failure, and failure inherent in the DDD termed infea-
sibility.

Asthelast phase of the overall procedure, the CAS agorithm will determine the priorities of
operations and schedule those with the highest priority after resource checking is conducted. An
operation will be scheduled provided it passes this checking.

Extended timing is the inferred timing between every node in a DDD. The extended timing
between node i and node j in agiven DDD is defined to be the final strict timing when all the
nodesthat have direct or indirect timingswith node i and node j are considered. Namely, if node
] has more than one scheduling interval, the intersection of them will be taken as its extended
timing, denoted by (ext_min, ext_max). Extended timing is important in the identification of
infeasibleDDD’sasany pair of nodesin whichext_min < ext_max impliestheDDD isinfeasible.

Figure 11 gives the CAS agorithm.

D. Foresighted Scheduling

In basic LS, the instructions of the schedule are packed in sequence, with the last operation
placed in instruction /; before the first operation is placed in instruction 7, ;. Operations are

selected for placement in order of priority. LS under timing constraints differs from traditional
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Algorithm Check and Schedule

I nput:

DDD and resource vectors of each node.
Output:

The scheduled instruction sequence
Algorithm:

1. Calculate extended timings of all pairsof nodesin DDD and
replace relative timings with extended timings.
2. Check timing conflict of all pairs of nodes. If any timing
conflict, terminate CA S and output corresponding information.
3. Check resource conflict.
4. cc(current cycle) = 0.
5. WHILE (there exists any node unscheduled) DO
5.1 Calculate priority for al data-ready nodes.
5.2 Pick up node n that has highest priority.
5.3 S= Foresight (n, Constrained, cc) to check whether
all successor nodes can be scheduled.
54I1FS

place ninto /..

ELSE
IF max(n) > cc
place n into data-ready set, DRS(cc+1)
ELSE
return failure
end WHILE
6.cc=cc+1
7. IF not all nodes scheduled
goto 5.

Fig. 11. Check and Schedule Algorithm
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techniques in that the single data ready list is replaced by a timing ordered list of data-ready
sets [4]. When an operation becomes data ready, it is placed on the DRS associated with its
absolute minimum time. For example, when O, is placed in instruction /, and thereis an edge
a — b, bisplaced inthe DRS Set; if all predecessors of 4 have been scheduled and its absolute
minimum time is s. When instruction /, is formed, only operations from Set, are considered.
Any operationsin Set, that are not placed in /, whose absolute maximum time exceeds s are
added to Set,, ;. If there exists an operation in Set, not placed in I, that has an absolute max
time of s, it cannot be moved to the next timing ordered set. Scheduling fails as the operation
is not scheduled in the allowable interval. LS under timing constraints is also different in that
scheduling can fail as resource constraints prohibit a node from executing within its timing
constraints.

References [4] suggest several methods for computing priority to minimizetherisk of failure.
The smaller the range for a node, the higher the priority. However, the basic problem with
traditional LS techniques is that priority usually provides a weak measure of the effects of
decisions on the final schedule. Foresighted L S attempts to make better decisions by testing the
immediate effects of apotential scheduling choice on the schedulability of remaining constrained
(finite range) nodes.

Though this practice is expensive, the cost of foresighted scheduling can be reduced by the
reuse of information. The constrained sets differ by a few operations due to the fact that once
an operation enters the constrained set, it normally remains constrained until it is placed. The
approach used by Wijaya and Allan is to make local modifications to the previous foresight

schedule rather than to start over each time [71].

E. Lookahead

As noted before, the edges in a DDD only limit the ordering in the final schedule, not the
order the schedule is created. So long as the partial order is preserved, the order of placing
the nodes is irrelevant. The absolute timing algorithm specifies the range in the final schedule
where an operation can be placed. Because the foresight routine examines instructions in this
range for node placement, if foresight succeeds in finding a valid place for an operation, then
that placement will bevalidinthefinal schedule. An alternativeview isthat not only can anode
be placed where foresight predicts, it should be placed there. A method termed |ookahead [8]
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was developed to place operations instead of just testing for the possibility of placement. The
original motivation for lookahead was to increase both the speed and the chances of creating
valid schedules for a stochastic scheduling method [7]; it was then noticed it could speed up
generic LS aswell.

Several minor changesto L Swithlookahead need to be noted. First, the definition of dataready
does not change; i.e., it is still those nodes in the graph that have no unscheduled predecessors.
The computation of these nodes might be different. 1t isno longer enough to remove nodesfrom
the DRS when they are placed by LS; one must also add and remove nodes in the DRS based
on those lookahead places. Lookahead can remove any or all the nodes on the DRS; it can also
make nodesfurther down inthe graph dataready by placing all their predecessors. The scheduler
must also ignore all the nodes that are placed by lookahead during later stages of the scheduling
process. Both of these conditions are handled in the compiler by the addition of aflag in the
nodes that state whether or not the node has been placed, either by LS or by lookahead. It is
also important for lookahead to check nodes in a breadth-first manner so that no cycles develop
during the procedure.

