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Abstract

The high performance of today’s microprocessors is achieved mainly by fast, multiple-
issuing hardware and optimizing compilers that together exploit the instruction-level parallelism
(ILP) in programs. Software pipelining is a popular loop optimization technique in today’s ILP
compilers. However, four difficulties may prevent the optimal performance of software pipelining:
insufficient parallelism in innermost loops, the memory bottleneck, hardware under-utilization due
to uncertain memory latencies, and unnecessary recurrences due to the reuse of registers (false
recurrences).

Thisresearch usesan outer-loop unrolling technique, unroll-and-jam, to solvethefirst and
second problems. It shows, both in theory and experiment, that unroll-and-jam can solve the first
problem by expl oiting cross-loop parallelismin nested loops. Unroll-and-jam can also automatically
remove memory bottlenecksfor loops. This research discovered that for 22 benchmark and kernel
loopstested, a speed improvement of over 50% is obtained by unroll-and-jam.

For solving the uncertain memory latencies, this research uses a compiler technique,
memory reuse analysis. Using memory reuse analysis can significantly improve hardware uti-
lization. For the experimental suite of 140 benchmark loops tested, using memory reuse analysis
reduced register cycle time usage by 29% to 54% compared to compiling the same |oops assuming
all memory accesses were cache misses.

False recurrences restrict the use of al available parallelismin loops. To date, the only
method proposed to remove the effect of false recurrences requires additional hardware support
for rotating register files. Compiler techniques such as modulo variable expansion [25] are neither
complete nor efficient for this purpose. This thesis proposes a new method that can eliminate the
effect of false recurrence completely at a minimum register cost for conventional machinesthat do
not contain rotating register files.
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Chapter 1

Introduction

Computer scientists have been trying to improve the execution speed of programs since
the advent of the first computer. Parallel computing haslong been one major approach to achieving
higher execution speed. One popular way to characterize program parallelism is to consider the
program context for which paralelism is sought. Coarse-grain parallelism attempts to extract
parallelism at the function level of abstraction. Medium-grain parallelism describes searching for
paralelismatthelooplevel. Fine-grain parallelismrefersto attemptsto overlap low-level operations
such as adds, multiplies, loads and stores. The MIMD (multipleinstruction multipledata) model of
computation attemptsto find coarse-grain parallelism [18]. In an MIMD machine, each processor
runs a separate process and carries out a sub-task. Each processor has its own memory, registers
and program counter. Processors communicate with each other by message passing. In contrast to
MIMD parallelism, ILP (instruction-level parallelism) exploits the smallest granularity in parallel
execution. |LP machines have only oneinstruction stream, i.e. one program counter, and typically
they have pipelined functional unitswhich allow the issuing of one or more operations every cycle.
Logicaly, all functional units share the same memory and register file.

MIMD machines are suited to exploiting large amounts of parallelism because they can
be scaled to thousands of processors or more. However, programming for MIMD machinesismuch
more difficult than programming for sequential machines and porting between MIMD machines
typically requires redesign of algorithms and programs in order to achieve good performance. In
addition, not all programstoday have adequate parallelism to make efficient use of MM D machines.
These two factors make MIM D machines less cost-effective for general computing problems than

alternative architectural paradigmssuch as|ILP.



Instruction-level parallelism, although much morelimited than MIMD parallelism,ismore
suited for general computing problems. Studies show that all programs exhibit a certain degree
of instruction-level paralelism [43] [29]. More important, ILP is transparent to the programmer;
existing sequentia programs can be executed on IL P machines without programmer modifications.

Rau and Fisher define ILP as a combined hardware and software approach to exploiting
instruction-level parallelism in sequential programs[37]. ILP hardware issues multiple operations
every cycle and ILP compilers expose parallelismin a program so that the parallel hardware can be

fully utilized. Thisthesisinvestigates ILP compiler techniques for loop optimization.

1.1 Instruction Scheduling

ILP compilers need to reorder the instructions to expose paralelism to ILP hardware
because instruction-level parallelism is not evenly distributed in programs. Such reordering is
called instruction scheduling. Instruction scheduling relies heavily on two data structures, namely
the control flow graph and the data dependence graph. Therefore we delay further discussion
of instruction scheduling until we define the control flow graph and the basic concepts of data
dependence.

The control structure of aprogram can be represented graphically as a control-flow graph.
Each node of the control-flow graph is a basic block, which is a sequence of code having only one
entry at the beginning and one exit at the end. Each function is divided into basic blocks so that
each instruction isin one and only one basic block. Each directed edge represents a possible direct
execution path from one basic block to another basic block. Thus, a directed edge from a basic
block, B;, to another B; means there is a possible execution path that goes from B; to B; without
passing through some other basic block.

There are three types of data dependences among program operations: true dependence,
anti dependence, and, output dependence. Two operations have a true dependence when a value
generated in thefirst operation isused in the second operation. In that case, the second operation can
not be started until the first operation finishes. An anti-dependence exists between two operations
when the second operation changes a value that the first operation needs to use. Finally, an output
dependence exists between two operations that both change the same value. Obviously, executing
two operations with any of the three dependences at the same time may lead to an incorrect
result. The direct purpose of instruction scheduling is to reorder program operations and group
data independent operations together so that they can be executed in paralel. Anti and output



dependences are considered as fal se dependences because they are caused by the reuse of registers
and they can be removed by register renaming.

Based upon the optimizing scope used in the scheduling, instruction scheduling can be
divided into two categories, local and global scheduling. Local scheduling considersonly onebasic
block at a time when scheduling. Because of itslimited optimizing scope, local scheduling ignores
the parallelism among basic blocks, that is, it cannot parallelize the execution of different basic
blocks. Global scheduling expands the optimizing scope to include more than one basic block so
that the execution of different basic blocks can overlap one another. In two similar experiments,
Nicolau and Fisher found parallelism of 90 in average with globa scheduling whereas Tjaden
reported average parallelism of 1.8 within basic blocks [43] [29].

Although global scheduling can exploit parallelism among basic blocks, it does not fully
utilize paralelisminloops. Because loopsconsist of many iterations, we want to execute in parallel
not only multiple operations of asingleiteration, but a so operationsfrom multipleiterations. Local
and global scheduling can only exploit parallelism within oneiteration (intra-iteration parallelism)
but they cannot expl oit parallelism among iterations (inter-iterationparallelism). In order to exploit
inter-iteration parallelism, we need to parallelize not only different basic blocks of one iteration,
but also different execution of the same basic blocksin different iterations. Neither local nor global
scheduling can do this.

A natural extension of global scheduling in the exploitation of inter-iteration parallelism
would be to unroll aloop and then globally schedule the unrolled loop body. For example, if an
innermost loop was unrolled three times, there would be four iterationsin the new loop body. Then
global scheduling could parallelize the execution of every four iterations by scheduling the code of
four iterations together. However, in such a scheme, parallelism between unrolled iterations would
still not be utilized; that is, every four iterationswould not be executed in parallel with the next four
iterations.

To fully utilize inter-iteration parallelism, a special class of compiler techniques called
software pipelining have been developed. In software pipelining, each iteration starts as early as
possible without waiting for any previous iteration to finish. The execution of iterations overlaps
with no interruption. The purpose of this research is to improve the performance of software
pipelining for better loop optimization.



1.2 Software Pipelining

Software pipelining is a powerful ILP compiler technique that exploits inter-iteration
parallelism by overlapping the execution of different iterations.

The performance of a software pipeline can be measured by the initiation interval (11),
which is the number of cycles between the initiation of two consecutive iterations. When at its
full speed, a software pipeline completes one iteration every 11 cycles. The lower-bound of Il is
the upper-bound on the speed of the software pipeline. So the purpose of software pipelining isto
achieve the lowest |1 for any given loop.

Three constraints determine the lower-bound of 11 for each loop on a given machine.
Thefirst constraint to Il isthe recurrence constraint. Data recurrences are cyclic data dependences
in aloop. Operations in a data recurrence cannot be executed in parallel; therefore the speed of
a software pipeline cannot be faster than sequential execution time of all operations in any data
recurrence. The length of the "longest” data recurrence determines the lower-bound on 11, the
recurrence constraint |1 (Recll), dueto the recurrences in the loop.

A second constraint to software pipelining is the resource constraints of the target archi-
tecture. Because oneiteration is completed each 11 cycles, the resources availablein 11 cycles must
greater or equal to the resource requirement of oneiteration. The lower-bound on |1 determined by
the limited machine resources in the machineis called the resource constraint |1 (Resll).

The third constraint to software pipelining is the number of registers needed since a
software pipeline can not use more registers than the target machine has. Software pipelines
typically need many more registers than other schedules because of the overlapping executions.
This overlapping effect and this register requirement increases as Il gets smaller. The register
constraint isalower-bound on Il due to the limited number of registersin the target machine.

These three software pipelining constraints present real limits on the performance of
software pipelining. However, ineffective compiler techniques can inhibit software pipelining’'s
effectiveness by either overestimating real constraintsor by ignoring methods of mitigating software
pipelining’'s“natural” constraints. Software pipelining constraints can be over-restrictive dueto the
ineffective compiler techniques. The goa of this research is to identify causes of unnecessary
software pipelining constraints and eliminate the effect of over-restrictive constraints for software
pipelining. Chapter 2 explains the concept of software pipelining, describes and surveys major
software pipelining methods, defines and discusses recurrence, resource and register constraints,
and explains a popul ar software pipelining technique, modulo scheduling.



1.3 Research Goals

This thesis identifies four magjor problems that cause unnecessary high constraints on
software pipelining and investigates solutions to these four problems. This section presents these
four problems, their effect on software pipelining constraints, and the approach of this research to
solve the problems. The solving of these four problems can significantly reduce the unnecessary
constraints imposed on software pipelining and achieve a higher software pipelining performance
than has been evidenced in current software pipelining techniques.

The first problem is that the parallelism in innermost loops may be insufficient to fully
utilize machine resources. In terms of software pipelining constraints, insufficient inter-iteration
paralelismininnermost loopswould lead to recurrence constraints higher than resource constraints.
When this happens, machine resources cannot be fully utilized due to the high recurrence.

Althoughfor single-nested loops, inter-iteration parallelismis the maximum level of loop
paralelism, for multiple-nested loops, thisis not the case. A multiple-nested loop contains not
only multipleiterations of one loop but also multipleloops. The parallelism exists among not only
different iterations of oneloop but also different iterationsof different loops. The parallelismamong
iterationsof different loopsiscalled cross-loop parallelism. The effect of insufficient inter-iteration
parallelism in the innermost loop can be avoided if the optimizing scope of software pipelining can
be expanded to outer loops to make use of cross-loop parallelism.

One approach to exploit cross-loop paralelism is to software pipeline the outer loops as
well. However, the cyclic control structure, the possibly different loop count of different loops,
and the recurrences in outer loops make it very difficult to successfully overlap the execution of
different loops when each loop is software pipelined.

Thisresearch uses a different approach to exploit cross-loop parallelism for nested loops.
It usesan outer-loop unrolling technique, unroll-and-jam[7][9], before software pipelining. Unroll-
and-jam unrolls an outer loop and then jams the resulting inner loops back together [7] [9]. By
jamming iterations of outer loops into the innermost loop, unroll-and-jam brings cross-loop par-
alelism into the innermost loop. After unroll-and-jam, software pipelining can be performed on
iterations from multiple loops and both inter-iteration and cross-loop parallelism can be utilized
by software pipelining. This use of cross-loop parallelism can eliminate the effect of insufficient
inter-iteration parallelism in the innermost loop. As aresult, after unroll-and-jam, recurrence con-
straints can be reduced to be lower than resource constraints and machine resources can be more
fully utilized.



Although in theory cross-loop paralelism can be brought into the innermost loop by
using unroll-and-jam, software pipelining may not be able to utilize cross-loop parallelism due to
possible new recurrences created by unroll-and-jam. When jamming iterations of outer loops into
the innermost loop, unroll-and-jam also brings in new data dependences. These new dependences
can form new recurrences. Moreover, the length of the new recurrences can bein proportion to the
degree of unrolling, which would make outer-loop unrolling ineffective. However, as we shall see
in Chapter 3, steps can be taken to eliminate the effect of these additional recurrences.

Thefirst work of thisresearch istoinvestigate using unroll-and-jam with software pipelin-
ing to exploit cross-loop paralelism. Chapter 3 studies cross-loop paralelism and the effect of
unroll-and-jam on software pipelining. It analyzes the possible new recurrences caused by unroll-
and-jam and investigates methods to eliminate the effect of these new recurrences so that software
pipelining can utilize cross-loop parallelism without restrictions.

In addition to the benefit of exploiting cross-loop parallelism, unroll-and-jam has another
benefit to software pipelining, which is to automatically balance the machine resource usage in the
innermost loop. This leads to the discussion of the second problem on software pipelining, the
memory bottleneck. A memory bottleneck occurs when the number of memory resources, i.e. the
number of load and stores that can be issued every cycle, is not adequate for the high demand for
memory resources in the loop. In such a situation, the execution is delayed due to the competition
for memory resources being the limiting factor on software pipelining; all other machine resources
are then under-utilized.

To remove memory bottlenecks, compilers must eliminate memory loads and stores so
that the memory resource demand of theloop can bein proportionto the available memory resources
in the machine. Scalar replacement, or load-store-elimination is a technique that can be used to
replace memory loadsand storeswith scalar operations[7] [5] [15] [10]. Scalar replacement catches
the reuse of memory locations across iterations of the innermost loop so that instead of storing a
value to the memory location in one iteration and loading the value in the next iteration, scalar
replacement would use a scalar to passthe value from oneiteration to another. This, in turn reduces
theratio of memory operationsto other computation and allowsfor more “balanced" parall€lization.
Thus, higher performance is obtained for software pipelining.



Scalar replacement, although it catches the reuse of memory locations among iterations
of the innermost loop, does not catch the reuse among iterations of different loopsin a nested loop.
However, unroll-and-jam can catch such reuse among iterations of different loops. Moreover, an
unroll-and-jam algorithm developed by Carr and Kennedy can automatically compute the optimal
degree of unrolling to remove memory bottlenecks for a given machine[9].

The effect of removing memory bottlenecks with unroll-and-jam has not been examined
in the context of software pipelining. The second work of this research is to use unroll-and-jam
with software pipelining, and measure the improvement in the performance of software pipelining
after the removal of memory bottlenecks. One difficulty of using unroll-and-jam with software
pipelining is that the prediction of register pressure of the transformed loop is more difficult. An
accurate estimation of register pressure is needed for unroll-and-jam to determine an appropriate
degree of unrolling. Too much register pressure would significantly degrade the performance of the
transformed loop due to the high cost of register spilling. Carr and Kennedy developed a method
that predictsthe register pressure after unroll-and-jam and thus controlsthe degree of unrolling [9].
However, their formuladoes not consider the effect of software pipelining. Thisresearch examines
the amount of additional register pressure in software pipelining and investigates a new prediction
method. Chapter 3 explains how unroll-and-jam removes memory bottlenecks and investigates
the register problem. Chapter 6 provides experimental evidence of the improvement obtained by
unroll-and-jam and the increase in register pressure after unroll-and-jam.

Thethird problem of software pipelining is the hardware misuse due to uncertain latency
of memory operations. The uncertainty of the memory latenciesisrooted in the dramatic difference
between the CPU speed and the speed of the main memory. To shorten the latency of the commu-
nication between CPU and memory (memory load/stores), one or more levels of caches are usedin
amost al modern computer architectures. Asaresult, the data to be accessed can reside in some
level of cache or inthe main memory. Thusthetime needed for accessing the data varies depending
on the location of the data. In modern machines, the latency difference between an access to the
first-level cache (a cache hit) and a access to the main memory (a cache miss) isusually afactor of
10 or greater. This causes significant uncertainty.

The uncertain memory latencies can lead to severe hardware misuse by software pipelin-
ing: on the one hand, if aload that is assumed to be a cache hit turns out to be a cache miss, the
software pipelineis stalled and all hardware resources wait until the cache missis resolved; on the
other hand, if aload that is assumed to be cache miss turns out to be cache hit, it occupies many
more registers than it needs which causes unnecessary high register usage.



The problem of uncertain memory latencies can be solved by using an advanced compiler
analysistechnique, memory reuse analysis. Memory reuse analysisisacompiler analysistechnique
used to predict the cache behavior by analyzing the reuse of the datain the program. It can predict
whether a memory load or store is a cache hit or a cache miss. By using memory reuse anaysis,
software pipelining can accurately predict the latency of memory operations. Precise knowledge of
thelatency of all program operations can eliminate both stalls and excessive register use in software
pipelines. The generated software pipeline can have a faster execution and still make better use of
available registers. Of course, this better utilization of registers reduces the register constraint of
software pipelining.

The third goal of this research isto measure the benefit of using memory reuse analysis
in software pipelining. In particular, since assuming all memory operations as cache missesis used
by other researchers in studying register assignment for software pipelining [34] [22] [17] [16], we
want to measure the decrease of register overuse attributed to assuming al memory operations are
cache misses. The result of this measurement will show the significance of using memory reuse
analysis with software pipelining. Chapter 4 explains the hardware reuse caused by uncertain
memory latencies and Chapter 6 presents an experimental study of the register use for different
memory latency models.

Finaly, the fourth problem of software pipelining is that current software pipelining
algorithms cannot always utilize maximum parallelism available in the innermost loop due to the
existence of falserecurrences. False recurrences are caused not by the true flow of values, but by the
reuse of some locations, i.e. variables. False recurrences can be eliminated by variable renaming,
that is, using separate variables to avoid the reuse of the same variable. However, the overlapping
execution of software pipelining makesit very difficult to perform adequate and efficient renaming.

In software pipelining, traditional hardware renaming [41] isnot sufficient for eliminating
false recurrences because the definition of a new value may happen before the use of the old value
in the overlapping execution. Traditional compiler renaming is insufficient as well in that when a
valueisdefined in the loop body, it does not assign a different variable to hold the value producedin
eachiteration[14]. Although special hardware support, namely arotating register file, can eliminate
al falserecurrences[13] [36] [35], most of today’s machines do not have the benefit of such rotating
register files.

A special software technique, modul o variable expansion (MVE)[25], was devel oped by
Lam in order to eliminate fal se recurrences. But MVE has two shortcomings. First, it only handles

a special class of false recurrences and cannot deal with the general case of false recurrences. For



example, modulo variable expansion [25] can not handle the case when the reused variable is not
defined at the beginning of theloop. Second, MV E may unnecessarily increase the register pressure
since not all false recurrences need renaming. MVE blindly eliminates the effect of all applicable
false recurrences. However, if a false recurrence is not more restrictive than other constraints,
it does not need to be renamed. Excessive renaming causes unnecessary register pressure since
renaming consumes additional registers.

This research uses a leading software pipelining algorithm, iterative modulo scheduling
[25] [33]. The fina piece of this work is to develop a modified iterative modulo scheduling
algorithmto (1) eliminate the effect of al false recurrence on software pipelining and (2) minimize
the additional registers used by the renaming in modulo scheduling. Chapter 5 presents this new
algorithm.

In summary, the major goals of this research are to improve existing software pipelining
techniques to increase the amount of parallelism in the innermost loop, to eliminate or reduce the
effect of the memory bottleneck and hardware under-utilization due to uncertain memory latencies,
and to eliminate the effect of all false recurrences for modulo scheduling. As aresult, al major
software pipelining constraints— recurrence, resource and register — can be significantly reduced.

Software pipelining can achieve a higher performance than currently popular methods provide.
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Chapter 2

Software Pipelining

This chapter focuses on a popular loop optimization technique in today’s IL P compilers,
namely software pipelining. Section 1 usesan exampleloop to explain the basic ideas and concepts
of software pipelining. Section 2 surveys and compares various software pipelining methods.
Section 3 discusses software pipelining constraints due to the data recurrences in the loop and
limited resources of the target machine. These constraintsset alimit on the performance of software
pipelining. Section 3 presents the heart of this thesis, namely our desire to eliminate unnecessary
software pipelining constraints, and thus improve the performance of software pipelining. A
summary of four sources of over-restrictive software pipelining constraints is provided at the end
of Section 3. The last section explains in detail the algorithm of a leading software pipelining
technique, iterative modulo scheduling, which is the software pipelining method used and studied
in thisresearch.

