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Path-Sensitive, Value-Flow Optimizations of Programs
Rastislav Bot, Ph.D.
University of Pittsburgh, 1999

Current compiler optimizers are conservative and inflexible. As a result, even “highly optimized” programs
execute half of their instructions redundantly, only to recompute previously computed values. Ideally, these
values should be remembered and la¢eised removing recomputations.

Unfortunately, this reuse strategy fails often. The culprit is intermittent reuse—one that exists only along
some execution paths leading to the redundant instruction. This path-specific reuse is frequent, but to remove
it, the optimizer may need to pay tk&ponentiaprice of optimizing each path separately.

This thesis describes how to defeat this exponential path explosion, in its various forms: how to analyze paths
separately only when it matters, via demand analysis; how to generate less path-specific code, via optimal
profiling feedback; and how to avoid profiling individual paths, via adding confidence to imprecise profiles.
The result is a path-sensitive optimization framework that is powerful enough to remove nearly all redundan-
cies, yet practical enough to permit an industrial-strength implementation.

More specifically, the various forms of path explosion are attacked by dividing the optimizer into three stages, each
responsible for one aspect of paths. Thpresentatiorexposes the reuse of values, tgalysiscollects paths with
exposed reuse, and tlransformationexploits the collected reuse by removing the redundancies.

The representation models the flow of a recomputed value. By symbolically naming the value, it reduces the (invisible)
value flow into a (visible) data flow. As a result, recomputation is detected essentially as reaching definitions. The
representation, called théalue Name Graphnames the value on demand, given a set of optimized computations. To
obtain path-sensitivity, the names are formed separately for each path, but are analyzed separately only when it matters,

i.e., when the value has a different name on a path.

The analysis marks paths with value reuse and weighs the marked paths with a run-time profile to guide the subsequent
transfromation. Unfortunately, precise weighing requires frequencies of all paths. To make profile-guiding practical, this
thesis develops a family @stimatoralgorithms based oedgefrequencies, a cheaper but inherently imprecise alternative

to path profiles. When weighing the reuse, estimators bound the inherent error, adding confidence to imprecise profiles.

The transformation combines three orthogonal methods, to effect a complete removal of recomputations, while reducing
the exponential growth of program size growth caused by generating path-specific code. The epa¢msiuplication

is resorted to only when the growth-freede motiorfails to transform the program, and only when the profile-driven
control speculatiorcannot profitably impair some paths to optimize others.
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Chapter 1

Introduction

1.1 Motivation: programs recompute values (often)

This thesis develops a framework for a broad clasgatdie-flowoptimizations. Common to these
optimizations is removal of program instructions that recompute values that are already known, because they
have already been computed (by an execution of the same instruction or some other instruction), or because
they can be computed at compile time. When two instructions compute the same value, we say that the
value flowsbetween them. In the following program, the value of the expressjdrflows to the expression
A[i — 1] (computed one iteration later), and to the expressifin- 2] (computed two iterations later).

for i=3,N do
Alil = Afi-1] + A[i-2]
end for

Redundant value recomputations offer a conceptually simple yet powerful optimization: rather than
recomputing the new value, the old oneasised The most common way to reuse the value is to keep it in a
register until it is needed again. In the example program, the expressjprsl] and A[i — 2] redundantly
recompute the value. The computation (involving address computation and a memory load) can be removed
using two registers that carry the valueffi] for two iterations, as shown below. On the entry to any loop
iteration, the registers,, r, carry the values of\[i — 1] and A[i — 2], respectively.

rl = A[2]

r2 = A[1]

for i=3,N do
t=1r1l+ 12

end for

Redundant recomputations occur frequently. Based on value-flow redundancy elimination, current
compilers remove about 30% of executed arithmetic instructions [BC94] and 10% of executed conditional
branches. To estimate the amount of redundamegentin the program, we can refer to hardware run-time
prediction mechanisms. Based on remembering old values and predicting new ones, these techniques predict
correctly as much as 80% of values [SVS96] and 95% of conditional branches [YP91]. Clearly, what can
be predicted is in some sense redundant. Even though not all of the predicted values can be removed by a



while ... do function compare(x, y)
if compare(A[i], BIK]) if x.f < yf
Cltop++] = A[i++] return 1
else else
Cltop++] = B[k++] return 0
end if end if
end while end compare

Figure 1.1:A fragment from Merge Sort. The load of B[k] and theif comparestatement are redundant.
Both redundancies are path-specific.

compiler, the high prediction rates suggests that programs are inherently highly redundant, which encourages
us to develop techniques that improve the compilers optimizations.

Figure 1.1 shows a fragment from a Merge Sort program. It illustrates why there is so much
redundancy, but also why optimizing it away is not trivial, for the programmer or for the compilewHile
loop merges two sorted arraylsand B. In each loop iteration, it compares their top elements and move the
smaller one to the accumulator array C. The memory access to the top elements is reduntjgnis the
smaller element, theB[k] is not moved and s@[k] in the next iteration refers to the same array element.

The B[k] expression produces the same value; it is a value-flow redundancy. As in the first example, the
optimizer should remember the previous valuédk] in a register, reuse it and remove the loadid].

Unfortunately, such an optimization is not directly applicable becasjgé produces the same
value only along one path through the loop. Along the other path,incremented, after whicB[k] will
refer to a different array element and hence must be loaded from the memory.