A decision must be madeasto whether to pack only thenodeswith ©(op) = («, a) (equivalently
A(e) = (n,n)), or additionally to pack the nodes with ©(op) = (a,b){a,b | a < b < oo}. In
the first case, no choice exists as to when to pack the nodes, they must be placed in instruction
¢ + n. The second case contains more flexibility and requires the analysis of a tradeoff. Having
lookahead place them will result in alarger chance of generating avalid schedule, similar to the
improvement that foresight has to plain LS. However, if lookahead does not immediately place
the ©(op) = (a,b){a,b | a < b < oo} nodes, the scheduler may be able to produce a more
compact final sequence.

This tradeoff varies with the flexibility in the operation’s schedule range in the current DDD,
and in the architecture, making it difficult to analyze the tradeoff universally. For example, if
the current DDD is wide (displaying a lot of paralelism), constrained operations might need
to be placed immediately so that other parallel operations do not consume all needed resources
in O(op). For machines with a large amount of available parallelism, final placement should
probably be deferred, allowing the most flexibility for the scheduler. Placement decisions made

between the time of finite constraint and final packing are less likely to have a del eterious effect
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as there is more “room” in each instruction for operations in these types of architectures. A
heuristic based on the range for any node could be tuned on a per-machine basis to control the
amount of lookahead.

Note that any failure to place a restricted node with lookahead would result in a failure later
in the scheduling process, thereby reducing the time spent scheduling an infeasible schedule.
Lookahead also schedules nodes without having to topologically sort them. By doing so it
reduces the number of nodes LS must deal with and thereby increases the speed of scheduling
[9].

Also note that naive lookahead places nodes in the final schedule non-heuristically. That is,
thereis no order in examining the constrained nodes based on node weights built into lookahead.
While this expedites the process, lookahead could be extended to deal directly with differing
prioritiesin the constrained node set so that the final schedule length is optimized.

It is important to understand that using lookahead with LS does not guarantee that no timing
failures will occur; it only lessons the chances of encountering such failures. There ill is the
possibility that valid DDDs exist that cannot be scheduled due to poor choices made by the node
priority heuristics. This is an inherent problem when only searching a small subspace of the
possible solutions.

F. Register Assignment and Instruction Scheduling

The optimization of keeping program values in registers as much as possible consists of two
(potentially) distinct problems: register allocation which determines those program val ues that
will be placed into aregister resource, and register assignment which maps those program values
to be allocated to aregister to the available machine register st.

While Sethi has shown optimal register assignment computationally intractable [58], good
heuristics exist that produce near-optimal results in reasonable time. One popular method,
developed by Chaitan, [17], [18] initially assumes an infinite number of available “symbolic”
registers, allocates each scalar value to adistinct symbolic register, and later maps the symbolic
registersto the finite target architecture register set using a graph coloring heuristic. We assume
agraph-coloring register assignment scheme because of its proven effectiveness and because its
basis in well-founded mathematical principles allows easy retargetability from one architecture
to another. We use Briggs' [15] methods that enhance the eff ectiveness of thismethod of register
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Fig. 12. (a) DDD without anti-dependency edges (b) Oneway of inserting anti-dependency edges (c) Another way
of inserting anti-dependency edges (d) Renaming to eliminating anti-dependency edges

assignment.

Whiledetermination of datadependenciesfollowstraditional dataflow analysis, anti-dependencies
are not as straightforward. An anti-dependency exists when a register is reused. Hence, anti-
dependency edges are tied to register assignment. Suppose « is defined and used twice in a
section of code as in Figure 12a, in which the code has been augmented with data dependency
edges. We can force one live track to complete before the other by inserting anti-dependency
edges as shown in Figure 12b or 12c[3]. Noticethat the length of the longest dependence chain
is four in Figure 12b and is six in Figure 12c.” If renaming is allowed, as in Figure 12d, the
longest dependence chain isthree. Actually the problem is much more pervasive. Since every
variable must be mapped to a physical register (assuming a load/store architecture), there are
anti-dependencies between uses of the same register.

Register assignment can be done before or after scheduling, the decision of which to do first
being a common phase ordering problem. When scheduling is done first, anti-dependencies
areignored in this phase as infinite registers are assumed. The succeeding register assgnment
phase typically has many more conflict edgesto consider because of the greater overlap of live
tracks. Hence, there is a higher probability that there will be insufficient registers. When spill
code is introduced, it is not efficiently integrated into the surrounding parallel code without a
subsequent scheduling pass. The likelihood of needing spill code, requiring two scheduling
passes, convince some that register assignment should be done before scheduling. The problem

"If we assume that uses of aregister precede stores within a machine instruction, the nodes connected by an anti-dependence
can be performed simultaneously. Thus, the dependencechains are three and five, respectively.
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isthat many register assignment algorithms attempt to use the minimal number of registers. Ina
sequential environment thisis advantageous, butin aparallel environment, thefewer theregisters
the greater the anti-dependency edges that limit parallelism. There is considerable research in
combining these phases [36], [23], [35], [15], [39], [52], [55], [51], [11].