2.1 Software Pipelining Concepts

Toillustrate and motivate the concepts of software pipelining, we will firstinvestigate the
problem of computing the sum of integers from 0 to 9 on a machine which has separate addition
and branch functional unitsthat operate concurrently. We will assume the latency of addition and
branch is one machine cycle and that all variables are zero before the execution of this loop.

To determine whether two operations can be executed in parallel, the compiler will check
if there is any data dependence between the two operations. The three types of data dependences

(true, anti, output) were defined in Chapter 1.
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X A S=S+1
y I =1 +1
z if 1<=9 goto A

Figure 2.1: Example Loop 1, computing sum from O to 9

The example loop presented in Figure 2.1 computes the sum from 0to 9. Thereis an
anti dependence from x to 'y and a true dependence fromy to z. Because of these two dependences,
instruction scheduling will givethe schedulein Figure 2.1, where no two operationsin oneiteration
can be executed in parallel. Thus, the execution of the loop would be:

LoYo~0r1Y171-.-L9Y9%9.

where the subscript indicates the iteration of the operation. This schedule will take 30 machine
cycles. However, if we issue an iteration every two cycles and use the following schedule for each

iteration:

A no- op
S=S+1
I =1 +1
if 1<=9 goto A

o O T 9

then the execution of the loop will be:

aobo({coa1}{dob1})({c1a2}{d1b2})...({caag}{dsba})codo,

where {} means that the operations within a bracket are issued at the same cycle. The execution
can also be shown as:

aobo({ciaiy Y {dibiy1}) =% Bcods.

Notice the pattern of ({c;a;y1}{d;b;11})"=%8. This pattern leadsto a complete, software pipelined
loop in Figure 2.1, which only takes 20 cycles.

Thefirstloop schedul eissuesoneoperation per cycle because no operation can be executed
in paralel within one iteration. In such a scheme, the parallelism provided by the architecture is
not used due to insufficient parallelism within one iteration. The second loop schedule executes

two iterationsat atime. In each cycle, it issuesone operation from iteration + and another operation
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# no- op
I # if 1<=8 goto A

+ + o+ o+

Figure 2.2: Software Pipeline Schedule of Example Loop 1

from iteration « + 1. By exploiting inter-iteration parallelism, the second schedule makes a better
use of the paralel hardware. It only takes 20 cycles, a speedup of 33% over thefirst [oop schedule.
The second scheduleisasoftware pipeline. The fixed time difference between the issuing
of two successive iterations is called initiation interval (11). 1l for this example is 2 cycles. The
execution time of a loop depends on its 1. In the example pipeline, execution time for the entire
loopis:
IT+ N + 2,

where N isequal to 9. The additional two cycles in the equation is the time used to initialize and
compl ete the software pipeline.

Because in software pipelining, the execution of multiple iterations overlaps, it uses
gpecia code constructs to initialize and drain the “software pipe’. As shown in the example, a

software pipeline consists of three parts.

e Theloop part is called the kernel. It contains all the overlapped operations. 1n the example,
it beginswith the third operation in the first iteration and terminates at the second operation
inthelast iteration. Thetotal is9 iterations.

¢ Thecodeleadingto akernel isthe prelude. Intheexample, itisS = 5+ 0, which contributes

one cycle to the execution time.

¢ The code after a kernel is the postlude. In the example, the postludeis I = I + 1, which

contributes one cycle to the execution time.

As the execution speed of a software pipeline mainly depends on its 11, the goal of all
software pipelining techniques is to find the smallest feasible Il for any loop on any machine. For
each loop, there is a lower bound on its Il. Section 2.3 will show how the lower bound |1 is

determined by software and hardware constraints and how this research reduces these constraints.



13

2.2 Software Pipelining Methods

This section reviews various software pipelining methods described in the literature.
Software pipelining methods can be divided into two categories, scheduling while unrolling and
scheduling without unrolling which is also known as modulo scheduling. The strengths and
weaknesses of these two approaches are discussed. Some major methods in each category are
briefly introduced.

2.2.1 Unrolling while Scheduling

Because software pipelining overlaps the execution of different iterations, it is natural to
unroll aloop and schedule multipleloopiterationsuntil arepeating pattern appears. Then asoftware
pipeline schedule can be obtained by simply repeating this pattern[39]. For example, if a pattern
contains 4 iterations and has a length of 6 cycles, the software pipeline will achieve a peak rate of
finishing 4 iterations every 6 cycles, that is, all of 3.

The major advantage of unrolling-while-scheduling methodsis that iterations are sched-
uled in a natural, unrestricted way. Iterations can overlap freely and adequately. Branches are
handled easily. Global scheduling techniques can also be used to help the scheduling. However, in
practice, two obstacles exist to al unrolling-while-scheduling methods.

First, since pattern recognition is necessary, each method needs to remember previous
states and search them for arepesating pattern. Searching for a patternistime consuming. Moreover,
arepesting pattern may never appear when different data recurrences have different lengths. Some
restrictions have to be used to force a pattern. However, such forcing may create imperfect patterns.

Second, resource constraintsare hard to deal with. 1f consideration of resource constraints
is postponed until after pattern recognition, resource conflicts may degrade the performance of
the software pipeline by inserting new instructions into the schedule. Alternatively, if resource
constraints are considered earlier, it will significantly complicate the task of scheduler and pattern
matcher. Moreover, if a pattern is not perfect, extra operations exist in the pattern and they do
not represent resource requirements. This problem leads to sub-optimal resource usage in software
pipelining.
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Perfect Pipelining

Perfect pipelining ismotivated by a global compaction method, percolation scheduling[2]
and assumes hardware support of multiple branches per cycle[1]. The agorithm first performs
code motion. In scheduling, infinite resources are assumed and operations are scheduled as early
aspossible. To force apattern to occur, the algorithm limits the scheduling scope to a fixed number
of iterations. The fixed number is determined by experiment. Once a pattern is formed, resource
conflicts are solved by delaying operations as little as possible. Perfect pipelining can effectively
deal with general loop bodies. Global scheduling techniques are combined smoothly. However, its

method of forcing a pattern is still ad hoc and finding a pattern is expensive.

Petri-Net Pacemaker

Allan et a. use the Petri-Net model for software pipelining in part to solve the fol-
lowing two major problems of scheduling-while-unrolling methods, pattern generation and pattern
recognition [19][31].

A Petri Net isanet of nodeswhere tokenstravel from node to node obeying certain rules.
Software pipelining can be naturally modeled as a Petri Net due to the cyclic nature of Petri Nets.
In this model, each operation is a node and the issuing of a node happens when a token travels
to this node. Dependences are modeled as rules that restrict the transition of tokens from one
node to another. In the model of Rajagopalan and Allan [31], the pace of different recurrences are
synchronized to be the samein aPetri Net, so a pattern can alwaysbe formed. By checking the state
information of the Petri Net, a repeating pattern can be found relatively easily. Ragjagopalan and
Allan’s model can also handle resource constraints and predicates in a smooth way. In comparing
with other methods, Rajagopalan and Allan claimed that their model achieved the best performance
in unrolling-while-scheduling methods and performance similar to the best modulo scheduling
method available [32] [3].

2.2.2 Modulo Scheduling

In contrast to scheduling-while-unrolling methods which unroll a loop and schedule
multiple iterations, another class of scheduling methods, modulo scheduling, generates a pipelined
schedule for a single iteration of aloop. Modulo scheduling imposes two restrictions on software

pipelines.
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e 1. Each iteration uses an identical schedule.
¢ 2. New iterationsare initiated in afixed integral 11.

As modulo scheduling reduces the freedom of scheduling, it may result in a worse performance
than that of scheduling-and-unrollingmethods. However, extensive experimentation has shown that
modul o scheduling methods can achieve near-optimal 1. No experimental evidence has been shown
that a scheduling-and-unrolling method can achieve a clearly better performance than the current
leading modulo scheduling methods. The following two reasons are a possible explanation for
this experimental result. First, for loops that are not recurrence bounded and have no complicated
recurrences, the difference in scheduling freedom isnot very significant. Morethan half of theloops
tested by Rau[33] are resource-bounded. The second possiblereasonisthat current unrolling-while-
scheduling methods cannot deal with resource constraints as effectively as modul o scheduling can.
Treating resource constraints separately may result in sub-optimal performance.

A significant restriction of modulo scheduling isthat 11 must be an integer. For example,
if Minll of aloop is3/2, then the lowest 1 can be achieved by modulo scheduling is 2. Unrolling
cannot solve this problem when the exact achievable lower bound of 11 is unknown. However,
scheduling-while-unrolling can naturally form a software pipeline with anon-integer I1.

The handling of branches is undoubtedly the greatest weakness of modulo scheduling.
Though Hierarchical Reduction[25] and Enhanced Modulo Scheduling[44] can deal with branches
without special hardware support, the amount of code expansion involved can be exponential.

The major strength of modulo scheduling over scheduling-while-unrolling techniquesis
that modul o scheduling does not need to determine the degree of unrolling or search for arepeating
pattern, which are very time consuming in scheduling-while-unrolling methods. If the restricted
scheduling freedom does not prevent modul o scheduling from achieving software pipeline’s perfor-
mance limit, modulo scheduling is avery good choice for implementation. Also, a complete code
generation algorithm of modulo scheduling methods has been published [35].

A leading heuristic-based method, iterative modul o scheduling, will be described in detail
in Section 2.4 since it isthe method used in thisresearch.

Integer Linear Programming

In parallel with heuristic-based research on modulo scheduling, another work, Integer
Linear Programming (LP) [21] [4], was developed under a strict mathematical formulation, namely
integer programming. Though the method has a possible exponential compilation time, it can
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find a software pipeline schedule that uses a given number of resources at the smallest initiation
interval while minimizing the number of registersit uses. LP can aso be used to generate pipelined
schedulesfor imperfect hardware architectures. Altmanet a. found that for many loopsthey tested,
the compilation timeisin seconds4].

2.3 Software Pipelining Constraints

The Il (initiation interval) of a loop is constrained by both the parallelism in the loop
and the limited hardware resources. The amount of parallelism in the loop is determined by data
recurrences. Hardware constraints are determined by the characteristics of atarget machine.

Software pipelining constraints are important because they establish a performance limit
for any loop. No matter how effective a software pipelining algorithm or implementation s, higher
performance cannot be achieved without reducing the software pipelining constraints. This section
introduces al major software pipelining constraints. Section 2.3.5 outlines how these constraints
can be unnecessarily high due to various reasons.

2.3.1 Recurrence Constraint

Therecurrence constraint determinestheamount of parallelisminaloop. Thecomputation
of therecurrenceconstraint isrel atively expensiveand needsinformation about aspecial classof data
dependences, called loop-carried dependences, that are data dependences between two operations
of two different iterations.

The following discussion of the recurrence constraint considers data dependences only
for astraight-lineloop body. For adescription of how control constructs can be handled in software
pipelining and how control dependences are converted to data dependences, the reader can refer to
[44] [45].

Recurrence Initiation Interval

Therecurrenceinitiationinterval (Recll) of aloopisdefined asthelowest |1 that satisfies
all recurrences of the loop. In order to describe the recurrences of aloop, we need to introduce an
important program representation form, namely the data-dependence graph (DDG). It isthe DDG
for aloop that will enable us to compute Recll.
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if <=9 goto A

.................................................

— = Loop-Carried Dependence
——> Data Dependence

Figure 2.3: DDG of Example Loop 1

A DDG is adirected graph G =< N, F >, where N is a set of nodes and each node
represents a machine operation. F is a set of edges, each of which represents a data dependence
between the two nodes it connects. Because a loop consists of many iterations, data dependences
can exist between two operations within one iteration and also between two operations from
different iterations. A dependence between two operationswithin oneiteration isaloop-independent
dependence; a dependence that connects operations from different iterationsiscalled aloop-carried
dependence. The number of iterations between two operations of a dependence is the iteration
distance. Loop-invariant dependences have an iteration difference of 0. In thisthesis, each edge of
aDDG isrepresented as atuple <node z, node i, Dependence type d, Timing ¢, Iteration difference
+>, where dependence type d is either true, anti or output, and timing ¢ is the minimum number of
machine cycles that the issuing of node = of this iteration must precede node y of ¢ iterations later
in order to satisfy the data dependence d.

Before software pipelining, the DDG of aloop is generated. For example, the DDG of

the example loop in Figure 2.1isshownin Figure 2.3.
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If we consider only loop-independent dependences, the DDG for aloop would be acyclic;
i.e. it would contain no cycles. Ascan be seenin Figure 2.3, however, loop-carried dependences
may create cyclesin aDDG. Such cycles are loop-carried dependence cycles since there must be at
least one loop-carried dependence in each cycle. Each loop-carried dependence cycle represents a
recurrence andimposesaconstraint on theinitiationinterval. For example, consider theloop-carried
dependence cycle from node » to node y and back to node x. The cycle determines that node y of
thisiteration must follow node = by one cycle and node x of the next iteration must follow node y of
thisiteration by one cycle. The recurrence of this cycle determines that the issuing of node = of the
next iteration must be at least two cycles later than the issuing of node z of thisiteration. That is,
at most one node « can be issued every two machine cycles. For aloop execution of NV iterations,
the node = of the NV th iteration cannot beissued until 2 cycles after the z of the (IV — 1)th iteration,
which meansthat 11 must be at least 2 cycles long.

Inaloop, Il cannot be less than the length of any loop-carried dependence cycle. Recur-
rence constraint, Recll, isthe lowest 1 that satisfies all dependence cyclesin the DDG. Intuitively,
the Recll is determined by the longest loop-carried dependence cycle. When considering non-unit
latenciesand iteration differences, Recll isstrictly defined as thelargest quotient, for any recurrence
cycle, of the sum of the edge timing for each edge in the cycle, divided by the sum of the iteration
difference for each edge in the cycle, or more formally:

2 Timing(e
RecIIT = max vedge cecliming(c)
Veyele c€C 2yedge ceclteration_dif ference(e)

(2.1)

where C isthe set of al loop-carried dependence cycles in the DDG. The loop-carried dependence
cycle that determines Recl| is called the longest cycle in the DDG.

To calculate Recl |, dependence analysisis heeded to provide theinformation of both|oop-
independent dependences and loop-carried dependences. Loop dependences can also be divided
into scalar dependences and subscript-variabl e dependences. The computing of dependences can be
done by well-known dependence analysis techniques [23] [20]. However, for software pipelining,

not al scalar loop-carried dependences are needed.

Pruning Loop-Carried Scalar Dependences

This section shows that, for the purpose of computing Recll and thus, for performing
modulo scheduling, many of the loop-carried scalar dependences can be ignored. Minimizing

the number of dependences considered can improve the compilation time while guaranteeing cor-
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rect code generation. The following lemma and four theorems describe several forms of scalar
dependences that can be ignored.

The first lemma shows that if there is a loop-carried scalar dependence with an iteration
distance of &, where k& > 1, there must be the same kind of loop-carried dependence of the same
type with an iteration distance of one. Thislemmawill be used to show that all loop-carried scalar
dependence with an iteration distance of more than one can be ignored. In the following text,
a loop-carried scalar dependence with an iteration distance of one is called a unit loop-carried

dependence; any other loop-carried dependence is called a non-unit loop-carried dependence.

Lemma 1 Ifthereisa scalar dependence, <node z, node i, Dependence Typed, Timingt, Iteration
Difference i>, where i is greater than one, then there must be a dependence of the same type from
node z to node y with timing ¢ and iteration difference of exactly one. That is, there must be a
dependence < z,y,d,t, 1> inthe DDG.

Proof: The scalar values that are used and defined are the same for each operation of al loop
iterations. If there is a dependence d between node = of iteration & and node y of iterations & + ¢,
then there is a dependence d between node « of iteration k& and node y of iteration k£ + 1. That is, a
dependence < =, y,d,t,1>. O

The first theorem shows that ignoring non-unit loop-carried scalar dependences in com-
puting Recl| doesnot affect the accuracy of Recll. Thelength of arecurrence cyclethat containsany
non-unit loop-carried dependence must be less than Recll; therefore, recurrence cycles containing
non-unit loop-carried dependences can be ignored.

Theorem 1 In computing Recll, all non-unit loop-carried scalar dependences can beignored.

Proof: Define function f to be a mapping from aloop-carried dependence cycle to an integer.

Fleyele o) Zvedge eccltming(e)

cycle ¢) =

v 2vedge ccclteration_dif ference(e
ge e€

From Formula 2.1, we have

17 =
ftec chryea)c(ec{f(C)}

To show that any dependence cycle having any non-unit loop-carried scalar dependence can be
ignored, we will show that for any such cycle ¢, there existsanother loop-carried dependence cycle
¢2 that has only unit loop-carried scalar dependence, and f(cz) > f(¢1). Let’s assume that a loop-

carried dependence cycle ¢; has non-unit loop-carried scalar dependences. Accordingto Lemmal,
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for each such loop-carried scalar dependence, there is a corresponding unit scalar dependence. By
replacing each non-unit loop-carried scalar dependence with the corresponding unit dependence,
we form a loop-carried dependence cycle, ¢, that must also exist in the DDG of the loop. The
numerator of f(c1) issame asthenumerator of f(c,), however, the denominator of f(c;) issmaller
than that of f(c1). SO f(c2) > f(c1). Therefore, non-unit loop-carried scalar dependences can be
ignored in computing Recll. O

The second theorem shows that non-unit loop-carried scalar dependences can also be
ignored for a certain class of scheduling methods, including modulo scheduling, because in these
scheduling methods, non-unit loop-carried scalar dependences are shadowed by unit loop-carried
dependences.

Theorem 2 Any scheduling method that always schedules a node of iteration £ before the same

node of any later iteration can ignore non-unit loop-carried scalar dependences.

Proof: By Lemma 1, for each non-unit loop-carried scalar dependence, there is a corresponding
unit dependence. We will show that any loop-carried scalar dependences with a non-unit iteration
difference is satisfied if the corresponding unit loop-carried dependence is satisfied.
Assume a dependence <node z, node y, d, t, i>where i > 1. For any iteration k, according to this
dependence, the issuing of node y of iteration & + ¢ must be ¢ cycles later than the issuing of node
x of iteration £. Because the scheduling method will observe the dependence <node 7, node 7, d,
t, 1>, the issuing of node y of iteration & + 1 will be ¢ cycles later than the issuing of node y of
iteration k. Because the issuing of node y in any later iteration of & + 1 will be no sooner than the
issuing of node y initeration & + 1, dependence <node x, node y, d, ¢, :> will be satisfied. O
Current compiler renaming techniques can eliminate loop-independent scalar output de-
pendences at least for loops of a single basic block. When the loop body does not have loop-
independent output dependences, we may also ignore loop-carried scalar output dependences in

modulo scheduling if the Il ismore than the timing of the output dependence.

Theorem 3 Assumet,+py: iSthetiming constraint of the scalar output dependence. If the schedul -
ing method always issues a node of a iteration & ¢,,:,.+ Cycles before the same node of its next
iteration, and if the loop does not have loop-independent output scalar dependences, then the

scheduler canignore all loop-carried scalar output dependences.

Proof: A loop-carried scalar output dependence is either between the same node of two different
iterations or two different nodes of two different iterations. That is, it is either
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<node z, node y, output, toutpus, > OF <node z, node z, output, toyiput, >, Where z # y and
¢ = 1 (from Theorem 2). For the first case, there must be a loop-independent scalar dependence
< z,y, output, touput, 0 >. Fromthe condition, this case isimpossible. For the second case, from
the condition, the = of next iteration won't be issued until 7 ¢, Cycles after the issuing of the
x of current iteration. So the dependence will hold. O

Similar tothelast theorem, itiseasy to provethat when thereisno loop-independent output
dependence and Recll is greater than the timing of an output dependence, the loop-carried output
dependence can be ignored in computing Recll. The reason is that loop-carried scalar dependences
do not form recurrence cycles other than themselves.

Theorem 4 In computing Recll, all loop-carried scalar output dependences can be ignored if
Recll >ty and if thereis no loop-independent scalar output dependence.

Proof: Because there is no loop-independent output dependence, every loop-carried output de-
pendence must start and finish at the same operation of different iterations. Then, all loop-carried
dependence cycles which contain aloop-carried output dependence must be a cycle with only one
edge, the output dependence. Thelength of all such cyclesislessthanor equal t0?,,:p.:. Therefore,
if the Recll > t,.put, We can ignore all loop-carried output dependences.