Given that neither early nor late register assignment provides a good solution to the phase
ordering of register assignment and instruction scheduling, several reseachers have proposed
phase-coupling techinques.

Bradlee [13] discusses a method of mixing the two phases in which initial passes of an
instruction scheduler get estimates of the schedule cost given a certain number of registers. The
scheduler isrunlocally with avery limited number of registersand then again with the maximum
number of registers in the machine. These values are then used to allocate a certain number of
registersfor each basic block.

As a method to merge register assignment and instruction scheduling, Freudenberger [31]
combines register alocation and assignment within trace scheduling. This combination is
motivated in part by the assumption that trace scheduling, being an aggressive global scheduler,
would be crippled by early register assignment. In addition, Freudenberger assumes that the
register pressure added by an unchecked trace scheduler would make it virtually impossible for
late register assignment to avoid spilling. Thus, hetreats registers as resources and his schedul er
will only “assign” avalueto aregister during scheduling when afreeregister is available.

Pinter’s work [51] realizes that early register assgnment is too conservative due to adding
extraneous anti-dependences. To avoid this, her algorithm creates a parallelizable interference
graph. To generate such a graph, the schedule graph, or DDD, is analyzed and all true depen-
dences are found. Any machine dependences (resource conflicts) are then added to this graph.
The graph’s complement is then constructed and referred to as the fal se dependence graph. The
union of the register interference graph and afalse dependence graph is created. This new graph
is the parallél interference graph, and represents all the true interference that exists between
values. It can be colored to give a register assignment that does not retard any available ILP.
Since it is likely that this graph is not colorable with the available registers, Pinter carefully
chooses which edges to remove in order to avoid creating anti-dependences that might retard the
final schedule.
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Brasier [ 14] describes Combining Register Assignment I nterference Graphs (CRAIG), aframe-
work that combines early register assignment, and late register assignment with (possibly) an
additional pass to maximize paralelism while reducing spill costs. CRAIG mediates the “tug-
of-war” between register assignment and instruction scheduling by providing a mechanism to
decrease anti-dependencies (thus increasing scheduling freedom) even when spill code needs to
be added.

CRAIG incorporatesthis “mediation” as a schedule cost considering both schedule efficiency
and register pressure. Schedule cost is a heuristic designed to meet the goals of the specific
code generator, and will reflect the level of register spill code that will be “tolerated” in late
register assignment. One possible schedule cost heuristic isthat the cost will be considered too
high if any register spills are necessary in late register assignment. Less restrictive heuristics
would allow spilling if the expected schedule benefit is high enough. CRAIG initially schedules
before register assgnment is performed. Whenever this initial schedule cost is deemed too
high, CRAIG goes back to the original linear code and attempts early register assgnment. The
intuition isthat the original code will have aless busy interference graph and will therefore have
alower cost due to register pressure. If this schedule cost is still too high, CRAIG accepts this
schedule based on the assumption that it is the best that we can do under the circumstances. If,
however, the schedule cost isnot too high it islikely that anti-dependences have been added, and
thus, the schedule can be improved. CRAIG will attempt to reclaim some of thislost efficiency
by removing as many of these anti-dependences as possible, up to the point where the schedule
cost istoo high.

By adding edges found exclusively in the late register assignment interference graph, CRAIG
creates interference between those values the scheduler forced to be in different registers. If
they are mapped to the same register in the early register assignment interference graph, then
CRAIG hasidentified and removed an anti-dependence that potentially inhibits a more efficient
schedule.

V. ILP ARCHITECTURES

Given the flexibility provided by our DDD model in which labels are annotated with min,max
times, we can build an instruction scheduler for abroad class of ILP architectures. For purposes

of our discussion we shall consider four categories of ILP architecture; Long-1nstruction-Word
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(L1W), Superscalar, Very-Long-Instruction-Word (VLIW), and Pipelined. Of course these cate-
goriesare far from distinct. Many ILP architecturesinclude pipelines. Still, pipelines add some
additional complexity to our machine model, so we choose to treat them separately.

In the discussions to follow, we show how the computations necessary to compute the “func-
tion” (whatever it might be) defined by the code fragment of Figure 1 can be overlapped in the
different ILP computers.

Long-Instruction-Word (LIW) computersincrease ILP by providing awider instruction word,
allowing more operationsto be specified in each instruction. LIW architecturestypically include
pipelined functional units, instruction parallelism to a relatively large degree, and complex
timing. LIW machines are often built not as general-purpose computing engines, but rather
to maximize performance for some specia time-critical application. Such application-specific
LIW computers are popular for awide range of applicationsincluding signal processing, image
processing, graphics and flight simulation. Using available functional units (such as adders,
multipliers, and address generators), and multiple memory resources, a designer can build an
LIW architecture tuned for a specific application, allowing increased computer power with little
resource waste. Examples of LIW computers include Pixar’s Chap [43], the ESIG-1000 from
Evans and Sutherland [28], and Intel’s i860 [37]. For our example, consider a ssimple LIW
computer that includes two identical ALUSs, each of which can do any of a multiply, an add,
or a subtract in one machine cycle. Each ALU would be represented by a separate instruction
field and so since we have four operationsto perform and we can overlap two in any instruction,
we might be able to execute the above fragment in two machine cycles. 1S would look at the
vertical code of Figure 1 and recognize that flow dependences exist between operation 1) and
2) and between 3) and 4). Operations 1) and 2) have a flow dependence because 1) setsr3's
valueto that read by 2). Similarly 3) setsr8'svalueto that read by 4), leading to the dependence
between 3) and 4). Thus, IS cannot overlap either 1) and 2) or 3) and 4). Given these constraints
it is easy to schedule the four necessary operationsinto two LIW instructions. Our hypothetical
LIW code for this example is shown in Figure 13 where the & character is meant to specify that
the two operations are to be included in asingle instruction.

In contrast to LIW architectures that explicitly specify instruction-level paralelism in the

instruction word, superscalar machines allow exploitation of instruction-level parallelism by al-
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add rd4, r2, r3 & add r7, rl, r8
mul t r3, r5, r6 & sub r8, r4, r2

Fig. 13. LIW Assembly Language for Figure1

lowing multiple operationsto be executed during asingle machine cycle. Unlike LIW machines,
a superscalar computer includes hardware to check for flow dependences between adjacent
instructions. A superscalar of degreen can issue n operationsin asingle cycle. To find »n inde-
pendent operations, the superscalar architecture maintains a window of the next w instructions
of the sequential instruction stream. If, during execution, » independent operations can be found
within the next «w unexecuted operations, they are issued in the next cycle. If, however, data
dependence limits the operations ready to execute to be less than » stalls and dead time result
while operationsare forced to wait for theresults of prior operations beforethey can be executed.
For smple superscalar architectures n and w might be equal. More sophisticated models allow
w > n, but alowing out-of-order execution within the instruction stream does add complexity
to the architecture. Current superscalar architecturestypically set w = n.

Consider asimplesuperscalar inwhich both» and w are2. If theinstruction sequence presented
by thecompiler istheoriginal one shownin Figurel, our mythical superscalar architecturewould
require three operations to execute the fragment. Operation 1) would be executed in the first
machine cycle. But since a data conflict exists between 1) and 2), operation 2) would have to
wait for the first machine cycle to complete. Then in the second machine cycle 2) and 3) could
both be executed, as no dependence exists between them. In the third machine cycle, operation
4) could be executed.

If ISrearrangestheinitial code, we can easily come up with an order that allowsthe superscalar
architecture to execute the fragment in two machine cycles. Consider reordering the instruction
stream to present the operations in Figure 14. Operations 1) and 3) are independent and, thus,
the superscalar machine could execute them in paralel in the first machine cycle. Similarly, the
second machine cycle could perform operations 2) and 4). Notice that, in some sense, we have
made equivalent use of the samelevel of parallel hardwarein the LIW and superscalar examples,
and both cases requireinstruction scheduling to make best use of the available parallelism.

Very-Long-Instruction-Word (VLIW) computers differ from LIW in kind as well as size.
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1) add rda, r2, r3

3) add r7z, rl, r8
2) mul t r3, r5, r6
4) sub rg, rd, r2

Fig. 14. Superscdar Assembly Language

Their long instruction word (on the order of 1000-2000 bits for current machines) is a result of
replicated ssmple processors whose instruction words are concatenated into a single instruction
word. Thus, VLIW architecturesnot only generally providemore ILP, but thefunctional unitsare
much more homogeneous than is generally the case for LIW computers. The Multiflow TRACE
series of computers [20] are VLIW computers, as are computers being built at IBM, described
in [24]. Like LIW machines, the VLIW model of computation assumes that the compiler is
solely responsible for determining which operations can be performed in paralel. In contrast,
the superscalar model assumes co-operation between the compiler and the hardware in which
each has responsibilities for extracting parallelism. For our example code fragment, the VLIW
“code” would be equivalent to the LIW reordering shown above. In fact, while VLIW and LIW
computers can be quite different, for the purposes of our discussion of instruction scheduling,
we shall treat them identically.

Pipelines are not so much a defining characteristic of one class of computers as they are a
hardware technique used to support ILP. As such they are found in all ILP architectures. In
pipelined execution, operations are overlapped by allowing severa different operationsto be at
different stages of computation during the same cycle.