From the theorems introduced above, the non-unit scalar loop-carried dependences and
all scalar output dependences can be ignored in modulo scheduling. With either special hardware
support of rotating registers or the compiler technique described in Chapter 5, the effect of both
loop-independent and |oop-carried anti dependences can be eliminated as well. Then, for modulo
scheduling, the scalar dependences that cause recurrences include only loop-independent and unit
loop-carried scalar true dependences.

2.3.2 Resource Constraint

Recurrence constraints reflect the maximum parallelism in a loop. However, limited
resources in a machine may prevent aloop from using al the available loop parallelism. Resource
constraints(Resl 1) definethelimitationon initiationinterval imposed by limited machineresources.
For aloop with a Resl| higher than Recll, the loop parallelism cannot be fully exploited dueto the
insufficient machine resources because the Resll will limit the minimum 11. This section defines
Resll and explains how the lack of memory functional units and the intense memory resource
requirementsin loops can cause memory bottlenecks and waste machine resources.
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Resource Initiation Interval (Resll)

For modern machines with pipelined functional units, the resource limit can be seen as
the number of machine operations that can start execution in a machine cycle. For example, if a
machine can issue two memory load/store operations per cycle, we say that the machine has two
memory resources. Other typical resourcesincludeinteger arithmetic, floating point arithmetic, and
branch functional units.

Theresource requirement of theloop needs to be cal cul ated before computing the resource
constraint. From the DDG of a loop, it is not difficult to find the resource requirement of each
iteration. Each node in a DDG represents an operation and its resource requirement. The total
resource requirement of oneiteration can be obtained by simply summing the resource requirements
of al DDG nodes.

Giventheavail able resources on amachine and resource requirement of oneloopiteration,
the resource constraint on initiation interval, Resl1, is computed as shown in Formula 2.2.

Svnode neDDGTESOUTCE_TEquiTement, ()

ReslI = max -
Vresource r€machine (wazlable(r)

} (2.2)

For example, consider a loop that requires 4 floating point multiplies, 8 floating point
adds, 10 integer operations and 6 memory operations to complete the execution of aloop iteration.
If we are pipelining such a loop for a machine that can start 1 floating point add, 1 floating point
multiply, and 2 integer operations each cycle and that can start a memory operation every other
cycle, then Resll would be 12, because the limiting resource would be the ability to schedule the
memory operations. The individual resource limitsfor this example would be:

¢ 4 cycles needed for floating multiplies since 4 floating multiplies in the loop divided by 1
floating multiply started per cycle equals 4.

¢ 8 cycles needed for floating adds since 8 floating adds in the loop divided by 1 floating add
started per cycle equals 8.

¢ 5 cycles needed for integer operations since 10 integer operations divided by 2 integer
operations started per cycle equals 5.

¢ 12 cycles needed for memory operations since 6 memory operations divided by .5 memory

operations started per cycle equals 12.
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ResII = max{4,8.,5,12} = 12 cycles; the maximum constraint for any resource isthe 12 cycles
required for the issuing of all memory operations.

Memory Bottleneck

Most modern architectures allow initiation of more computational operations (floating-
point, integer, or branches operations) than memory operations (loads, stores) in each machine
cycle. Thisisduein part to the hardware difficulty in providing greater memory bandwidth and
in part to the expectation that less than 20% of a program’s executed operations will be memory
operations. In loops, however, loads and stores often constitute considerably more than 20% of
the operations because array computationstypically dominate loops and code generation for arrays
reguires large numbers of loads and stores. Thus, we often see a mismatch between the resources
required for aloop and those provided by the hardware. When such a mismatch occurs, memory
resources become a bottleneck and other resources become under utilized. Consider the example
loop and the machine given in last section, where the resource constraint is determined by memory
resource constraint. Assume the loop can be executed at an |1 equal to Resll, which is 12 machine
cycles. We can see that in each 12 machine cycles, 8 cycles of floating-multiply resources, 4 cycles
of floating-add resources and 7 cycles of integer-operation resources are wasted, because there are
insufficient computation operations to balance the requirement for memory operations. Thisis not
an unusual situation.

Resource Requirement of Loops with Conditionals

In loops with conditionals, there are multiple possible execution paths. The resource
requirement is the one having the heaviest resource usage, which is defined by Formula 2.3

ReslI = max max

2YDDG node nepath presource_requirement,(r)

Vexecution path pEloop Vresource rEmachine (wailable(r)

(2.3)

2.3.3 Interaction between Resource and Recurrence Constraints

Given Resll and Recll, alower bound on initiation interval, Minll, can be computed as
in Formula 2.4.

Minll = max{ReslI, Recll} (2.4)

13
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Figure 2.4: Interaction between Resource and Recurrence Constraints

Ideally, the software pipeline of a loop can executed at an initiation interval of Minll.
However, even using an exhaustive search, we may till not find a schedule with an |1 equal to
Minll. A major reason is the interaction between resource and recurrence constraints.

Let’s consider the example DDG in Figure 2.4 and assume the machine can issue one
memory load and two arithmetic operations per cycle. According to Formulas 2.1 and 2.2, Recll
is 4 cycles and Redll is 2 cycles. So Minll should be 4 cycles. However, it can be proved by
contradiction that it isimpossibleto find aschedulewith an 11 of 4. Assumethereisaschedulewith
an |1 of 4 and the multiply operation is scheduled at cyclei. Because the multiply operation of the
next iteration will be started at cycle i+4, the recurrence determines that the addition operation must
be scheduled at i+3 and two load operations must be scheduled at the same cycle i+2. However,
scheduling two loads in one cycle violates the memory resource constraint. So Il of 4 cyclesis
impossible. Instead, the lower bound of Il for thisloop is5 machine cycles.

As can be seen from Figure 2.4, the interaction of recurrence and resource constraints
may result in a higher constraint than either resource or recurrence constraints. The interaction
is triggered by high recurrences. In the example, the recurrence dominates the constraint on the

initiation interval. When recurrence is higher than other constraints, the operations on the longest
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loop-carried dependence cycles have one fixed position relative to others in the schedule. When
a set of operations, which are determined to be scheduled in one machine cycle by a recurrence,
violate the resource constraint, an |1 of Recll can not be achieved.

If aloop has a higher Resll, then the interaction will be reduced and even eliminated.
Consider the operations in the longest loop-carried dependence cycle. Each operation has more
freedom when Resl| is greater than Recll. When operations have more possible positions instead
of only one position, resource conflicts are more likely to be solved.

The key to reduce the interaction between recurrence and resource constraintsisto reduce
the restriction of recurrences on scheduling so that all machine resources can be more fully used.
Ideally, if no recurrence exists, the Resll can always be achieved and no interaction could exist.
In practice, we cannot completely eliminate all recurrences. However, we can often reduce the
interaction by making the recurrence constraint much lower than the resource constraint. The lower
the recurrence, the more freedom the scheduler hasin scheduling resources. Therefore, arelatively
low recurrence constraint compared to resource constraint is desirable in order to reduce the effect

of interaction between recurrence and resource constraints.

2.3.4 Register Constraint

The register constraint of software pipelining is due to the fact that the number of
registers needed in a software pipeline cannot exceed the number of registers available on the
machine. Register constraints can be represented as the smallest |1 possible given a fixed number
of registers. If we know the minimum need of registers of software pipeline schedulesof any I1, we
can find the register constraint. However, determining the minimum register need for agiven Il or

agiven loop is difficult because:

¢ We need to find the software pipeline schedule that requires the lowest number of registers.
However, there could be exponential number of possible schedulesfor agiven l.

¢ Given asoftware pipeline schedule, finding an optimal register assignment is NP complete.

Various methods have been proposed to circumvent the above difficulties and find a good
estimation for the register constraint. Two estimation methods, MaxLive, which is independent
of register assignment methodg[35], and, MinAvg, which is independent of scheduling [22], are
introduced in this section.
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MaxLiveis alower bound on the register demand of a given schedule. At any point of
the given schedul e, there are certain number of valuesthat are live at that point. Because no two of
them can share a register, the register need at that point must be at least the number of values that
are live. MaxLiveisis defined as the maximum number of values that are live at any cycle of a

given software pipeline schedule, asin Formula 2.5.

Max Live = max {number of values living at cycle t} (2.5)
Veycle t€schedule

MaxLive may not be an accurate estimate because the minimum number of registers
needed for a schedule can be higher than MaxLive. However, MaxLive can serve as a fast
estimation, sinceit istypically computed before doing any register assignment. Rau, et a., claimed
that MaxLiveisfairly accurate because for loopsthey tested, their best register allocation algorithm
achieved an average of 1.3 registers more than MaxLive[35].

Due to the reason that computing of MaxLive must be based on a given schedule, there
are two disadvantages,

e The scheduler cannot compute MaxLive before scheduling. The scheduling effort may be
wasted if it turns out that the schedule uses too many registers. However, the waste of
scheduling time can be avoided if the register demand can be estimated before scheduling.

¢ MaxLiveisonly alower bound for a given schedule. However, other schedules of the same
Il may require fewer number of registers. So when MaxLive for some schedules exceeds
the number of available registers, we cannot conclude that no schedule is possible under the
register constraint.

To avoid the two disadvantages of MaxLive, Huff proposed a schedul e-independent lower
bound on register requirement for agiven I, MinAvg[22]. MinAvgiscomputed based on the lower
bound on the length of all lifetimesin the loop. Because each register in |1 cycles can only support
alifetime of length I1, the lower bound, MinAvg, is defined as the lower bound on the total length
of lifetimes divided by 11, asin Formula 2.6.

szalue v EloopMinLT(v)
11
where MinLT(v) is the minimum lifetime of variable ». The minimum schedule-independent

MinAvg = (2.6)

lifetimefor each valueis computed using MinDist (see Section 5.2) [22]. The sum of the minimum
lifetime of all variablesis MinLT.
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2.3.5 Sources of Over-Restrictive Constraints

There are four ways in which the major software pipelining constraints, recurrence,

resource, and register constraints, can be over-restrictive:
¢ limited optimizing scope of software pipelining,
¢ the memory bottleneck,
¢ hardware under-utilization due to the uncertain memory latencies,
¢ and, false recurrences in the loop.

Recurrence constraints can be unnecessarily high for either of two reasons. First, the
optimizing scope of software pipelining islimited to the innermost loop. It ignores the outer loops
in a nested loop, which may have additional parallelism. Second, current software pipelining
techniques cannot eliminate all false recurrences without the special hardware support of rotating
registers. Thesefalserecurrencesimpose unnecessary recurrence constraints on software pipelining.

High recurrence constraint al so triggers more performance degradation due to interaction
between recurrence and resource constraints, which causes a larger Il than necessary. If the
recurrence constraint is unnecessarily high, the interactionswill also be unnecessarily high.

The resource constraint can be very restrictive in the situation of the memory bottleneck.
Although memory resources are fully utilized, other resources remain idle. This obviously wastes
available hardware parallelism.

Register constraints can be over-restrictiveif software pipelining uses ahigher latency for
memory operationsthan isactually necessary. Many researchers assumethat all memory operations
are cache misses in order to avoid execution time penalty when assuming all memory operations
are cache hits. But, when assuming all memory operations are misses, values may occupy registers
much longer than necessary. Because of the large latency difference between a cache missand a
cache hit, the over-estimation of memory latency can lead to aconsiderably over-restrictive register

constraint.

2.4 lterative Modulo Scheduling Steps

Iterative modulo scheduling is a popular software pipelining technique that has been
extensively studied in both academic and in industrial settings. As do other modulo scheduling
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approaches, iterative modulo scheduling combines the consideration of recurrence and resource
constraints in scheduling. It is a heuristic-based method that is practical for use in a general
purpose compiler. Its scheduling, code generation and register assignment algorithms have been
well-studied [25] [33] [22] [35] [44] [34] [16]. Severa experimental evaluations have shown that
the iterative modul o scheduling method can achieve near-optimal performance for alarge number
of benchmark loops[33] [22] [16]. No other heuristic-based software pipelining a gorithm has been
shown to have a better performance than iterative modulo scheduling. Therefore, we have chosen
iterative modul o scheduling as the basisfor our software pipelining. Chapter 6 presents eval uation
results obtained by using iterative modulo scheduling. Chapter 5 describes two improvements to
the current iterative modul o scheduling technique.

This section describes, in more detail, the basic iterative modulo scheduling steps. The
techniques introduced are an assembly of previous work on iterative modulo scheduling. The
first step of iterative modulo scheduling is if-conversion, which converts conditional constructs
into straight-line code. Modulo scheduling can only schedule a straight-line loop body; therefore
loops containing branches must be if-converted into straight-line code. The second step isiterative
scheduling where a software pipeline schedule is found. This step considers both recurrence
and resource constraints. The third step, after a software pipeline schedule is found, unrolls the
kernel to avoid the conflicts due to the overlapping lifetime of some variables. This step makes
modulo variable expansion feasible. The next step is code generation. The prelude and postlude
are generated at this step. For if-conversioned loops, this step needs to recover the conditional
constructs. The last step isregister assignment. Register assignment in modul o scheduling has been
an area of active research and many questions remain unsolved. The last section gives arelatively
detailed survey of severa register assignment approaches used with iterative modulo scheduling.

Special hardware supportscan eliminatetheneed for oneor more of theabovesteps. These
hardware features are mentioned where needed; but complete descriptions of them are beyond the
scope of thisthesis.

2.4.1 If-conversion

If-conversion is a technique used to generate branch-free loop bodies. It adds a predicate
to hold the condition for the execution for each operation.
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The following example shows the idea of if-conversion.

if (i>0)
A = TRUE;
el se

A = FALSE,

To deal with the branch statement in the program, if-conversion uses a predicate P to indicate the
result of the condition in execution. The value of P is p if the condition istrue and the value is 7
if the condition isfalse. The two assignment operations each holdsavalue of P. Each operationis
executed if thevalueof P inexecution isthesameasthevalueit holds. The code after if-conversion
is:

if (>0) P=p; elseP=7

(p) A =TRUE;

() A = FALSE;

Somearchitecturessupport if-conversion by providing dedicated predicateregisters(PRs).
For conventional architectures that do not have PRs, a special code generation scheme, reverse if-
conversion was developed for Enhanced Modulo Scheduling [44]. Reverse if-conversion generates
all possible execution paths for a software pipeline after scheduling.

To understand reverse if-conversion, assume a single branch construct is denoted as
{AorA}, where A is the branch target basic block and A is the fall through basic block. For
example, one possibleloop is { Aor A} B, where B is scheduled to be overlapped with { Aor A} in
the software pipeline. Reverseif-conversionwill generate software pipelinecodeas { A Bor AB}. If
theloop body is { Aor A}{ Bor B}, the generated software pipelinewill be {AB, AB, AB,orAB}.
A limitation of reverse if-conversion is the possible exponential code explosion that can result.
When there are n conditional constructs overlapped, 2* paths need to be generated.

2.4.2 lIterative Scheduling

Iterative modul o scheduling assumesthat before thisstep, aloop body has been converted
into straight-line code, and al data dependences and resource requirements have been specified in
the DDG. First, Recll, Resll and Minll are computed and rounded to an integer. Then the scheduler
will try to schedule the loop body for Minll. If it fails, 1l isincreased and scheduling is repested
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until an Il isfound. Thisiterative process will eventualy finish since Il cannot be higher then the
length of alocally scheduled loop.

For each trial 11, timings of loop-carried dependences are computed using the tria 11.
Following the restrictions of modulo scheduling, when a node z is scheduled at time ¢, the node z
of iteration : will be issued at time (¢ — 1)/ + t. Because the scheduler knows the issuing time of
all DDG nodes of all iterations, it can ensure that all loop-carried dependences are satisfied.
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To ensure that the resource constraints are met, the scheduler uses a resource reservation
table (RRT) of length Il. Each slot contains all machine resources available in one cycle. The
resource requirement of every scheduled nodeis placed into the resource reservation table to ensure
no resource conflicts. A conflict-free RRT will guarantee a conflict-free software pipeline. For an
if-converted loop, the resource reservation table will consider the effect of branches by allowing
operations of the same iteration but disjoint execution to share a resource{44].

2.4.3 Kernel Unrolling and Code Generation

After a schedule and an |1 have been found, some degree of kernel unrolling is needed
because loop variants that have a lifetime longer than 11 will cause cross-loop value conflicts in
the overlapped execution of the software pipeline. (The lifetime of a variable is the time between
it first definition and its last use in the schedule of one iteration.) Consider an example loop
{A;42B;11C; 3 =1, If avariableisdefined in A, used in €', and has a lifetime longer than |1, for
any ¢, the value defined in A; can not be used by C'; because it has aready been changed by A; 1.

To solve this problem of overlapping variable lifetimes, some have proposed a hardware
solution, namely rotation registers (RRS) in which a machine can use multiple physical registersfor
one value. For conventional machines that do not have RRs, a compiler technique called modulo
variable expansion [25], or kernel unrolling, can be used to solve this problem. After the schedule
of oneiteration is found, a certain degree of kernel-unrolling is performed. The least amount of
unrolling is determined by dividing the longest variable life time by I1.

In the above example, modul o variable expansion will unroll the loop body 3 times. The
resulting software pipelinewill be:

Ao{ BoA1} (prelude)

({Air2Biy1Cizo}{ AixaBip2Ciya}{AigaBiraCiy2} ) =0F

{Azr4+2B314+1C3% H Bar4+2C3k+1} C3i (postiude),

wherek isoneless than theinteger part of » divided by 3. The new Il will be 3 timestheoriginal I1.

An obvious concern here is what to do with the rest of iterations when loop count » is
not a multiple of 3. One solution is loop conditioning, which adds an appropriate number of non-
pipelined iterations before the prelude (preconditioning), or after the postlude (postconditioning) to
ensure that the new kernel will be executed £ times where £ isamultiple of the unroll factor. If n
in the above example is 20, a non-pipelined schedule of loop that has a loop count 2 needs to be
added either before the prelude or after the postlude of the software pipeline.
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When there are multiple lifetimes that are greater than Il and each lifetime requires a
different degree of unrolling, the degree of kernel-unrolling can be determined by two different
methodg 25]. One needs alarger number of unrolling (code expansion) but requiresfewer registers;
the other requires more registers but less unrolling.

After kernel unrolling, the code generation step generates prelude, kernel and postlude.
Pre-conditioning or post-conditioningisneeded for DO-loopsif thekernel isunrolled. For WHILE-
loops, specia techniques have been developed by Rau et a[35].

If aloop has undergone if-conversion and the machine does not have hardware support
for predicate execution, the branch constructs must be recovered in the code generation step. Warter
et al. describes thistechniquein [44].

2.4.4 Register Allocation

Current popular register assignment methods in ILP compilers are based on a graph
coloring formulation in which each scalar isa graph node, and each edge indicatesthat the lifetimes
of two values connected by the edge overlap with each other. So the register assignment problem
becomes a node-coloring problem where we want to use the fewest number of colors (registers) to
color all nodes such that no adjacent nodes share a color.

To minimizethe register usage of software pipelines, a scheduling method should choose
a schedule that attempts to conserve registers. However, it is difficult for scheduling methods to
estimate register usage or to predict the result of register assignment because until after scheduling,
completeinformation about register lifetimesisunavailable. Thissectionintroducesthree heuristic-
based register-assignment approaches for software pipelining. For optima methods, readers are
referred to [17] [21].

Register Assignment after Register-Need-Insensitive Scheduling

Rau et al. investigated the register assignment problem of software pipelining[34]. They
studied various post-schedule register assignment methods. But they did not try to reduce the
register need in the scheduling step.

They tried different heuristics on both ordering lifetimes and assigning lifetimesto avail-
able registers. The three lifetime-ordering heuristics they tested are: ordering by starting time,
ordering by the smallest time difference with the previously scheduled one, and ordering by the
number of conflicts with other lifetimes. To map a lifetime to a register, there are also three
heuristics, best fit, first fit, and last fit.
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For traditional machines that do not have rotating registers, the best heuristic, which
generates the best code and uses the least compile time, is ordering lifetimes by the number of
conflicts and mapping lifetimesto registers by first fit. In Rau et al.’s experiment, the best heuristic
used the same number of registers as MaxLivefor 40% loops; and on average, it required 1.3 more
registers than MaxLive.