A pipelined machine of degree m requires m cycles to complete an operation, but the cycle
time can be much shorter (1/m) than that of non-pipelined architectures. The paralelism is
realized because, in any cycle, up to m different, independent operations can be in executing in
different stages of the pipeling(s) and a final result is produced. As with LIW and superscalar
architectures, IS is necessary to generate efficient code for pipelined architectures, but, as with
superscalar computers, the parallelismisimplicit rather than explicitly in the assembly language
asoccursfor LIW architectures. Consider apipelined machineof order 3 that requires 3 machine

cycles to complete any ALU operation but can start anew ALU operation each machine cycle,
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as long as the new operation is not dependent upon data that is as yet unavailable from the pipe.

Without operation reordering, our fragment of code for the pipelined machine would be:

1) add rda, r2, r3
nop
nop
2) mul t r3, r5, r6
3) add r7z, rl, r8
nop
nop
4) sub rg, rd, r2

The nops are necessary because operation 2) cannot be started until operation 1) completes
(three machine cycles after it starts), and similarly operation 4) must wait on operation 3). By

reordering the instructions, however, we can obtain the following:

1) add rda, r2, r3

3) add r7z, rl, r8
nop

2) mul t r3, r5, r6

4) sub rg, rd, r2

This new arrangement saves us 3 cycles for this trivial example. So, again 1S scheduling
is useful in generating excellent code. Of course, pipelining has been a common feature of
architectures for a long time, and is included in many modern high-performance computers.
When considering real architectures a compiler needs to be able to combine scheduling of
pipelines with whatever other features provide for ILP.

Now let us consider how the DDD edge timing model allows us to build a scheduler for each
of thesetypes of architectures. The basic planisto use the different data dependence timingsfor
a computer’s memory resources to determine the edge timings, as is demonstrated in Figure 2.
However, we will need to add afew special edgetimingsto enablethe DDDsto accurately reflect
some |ILP features. Most of these additionswill deal with pipeline concerns.

First, we need to discuss how the DDD timing model applies to general LIW, VLIW, and
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superscalar architectures. Actually some may question whether static instruction scheduling is
even required for superscalar processors. One might assume that for a superscalar architecture,
the compiler need not do instruction scheduling at al, but rather leave al of the scheduling to
the hardware. Thismight be avalid argument if asuperscalar architecture could not only reorder
the instruction stream (something few commercia superscalar machines can do now) but could
consider the entire (remaining) instruction stream while performing such reordering. Since this
is not feasible, it is well accepted that for superscalar architectures, an instruction-scheduling
compiler isrequiredfor efficient code. Infact, thebest way for acompiler to schedul e operations
for asuperscalar computer isto assume that the machineis, in effect, an LIW architecture and to
simulate the parallelism that can be found at run-time by construction of awide instruction that
represents the multiple consecutive smple operations that will be issued at run time.

The main difference among the LIW, superscalar, and VLIW models, asfar as building DDDs
for IS is concerned deals with whether the hardware merely accepts the schedule provided by
the compiler (LIW, VLIW models) or whether the hardware must determine which operations
can simultaneously begin execution (superscalar.)

One difference between the LIW (and VLIW) model of computation and the superscalar
model is the potential need for NOP instructions. In LIW machines, the computer starts one
wide instruction after another. If the machine must wait for a previoudy-started operation to
finish before continuing, a NOP must be included. In the superscalar model, the machine will
automatically wait until the operands of the next operation are ready before continuing so the
NOPsarenot necessary in the assembly code generated. Whilethisdifference may be significant
in architectural considerations it has little impact upon the instruction scheduler, as in order to
accurately determine the cycles required for a schedule, the scheduler can assume NOPs are
included even in the superscalar model. Thus, NOPs were included in the pipelined example
above even though nothing definite was said about whether the underlying computation model
was LIW or superscalar.

Another difference between LIW and superscalar computing does have an effect on the sched-
uler, however. When the compiler alone determinesthe order operationsareissued (L1W model),
the instruction scheduler has more freedom in reordering operations. When scheduling for a

superscalar, an additional restriction must be placed on the scheduler to ensure semantically
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correct code. Thisrestriction dealswith multi-cycle operation latencies and typically ariseswith
pipelines. Consider the code fragment for an architecture where amultiply requiresthree cycles

to complete, while an add requiresasingle cycle:

1) add r2, r4, r5
2) mul t r3, rl, r4
3) add rs, r4, r6

Our instruction scheduler would know that the multiply is not going to change the value of r4
until 3 cycles after the start of the multiply instruction. Thus, we would like to reverse the order

of thefirst two instructionsto give the following code:

2) mul t r3, rl, r4

1) add r2, r4, r5
nop

3) add rs, r4, r6

Thisisareasonablething to do in the LIW model, as operation 1) would use the original value
of r4 (the value before the multiply) because r4 would not have been changed yet. Notice how
a superscalar computer would execute this sequence, however. 1t would recognize the write-
after-read hazard (anti-dependence) between operations 2) and 1) in the scheduled sequence and
thus delay two cycles until the new value of r4 was complete. This would lead not only to
an unnecessary delay, but to incorrect code as well. Therefore, when modeling a superscalar
architecture, additional DDD edges must be inserted to ensure that this type of reordering does
not occur. Figure 15 shows both LIW and superscalar model DDDs for this example code
fragment. Note that the edge between Nodes 1 and 2 in the superscalar model will somewhat
limit the potentia parallelism, but it will ensure correct program semantics for a superscalar
architecture. On the other hand, the LIW model requires an additional node to represent that
actual definition of r4 due to the multiply operation of Node 1, but includes no edge between
Nodes 1 and 2.

Pipelines add additional complexity for our timing model that is worthy of mention. Namely,
some architectures include implicitly advanced n-stage pipelines where once a computation

starts the result iswritten n cycles later. Alternatively, some |LP architectures support explicitly
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Fig. 15. Superscalar DDD

Fig. 16. LIW DDD

advanced pipelineswhere n explicit instructions are necessary to “push” a computation through
an-stage pipeline. The Intel 1860 is such an architecture. Actually both types of pipelines are
easily modeled, the implicit pipeline with asingle DDD node and the explicit with » individual
nodes with appropriate edges between them.

VI. USING A LOCAL SCHEDULER IN GLOBAL SCHEDULING

Thispaper’smain thrust focuseson building aretargetablelocal instruction scheduler. We need
to at least consider some global scheduling methods, however, since many global methods rely

in part on alocal scheduler. Thisuse of alocal scheduler as part of global scheduling techniques
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adds additional complexity to the local scheduler. We consider three types of global scheduling
that rely on local schedulers, namely 1) software pipelining which reorders operations within
a loop, overlapping execution of several iteration’s operations within a single loop execution,
2) global scheduling using meta-blocks, and 3) global scheduling techniques based upon list
scheduling which attempt to overcome the difficulties of small basic blocks in branch-intensive
code. Considering this additional complexity, it is best to build an extremely flexible local
scheduler so that it can be properly adapted to each of its many different uses.

A. Software Pipelining

Scheduling code in aloop is complicated by the fact that, to achieve best results, operations
from different iterations must be scheduled together. This overlapping of loop iterations into a
singleloop scheduleis called software pipelining. The dependence information for operationsin
aloop is complicated by the fact that operations have dependences with operations from various
iterations. If we let one node represent an operation from all iterations, the dependence must
not only specify min and max times, but also specify dif, which is the differencein theiterations
from which the operations come. To characterize the dependence, a dependence edge, a —
b, is annotated with a (dif, min, max) dependence tuple. The dif value indicates the minimum
and maximum number of iterations the dependence spans, termed the iteration difference. If
we use the convention that «™ isthe copy of « from iteration m, then (« — b, dif, min, max)
indicates there is a dependence between «™ and "4/ ¥m. The minimum and maximum
delaysintuitively represent the number of instructions that an operation takesto complete. More
precisely, for agiven value of min, if «™ isplaced ininstruction ¢ (Z;) then 6™ +4%/ can be placed
no earlier than 7, ,,,;, and no later than 7, ;...

Dependence edges are categorized as follows. A loop independent edge represents a must
follow relationship among operations of the same iteration; dif is zero. A loop carried edge
shows a relationship between the operations of different iterations. Loop carried dependences
may turn traditional DDDs into cyclic graphs [74].

Theideabehind software pipelining isthat the body of aloop can be reformed so the new body
of theloop represents operationsfrom multipleiterations. When oneiteration of the original loop
can start before previous iterations finish executing, more parallelism is potentially unveiled.

Numerous systems completely unroll the body of the loop before scheduling to take advantage
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of paralelism between iterations. Software pipelining achieves an effect smilar to unlimited
loop unrolling.

Since adjacent iterationsare overlapped in time, dependences between vari ous operations must
be identified. To see the effect of the dependences in Figure VI-Aa, it is often helpful to unrall
afew iterations as in Figure VI-Ab. Figure VI-Ac shows the DDD of the loop body. In this
example, al dependences are true dependences. Theedges1 — 2,2 — 3,and 3 — 4 areloop
independent whilethe edge 1 — 1 isaloop carried dependence. If each iteration of the loop in
Figure VI-Aais scheduled without overlap, four instructions are required for each iteration as
no two operations can be done in parallel (due to the dependences). However, if we consider

operations from severa iterations, there is a dramatic improvement.