This work presented two notable results. First, the best heuristic is similar to graph-
coloring. So a general graph-coloring register assignment algorithm would probably do as well
as their best heuristic. Second, the measurement used for the lower bound on register demand,
MaxLive, is not necessarily the lower bound for the loop. MaxLive is dependent on a particular
schedule. It ispossible that another schedule could have alower MaxLive. Because the scheduler
used in Rau et al.’s research was not sensitiveto register demand, it did not try to find that schedule
with the lowest MaxLive.

Register Assignment after Lifetime-Sensitive Scheduling

Huff [22] proposed a schedule-independent lower bound for register requirement. He
also modified iterative modulo scheduling so that the scheduling step attempts to minimize the
lifetime of values. The schedule-independent lower bound, MinAvg, has been described in Section
2.3.4. When an operation is scheduled in Huff’s scheduling method, a set of possible time slots
are identified. The heuristic favors a placement as early as possible in order to avoid lengthening
lifetimesinvolved in this operation.

Huff’s experimental results showed that 46% of loops achieved a MaxLive equa to
MinAvg and 93% of loops had a MaxLive within 10 registers of MinAvg. In his experiment,
hardware support of rotating registers is assumed [22]. For conventional hardware, the register
need is probably higher due to the effect of kernel unrolling.

Stage Scheduling to Minimize Register Requirement

Recently, aset of heuristics were developed by Eichenberger and Davidson [16] to find a
near optimal register assignment. Their method, called stage scheduling, is a post-pass schedul er
invoked after a software pipeline schedule has been found. They define a stage to be Il cycles. In
stage scheduling, operations can only be moved in an integral number of stages ( thus a multiple
of Il cycles). For any given software pipeline schedule, there is an optimal stage schedule that
requires the fewest registers among all possible schedules. Eichenberger and Davidson showed that
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their heuristics achieves a performance only 1% worse than the optimal stage schedules. However,
optimal stage scheduling is not necessarily the optimal schedule with the lowest register needssince
stage schedules of a software pipeline do not include all possible software pipelinesfor agiven 1.
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Chapter 3

Improving Software Pipelining with
Unroll-and-Jam

Unroll-and-jam is a loop transformation technique that unrolls outer loops and jams the
iterations of outer loopsinto the innermost loop. This chapter shows that unroll-and-jam has two
benefitsto software pipelining. First, unroll-and-jam can exploit cross-loop parallelismfor software
pipelining. Second, unroll-and-jam can automatically remove memory bottlenecksinloops. Section
1 describes the transformation of unroll-and-jam. Section 2 examines how unroll-and-jam can
exploit cross-loop paralelism for software pipelining. It shows that unroll-and-jam may create
new recurrences but the effect of these new recurrences can be eliminated by appropriate renaming
techniques. Thus, unroll-and-jam can exploit cross-loop parallelism for software pipelining without
restrictions. Section 3 examinesthe other benefit of unroll-and-jam to software pipelining. Unroll-
and-jam has been shown to be very effective in automatically removing memory bottlenecks[7] [9].
Section 3 shows that the removing of memory bottlenecks can significantly decrease the resource
constraint of software pipelining and thusimprove software pipelining’ sperformance. Onedifficulty
of using unroll-and-jam with software pipelining is that the prediction of register pressure of the
transformed loop is difficult. Previous register prediction schemes do not consider the effect of the
overlapping execution in software pipelining [9]. Section 4 discusses severa possible approaches
that can help predict register pressure in software pipelining after unroll-and-jam. Thefinal section
compares the effect of unroll-and-jam on software pipelining with some other loop transformation

techniques.
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3.1 Unroll-and-Jam

Unroll-and-jamis an outer-loop unrolling technique [7][9]. The transformation unrolls
an outer loop and then jams the resulting inner loops back together. In thisthesis, the loop body
before unrolling is called the original loop body; the loop body after unroll-and-jam is called the
unrolled loop body. The unrolledloop body contains multiple copies of the original loop body, each
of whichiis called an embedded loop body.

Figure 3.1 givesagraphical representation of theeffect of unroll-and-jam on atwo-nested
loop. The original loop before unroll-and-jamisin Figure 3.1 (a). The execution of the original
loop is shown in Figure 3.1 (d). Each iteration islabeled using the values of itsindex variables, @
and j.

Unroll-and-jam consists of two steps; unrolling and jamming. Unrolling the outer-loop,
J loop, once will result in anew loop withtwo innermost loops ( Figure 3.1 (b)). The jamming step
then merges the two innermost |oops together, as shown in Figure 3.1 (c). After unroll-and-jam,
the unrolled loop body contains two embedded loop bodies, each from a different 7 loop. The
execution of the transformed loop is shown in Figure 3.1 (€), where the iterations of every two
different I loops are executed together.

In summary, unroll-and-jam bringsthe computation of multipleiterationstogether. More-
over, the embedded loop bodiesin an unrolled loop are from different loops. Therefore, unroll-and-
jam makes it possible for loop optimization methods to exploit cross-loop parallelism.

In this thesis, the discussion of multiple-nested loops is limited to two-nested loops, an
outer loop and an innermost loop, for the purpose of simplicity. However, for loops with nests
of more than two, the loop transformation techniques and improvements to software pipelining
will be mostly the same. The rest of this chapter will describe how unroll-and-jam can enable
software pipelining to exploit cross-loop parallelism and how to eliminate the effect of recurrences
in software pipelining.

3.2 Exploiting Cross-Loop Parallelism with Unroll-and-Jam

This section shows that using unroll-and-jam transforms loops so that sufficient cross-
loop paralelism can be obtained in the innermost loop. However, unroll-and-jam may create new
recurrences, specifically cross-loop dependence cycles. Cross-loop dependence cycles can nullify
the benefit of unroll-and-jam since their length can be proportional to the degree of unrolling.
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This section categorizes cross-loop dependence cycles and describes how to eliminate the effect of
such cross-loop dependence cycles. Asaresult, unroll-and-jam can exploit cross-loop paralelism
without difficultiesand eliminatethe possibl e negative eff ect on therecurrence constraint of software
pipelining.

3.2.1 Cross-Loop Parallelism

Cross-loop parallelismis the parallelism existing among iterations of different loopsin a
multiple-nested loop. Unroll-and-jam increases the amount of parallelism in the innermost loop by
exploiting cross-loop parallelism. Asthe amount of parallelism is measured by loop recurrences,
the effect of unroll-and-jam can be examined by comparing the data dependence graph (DDG) ! of
the original loop body with the DDG of the unrolled loop body. Figure 3.2 showshow the DDG of
the unrolled loop body is changed after unroll-and-jam.

The DDG nodes in the unrolled loop body are copies of the DDG nodes of the original
loop body. The DDG nhodesin the original loop body can be divided into two parts, control nodes
and computing nodes. Control nodes consist of the increment of the index variable, and the test on
the index variable deciding if the loop is finished. These nodes are part of the control structure of
the loop. Computing nodes are the remaining DDG nodes; those perform the computation during
each iteration. After unroll-and-jam, the computing nodes of the original loop body are duplicated
in each embedded loop body; however, only a single copy of the control nodes is required for the
entire unrolled loop body. For example, if aloopisunrolled N times, there will be N + 1 copies
of the computing nodes and 1 copy of control nodesinthe DDG of the unrolled loop body. We call
each copy of the computing nodes in the unrolled loop body an embedded DDG and call the control
nodes the control DDG.

Figure 3.2 (c) and (d) show the DDGs of the original loop body and the unrolled loop
body of the example loop. Because the loop is unrolled once, there are two embedded loop bodies
inthe unrolled loop body. The computing node of the original loop body isthe assignment of «[:][ /]
and the control nodeisthe increment of :. The DDG of the unrolled loop body contains two copies
of the computing node (two embedded DDGs) and one copy of the control node (one control DDG).

The data dependencesin the original loop body are aso copied to the DDG of the unrolled
loop body. In the original loop body, a dependence is either (1) between two computing nodes, (2)

between a computing hode and a control node, or (3) between two control nodes. Loop-invariant

1See Section 2.3.1 for a definition of DDG



for (j=0;j<M;j++)
for (i=0;i<N;i++)

{
}

afi] += b[i][i]

(a) Loop before transforming

for(j=0; j<M; j+=2)
for (i=0;i<N;i++)
{ a[j] += b[i]fi]
afj+1] += bli]j+1]
}

(b) Loop after transforming
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(x alll += blil] |

(d) Recurrences in the innermost loop, after transforming

Figure 3.2: Example Loop 2
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dependencesintheoriginal loop body are copied exactly intheunrolled loop body: each dependence
between two computing nodesin the original loop body isduplicated in each embedded DDG; each
dependence between acomputing node and acontrol nodeisduplicated between the computing node
in each embedded DDG and the control node in the control DDG; and each dependence between two
control nodesiscopied in the control DDG. However, unroll-and-jam may add new dependencesto
theunrolled loop body. These additional dependences are cross-loop dependences. The next section
showshow cross-loop dependences affect the DDG. However, |oop-carried dependencesthat are not
cross-loop dependences are copied to the unrolled loop body in the same way as |oop-independent
dependences. The example loop in Figure 3.2 does not have any cross-loop dependences; so al
data dependences, loop-independent and loop-carried, are simply duplicated in the DDG of the
unrolled loop body.

The important characteristic of the example DDG after unroll-and-jam is that no direct
data dependence exists between any two computing nodes of different embedded DDGs. This
determinesthat any loop-carried dependence cycle in the transformed loop is a copy of some loop-
carried dependence cyclein the original loop. So the length of the longest loop-carried dependence
cycle in the unrolled loop is the same as that in the original loop. This means that the recurrence
remains the same after unroll-and-jam. As the amount of computing is increased, the amount of
paralelismisincreased. When unrolling N times, the amount of parallelismin the innermost loop
will beincreased N + 1 times.

However, as previously mentioned unroll-and-jam may create new recurrences due to the
existence of cross-loop dependences. The new recurrences may restrict the available cross-loop
paralelism. The next two sections show that although unroll-and-jam may cause hew recurrences,

the negative effect of the new recurrences on software pipelining can be eliminated.

3.2.2 Cross-Loop Dependences

A loop-carried dependence can exist between computing nodes of different iterationsof the
sameloop. Loop-carried dependence can also exist between computing nodes of different iterations
of different loops. The latter type of loop-carried dependence is called cross-loop dependence. For
example, in Figure 3.1 (e), if adependence exists between an iteration in Loop 0 and an iterationin
Loop 1, itisacross-loop dependence. Any dependence carried by the J loop must be a cross-loop

dependence. In fact, cross-loop dependences are dependences carried by outer loops.
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for (j=0;j<M;j++)
for (i=0;i<N;i++)
{

}

s += bfi][i]

(a) Loop before transforming

for(j=0; j<M; j+=2)
for (i=0;i<N;i++)

{

s += bfi][]]
s += bli][+1]
}

(b) Loop after transforming

(d) Recurrences in the innermost loop, after transforming

Figure 3.3: Example Loop 3

Because unroll-and-jam brings iterations of different loops together, cross-loop depen-
dences may be brought into the innermost loop and form new loop-carried dependence cyclesin
the unrolled DDG. A loop-carried dependence cycle that has a cross-loop dependence edge is a
cross-loop dependence cycle.

For the example loop in Figure 3.2, there is no cross-loop dependence in the original
loop, so no dependence links the two embedded DDGs in the unrolled loop. However, for the
other example loop of Figure 3.3, thereis a cross-loop dependence between iterations of unrolled
1 loops. The cross-loop dependence is brought into the innermost loop by unroll-and-jam of the
original loop. It becomestwo dependences: theloop-independent and the loop-carried dependences
between node » and . (Actually, each of the two dependences is three dependences, true, anti and
output. For simplicity, we assume they are one dependence.)

The cross-loop dependence causes two cross-loop dependence cyclesin Figure 3.3 (d).
The first cross-loop dependence cycle includes node = and node z’. Both edges in this cycle are
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cross-loop dependences. The second cross-loop dependence cycle links node z, 2’ and y. The
cross-loop dependence from node = to node z’ links with the loop-independent dependence from
node z’ to y and the loop-carried dependence from node  to =. Though thelatter two dependences
are just copies of existing dependencesin the original loop body, they form a new recurrence when
linked with the cross-loop dependence.

Cross-loop dependence cycles are the new recurrences added by unroll-and-jam. In this
thesis, cross-loop dependence cycles are divided into two types, true cycles and false cycles. Ina
true dependence cycle, al data dependences are true dependence edges; inafalse cycle, at least one
dependenceisa“false" dependence — that is at least oneis either an anti-dependence or an output
dependence. The first new recurrence cycle in Figure 3.3(d) is a true cycle because al edgesin
the cycle are true dependences. The next section will show that true cycles are caused by scalar
variables shared by both the innermost and the outer loop. In the examplein Figure 3.3, the true
cycle is caused by variable .5, which is shared by the I and J loops. The second new recurrence
cyclein Figure 3.3(d) is afalse cycle since the loop-carried dependence, from node / to y, isan
anti dependence. False cyclesare caused by the reuse of some scalar variable in theinnermost loop.
Inthe examplein Figure 3.3, thefalse cycleis caused by the reuse of the index variable :.

False cycles are of little interest since they are not inherent recurrences. False cycles
are a subset of false recurrences discussed in Chapter 5, and as such, can be eliminated in modulo
scheduling either by hardware support of rotating registers or by the renaming technique described
in Chapter 5. From now on, cross-loop dependence cycles only refers to true cycles in the loop
after unroll-and-jam.

True cross-loop cycles can nullify the benefit of cross-loop parallelism obtained by unroll-
and-jam. Unlike other dependence cycles that only include nodes of a single embedded DDG, such
true cross-loop cycles include nodes from all embedded DDGs. The length of the cross-loop
dependence is proportional to the degree of loop unrolling. New recurrences introduced by true
cycles limit the amount of parallelism in the innermost loop and makes more unrolling useless.

The following discussion of cross-loop dependence cycles focuses on the ‘global’ true
cycles that include the computing nodes of all embedded DDGs for any degree of unrolling. These
true cycles are the recurrences that can nullify the benefit of cross-loop parallelism obtained by
unroll-and-jam. A ‘global’ cross-loop dependence cycle (1) links every embedded DDG, and, (2)
links the same group of computing nodes within each embedded DDG.
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3.2.3 Cross-Loop Dependence Cycles

True cycles must be caused by variables shared by both the innermost and the outer |oop.
Consider Figure 3.1 (d). Theiterations of the outer loop are called .J loops and the iterations of the
inner loop are called I loops. A true cycle starts from each iteration in an I loop, goes through the
unrolled iterations in the corresponding J loop, and ends at the next iteration of the same I loop.
The data dependences of the true cycle mean that thereis a scalar variable used and defined in both
the I and J loop. In other words, thisscalar variable isshared in al loop iterations.

True cycles, which are caused by a shared variable, can be eliminated by shared-variable
renaming. To remove these cross-loop dependences, the shared variable should be renamed in each
embedded loop body. After using a different variable in each embedded loop body, the cross-loop
dependences are removed, and so isthe cross-loop dependence cycle. Shared-variable renamingis
a specia case of awell known technique, called tree height reduction[23]. Tree height reduction
divides the computation of the shared variable in the loop and completes the computation in a
minimum number of steps. The shared-variable renaming used in unroll-and-jam is equivalent to
dividing the overall computation into a number of parts equal to the unroll degree, which reduces
the recurrence length to % where n isthe degree of unrolling.

Figure 3.4 shows how shared variable renaming can eliminate the true cycle in Figure
3.3 (d). Thetruecyclein Figure 3.3 (d) is caused by variable .5, which is shared in both I and .J
loops. Assume iteration (4, ;) and (¢, j + 1) are executed together in the unrolled loop body. The
loop-carried data dependence from node 2’ to = meansthat the computing of S initeration (¢, 7+ 1)
must precede the computing of .S initeration (: + 1, j). Thisisnot arecurrence inthe original loop,
sinceiteration (7 4+ 1, j) (in loop j) precedes iteration (¢, 7 + 1) (in loop j+1) in the original loop.
The dependence is caused by the reuse of variable 5. The order of computing ' in two iterations
doesnot affect the semantics of theloop. That is, the computation of 5" in each iteration can proceed
in paralel if they do not reuse the variable 5. So the true cycle can be removed if variable 5 is
renamed into two variables, So and 57 asin Figure 3.4 (b).

After renaming the shared variable S inthe exampleloopin Figure 3.3, the renamed loop
and itsnew DDG are shown in Figure 3.4 (a) and (b). Now the DDG of the renamed loop body
contains no cross-loop dependence. By renaming the variable .5, al cross-loop dependences of the
true cycle are removed.

If an outer loop is unrolled N times and a variable z is defined in each iteration, then

variable x should be renamed into zq, x2, ..., and xx _1 to eliminate the cross-loop dependence. In



for(j=0; j<M; j+=2)

{ [ X SO+=bi'] [x’ sl+=bi'+1]

for (i=0;i<N;i++) (i1 (i]0+1]

{
s0 += bli][j]
s1 += bfi][j+1] o

\
} \ \
s+=s0 +sl o7
(a) Loop after renaming (b) Recurrences in the innermost loop, after renaming

Figure 3.4: Example of Shared-Variable Renaming

the unrolled loop body, each embedded loop body uses adifferent renamed variable. By eliminating
the cross-1oop dependences among the embedded [oop bodies in the unrolled loop, true cycles can

be removed.

3.2.4 Reducing Recurrence Constraints

Unroll-and-jam can increase the amount of parallelismin theinnermost|oop by exploiting
the cross-loop parallelism in the multiple-nested loop. By unrolling the outer loop N times, the
paralelism in the innermost loop can be increased to N times higher than before. To measure
the decrease on software pipelining constraints, we define the unit initiation interval (unit 11) as I
divided by the unroll factor. Unit Recll is Recll divided by the unroll factor and Unit Resl| isthe
Resl| divided by the unroll factor.

After removing cross-loop dependence cycles, the Recll is the same regardiess of the
degree of the unrolling. But the unit Recll is decreased with respect to the degree of unrolling.
When theinnermost loop isunrolled ¥ times, the unit Recl| of the unrolledloop body is N+r1 of the
Recll in the original loop. Therefore, unroll-and-jam can always obviate the recurrence constraint
for nested loops by reducing the unit Recll until it is less than the unit Resl1. Thisthen guarantees
that the minimum |1 will be determined by the unit Resl| rather than the unit Recl .

3.3 Removing the Memory Bottleneck with Unroll-and-Jam

Memory bottlenecksin software pipelining are caused by the limited number of memory
functional units and the high memory resource demand in loops. Unroll-and-jam, by unrolling
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an outer loop and jamming iterations of different loops together, can effectively remove memory
bottlenecks and reduce the memory resource demand of the loop. This section describes how
unroll-and-jam removes memory operations and how software pipelining resource constraints can
be reduced by unroll-and-jam.

3.3.1 Removing Memory Operations

Scalar replacement, or load-store-elimination, has been used to reduce the number of
memory |oad/store operations by reusing values across innermost loop iterations]7] [5] [15] [10].
That is, instead of storing a value at thisiteration and loading it at the next iteration, the value can
be maintained in aregister and the load and store operations of that value can be eliminated.