A.1 Scheduling

Software pipelining loop code takes two forms. The first type of algorithm, termed kernel-
recognition, schedules operations from various iterations and checks to see when a repeating
kernel has been found. List scheduling (based on atopological ordering using the loop indepen-
dent arcs) is used to schedule operations from various iterations. Often the priority is based on
the elapsed time since last execution; an operation from an earlier iteration is given preference
over an operation from a later iteration. Other times data ready operations are prohibited from
executing even if no other operation can use the resource. This takes the form of restricting
the span of iterations represented in the instruction or smply delaying execution of nodesin a
non-critical dependencecycle. Thisencouragestheformation of acyclic pattern asone operation
is not alowed to execute at afaster rate than others. Algorithms of this type include [1], [48],
[26], [25], [6], [53], [67]. Since the scheduler is quite restricted, aflexible local scheduler may
not be too helpful.

However, the second method of software pipelining, termed modulo scheduling is greatly
benefited by a flexible local scheduler. Modulo determines a target |1 and then schedules one
copy of the loop body so that it will form a legal schedule if successive copies of the loop
body (representing successive iterations) are offset by Il instructions. If an operation cannot be
placed, thetarget 11 isincremented and the process begins again. Algorithms of thistypeinclude
[41], [40], [73], [21], [36], [44], [56], [55], [54], [57], [64], [69]. A flexiblelocal scheduler is
extremely important in being able to create a schedule that islegal in acyclic sense. Scheduling
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mistakes are compounded by either having to repeat the whole process with alarger 11 or having

to unschedule nodes that cause problems. Either situation is expensive.

B. Scheduling Meta-Blocks

A considerable body of research has shown that exploitation of significant amount of ILP
requires global scheduling techniques [65], [47], [68]. Several global scheduling techniques
make use of aloca scheduler, however, to reorder code for meta-blocks. A meta-block is a
group of blocksthat a global scheduler treats asasingle block. Trace scheduling [29], [27] isan
example of such aglobal scheduler. It attempts to optimize the most frequently executed paths
of a control flow graph (CFG), possible 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 ideais to use a loca scheduling
algorithm to move code between blocksin an on-trace path to reduce the number of instructions
within that trace. Other global scheduling algorithms that rely on alocal scheduler to re-order
code in meta-blocks include Bernstein’s Global Scheduling [10], Hwu's Sentinel Scheduling
[45], and Sweany’s Dominator-Path Scheduling [63]. Such use of alocal scheduler on DDDs
that contain control flow complicates the local scheduling agorithm.

The problem is that local schedulers, including list scheduling, are designed based upon the
premise that each operation within the DDD will be executed the same number of times, namely
once for each time the basic block (from which the DDD came) is executed. When scheduling
meta-blocks, this assumption is violated. The local instruction scheduler may move operations
throughout the combined meta-block. A traditional local scheduler does so without regard for
the potential execution frequency of the locale in which an operation is to be finally placed.
Thus, the scheduler may move an operation from a block that has a relatively low execution
frequency to one that has a higher frequency. This could result in a schedule that takes more
instruction cycles to execute than that generated by an instruction scheduler which does not
allow for inter-block code movement.

In an attempt to overcome this deficiency of traditional list scheduling, Bourke [12] has de-
fined Frequency-Based List Scheduling (FBLS) which considersdiffering execution frequencies
within meta-blocks while scheduling. FBLS amends the basic list scheduling algorithm by re-

vising only the operation placement policy in an attempt to reduce the instruction cycles required
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to execute a schedule for a meta-block. To do this, it modifies list scheduling so that once a
DDD node has been chosen for scheduling, atwo phase approach for operator placement is used.
The first phase attempts to schedule an operation only within an already existing instruction®
with which the operation can execute in parallel. If the scheduler cannot locate such an existing
instruction, a second phase is used. The second phase creates a new instruction in the “best”
portion of the meta-block in which all the dependences of the selected operation are met. The
“best” portion is defined as the area in the meta-block that has the lowest execution frequency
that overlaps with the possible range of the operation to be placed. This scheme presupposes a
mechanism to partitionthe DDD for ameta-block into sections of differing execution frequencies
and the further ability to place an instruction in whichever such partitionis desired.

It should be noted that one consequence of FBLS is some loss of scheduling flexibility within
the meta-block itself. The main rationale for most global schedulersisthat a larger scheduling
context will lead to better schedules. That is why many methods rely on meta-blocks. By
partitioning meta-blocks, we lose some (but not al) of that flexibility. The tradeoffs between
inefficiency due to ignoring frequency information and inefficiency due to loss of scheduling

flexibility have not yet been thoroughly investigated.

C. Branch Intensive Code

Sincemany application programsare branchintensiveand basic blocksaresmall, thereisaneed
to extend the scheduling beyond basic blocks to achieve better performance [46]. Parallelizing
codeinvolving branchesisthegoal of two widely known techniquestermed predicated execution
and specul ative execution.