For multiple-nested loops, more opportunitiesfor scalar replacement can be obtained by
reusing values not only across different iterations in the innermost loop but also across different
loops. Unroll-and-jam, by bringing iterationsof different loopsinto the innermost |oop, can capture
many more chances for scalar replacement. For example, consider matrix multiply. Assume the
target machine can issue only one memory operation per machine cycle. Assume the machine
has enough other functional units so that the number of memory operations in the innermost |oop
determines the Resl|.

for(i=Q i <4; i++)
for(j=0; j<4; |++)
{
clilli] =0;
for(k=0; k<4; k++)
clillj]l = a[i][kI*b[K][jI+c[i][j];

The example loop has 4 memory operations in the innermost loop and a Resll of 4. Scalar
replacement can remove the store and the load of C[i][j] in the innermost loop. After scalar

replacement, the loop becomes:
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for(i=0Q i<4; i++)
for(j=0; j<4; j++)
{
clilli] =0;
t=dqillil;

for(k=0; k<4; k++)

{
t = ali][k]*b[K][j]+t;

qilljl =t;
}

After scalar replacement, the number of memory operationsin the innermost loop is decreased to
2 and the Resll is 2 machine cycles. In this manner, unroll-and-jam can remove some memory
operations from the innermost loop by considering multipleiterations of both inner and outer loops
and, thus, increasing the scope of scalar replacement. In this example, unroll-and-jam will find that
the next .J loop iteration is ¢[i][j + 1] = a[i][k] * b[K][j + 1] + t. The loaded value of a[i][k] is
used in both iterations. So by unrolling the ./ loop once, aload of a[:][k] can be eliminated. After

unrolling the J loop once by unroll-and-jam, the loop becomes:
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for(i=0Q i<4; i++)
for(j=0; j<4; j+=2)

{

clilljl =0;
to = dqillil;
cli][j+1] =0;
tl = di][j+1];

for(k=0; k<4; k++)

{
w = ali][k];
t0O = w* b[K][j] + tO;
tl =w?* b[K][]j+1] + t1;

dqillj] = t0;
qillj+1] =t1
}

Now there are 3 memory operations in the innermost loop. Because the transformed loop body
does twice the work of the original one, the unit Resl| (Resl| divided by the unroll factor) becomes
%, 25% lower than the unit Resll before using unroll-and-jam. Again this reduction is due to
unroll-and-jam leading to more aggressive scalar replacement.

3.3.2 Removing the Memory Bottleneck of Software Pipelining

Memory bottlenecks happen when the memory resource demandin aloop and the capacity
of the memory functional units of a machine are mismatched. As aresult, the memory functional
unitsinthe machine are fully used; but other machine resources, like floating-point functional units,
are not. Unroll-and-jam, by unrolling outer loops and replacing memory accesses with scalars, can
effectively reduce the memory resource demand in the innermost loop. Therefore, it is effectivein
removing the memory bottleneck. However, different loops need different degrees of unrolling and
replacing to achieve optimal machine resource usage. This section describes the heuristicsthat are

used to achieve the optimal resource utilization. The basic criteriawas defined by Callahan et al[7].
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Carr and Kennedy gave the algorithm that automatically computes the optimal degree of unrolling
for unroll-and-jam[9]. The criteria is the same when using unroll-and-jam to remove memory
bottlenecks to software pipelining. However, in computing the optimal degree of unrolling, the
effect of overlapping execution needs to be considered.

Toillustratetherel ation between theresource demand of aloop and the resourcesavailable
in amachine, Callahan et a[7] defined the machine balance as

number of memory operations canbe issued per cycle

By =

number of floating — point operations can be issued per cycle
and the loop balance as

number of memory operations in the loop

Br =

number of floating — point operations in the loop

[7]. When 51, = 6as, the memory functional units and the floating-point functional unitscan al be
fully used. However, when 5;, > [, aloop is memory bound and the floating-point functional
units cannot be fully utilized due to the high memory resource demand. For memory bound loops,
(1. heeds to be reduced to be equal to Fa; in order to achieve a balanced use of both memory and
floating-point resources. Because of the effect that unroll-and-jam can reduce 5;, by alowing more
aggressive scalar replacement, we can choose an unroll amount to set /37, ascloseto 3y aswewish
for memory-based nested loops.

However, unroll-and-jam leads to a higher register demand for the nested loops since it
jamsseveral iterationstogether and replaces memory references with scalars. If theregister demand
were increased to be higher than the number of available registers, the benefit of unroll-and-jam
would be counteracted by the negative effects of register spilling. So, typicaly, unroll-and-jam
heuristics also consider the number of registers available in the target machine. If the “optimal”
degree of unrolling requirestoo many registers, heuristicsfor unroll-and-jam pick the highest degree
of unrolling that does not require more registers than the machine has.

When using unroll-and-jam to remove the memory bottleneck for software pipelining, the
aim is still to decrease the 5r, of a memory bound loop to 5»s. However, the register demand of
software pipelined loops is different from that of alocally or globally scheduled loop. In software
pipelining, the execution of severa iterations overlap. This overlapping leads to higher register
demand. For modulo-scheduled loops, a variable may need several registers as a result of kernel
unrolling (Section 2.4.3). Unroll-and-jam needs to consider the overlapping effect of software
pipelining in order to precisely estimate the register pressure of an unrolled loop after software
pipelining.
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3.4 Estimating the Register Pressure of Unroll-and-Jam

Estimating the register pressure of an unrolled loop after software pipeliningiscrucial for
using unroll-and-jam with software pipelining. If the estimation is higher than the actual register
pressure, unroll-and-jam will restrict the degree of unrolling heuristically and unroll-and-jam’s
benefit will not be fully exploited. If the estimation is too low, unroll-and-jam will use too many
registers and potentially cripple software pipelining due to register spilling [12].

Two register-pressure estimation methods for modulo scheduled loops, MaxLive and
MinAvg, were described in Section 2.3.4. This section discusses the possible use of these two
estimation methods with unroll-and-jam and proposes a new approach that may be more effective
than simply using MaxLive or MinAvg. To date, the effectiveness of these methods has not been
examined experimentally.

Using MaxLive

MaxLive (described in Section 2.3.4) isthe closest estimation to the register demand for
a software pipeline schedule. Rau et al. found that for the loops they tested, the actual register
demand of aschedule wasrarely 5 registers more than itsMaxLive for aregister allocation method
similar to graph-coloring register assignment [34].

Although MaxLiveisafairly precise estimation, it is not practical for unroll-and-jam to
useit. Computing MaxLive can only be done after a software pipeline schedule isfound, i.e. after
generating an unrolled loop body and scheduling the generated loop body. It istoo time consuming
for unroll-and-jam to try different unrolling based on the value of MaxL.ive.

Using MinAvg

As described in Section 2.3.4, MinAvg is an estimation that does not depend on any
particular software pipeline schedule. The accuracy of an estimation using MinAvg is affected by
several factors.

The first factor is the accuracy of the predicted Il because the computing of MinAvg
depends on a specific Il. Due to the fact that the Il of a loop cannot be determined until after
software pipelining, the value of Il has to be estimated. Fortunately, current leading software
pipelining algorithms can achieve optimal or near-optimal 11 for most of the loops. So Minl1,
which is the larger of Recll and ReslI, can be used as a good estimate of I1. Both ReclI and



50

ResI I can be computed before scheduling. Moreover, Recl I can be computed at the source level
if the latencies of the machine are known. The false recurrences caused by the code generation
of a compiler can be ignored since they are not ‘inherent’ recurrences and can be eliminated by
appropriate techniques.

The second factor affecting the computing of MinAvg is how close the MinAvg is to
the actual register demand. Unfortunately, the optimal assumption used in computing MinAvg
sometimes makes it far lower than the actual register pressure in the generated software pipeline
schedule. The basic assumption used in computing MinAvgisthat, in a software pipeline schedule,
each variable has a minimum-length lifetime and each register is fully used in every cycle of the
software pipeline. However, resource constraints can lead to longer lifetimes than the minimum
length. Especialy for loops in which ResI I is much higher than RecI I, the lifetime length of
variables can be much longer than the minimum length. Therefore, for loops with relatively high
resource constraints, MinAvg can be quite inaccurate. Moreover, unroll-and-jam increases the
amount of parallelismin theinnermost loop. Thistransformation resultsinahigher ResI I relative
to Recll. So MinAvg is probably not a precise estimation for unroll-and-jam.

Using MinDist

MinDist can be computed once the Il is known. As stated previoudly, Il can be esti-
mated with good accuracy. Given Il, MinDist gives the minimum lifetime of each variable. This
information can be very helpful in estimating the register pressure.

Without considering the overlapping effect of software pipelining, the register pressure
of the unrolled loop can be precisely estimated using the algorithm given by Carr and Kennedy
[9]. Soif the additional register demand caused by the overlapping effect is known, the register
pressure after software pipelining can be precisely estimated. MinDist can be used to compute the
effect of overlapping on register pressure for modulo scheduled software pipeline schedules. The
overlapping in software pipelining requires additional registers only when the lifetime of aregister
islonger than I1. MinDist provides the lower bound of the lifetime of each variable and this lower
bound can serve as an estimation directly. If the minimum lifetime of avariableis I, the variable
adds [%} — 1 registersto the register pressure in the software pipeline schedule.

The disadvantage of using MinDist is that the resource constraints can lead to register
lifetimes much longer than their minimum value in the unrolled loops. However, using MinDistis
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more accurate than using MinAvg because the prediction using MinDist does not assume an optimal
register usage. MinDist is only used to compute additional registers needed due to the overlapping
of software pipelining.

3.5 Comparing unroll-and-jam with Other Loop Transformations

This section describes the advantages of unroll-and-jam, with regard to software pipelin-
ing, over the two other popular loop transformations, namely tree height reduction and loop inter-

change.

3.5.1 Comparison with Tree-Height Reduction

Tree-height reduction (THR) isageneral techniquethat considersthe computation carried
by the loop as a computing tree and restructures the computing tree so that more computations can
be parallelized and the height of thetree can bereduced[23]. Tree-height reduction can be appliedto
not only nested loopsbut also singleloops. It generally involvesinnermast loop unrolling and back-
substitution. Tree-height reduction has recently been used and evaluated on ILP architectureq 38|
and in modulo scheduling [26].

Both unroll-and-jam and THR increase the amount of parallelism in the innermost loop.
However, the sources of theincreased parallelism are totally different. Unroll-and-jam transformsa
nested loop and puts parallelism from outer loopsinto the innermost loop, whereas THR transforms
the computation in the innermost loop and exposes more parallelism from within the innermost
loop. Each method deals with different sources of parallelism and each can be used with the other
to obtain both benefits without problem.

Themgjor advantage of THR isthat it can be applied to any loopswhereas unroll-and-jam
can only be used for nested loops. Although THR is not specifically designed for nested loops, it
may exploit cross-loop parallelism by interchanging the nested loop. However, as described in the
next section, there are two shortcomings with the use of loop interchange: loop interchange is not
alwayslegal, and it can lead to poor cache performance.

Unroll-and-jam, however, can exploit cross-loop parallelism without difficulties caused
by loop interchange. The amount of cross-loop paralelism is quite large. For architectures with
high degree of hardware paralelism, exploiting cross-loop paralelism is essential. Compared to
THR, unroll-and-jam can more effectively reduce resource constraints in the transformed loop.
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The unrolling performed by both unroll-and-jam and THR bringsin more computations that allow
traditional optimization to reduce more operations. But unroll-and-jam can enhance chances for
scalar replacement across loop boundaries. THR, since it limits its scope only to the innermost
loop, cannot achieve the benefit of optimization across loops. Therefore, unroll-and-jam is more
effective in reducing resource constraints for software pipelining than THR.

Unroll-and-jam has another advantage over THR because the effect of unroll-and-jam on
Recl| can be accurately predicted and the degree of unrolling can be determined before transforma-
tion. However, THR cannot predict the resulting Recl| before transformation, and, thus, the degree

of innermost loop unrolling cannot be optimally determined.

3.5.2 Comparison with Loop Interchange

Loop Interchange can switch an outer loop to be the innermost loop. To minimize
the recurrence in the innermost loop, loop interchange should switch the loop that has the least
recurrence to be the innermost loop. By doing so, loop interchange may decrease the recurrence in
the innermost |oop without increasing the size of the innermost loop. However, it may not be legal
to perform loop interchange. Even when loop interchange can be performed freely, it still has three
disadvantages compared with unroll-and-jam.

The first disadvantage of loop interchange is that it may not always eliminate the effect
of recurrence in the innermost loop. If a multiple-nested loop does not have a loop that has no
recurrence, loop interchange cannot eliminate the effect of the recurrence in the innermost loop as
unroll-and-jam can. The unit Recll will be the same as the lowest Recll in all loops, but it cannot
be reduced further. The second disadvantage of loop interchange is that by changing the order of
the loop, cache performance may be worsened significantly. Poor cache performance will cause a
much higher register pressure in software pipelining.
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Chapter 4

Improving Software Pipelining with
Memory Reuse Analysis

The deep memory hierarchy in today’s microprocessors causes uncertain latencies for
memory operations. In the past, software pipelining algorithms either assumed that each memory
operation takes the shortest possible time to finish or they assumed that each memory operation
takes the longest possible timeto finish. This chapter shows that both assumptionsare undesirable
because they each degrade software pipelining’s performance. The behavior of amemory operation
can and should be predicted by using acompiler technique called memory reuse analysis. By taking
advantage of predictions provided by such analysis, software pipelining should be ableto achieve a
much better performance than that possible with either optimistic (all memory operations take the
shortest time possible) or pessimistic (all memory operations require the longest latency possible)

assumptions.

4.1 Memory Hierarchy

The speed of today’s microprocessors is much greater than the speed of today’s memory
systems. Over the past ten years, the processor speed has increased at a higher rate than that of
the memory system. Asaresult, today’s machines have a significant gap between CPU speed and
memory speed. Although an integer addition typically takes only one machine cycle in the CPU,
aload from the main memory may take 30 cycles. To reduce the average time required to load a
valuefrom main memory to CPU, cacheisused in al modern machinesto serve as abuffer between
the processor and the main memory. Cache is much faster than the main memory. A load from a
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first level (usually on-chip) cache normally takes only 2 to 3 machine cycles. However, cache is
much smaller than main memory and thus, it is sometimes impossible to have all the data needed
by a program fit into the cache.

Memory hierarchy isthe term to describe current memory systemsthat consist of different
levels of data storage. In such a hierarchy, registers are the fastest, but smallest ‘memory’. Main
memory isthe slowest, but largest. Cache has a speed and a size in between. Most recent machines
use a multiple-level cache, i.e. a small, fast, on-chip cache and a larger, slower, off-chip cache.
With the speed difference between the processor and the main memory getting larger, the memory
hierarchy necessarily becomes deeper to maintain sufficient memory speeds.

The deep memory hierarchy causes significant uncertainty in the time needed for a
memory operation. During execution, some data come from cache and some from main memory.
The memory latency, which is the time needed for a memory load or store, varies drastically
depending upon whether the data comes from cache or from main memory. A load or store from
the fast first-level data cache is called a cache hit and a load or store from a second-level cache or
main memory is called a cache miss. The latency of a cache hit and the latency of a cache miss
normally differs by a factor of 10 or more.

4.2 Memory Reuse Analysis

Memory reuse analysis is a compiler technique used to predict the cache behavior by
analyzing the reuse of datain a program. It predicts whether a memory load or store is a cache hit
or a cache miss. Cache memories are based upon the assumption that most data is used multiple
times. When data are loaded from the main memory, they are placed in the cache. So if the data
is used again before it must be removed from the cache (to make room for other data), the second
load of the datais a cache hit. The cache concept, and indeed the entire memory hierarchy, reduces
the average memory access time significantly because programs exhibit locality.

Programs actually exhibit two types of locality. First, datathat have been used “recently”
inaprogram arelikely to bereused again soon. Such multiple use of the same datais called temporal
locality and, likewise, the reuse of previously loaded datais called temporal reuse. In addition to
temporal locality, programstend to use datawhich are “ close together" such as contiguous elements
of an array. Thislocality is called spatial locality and leads to the term spatial reuse when spatial
locality yields a cache hit. In terms of cache behavior, temporal reuse occurs when, after data is
loaded from the main memory, the same data is loaded again. At the first load, the data will be
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moved to the cache; therefore the second load will be a cache hit. Caches make use of spatial reuse
in that when one location is used, datain nearby locations are loaded aswell. When the first datais
loaded, awhole block of data containing the loaded dataisloaded into the cache. A block contains
agroup of adjacent data. So along with the data initially accessed, other data near the initial data
are placed in the cache. When a subsequent memory operation accesses data near the initial data
(spatial reuse), access will be a cache hit aswell.

Let’sconsidering thefollowing loop of matrix multiply. Therearefour memory references
intheinnermostloop. Thetwo references of C'[¢] havetemporal locality becausethe samedata, C'[:],
is accessed every time in the innermost loop. The other two memory references access different
datainevery iteration. Let’'sassumethearray A and B are stored in row-major order. Then memory
access Ali, j] in each iteration has spatial reuse because it is near the previous A[i, j] in the last
iteration. Memory access B[7, 1] has neither temporal reuse nor spatial reuse because B(j, i] ineach
iteration isalong distance in memory from the access in the previous iteration.

for (i=0; i<M i++)
for (j=0; j<M |++)
{
dil =di]l + Ali,jl*Bj,i];

Memory reuse analysis examines each memory operation to see if it has spatial reuse,
temporal reuse or neither of the two. One relatively simple cache prediction scheme assumes that
any static operation that exhibits reuse (as determined by compile-time anaysis) will always yield
acache hit and that any static operation that cannot be demonstrated by conservative compile-time
analysis to exhibit reuse is always a cache miss. There are currently two popular compile-time
analysis models that have been used to identify memory reuse; one is based upon sophisticated
dependence analysig[11] and the other uses alinear algebra model [46]. The reader should refer to
those resources for algorithm details.

4.3 Removing Hardware Misuse with Memory Reuse Analysis

As discussed previoudly, the problem of uncertainty latencies isrooted in the degp mem-
ory hierarchy of modern microprocessors. However, memory reuse analysis can help solve the
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uncertain-latency problem by predicting cache hits and misses. Without using memory reuse anal-
ysis, acompiler cannot have the precise knowledge of the latencies of memory operations. When a
latency of a memory operation isunknown to acompiler, the compiler must either assumethatitisa
cache hit or a cache miss. Some compilers assumethat all memory loads are cache hits (all-cache-
hit assumption) and some treat all memory loads as cache misses (all-cache-miss assumption).
The all-cache-hit assumption under-estimates the latency of a cache miss and the all-cache-miss
assumption over-estimatesthe latency of acache hit. Both assumptionsare imprecise, asthelatency
difference between cache-hit loads and cache-miss |oads can be afactor of ten.

This section will examine both the al-cache-hit and the all-cache-miss assumption used
in software pipelining and show that both assumptions can significantly degrade the performance

of software pipelining. When memory reuse analysis is used, these degradations can be avoided.

4.3.1 All-Cache-Hit Assumption

Consider an exampleloop on a machine where a cache hit takes two cycles, acache miss
takes twenty cycles and other operations take two cycles.

for (i=0; i<N i++)
{
C+= Ai];

Assumethe Il of the generated software pipelineis 3 cycles and the schedule for one iterationis,

Operation Cycl e

X 1 load A[i] =>1t1

u 2 i+ 1 =

v 4 if (i>=N) goto postlude
y t tl * C=> C

Note that operation y, scheduled at cycle ¢, depends on the assumed latency of the load of A[:]. If
the compiler assumes the load is a cache hit, ¢ will be 3; otherwise, ¢ is 21 assuming the load is a
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cache miss. Using an all-cache-hit assumption, where the compiler treats every memory load as a

cache hit, operation y will be scheduled at cycle 3. The execution will be:

#i + 1 =

#a* C=>20C

0 load Ali] => a

1 i+ 1 =i

2 a* C=>2¢C

3 if (i>=N) goto postlude # load Ali] => a
4

5

If the assumption of compiler iswrong and the load is a cache misswhich takes 20 cycles to finish,
then a severe speed penalty will occur since the second iteration can not be issued until the cache
missisresolved. The execution of this software pipeline will be 21 cycles per iteration, instead of

3 cycles per iteration, a slowdown of 700%.

4.3.2 All-Cache-Miss Assumption

To avoid the possible severe speed penalty, Rau [33] and Huff [22] chose to assume the
worst latency for every memory load, that is, all-cache-miss. For our same example loop in the last
section, when the latency of operation x isassumed as 20 cycles, the execution of software pipeline

will be:
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0 load Ali] => al

1 i+ 1 =

2

3 if (i>=N) goto # load A[i] => a2

4 #i +1 =

5

6 #if (i>=N) goto # load A[i] => a3
20 al * C=>C

21 # a2 * C=>20C

22 #a3 * C=>C

This software pipeline, when at its full speed, completes one iteration every three cycles. Notice
thevariables a1, a2, etc are introduced by kernel unrolling because the lifetime of the loaded value
islonger than 1. The compiler assumes that the load takes 20 cycles, consequently, it reserves 21
cyclesof lifetimefor the loaded value. Thislong lifetime needs 7 registers. However, if theload is
ahit, only three cycles of lifetime and one register are needed. So the over-estimation costs 6 more

registersfor thisexample.

4.3.3 Using Memory Reuse Analysis

Asdescribed in the previous sections, when the all-cache-hit assumption under-estimates
the latency of cache-miss loads, the speed of the software pipeline is severely degraded; when the
all-cache-miss assumption over-estimates the latency of cache-hit loads, the software pipeline uses
many more registers than needed. By using memory reuse analysis, software pipelining should
neither over-estimate nor under-estimate the latency of memory operations. So the degradation of
the software pipeline speed and the unnecessary use of registers can be avoided with memory reuse
analysis. In practice, of course, memory reuse analysis cannot guarantee to identify each cache hit
and cache miss. However, it should yield improved software pipelining when compared to either

an al-cache-hit or an all-cache-miss policy.
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Chapter 5

Improving Modulo Scheduling

Modulo scheduling is a effective scheduling technique for software pipelining. Experi-
mental results have shown that it can achieve near-optimal 11 for most benchmark loops[33] [4].
This chapter discusses two enhancements to modulo scheduling. Previously, modulo scheduling
could not eliminate all false recurrences without the hardware support of rotating registers. Section
1 proposes a compiler algorithm that can efficiently eliminate the effect of all false recurrences for
conventional architectures. Section 2 describes afaster method of computing Recl| than iscurrently
used in practice.

5.1 Eliminating False Recurrences

As described in Chapter 1, anti and output dependences are called false dependences
becausethey can beremoved by appropriate variablerenaming without changing program semantics.
Therefore, the recurrence cycle in a loop that contains anti or output dependences is not a true
recurrence. | call it afalserecurrence. Thus, atrue recurrence isaloop-carried dependence cycle
in which each edgeis atrue dependence. Various software and hardware methods have been used
to eliminate the effect of false dependences and recurrences.

Hardware renaming is one method of eliminating anti-dependences that has been used
for along time[41]. In the realm of hardware renaming, an anti-dependence is known as a WAR
(write-after-read) hazard. When the hardware detects a WAR hazard, it can copy the value to a
temporary and |et the second operation proceed without waiting for the first operation to finish. The
hardware then forwards the copied value to the first operation when needed. In this manner, the
WAR hazard is eliminated at the cost of an additional location necessary for the temporary.
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Compilers have also made attemptsto eliminate anti and output dependences by “renam-
ing". In amanner similar to hardware renaming, compilers assign additional temporariesto remove
possible anti and output dependences. One popular method of compiler renaming is the use of
static single assignment (SSA)[14]. In SSA, each produced value uses a separate variable so that
the reuse of variables can be eliminated.

However, when software pipelining, neither traditional hardware or software renaming
can completely eliminate false recurrences in a loop. When the execution of different iterations
overlaps, the use of avalue in aprevious iteration may occur long after a definein alater iteration.
Thus, the hardware does not even know there isa use in the previous iteration before the define of
the current iteration. Traditional software renaming does not rename a value for each iteration. If
avalue a isdefined in aloop body, traditional software renaming does not give a different location
to the « produced in each iteration. Therefore, fal se recurrences may happen due to the reuse of the
location of a by multipleiterations.

If avalueisdefined in aloop, a complete renaming would require a separate variable for
each iteration of the loop. This type of renaming was used in vectorizing compilers[24], where
the defined variable is expanded into a higher degree of array. However, this type of renaming is
too expensive to be practical in conventional machines. One method of special hardware support,
namely rotating registers (RR), has been suggested [13] [36]. Rau et al. used RRs for modulo
scheduled loops[34]. In amachine with support for RRs, the index of registers are shifted every |1
cycles. This shifting produces the effect that each |1 uses a different set of registers and the reuse
of the same location can be avoided. Although RRs can eliminate all false recurrences caused by
the reuse of variables, it is an expensive hardware feature that is not available on any of today’s
machines.

Lam [25] proposed a software solution to this problem called Modul o Variable Expansion
(MVE). The advantage of MVE is that it requires no hardware support not found on conventional
architectures. MVE identifies all variables that are reproduced at the beginning of each iteration
and removes the loop carried dependence between the use and the define of each reproduceable
variable. After modulo scheduling, MVE unrolls the kernel as appropriate to avoid any lifetime
overlapping itself (see Section 2.4.3).

However, as described in the next section, modulo variable expansion is incomplete
because it only appliesto a subset of loop-carried anti-dependences. Other loop-carried dependence
and loop-independent anti-dependences are ignored. The remaining anti-dependences may still
cause false recurrences that cannot be eliminated by MVE.
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Figure5.1: False Recurrences

Thisthesisproposes arenaming techniquethat eliminatesthe effect of all fal se recurrences
in modulo scheduled loops on conventional architectures. It is called complete renaming because
it eliminates the effect of anti-dependences completely at minimum register cost. In the following
discussion, weignoreall output dependences sincethey can easily be eliminated by normal software

renaming.

5.1.1 False Recurrence

False recurrences are the loop-carried dependence cycles that have at least one anti-
dependence. This section discusses the false recurrences caused by |oop-independent and |oop-
carried anti-dependences. We assume that a false recurrence has only one anti-dependence. This
isonly for the purpose of simplifying the discussion. All techniques and conclusions are valid for
recurrences that include multiple anti-dependences.

Figure 5.1 (a) shows a false recurrence caused by a loop-carried anti-dependence. As
shown, there is an intra-iteration true dependence chain from the define of A to its use and a
loop-carried anti-dependence that completes a recurrence cycle. The loop-carried anti-dependence
isduetothereuse of variable A inloopiterations. Dueto thereuse of A, theuse of A of the current
iteration must precede the define of A of the next iteration. Figure 5.1 (b) showsafalse recurrence
caused by a loop-independent anti-dependence. There is an inter-loop true dependence arc from
the define of A of the current iteration to the use of A of the next iteration which, coupled with the
loop-independent anti-dependence, forms a recurrence. The loop-independent anti-dependence is
also due to the reuse of variable A in all iterations. Due to the reuse, the use of A must precede the
defineof A inevery iteration. Inthefollowingdiscussion, the reused variable of an anti-dependence
means the variable whose reuse causes the anti-dependence. In the above two examples, the reused
variable of the both anti-dependencesis A.
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To eliminate a false recurrence caused by a loop-carried anti-dependence, we must be
ableto rename the reused variabl e so that the define of the next iteration can use a different variable
than the use of the current iteration and the loop-carried anti-dependence can be eliminated. To
remove a false recurrence caused by a loop-independent anti-dependence, the renaming of the
reused variable should make the define and the use in each iteration use two different variables so

that the loop-independent anti-dependence can be removed.

5.1.2 Modulo Variable Expansion

To eliminate the effect of certain false recurrences, Lam proposed a compiler renaming
technique called Modulo Variable Expansion[25]. This section givesadetailed description of MVE
and shows why MVE is neither complete nor efficient for eliminating all false recurrences. MVE

can eliminate the anti-dependence that satisfies,
¢ itisaloop-carried anti-dependence, and,

¢ the value defined in the reused variable is reproduceable in each iteration. (A value that is
reproduceable in a iteration means that the value does not rely on any value computed by

previousiterations.)

Figure 5.2(a) shows the effect of MVE. The renaming of MVE can be seen as two steps. First,
before scheduling, MVE prunes the loop-carried anti-dependence. Without the restriction of the
loop-carried anti-dependence, the scheduler can schedule the use of A of the current iteration after
the define of A of the next iteration. When this happens, thelifetime of A islonger than Il and must
overlap with itself in the kernel. In the second step, performed after scheduling, MV E renames A
into separate registers so that no lifetime of therenamed As can overlap withitself. The second step
is also called kernel unrolling because the renaming requires unrolling of the kernel. (The method
of kernel unrolling is described in Section 2.4.3.) In Figure 5.2(a), the variable A isrenamed into
two variables so that the define of A of the next iteration would not affect the use of A of the current
iteration. Thus, the loop-carried anti-dependence is removed and so is the fal se recurrence cycle.

| call thefirst step of MVE, whichisthe pruning of the anti-dependence, logical renaming,
since this step tells the scheduler that the variable can be renamed; | call the second step of MVE,
where the variable is physically renamed into separate variables, physical renaming. Logical
renaming enables scheduling to ignore the anti-dependence, which may lead to lifetimes longer

than 11; physical renaming avoids the overlapping of the long lifetimes that may result from logical
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Figure 5.2: Renaming Scheme of MVE

renaming. From now on, we will not refer to MVE as awhole but to logical renaming and physical
renaming separately for the purpose of clarity.

Logical and physical renaming are insufficient because, alone, they cannot handleall false
recurrences; that is, they cannot eliminate al anti-dependences correctly. The renaming in Figure
5.2(a) iscorrect only when the anti-dependence is loop-carried and the value of the reused variable
is reproduceable in each iteration. Asshown in Figure 5.2 (b) and (c), for other anti-dependences,
using simple logical and physical renaming can lead to incorrect renaming.

First, logical and physical renaming cannot eliminateloop-independent anti-dependences.
A loop-independent anti-dependence constrains the use of A to be scheduled before the define of
Ainany iteration. If logical renaming took out the loop-independent anti-dependence and allowed
the use of A to be scheduled after its define and physical renaming used a different variable for
each adjacent iteration, the loop would not be correct after physical renaming sincetheuse of A in
one iteration would use awrong value of A. Figure 5.2 (b) showsthat after logical and physical
renaming, the use of A uses awrong value and the loop is not correct.

Second, logical and physical renaming cannot eliminate anti-dependences in which the
value of the reused variable is not reproduceable in each iteration. For example, in Figure 5.2 (¢),
the define of A uses the value of A from the previous iteration; therefore, A is not reproduceable
in each iteration. If logical renaming removes the loop-carried anti-dependence and the scheduler
schedules the define of A of the next iteration before the use of A of the current iteration, physical
renaming will use two different variables for any two adjacent iterations. So A of this iteration
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cannot read the A of the previous iteration since the adjacent iterations use two different variables
for A. The schedule after logical and physical renaming isincorrect.

Not only are smple logical and physical renaming insufficient, they also are inefficient
in terms of register usage because logical renaming blindly prunes al applicable anti-dependences.
When the false recurrences caused by an anti-dependence are not the limiting constraint for 11,
they need not be eliminated. So, preserving such anti-dependence will not affect the performance
of software pipelining. However, if we unnecessarily prune the anti-dependence by blind logical
renaming, scheduling and physical renaming may unnecessarily use multiple registers for the
variable; therefore, software pipelining may use more registers than necessary.

To show the possible over-use of registers by logical renaming, let’s consider Figure 5.2
(a) again. If the false recurrence caused by the loop-carried anti-dependence is not more restrictive
than other software pipelining constraints, the minimum|lifetime of A fitsinto Il cycles. Thelogical
renaming is unnecessary since we can schedule the use of A of the current iteration before the
define of A of the next iteration without hurting the value of I1. Moreover, the preserving of the
anti-dependence would force the scheduler to schedule the A’s lifetime to be lessthan 11; therefore,
only one register is needed for A. However, if logical renaming blindly prunes this loop-carried
anti-dependence, the scheduler may create a lifetime of A that is longer than Il. Subsequently,
physical renaming would require more than one register for A and unnecessarily increase the

register pressure.

5.1.3 Define-Substitution

Simple logical and physical renaming cannot eliminate anti-dependences that either are
loop-independent or caused by areused variable that is not reproduceable. This section proposes a
technique that performs substitution to the define of the reused variable so that, after substitutions,
logical and physical renaming can eliminate those two types of anti-dependences correctly. | call
this substitution technique define-substitution. The idea is to substitute the anti-dependences that
cannot be handled by logical and physical renaming with anti-dependencesthat can be eliminated by
logical and physical renaming. Define-substitution consistsof pre-substitution and post-substitution.
Pre-substitution is used on loop-independent anti-dependences; post-substitutionis applied to anti-
dependences in which the reused variable is not reproduceable. After pre-substitution and post-
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substitution, the original anti-dependences are changed to loop-carried dependences where the
reused variable is reproduceable *.

In order to substituteloop-independent anti-dependenceswith desirableloop-carried anti-
dependences, pre-substitution copies the value of the reused variable before any of its use in each
iteration. Figure 5.3 (a) showsthe effect of pre-substitution on aloop-independent anti-dependence.
Pre-substitution copiesthe value of thereused variable, A, to asubstitutingvariable A’ and changes
theuse of A totheuseof A’. After substitution, the anti-dependence from the use of A to the define
of A ischanged to aloop-carried anti-dependence from the use of A’ to the define of A’. A’ is
reproduceable in each iteration since the recurrence existing between the define of A and the define
of A’ ensuresthat A’ has a correct value in each iteration. Because the new anti-dependence is
loop-carried and A’ isreproduceable, logical and physical renaming can be performed on A’ and the
false recurrence can be eliminated. In pre-substitution, the copying should be done before any use
of A; only the usesof A that occur before the define of A can be changed to use A'. The placement
of a copy operation in pre-substitution is the same | ocation where software renaming, SSA, would
put a ¢ node. This ¢ node merges of the value coming in from the outside of the loop and the value
generated insidethe loop. If the ¢ nodeisimplemented by a copy operation, then SSA can havethe
effect of pre-substitution.

Post-substitutionis used on anti-dependences that are caused by the reuse variable that is
not reproduceable. Asshown in the example in Figure 5.3 (b), post-substitution copies the reused
variable, A, toasubstitutingvariable A’ after the define of A, and changestheuseof A to A’. After
substitution, the anti-dependence between the use of A’ and the define of A’ isloop-carried, and A’
isreproduceable. Sological and physical renaming can be performed on A’ and the anti-dependence
can be removed. In post-substitution for a loop-carried dependence, the copying of A to A’ should
be done after the define of A but before any of its uses; only the uses of A that are after the define
of A may can be changed to use A’. Post-substitution for any loop-independent anti-dependenceis
unnecessary since after pre-substitution, the reused variable must be reproduceable.

Asdefine-substitution inserts a copy of the reused variable, atrue and an anti-dependence
are aso inserted into the DDG. We must not allow these dependences to be inserted into any
existing recurrences because they will increase the length of the host recurrence. Let's consider
Figure 5.1 (a) for an example. If A isnot reproduceable, post-substitution copies it to A’ and
changes use A; def X1touse A’. Thischange lengthens the dependence chain from the define

'Here we expand the concept of reproduceableto include those val ues produced in remaining recurrences cycles after
logical renaming. They are reproduceablein each iteration dueto the constraint imposed by the recurrences.
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Figure 5.3: Pre and Post-Substitution

of A totheuseof A. If the define and the use are in a true recurrence cycle, this change would
lengthen the true recurrence cycle aswell. To avoid this result, we must prohibit substituting a use
of A if theuseisin atrue recurrence (called host recurrence) with the define of A. Although this
restriction preserves the anti-dependence, it does not affect the effect of define-substitution because
the preserved anti-dependence cannot cause false recurrences longer than the host true recurrence.
However, a practical concern arises in the implementation of this restriction: how do we know if
the define and the use of areused variable isin atrue recurrence cycle? The actual problemismore
complicated because, for the purpose of efficiency, we may preserve some false recurrences in the
loop and we must consider those false recurrences as well as all true recurrences. This problem
can be solved; but we delay the answer to the next section. With the restriction described above,
define-substitution will cause no additional recurrence to the loop body.

As shown in the above discussion, define-substitution changes the anti-dependences that
cannot be handled by logical and physical renaming so that after define-substitution, all anti-
dependences can be eliminated by logical and physical renaming. Although define-substitution
inserts copies into the loop body, it does not create higher recurrences. Therefore, with define-

substitution, the effect of all false recurrences can be eliminated for modul o scheduling.

5.1.4 Restrictive Renaming

Theelimination of fal serecurrencesincreasesregister demand since both define-substitution

and renaming require additional registers. To minimize the register cost of eliminating false re-
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currences, we must avoid any unnecessary uses of define-substitution and renaming. This section
describes a technique that can identify those false recurrences that need to be eiminated. By
applying define-substitution and renaming only to those necessary false recurrences, unnecessary
register cost can be avoided. The technique is called restrictive renaming since it restricts the
define-substitution and renaming. Similarly we call the blind logical and physical renaming used
by MVE unrestrictive renaming.

To minimizethe use of define-substitution and renaming, we want to eliminate only false
recurrences that are more restrictive than other software pipelining constraints, namely constraints
due to true recurrences and constraints of limited resources in the target machine. | call the
lowerbound on |1 dueto true recurrences Truell. Thus, the larger of the Truell and Resll, TrueMill,
isthelowerbound Il dueto everything but false recurrences. The purpose of restrictive renamingis
to achieve TrueMI1 while eliminating aminimum number of falserecurrences. Therefore, only false
recurrences with a length greater than TrueMIl need be eliminated. The problem then, becomes,
finding all false recurrences and determining the length of each false recurrence.

I will categorize false recurrences by the number of anti-dependences in the dependence
cycle. False recurrences that contain only one anti-dependence are denoted as o!-recurrences.
Similarly, false recurrences that contain n anti-dependences are denoted as «*-recurrences. An
al-recurrence cycle consists of a true dependence chain with a single anti-dependence. Let's
assume that we know the length of the longest true dependence chain between any two DDG
nodes. The length of each o!-recurrence can be obtained by checking every anti-dependence: if
an anti-dependence is from node = to y, the longest length of the al-recurrence caused by this
anti-dependence is the length of the longest true dependence chain from y to z plus the timing of
the anti-dependence.

The length of the longest true dependence chain between any two nodes can be found by
computing thelongest path problem and considering only true dependencesinthe DDG. (Thetiming
of loop-carried dependences in the DDG is computed using |1 equa to TrueMIl.) The computing
of the longest path problem can be done by changing the sign of edges and computing the shortest
path problem.

Using TrueMI1 and considering only true dependences, we can compute the longest path
between any two nodes and represent it with an adjacency matrix. We call thismatrix 7rue DistO.
The longest true dependence chain from node z to y isthe valuein TrueDistOz, y). If thereisno

path from z to y, TrueDist%[x, y] is —oo. Thus, if an anti-dependence « is from node y to z, the
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length of the longest o1-recurrence caused by « is
tmingans; + (TrueDisto[x, y| + iteration_dif ference(a) * TrueM 1),

where iteration_di f ference(a) iseither O (loop-independent) or 1 (loop-carried). If the length of
the a!-recurrence is greater than 0, this false recurrence needs to be eliminated.

After finding all o!-recurrences that need to be eliminated and the necessary anti-
dependences that need to be removed, we can proceed to find all o? false recurrences that have
alength longer than Il. This can be done by computing the longest path between any two nodes
that has at most one anti-dependence edge in the path. We start from True Dist® and extend it
to include al anti-dependences that are not removed in the elimination of a-recurrences. If « is
such an anti-dependence from node = to y and TrueDistOz, y] is —oo, we change the entry to
the timing of the anti-dependence. Assuming the new matrix is Dist, then TrueDist[z, y] isthe
result of Dist3. Now the length of longest path containing at most one anti-dependence between
every two nodes isincluded in TrueDistt. In similar fashion, we can find all o? recurrences that
have alength greater than TrueMI|.

We then can find o -recurrences (£ > 2) similarly. The maximum % we need to consider
is the number of DDG nodes N. However, the method can stop earlier if the number of anti-
dependences left isless than & when we are checking for o -recurrences.

Restrictive renaming is computationally expensive. The computing of TrueDist? at
most can usetime of O(logTrueMII + logoN + N3). The checking of o false recurrences takes
O(logzk * N3). The checking of al false recurrence can be O( N*). However, it is noticeable that
restrictive renaming can find all false recurrences longer than TrueMI1 using only polynomial time
even though there can be an exponential number of false recurrence cycles in the loop body.

Restrictive renaming, though expensive, is promising because it identifies those false
recurrences that can cause undesirable recurrence constraints;, by eliminating only those false
recurrences, restrictive renaming minimizesthe cost of define-substitution and renaming.