Predicated execution effectively removes conditional jumps so the code can be scheduled
like abasic block. To effect predicated execution, the results of a branch condition are stored
in a predicate register, P. An instruction in the true branch such asa = b + c is replaced
by a predicated instruction a = b + c if P_t that specifies that the operation will actually be
completed only if the predicate P is true. An instruction on the false branch such as d=e*f
would be replaced by d=e*f if P_f. Thus, if the predicate does not have the required truth

value, the operation will never change the state of the machine. The resources to execute the

8This existing instruction must exist in the scheduling range for the selected operation.
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Fig. 17. (&) Origina data dependence graph.(b) After renaming f = ¢ — 1 (c) Dependence graph after renaming
and forward substitutingg = f + eanda = g + e.

operation may or may not be consumed, depending on the architecture. Mahlke et al. propose a
parallel architecture that supports predicated execution. The predicated operations may execute
concurrently with the statement that computes the predicate [44], [57]. This is made possible
because (for this architecture) the operation is executed regardless of the value of the predicate,
but is only allowed to change the result value if the predicate value is satisfied. Since the write-
back is performed in alater part of the execution cycle than the computation of the value, thisis
feasible. By this process, code containing branches is converted into straight-line, branch-free
code, making scheduling much smpler. Warter et a. [70] propose a reverse if-conversion
process to convert the predicated representation back to the control flow graph representation
in order to facilitate architectures without predicated execution support. A flexible scheduler
that keeps predicated code close together (when dispersing it creates no advantage) reduceslive
tracks and also smplifies reverseif-conversion.

Speculative execution refers to the execution of operations before it is known that they will
be useful. It is similar to predicated execution except instead of allowing the operation to be
performed at the same time step as the predicate, the operation can be performed many time
steps before its usefulness is known. Renaming and forward substitution are used by to move
operations past predicates [26], [49]. Renaming is a technique that replaces a statement such as
x = g(y) with the pair of statements «’ = ¢(y) and = = «’. Since the new variable (x’) is used
only in the copy operation, the assignment is free to move out of the predicate. Figure 17(b)

shows how renaming is used to move the operation f = ¢ — 1 past the predicate. A new variable
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f' iscreated and is assigned the result of the expression ¢ — 1. In order to preserve the origina
semantics of the program, the value assigned to f” is copied back into f. Since f” is used only
by the copy operation, it can move past the predicate. Forward substitution refers to replacing
the use of a variable with the expression that computes the variable. Figure 17(c) shows the
resultant graph formed after renaming and forward substitutingg = f + eand a = g + .
Predicated and speculative execution allow operations between various basic blocks to be
overlapped, and hence permit decreased schedule lengths. However, excessive speculative or
predicated operations may result in the generation of inefficient code. Speculated operations,
if not controlled, may sow down non-speculative code. Also, predicated execution always
executes operations from both the branches irrespective of which branch is finally taken. This
may decrease the performance as the union of the branch requirements much be accommodated.

Deciding how to combine the advantages of each technique is the topic of [59].

VIlI. CONCLUSIONS

Given the increasing importance that instruction-level paralelism plays in modern architec-
tures, the need to perform instruction scheduling in compilers for ILP architectures, and the
decreasing time-to-market for new computers, it is imperative that machine-independent in-
struction scheduling software be available. This paper describes techniques useful for building
such an instruction scheduler that is easily retargeted to abroad class of ILP architecturesby use
of asmall amount of machine-dependent resource information.

The foundation of the scheduling techniques described here isthe DDD arc timing model that
allows representation of awide range of architectural features. Given such aDDD structure, list
scheduling is relatively easy to implement. Section V showed how our model can be used to
generate efficient code for a variety of ILP architectural types. Of course, list scheduling is a
heuristic approach to scheduling DDDs as the task of finding optimal schedulesis NP-complete.
Like any heuristic-driven approach, the choice of ordering heuristicsis paramount. We discuss
20 heuristics used in an existing retargetable scheduler.

Inadditionto choosing heuristicscarefully, thereare several additional practical considerations
to be addressed when building an instruction scheduler. The fact that scheduling direction (top-
down or bottom-up) can make a significant difference in scheduling efficiency suggests that

performing both and saving the best schedule is a viable option. Given that scheduling can fail
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for aDDD, several techniques for reducing failures and improving scheduling time should be
considered. Check and schedule, foresighted scheduling and lookahead scheduling are three
such techniques described here.

Ordering the compiler phases of register assignment and i nstruction scheduling presentsfurther
concerns. No matter whether register assignment or instruction scheduling is performed first,
the other suffers. We discuss this problem and suggest practical solutions that either combine
register assgnment and instruction scheduling or lessen the deleterious effects one has on the
other.

Finally, when building a scheduler, one must consider whether that local scheduler will beused
as part of aglobal scheduling technique. If so, the designer should consider frequency-based list
scheduling for best results.

Inshort, this paper describesalist scheduling framework and several important practical details

that, taken together, will allow implementation of an efficient local instruction scheduler.
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