The following discussion answers the question raised in the last section. It is placed in
this section only because the answer relies on the definition of TrueDist™. The question is how
to tell if two DDG nodes are in a true recurrence. Before answering the question, we need to
expand the consideration to include the effect of restrictive renaming. After restrictive renaming,
there are not only true recurrence cycles but also false recurrence cyclesin the DDG. Therefore,
define-substitution should avoid lengthening not only true recurrences but also false recurrences.
Therefore, define-substitution should avoid substituting a use if the use and the define isin either a
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true or afalse recurrence. Then the question is how to tell if a use of A and the define of A isin
any recurrence cycleinthe DDG. To check if two DDG nodes = and y are in arecurrence cycle, we
can check if the sum of T'rue Dist™ [y, x] + TrueDist™ [x;,y] is —co or not. If itisnot, they are
in the same recurrence cycle; otherwise, they are not in any recurrence cycle.

5.2 Improved Algorithm for Computing Recll

The computing of Recll is the most time consuming step in modulo scheduling. The
current popular method proposed by Huff takes time as high as O(log.N * N3) in checking if a
trial Recll isvalid[22]. However, Huff's method is not sensitive to the complexity of the DDG,;
i.e. it uses same amount time in checking a trial Recll for DDGs of different complexity. This
section proposes two changes to Huff’s checking method so that the time required for checking a
trial Recll isfaster than Huff’s method for DDGsthat are not “completely” connected. The simpler
the DDG, the faster the checking of each trial Recll. In the worst case, the new method should take
only slightly longer time than Huff’s method.

From the Equation 2.1, Recll can be computed if al loop-carried dependence cycles are
known. However, finding all elementary cyclesinagraph isgenerally difficult and computationally
expensive because a graph can have an exponential number of cycles. Huff [22] formulated the
problem asaminimal cost-timeratio problem [27]. Each dependence edge can be viewed as having
acost and atime. The cost is the negative of its timing constraint; and the time is its iteration
difference. The longest recurrence cycle, which determines Recll, is the one having the smallest
cost per timevalue.

Huff computed Recll by finding the smallest valid Recll [22] [33]. A valid Recll means
that the Recll is higher than or equal to the length of any recurrence cycle in the DDG. A binary
search can be used to find the smallest valid Recll to minimize the number of trials of Recll.

Huff’s method for checking validity of each trial Recll is:

e Step 1, initialize matrix Dist. Given atrial Recll, initialize an adjacency matrix, Dist such
that Dist[i, j] is the largest timing constraint from node i to node j. If there is no direct
dependence from i to j, Dist[i, j]is —oc.

e Step 2, changethe sign of all elementsin Dist. Thus, the problem of computing the longest-
path is changed to the problem of finding the shortest-path.
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e Step 3, compute Dist™, where N isthe number of nodesin DDG. Dist[i, j] now isthelength

of the shortest path from node ¢ to node ;.

¢ Step 4, change sign again and denote the result matrix asMinDist. Now M in Dist[i, j]isthe
length of the longest path from node ¢ to node ;.

e Step 5, check whether this trial Recll is valid. If, for any ¢, MinDist[i, ] is greater than
0, then this trial Recll is not valid because it isimpossible to schedule node i after nodei.
Otherwise, thetrial Recll isvalid.

In Huff’s algorithm, the time needed for the checking of both a valid and an invalid trial Recll is
N3logoN.

5.2.1 Faster Checking of Trial Recl|

This section proposes a new checking method that can finish faster than Huff's method
for DDGs of less complexity. The most time consuming step of Huff’s method is Step 3 in which
the computing of Dist™ takes O(N3log, N ). To shorten the computing time of Recll, two changes
can be made to the Step 4 and 5 so that the checking of the trial Recll can be done before finishing
the computing of Dist™ .

First, checking an invalid trial Recll can be done before the computing of Dist”. After
computing of each Dist*, check diagonal elements of Dist'. If thereisany value less than 0, this
trial Recll isinvalid. Actualy, if element [4, ] is negative in Dist!, this element will be always
be positivein MinDist. Therefore, if there is a negative element in a Dist*, then thistrial Recll is
invalid. If the number of nodesin the longest recurrence cycle isM, then this new checking method
takes N3[logo M.

Second, checking a valid Recll can also be done before the computing of Dist™. After
the computing of Dist?, check if Dist' isthe same as the previous product, Dist'/2. If it is, the
trial Recll isvalid. In fact, when a matrix W satisfies W2 = W, then W* isequal to I for any k.
If, for any two nodes = and y, the number of nodes in the longest path from node = to node y is M,
the new test method determines the validity of Recll inlessthan N3([logoM] + 1).

Thefirst new checking methodtakes N compari sonsand the second new checking method
takes time N2 comparisons for each validation. These factors are small because the comparisons
are fast operations and they can be donein parallel.
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These two new checking methods are faster than Huff’s method in practice because the
number of nodesin the recurrence cycles and the number of nodes consists of the longest path from
one node to another are much smaller than the total number of nodesin the DDG.

Eliminating Negative Cycles

One additional step is needed for the checking of valid Recll to be possible. The negative
cycles need to be eliminated in initializing Dist in order to ensure the convergence of Dist. The
method for eliminating all self-negative cyclesis, for any ¢, if Dist[i,¢]islessthan O, let Dist|i, ¢]
equal to 0. This additional step will remove al negative cyclesin the DDG.

5.3 Chapter Summary

This chapter presented two improvements to modulo scheduling algorithm. First, an
efficient software renaming techni quewas described for eliminating theeffect of all falserecurrences
for modulo scheduling. Second, a modification was made to the algorithm of computing Recll in
modulo scheduling so that the time needed by the computation of Recll will be sensitive to the
complexity of DDGs.

To eliminate the effect of al kinds of anti-dependences, this chapter proposed a software
pipelining technique called define-substitution. Previously, not all false recurrences could be elim-
inated by modulo variable expansion because two kinds of anti-dependences cannot be eliminated:
loop-independent anti-dependences and anti-dependences in which the reused variable is not re-
produceable. Define-substitution transforms these two kinds of anti-dependences so that modulo
variable expansion can be correctly applied to al anti-dependences and all fal se recurrences can be
eliminated. Define-substitution consists of pre-substitution and post-substitution. Pre-substitution
changes |oop-independent anti-dependences to loop-carried dependences in which the reused vari-
ableis reproduceable. Post-substitution transforms anti-dependences in which the reused variable
is non-reproduceabl e to anti-dependences with a reproduceable reused variable.

To minimize the register cost by the renaming in the elimination of false recurrences,
this chapter proposed a technique called restrictive renaming. Restrictive renaming minimizes
register usage by applying define-substitution and modulo variable expansion only to those false
recurrences that cause higher recurrence constraints than other software pipelining constraints.

Restrictive renaming checks false recurrences containing one or more anti-dependences and finds
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the anti-dependences that can cause fal se recurrence cycleswith alength longer than other software
pipelining constraints. Restrictive renaming minimizes the use of define-substitution and modulo
variable expansion; therefore the additional register cost is kept to a minimum.

The second improvement proposed in this chapter is a modification to Huff’s algorithm
of computing Recll. The original agorithm checks each trial Recll in afixed time for all DDGs.
The time needed by the modified checking method depends on the complexity of a DDG. The
complexity of aDDG here is measured by the maximum number of nodes in a recurrence and the
maximum number of nodesin a path between any two nodes. The lessthe complexity of the DDG,
thelessthetime needed for computing Recl| by the modified method. Thismodified method should
be faster in practice than Huff's method because most DDGs are of low complexity.
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Chapter 6

Evaluation

This chapter describes two experiments performed to test the hypothesis that software
pipelining can be improved by unroll-and-jam and memory reuse analysis. Section 1 describesthe
implementation issues of the iterative modulo scheduling method. Section 2 presents the results of
combining unroll-and-jam with software pipelining. The decrease both on resource and recurrence
constraints are measured. Section 3 describes the memory reuse experiment in which software
pipelining was performed using each of three assumptions about memory latencies: all-cache-
hit, memory reuse analysis, and all-cache-miss. The focus of that experiment is measuring the
decrease in register pressure available when using memory reuse analysis compared to assuming

all-cache-miss.

6.1 General Experimental Setup

The iterative modulo scheduling algorithm presented by Rau [33] is implemented in
Rocket. Rocket isaretargetable optimizing compiler[40]. It performs traditional optimizationsand
program analyses. Rocket currently has two front ends, one for C and one for Fortran programs.
The C front-end generates Rocket intermediate code directly. The Fortran front-end takes the
intermediate code, ILoc, generated by ParaScope [6], and convertsit to Rocket intermediate code.
All Rocket backend optimizations, including software pipelining, use Rocket intermediate code.

The following subsections describe implementation related issues and tradeoffsin this research.
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Loop Selection

The current implementation only handles single-basic-block loops. Both C and Fortran
front-ends may insert additional branches to a straight-line loop body and turn a single-block loop
into a multi-block loop. Therefore, the implementation first examines each innermost loop body
to seeif it can be converted into straight-line code. If so, the compiler eliminates the unnecessary
branches and puts the loop body into one basic block.

For each straight-line loop body, Rocket next finds the index variable and the bound
variable. These two variables determine the number of iterationsin theloop. Our current software
pipelining implementation requires that the number of iterations be known at the starting point of
the execution of the loop 1, that is, both the bound variable and the index increment must be loop

invariant.

Generating the DDG

After the loop selection, the loop body is one single basic block. The DDG for thisbasic
block is generated normally using Rocket. Then, the following changes are needed to the DDG.
First, loop-carried dependences are added. Rocket computes the loop-carried scalar dependences
by itself and uses the dependence analysis result of Parascope for array dependences.

Next, redundant scalar loop-carried dependences are pruned asdescribed in Section 2.3.1.

Iterative Modulo Scheduling

Our iterative modulo scheduling implementation follows Rau's method [33] except that
amodified method is used in computing Recll to make the computing faster. (See Section 5.2)

Our implementation of modulo variable expansion uses the method of computing the
unroll amount that restricts the degree of unrolling but does not minimize register usage [25]. The
reason isto limit the size of the kernel generated. In computing reproduceable variables, we count
variables that are defined only by loop-independents, loaded values and the index variable.

6.1.1 Target Machine

Thetesting of the performance of software pipelining depends on choices provide by both
Rocket’sfront-end and back-end. Thefront-end compilesboth Fortran and C loopsand the back-end

Y1t is not necessary to know the number of iterations at compiletime
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generates code for a collection of architectures including a URM (Unlimited Resource Machine)
machine [30]. This research described here evaluates the performance of Fortran programs on the
URM machine.

6.1.2 Instrumentation

The experiment uses the implementation of unroll-and-jam and memory reuse analysis
in Memoria, the implementation of array analysis in Parascope[6], the software pipelining in
Rocket, and the URM simulator [30]. The general experimental method is graphically describedin
Figure 6.1. Memoriatakes Fortran programs, performs unroll-and-jam and memory reuse analysis
and generates the transformed Fortran program with comments indicating the reuse information.
Parascope compilesthe Fortran programinto Iloc intermediate code[6]. Parascope performsvarious
global code optimizations, as well as array analysis. The result of array analyses, along with the
result of memory reuse analysis generated by Memoria, are added as comments in the generated
Iloc code.

Rocket’s front-end converts an Iloc program into Rocket intermediate code and uses the
result of array analysisand memory reuse analysis. Rocket performs several conventional compiler
optimizations and generates a DDG for each basic block. The software pipelining algorithm
identifiesloopsthat can be software pipelined and convertsthem into singlebasic block loop bodies.
The array analysis results passed by Parascope are used to identify and add both loop-independent
and loop-carried dependences for the loop body. Loop-carried scalar dependences are computed
and added by Rocket's software pipelining algorithm. Certain loop-carried anti dependences are
removed due to the logical renaming of modulo variable expansion. After software pipelining,
Rocket performs instruction scheduling on non-loop codes. The register assignment method in
Rocket is based on the commonly-used graph-coloring paradigm. After register assignment, URM

assembly code is generated. Performance results can be obtained by using the URM simulator.
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Figure 6.1: Experimental Method

6.2 Improvement Obtained by Using Unroll-and-Jam

This section presents the result of combining unroll-and-jam with software pipelining. A
similar experiment has been done previously [8]. The results of the previous experiment were not
complete for the following reasons. First, the array analysis result was added into the compiler by
hand, soitisnot completely accurate. Second, the implementation of modulo variable expansionis
not as sophisticated as the current implementation; fewer false recurrences were eliminated in the
previousexperiment. Moreover, inthe previousexperiment, wedid not perform register assignment
and code generation. These shortcomings have been addressed in the latest experiment. Due to
the above reasons, the results obtained in this experiment are more compl ete than previous results
described in [8].

6.2.1 Machine Model

For our target architecture we chose a machine with four integer units and two floating-
point units. Only one of the integer unitscan be used for memory operations. Each integer operation
has a latency of two cycles while each floating-point operation has a latency of four cycles. We
assumethat the machine has an unlimited number of registers when performing software pipelining
and collect the result of register usage both with and without using unroll-and-jam. The unroll-and-
jam configuration assumes a machine with 64 registers and limitsits unrolling accordingly. The
reason that we chose a disproportionate number of integer functional unitsis to compensate for the

lack of addressing-mode optimization in Rocket.
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6.2.2 Test Cases

Our experimental test suite includes the Perfect, SPEC and RiCEPS benchmark suites.
Each benchmark was examined for loops with nesting depth of two or more. We then applied
our transformation system to those loops to determine the improvement in the software pipelining
initiation interval available when using unroll-and-jam. We investigated 64 nested loops in the
benchmark suites to which unroll-and-jam can be applied. Of those loops, unroll-and-jam unrolled
26. The remaining 38 loops were not unrolled because Memoria’s heuristics for loop unrolling
suggested that no benefit would accrue from unrolling theloop. Memoriauses two simple heuristics
to determine when to unroll-and-jam. If Memoria recognizes that the loop balance is greater than
the target machine balance, it will unroll in an attempt to lower the loop balance. Additionaly if
Memoria detects an inner-loop recurrence, it will unroll the outer loop N timeswhere N represents
the target machine’s floating point pipe depth. Thisattemptsto removeany pipelineinterlock within
the inner loop. In the 38 loops Memoriafailed to unroll, no inner-loop recurrence was found. In
addition, one (or both) of two conditionsled Memoriato conclude that improved |oop balance was
not possible through unroll-and-jam. Thirty-one loops contain no outer-loop-carried dependences
so no improvement of the balance was possible. Eighteen loops were already determined to bein
balance and so no unrolling was deemed necessary to achieve peak efficiency. Of the 26 unrolled
loops three contained intrinsic function calls and were therefore not considered in this study since
our measurement of Recl| is not accurate in the presence of function calls. The software pipelining
implementation successfully scheduled all but one of the remaining loops. In addition to the
benchmark loops, 4 loops extracted from Fortran kernels are also included. Therefore, atotal of 26
loopswere tested.

6.2.3 Test Results

Of the 26 loops which we both unrolled and software pipelined, all 26 showed schedule
improvements due to the unroll-and-jam procedure. Table 6.1, liststhe 22 benchmark loopsas well
asthe 4 kernel loops along with their improvementsin initiation interval due to unroll-and-jam.

The most noteworthy result from Table 6.1 isthat, not only did all 26 unrolled loops show
schedul e improvements by software pipelining when unroll-and-jam was applied first, but that the
amount of improvement is quite significant, ranging from a low of 29.0% to a high of 94.2%.
Performing an unweighted average on the % Improvement column shows that, on average, the 26
loops showed an improvement of 56.9%. Of the 26 loops unrolled, 18 showed improvement greater
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Program SubProgram/ | Before Unrolling After Unrolling %
Loop Number | Recll | Resll | Il | times| Recll | Resll | Il | Improvement
RiCEPS
simple conductl 7 4 7 17 7 52 52 56.3
conduct2 8 6 9| 51 8 131 | 132 71.2
SPEC
dnasa7 btrix1 12 17 | 18| 12 12 104 | 104 51.9
btrix2 1 22 | 22 5 11 52 52 52.7
btrix3 12 41 |41 2 12 58 58 29.3
btrix4 1 22 | 22 5 11 51 51 53.6
gmtry3 4 8 8 49 4 99 99 74.7
vpental 8 23 | 28 3 8 49 | 49 29.0
vpenta2 9 18 |18 3 9 30 | 30 444
PERFECT
adm radb2 12 26 | 26| 10 13 9 | A 63.8
radbgl 7 3 7| 50 7 52 52 85.1
flo52 collc 7 5 7 4 7 17 17 39.3
dflux2 7 6 7| 25 7 102 | 102 41.7
dflux3 7 5 7| 25 7 77 77 56.0
dflux5 7 5 7 3 1 9 1 47.6
dflux6 7 5 7 4 7 14 14 50.0
dflux7 7 4 7| 25 7 76 76 56.6
dfluxcl 7 6 7 8 8 26 26 53.6
dfluxc3 7 6 7 16 7 60 | 60 46.4
dfluxc4 7 7 8 17 7 87 87 36.0
dfluxc5 7 4 7| 25 7 52 52 70.3
dfluxc6 7 4 7 25 7 76 76 56.6
KERNELS
dmxpy 10 4 10| 49 8 51 53 89.2
fold 10 4 10| 19 4 1 1 94.2
mmyjik 10 4 10| 4 4 10 10 75.0
sorlk 22 11 (22| 18 8 179 | 179 54.8
AVERAGE 56.9

Table 6.1: Software Pipelining Improvement with Unroll-and-Jam
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than or egqual to 50%, corresponding to a speed-up of 2 or better; 3 loops showed an improvement
over 80%, a speed-up of more than 5. These significant improvements come from the following
three sources.

First, unroll-and-jam decreases the unit Resl | (Resl| divided by unroll factor) by reducing
the memory resource demand in the innermost loop. Before unroll-and-jam, all loops have high
memory resource demand. The machine can issue only one memory operation per cycle. As a
result, the memory bottleneck creates a high Resl|. Other resources are not fully utilized due to the
memory bottleneck. Unroll-and-jam reduces the number of memory operations and subsequently
reduces the Resl|. The average decrease in unit Resl| of all loopstested is 42.7%.

Second, unroll-and-jam reduces the effect of recurrences in the innermost loop because
it can be used to change any recurrence-bounded loop into a resource-bounded loop. After unroll-
and-jam, the Recl| of theinnermost loop remainsthe same or lessfor 23 out of 26 loops. Four loops
showed a decrease on Recll. The reason isthat before unrolling, the loops have memory load and
storeinthe longest recurrence whileafter unroll-and-jam, the load and store are eliminated by scalar
replacement; so the length of the recurrence cycle is shortened. Of the 3 loops with an increased
Recll, 2 of them have an increase of 1 cycle and 1 increases 4 cycles. These small increases for
the three loops could be due to some minor false recurrences created by unroll-and-jam. These
false recurrences can be eliminated either by using hardware support of rotating registers or by the
software techniques presented in Chapter 5.

Third, unroll-and-jam eliminates the effect of the interaction between recurrence and
resource constraints. The interaction between recurrence and resource constraints is triggered by
the high recurrence in the innermost loop, i.e. Recll isclose or high than Resll. As unroll-and-jam
decreases unit Recll much faster than it does unit Resll, the Recll after unroll-and-jam is much
smaller than Resll. When Recll is much lower than Resl|, the interaction between recurrence and
resource constraints is very unlikely to happen. In the experiment, software pipelining could not
achieve lower-bound Il for 3 out of 28 loops before unroll-and-jam, but all of the three loops
achieved lower-bound |1 after unroll-and-jam. We attribute thisresult to unroll-and-jam converting
aloop so that Recll is much smaller than Resl| and thus reducing the effect of interaction between
recurrence and resource constraints. Intotal, there are twoloopsthat could not achieve lower-bound
Il after unroll-and-jam although the Recl | of both loops are much smaller than the Resl|. The reason
is not quite clear. Examination of the two loops showed that both loops are very balanced and
all machine resources are heavily used. This heavy resource usage may create difficulties for the
scheduler to schedule all available resources while observing al timing constraints. Because the
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scheduler we used is a heuristic-based method, it does not guarantee an optimal solution. Therefore,
the reason of why these two loops does not achieve lower-bound may not due to the interaction
between recurrence and resource constraints but due to the inability of the scheduler to examine al
possible schedules.

Both the second and third effect of unroll-and-jam on software pipelining are due to the
fact that unroll-and-jam can exploit cross-loop parallelism and the increased parallelism can reduce
the effect of recurrence constraints and the interaction between recurrence and resource constraints.
In this experiment, the second and the third effect are the sources of the rest of the improvement
other than that caused by the decrease of the resource constraint, which is the part between the
decrease of 42.7% on Resl| and 56.9% on overall Il.

The experiment also measures the change on the register pressure after unroll-and-jam.
Table 6.2 givesthe register pressure before and after unroll-and-jam for the 25 out of the 26 loops
tested 2. The I-Reg and F-Reg column shows the number of integer and floating-point registers
used. The register estimation algorithm in the unroll-and-jam used in this research considers only
floating-point registers and does not consider the effect of the overlapping execution in software
pipelining. In the experiment, unroll-and-jam assumes a machine which has 64 floating-point
registers. However, the software pipeline of 7 out of 26 loops used more than 60 floating-point
registers after unroll-and-jam; two of them used 81 floating-point registers. This shows that the
effect of overlapping execution can be significant on register pressure.

The major source of additional floating-point registers needed is the kernel unrolling of
modulo variable expansion, in which one variable can be expanded into several variables. Unroll-
and-jam does not consider the effect of kernel unrolling. Asdiscussedin Section 3.4, using MinDist
may help unroll-and-jam to estimate the effect of kernel unrolling.

The integer register pressure of the loops tested tends to be much higher than floating-
point registers. Eighteen out of 26 loops had a higher integer register pressure than itsfloating-point
register pressure. So predicting integer register pressure can be more important to achieving a
feasible software pipeline schedule, at least for thistest suite. However, predicting integer register
pressure is even more difficult than predicting floating-point register pressure because it involves
the consideration of not only the computation in the loop but also the address computation, control
structure, etc.

2The register requirement of simple/conduct2 is not collected because the compiler ran out of memory in code
generation.



Program | SubProgram/ | Before Unrolling After Unrolling

Loop Number | Il | I-Reg | F-Reg | times| Il | I-Reg| F-Reg
RiCEPS
smple | conductl | 7| 19 | 5 | 17 |52 | 118 | 85
SPEC
dnasa7 btrix1 18| 37 14 12 | 104 | 73 81
btrix2 12| 45 15 5 | 52| 72 36
btrix3 41| 98 | 104 | 2 | 58 | 98 97
btrix4 22 | 46 15 5 | 51| 74 | 44
gmtry3 8 18 9 49 9 | 141 153
vpental 23| 59 37 3 49 81 51
vpenta2 | 19| 46 28 3 [ 30| 62 53
PERFECT
adm radb2 26| 42 15 [ 10 [94 ] 14 | 64
radbgl 7| 16 3 50 | 52 | 94 | 145
flo52 collc 7 20 3 4 17 36 14
dflux2 7] 22 7 25 [102| 150 | 71
dflux3 71 20 3 25 | 77 | 114 | 36
dflux5 7] 22 11 3 | 1| 37 17
dflux6 7] 22 6 4 |14 | 40 17
dflux7 7] 19 7 25 | 76 | 113 | 68
dfluxcl 7| 28 11 8 | 26 | 50 23
dfluxc3 7| 24 7 16 | 60 | 137 | 51
dfluxc4 8 | 27 9 17 | 87| 151 | 81
dfluxcs 7| 20 5 25 | 52 | 152 | 45
dfluxcé 7] 20 7 25 | 76 | 112 | 68
KERNELS
dmxpy 10| 14 5 49 53 79 67
fold 10| 13 5 19 |11 | 8 24
mmyjik 10 | 15 5 4 |10 | 12 16
sor1k 22| 18 5 18 | 179 | 57 22

Table 6.2: Register Pressure Change with Unroll-and-Jam
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Overal, thisexperiment certainly supportsthe hypothesisthat unroll-and-jam canimprove
software pipelining’s ability to generate efficient code. First, unroll-and-jam can remove memory
bottlenecks and reduce resource constraint by 42.7%. Second, unroll-and-jam can increase the
amount of parallelism in the innermost loop by exploiting cross-loop parallelism. The increased
paralelism can reduce the effect of recurrence constraints and the interaction between resource
and recurrence constraints. Combined with the first factor, unroll-and-jam achieves an average of
56.9% improvement on |1 of the 26 benchmark and kernel loops tested, corresponding to a speedup
of more than 2 on kernels.

6.3 Improvement Obtained by Using Memory-Reuse Analysis

6.3.1 Machine Model

For testing the effect of memory reuse analysis, we chose aURM machinewith two integer
units and two floating-point units. Either of the integer units can be used for memory operations.
Each integer operation has alatency of two cycles while each floating-point operation has a latency
of four cycles. A cache hit takestwo cycles and acache misstakesan additional 25 cycles. Because
we are interested in knowing the number of registers needed for software pipelining, the machine
has an unlimited number of registers.

6.3.2 Test Cases

Table 6.3 gives the programs tested using all-cache-hit, all-cache-miss assumption and
memory reuseanalysis. Thefirst columnisthenameof theprogramin each benchmarks. Thesecond
and third column givesthe number of linesin the program and the number of |oops software pipelined
and tested. Not all loops in the programs are tested. Loops containing conditional structures and
function calls are not software pipelined. Only the innermost loops which successfully compiled
and software pipelined are listed.

6.3.3 Results

Table 6.4 gives software pipelining results when assuming all memory operations are
cache hits. This assumption uses the smallest number of registers. However, when a cache miss
happens, the software pipeline stalls until the cache missis resolved. In our machine model, the
stall takes 25 cycles. So if thereis a cache missin the innermost loop, the actual 11 in execution is
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Program | No. of Lines | No. of Loops Tested
SPEC
hydro2d 4461 84
su2cor 2413 30
swmz256 523 14
OTHERS
kernels 180 12
TOTAL 140

Table 6.3: Test Loopsfor Memory Reuse Analysis

Program | Resll [ Recll | 11 | MinLT | MaxLive| Reg
SPEC

hydro2d | 505 | 6.60 | 7.83 | 4561 | 17.78 | 1871

svm256 | 18.57 | 21.71 | 27.14 | 19443 | 3579 | 37.93

su2cor | 11.23 | 11.00 | 15.07 | 11524 | 2537 | 27.33
OTHERS

kernels | 467 | 742 | 825 | 4350 | 1825 | 1858

Table 6.4: Result using All-Cache-Hit Assumption

25 cycles more than that shown, which is a severe speed penalty to software pipelining. We could
not run our test cases on a real machine, therefore, we do not have statistical results on the speed
penalty when using the all-cache-hit assumption.

Table 6.5 shows the results when using memory reuse analysis. For memory accesses
that Parascope array analysis can not predict, we assume they are all cache misses to avoid any
possible speed penalty. The result shows a modest increase in Recll, 11 and register usage.

Theincrease of Recll isdueto the fact that along cache misslatency may introduce higher

false recurrences. The length of true recurrences is not increased since when aload or storeisin a

Program | Resll [ Recll | 1l | MinLT | MaxLive| Reg
SPEC

hydro2d | 505 | 7.38 | 856 | 5829 | 19.33 | 20.71

svm256 | 18.57 | 44.79 | 50.07 | 383.86 | 40.79 | 4357

su2cor | 11.23 | 17.27 | 20.37 | 157.64 | 26.90 | 28.17
OTHERS

kernels | 467 | 742 [ 825 | 4558 | 1867 | 19.34

Table 6.5: Result using Memory Reuse



Program | Resll [ Recll | 11 | MinLT | MaxLive| Reg
SPEC

hydro2d | 505 | 9.77 | 10.79 | 11694 | 2405 | 26.37

swm256 | 1857 | 50.21 | 55.36 | 572.78 | 50.21 | 55.86

su2cor | 11.23 | 30.30 | 3257 | 338.10 | 29.24 | 3140
OTHERS

kernels | 4.67 [ 13.67 [ 1450 99.75 | 22.00 [ 24.00

Table 6.6: Result using All-Cache-Miss Assumption

true recurrence cycle, memory reuse analysis can recognize that it must be acache hit. Asdescribed
in Chapter 5, false recurrences are formed by a long dependence chain and an anti-dependence.
Although modulo variable expansion is used, it does not eliminate all false recurrences. So Recl|
isincreased due to long cache-miss latencies. However, since false recurrences can be eliminated
by using either the substitution technique described in Chapter 5 or hardware support of rotating
registers, the increase in Recll can be avoided if those two techniques are used. The increase in
register usage is a natural consequence since some memory operations are cache misses and the
corresponding lifetimes are longer than those in the all-cache-hit assumption.

Table 6.6 lists the results of assuming all memory operations are cache misses. The
results show a significant increase in Recll, 11, and, register demand.

There two reasons for the increase in Recll. First, as when using memory reuse analysis,
long cache-miss latencies introduce higher recurrences. Because the number of long cache-miss
latencies in al-cache-miss assumption is larger than the number of long latencies when using
memory reuse analysis, the effect of false recurrences on Recll can be higher. All-cache-miss
assumption can also lengthen true recurrences when aload or store isin a true recurrence cycle.
However, the increase on the length of the true recurrence cycles could be avoided if we performed
scalar replacement before software pipelining.

Table 6.7 showsthe decrease on |l and register usage using memory reuse analysis over
assuming al-cache-miss. Not only does using memory reuse analysis decrease the registers used
by 10% to 22%, it also decreases the 11 by 10% to 43%. The decrease in |l shows a speedup of
1.1to 1.8 over the Il using al-cache-miss assumption. However, as discussed before, the decrease
on Il would not be present if scalar replacement is used and all false recurrences are eliminated.
However, if scalar replacement and false-recurrence elimination were included, we would expect

the register usage to rise even more dramatically.



85

The decrease in registers used shows the degree to which assuming all-cache-miss over-
use registers. However, the comparison on the registers used is not on an equal basis. Due to the
higher Il in all-cache-miss assumption than in memory reuse analysis, the misuse of registers by
assuming all-cache-miss can be much more. The dramatically higher 11 of the all-cache-miss policy
helpsto relieve the register pressure in the software pipelines because the software pipeline length
isincreased. In alengthened software pipeline schedule, thelifetimes can be scattered and decrease
thevalue of MaxLive. A longer software pipeline schedule al so gives each register longer available
time, which increases the chances of register reuse. As aresult, both MaxLive and the number of
registers used is reduced by the higher I1.

Because MaxL ive and the number of register used do not accurately reflect the decrease on
register usage because of their dependence on 11, we want to use another measure not dependent on
I1. Thelifetime of variablesisnot directly dependent on 11, therefore it is more accurate assessment
of the effect on register of the different latency assumptions. The lower-bound on the sum of the
lifetime of al variables, MinLT, can be computed accurately using Huff’s method [22]. MinLT is
also independent of any particular software pipeline schedule. Theresult inthe third column shows
amore dramatic decrease, ranging from 33% to 54%, on MinLT when using memory reuse analysis
over assuming all-cache-miss. The decrease in MinLT shows the decrease in register usage when
the machine has unlimited resources and no resource conflict ever occurs.

However, MinLT isnot accuratein practice. Thehardware constraintsrestrict theschedule
and lengthenthelifetimeof variables. To measuretheincrease onregister usage on agiven machine,
we can measurethe sum of theactual length of variablelifetimes. Unfortunately, we did not measure
the actual lifetimesin our experiment. However, the product of 11 and the number of register used
can give us agood estimate of the sum of the actual variablelifetimes. If registersare considered as
aresource used to hold the lifetimes, the product of the number of registersand Il shows how many
resources were used in the software pipeline. If the register assigner does a good job in assigning
lifetimesto registers, the product of the number of register used and 11 should be a close estimate of
thetotal length of actual lifetimes. Thefifth columnin Table 6.7 showsthe decrease on the product
of registers used and |1, which ranges from 29% to 54%.

From the decrease on MinLT and the product of Il and the number of registers used,
it is quite possible that the decrease on register pressure when using memory reuse analysis over
assuming all-cache-miss ranges from 20% to 50% if 11 remains the same in both assumptions.



Program | decrease on Il | decrease on MinLT | decrease on Reg | decrease on Reg X I

SPEC
hydro2d 22% 50% 21% 39%
swm256 10% 33% 22% 29%
su2cor 37% 53% 10% 44%
OTHERS
kernels | 43% \ 54% \ 19% \ 54%

Table 6.7: Decrease on || and Register Pressure: Memory Reuse vs. All-Cache-Miss

86
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Chapter 7

Conclusion

The high performance of today’s microprocessorsisachieved mainly by fast and multiple
issuing hardware and optimizing compilers that together exploit instruction-level parallelism (ILP)
in programs. Software pipelining isa very effective ILP compiler technique because it can exploit
inter-iteration parallelism of loops. However, four difficulties have, to date, prevented software
pipelining from achieving better performance. First, the parallelism in the innermost loop may not
besufficient. Althoughouter loopsin nested loopsmay have sufficient parallelism, they aretypically
ignored in software pipelining. Second, if the loop has a high demand on the memory resources and
the machine cannot satisfy that demand by providing substantial parallelism in memory accesses,
the resulting memory bottleneck will severely degrade overall machine utilization. Third, the
cache structure in modern microprocessors generates uncertain latencies on memory operations.
These uncertain memory latencies can cause significant hardware misuse in software pipelining.
Finally, the software pipelining algorithm may not be able to exploit all available parallelismin the
innermost loop. In particular, the popul ar iterative modul o scheduling technique [25] [33] does not
eliminate al the fal se recurrences which, in turn, hurts performance for most ILP machines. These
four difficulties cause over-restrictive software pipelining constraints which unnecessarily limit the
performance of software pipelining.

This research investigated these four problems, found solutions to each of them, and

examined the effectiveness of some of those solutions.
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7.1 Contributions

First, this research verifies, both in theory and in experiment, that unroll-and-jam does
exploit cross-loop parallelism for software pipelining. In theory, this research shows that the
new recurrences created by unroll-and-jam are either false recurrences or recurrences that can be
eliminated by simplerenaming. Therefore, Recll remains the same before and after unroll-and-jam
and the unit Recl| decreasesin proportionto thedegree of unrolling. Experimental evidence showed
that, of al loops unroll-and-jammed and software pipelined, no cross-loop recurrence other than
false recurrences occurred in the tested loops. So, using unroll-and-jam, the problem of insufficient
paralelism in the innermost loop can berelieved for nested loops.

Second, thisresearch measured the benefit of removing the memory bottleneck by unroll-
and-jam for software pipelining. For a collection of benchmark loops, unroll-and-jam on average
decreased the resource constraint by 40%. This is equivalent to a speedup in excess of 1.6
and demonstrates the benefit of using unroll-and-jam to remove memory bottlenecks to software
pipelining in nested loops.

However, this research aso found that register pressure can restrict the application of
unroll-and-jam. Large degreesof unrolling caused dramatic increasesin register pressure, especially
integer register pressure. Current algorithmsfor predicting register pressure for unroll-and-jam are
not sufficient because they consider neither integer register pressure nor the overlapping effect of
software pipelining. Experimental evidence showed the unrolling degree picked by the current
unroll-and-jam heuristic was too high and that register requirements of the transformed loop often
exceeded 80 integer registers and 40 floating-point registers.

Summarizing the experimental results then, leads to the conclusion that unroll-and-jam
can solvethe problemsof insufficient parallelism and the memory bottleneck for software pipelining
as long as the transformed loop does not lead to exploding register pressure. If the unroll-and-jam
algorithm can effectively control the register pressure of the transformed loop, unroll-and-jam
will be a very effective technique for improving software pipelining on nested loops with either
insufficient innermost-loop paralelism or high demand of memory operations. As shown in the
experiments, the potential improvement can be very dramatic. For machines with a high degree
of ILP or alow proportion of memory resources, unroll-and-jam should be applied because the
performance of software pipelining is more likely to be restricted by insufficient parallelism and
the memory bottleneck. If the machine has a large number of registers, e.g. partitioned register
file, the benefit of unroll-and-jam should be maximally exploited. However, if the target machine
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has limited hardware ILP, relatively sufficient memory resources and a limited number of registers,
unroll-and-jam may not achieve a significant improvement for software pipelining.

Another contribution of this research is the study of memory reuse analysisto solve the
hardware misuse problem caused by uncertain memory latencies. Analyses showed that assuming
al-cache-hit can cause severe speed penalties because when a cache miss occurs, the software
pipeline may stall until the cache missisfinished. To avoid this speed penalty, many researchers
adopt an all-cache-miss assumption in software pipelining [34] [22] [17] [16]. However, assuming
all-cache-miss leads to much higher register requirement than necessary. This research compares
assuming all-cache-miss with using memory reuse analysis. For over a hundred benchmark loops
tested, using memory reuse analysisdecreased 11 from 10% to 43% and register pressure from 10%
to 22%. Chapter 6 outlines how the higher |1 caused when assuming all-cache-miss over memory
reuse analysiscan beeliminated with more sophisti cated software or hardwaretechniques. However,
eliminating the difference in Il for al-cache-miss vs. memory reuse anaysis, the al-cache-miss
assumption will use even more registers. Thus, | conclude that the memory reuse analysis can
achieve much more efficient hardware usage for software pipelining than the alternative strategies,
therefore, memory reuse analysis should aways be used with software pipelining.

Thefinal contribution of thisresearch is a new method to efficiently eliminate the effect
of al false recurrences in modulo scheduling. These new techniques, define-substitution and
restrictive renaming, represent an improvement over the current method of modulo scheduling.
Modulo variable expansion[25] is shown to be incomplete and inefficient for this purpose. Define-
substitution can be used to eliminate al kinds of false recurrences; restrictive renaming eliminates
a minimum number of false recurrences so that the register cost can be kept in minimum. By
eliminating the effect of all false recurrences using define-substitution and restrictive renaming,
modul o scheduling can exploit all available parallelism in loops without special hardware support.

7.2 Future Work

The implementation of define-substitution and restrictive renaming should be done in
order to experimentally evaluate their effectiveness and efficiency. They should be implemented
as a separate step after the DDG of the loop body has been obtained and Resl| has been computed
but before logical renaming and scheduling. In theory, define-substitution can eliminate al false
recurrences for conventional machines without rotating registers; but modulo variable expansion

cannot. Restrictive renaming uses fewer registers than blind logical renaming. However, we
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do not know how much improvement define-substitution and restrictive renaming will provide
compared to modulo variable expansion and blind logical renaming. After the implementation of
define-substitution and restrictive renaming, we can perform software pipelining on large number
of benchmark loops and kernels. By comparing Recll, 11 and register usage of software pipelining
between define-substitution and modulo variable expansion and between restrictive renaming and
unrestrictive renaming, the effectiveness of define-substitution and restrictive renaming on real
programs can be evaluated.

Using unroll-and-jam in conjunction with software pipelining also requires further study.
Unroll-and-jam has been shown to be a very effective technique in improving software pipelining
for nested loops. To fully exploit the benefit of unroll-and-jam, however, the degree of unrolling
must be controlled so that the register pressure after software pipelining does not exceed the number
of registers on the machine. To more accurately measure the register pressure of unroll-and-jam on
software pipelining, we need to consider the overlapping effect of software pipelining. Assuggested
in Chapter 3, the overlapping effect may be estimated by using a M in Dist matrix.

In addition, to measure the benefit of memory reuse analysis over the all-cache-hit as-
sumption, we need to either apply software pipelining on a real machine or simulate software
pipelines on an analyzer that can simulate cache behavior. To accurately measure the decrease of
register pressure of software pipelining between using memory reuse analysis and assuming all-
cache-miss, we need to eliminate all false recurrences. This can be done after the implementation
of define-substitution and restrictive renaming.

Finally, theimplementation of software pipelining should be generalized to general loops.
If-conversion should be used to convert a multiple basic-block loop-body into a single basic-
block loop body. The data dependence analysis technique should be changed to avoid adding
loop-independent dependence between two operations of digoint execution paths. The agorithm
of modulo variable expansion, define-substitution and restrictive renaming should consider the
effect of multiple execution paths as well. The current code generation scheme is designed with
the assumption that the loop body is a single basic block. Reverse if-conversion needs to be
implemented if there is no hardware support for predicate execution[44]. For loopsin which the
index variable and the bound variable are not loop invariant, we need to allow the software pipeline
to finish on any iteration by either assuming a control dependence from any early exit to any later
operation or by using special hardware support of speculative code motion [28][42] to relax the

control dependence. For loops with multiple exits where the loop count is known prior to loop
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entry, code generation schemes such as multiple-postludecan be used as described by Rau et al[35].
For loopswith callsto small functions, we can inlinethe called function and then perform software
pipelining.
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