The Merge Sort example exhibits another redundancy. Observe thidtdtatement in thevhile
loop always branches in the same direction asifthia the functioncompare. This branch correlation is
also a case of value-flow redundancy, because the two conditional expressions always compute the same
boolean value. Because we always know the direction of the redundant branch, we would like to bypass
and transfer the control from the return points directly to the branches df gtatement. Here again, we
cannot simply remove the redundant conditional branch. To bypass it, we need to know along which path we
arrived at the branch. Compare the (failed) optimization8[#] and theif statement. While the former is
optimizable only along some paths, the latter is optimizable along all paths, but each path offers a different
optimization. Another noteworthy difference is that thg:] optimization removes datadependency, and
theif redundancy removescntrol dependency.

In summary, value-flow redundancy exists even in reasonably well-written programs, but is often
hard to remove. For the programmer, their removal would require awkward (and error-prone) usage of tem-
porary variables. For the compiler, it would require distinguishing individual program paths, a non-trivial
task, as elaborated later in this chapter. In fact, the two redundancies in the Merge Sort above are beyond the
power of existing optimizers, but the optimizer presented in this thesis can remove them.

1.2 Optimization benefits

In general, the removal of redundant instructions may speed up the program in two ways:



1 2 value flow (iteration distance)
for i=3,N { A[lil] = A[i-1] + A[i-2] }
loop iteration
1 Ali-2]
R
2 Ali]
3 + Ali-2] '
4 Alil
5 Afi-2
“ [i-2]
6 Afi] T
7 +
8 Alil
9
cycle
a) unoptimized execution b) critical path reduced ¢) HW resources freed

Figure 1.2:Two benefits of removing value-flow redundanciesreducing critical path of data dependences;
reducing the resource requirements of the program.

1. Reduce hardware requirements of the prograithen the redundant instruction is removed, there are
fewer instructions to execute. As a result, there is less contention for hardware resources (functional
units, registers, cache ports), which allows scheduling the (unoptimized) instructions earlier.

2. Shorten the critical path of data dependencBgcause the reused value is available sooner than the
recomputed one, instructions that need the value can be scheduled earlier. Essentially, removing an
instruction breaks one path of data dependences among instructions. When this path is critical (i.e.,
longest), the program may complete sooner.

Note that the instruction schedule is improved regardless of whether it is created statically (by a compiler)
or dynamically (by an out-of-order processor). Also observe that, while the resource constraints can be
overcome with wider processors, the critical path constraint reflects the data-flow limit of the program and
hence require program transformation.

Figure 1.2 illustrates the two optimization benefits on the running example. The cycle-by-cycle
diagram compares the schedule of the unoptimized program with the program in which only the redundant
A[i — 1] was removed (b), and with the program in which bdflh— 1] and A[i — 2] were removed (c). Each
iteration of the loop body depicts only those operations that influence the speed of the loop (the loads, the
add, and the store). We measure the loop speed using the iteration initiation rate, i.e., the number of processor
cycles after which a new loop iteration can be started; the fewer cycles, the faster the loop execution. To

!We note that recently proposed hardware techniques attack the data-flow limit [SVS96, SS97,LS97]. In Section 1.3
we argue that, like compiler optimizations, they transform the program, albeit on the fly, and without explicitly rewriting
the code.



compiler dynamic program processor
optimization specialization architecture
reuse hard-code predict

Analyze [ find redundancies }
v
Transform { ... & remove them }

compile time
run time

specialized
loop

& .

static dynamic

Figure 1.3: The spectrum of approaches to value-flow optimization.The spectrum extends from static
(compile-time) to dynamic (run-time).

demonstrate the effect of insufficient hardware resources, assume that the processor can issue at most one
memory instruction (load or store) per cycle.

In the unoptimized program, the add instructions from subsequent iterations lie on a critical path of
data dependences. The iteration-to-iteration length of this path is three cycles, composed of add, store, and
load latencies. The critical path does not allow issuing a new iteration faster than every three cycles. After
removing the load ofd[i — 1] (b), the adds communicate the value directly via register. The length of the
critical path has been shortened to one cycle. As a result, the next iteration can be issued each two cycles.
Note that the optimal issue rate of one cycle has not been achieved (despite the minimized critical path), as
only one memory instruction can execute per cycle, and each iteration has two such instructions. After the
load of A[i — 2] is removed (c), resource requirements are reduced. Each iteration contains only one memory
operation, allowing the issue rate of one cycle. In summary, the final optimization benefited from reducing
both the critical path and the resource requirements. Both of them resulted from the value-flow optimization.

1.3 Compiler optimization C program optimization
The previous sections made three important points:

1. Programs are highly value-flow redundant.

2. Removal of value-flow redundancies has important benefits.

3. Current compilers are not very good at removing the redundancies.

Because of (1) and (2), redundancy elimination is perhaps the most important optimization for instruction-
level parallelism. Because of (3), it should not come as a surprisedhngpiler optimizations not the only
technology fomprogram optimizatiorfocused on value flow. Indeed, there are at least two ofthgmamic
program specializatiomndprocessor architectureBased on different principles than value reuse, together
with compile optimization, they represent a spectrum that places this thesis in a broader research context.



Figure 1.3 contrasts the the three approaches to value-flow optimization. What is common to all of
them is that they first analyze the program and then transform it. What differs is how the optimization labor is
divided between compile-time and run-time. Consider how they optimize a loop that contains a loop-invariant
statement, i.e., a statement that computes the same value in each iteration, and thus is redundant.

In compiler optimization, the analysis finds this redundant statement and then transforms the pro-
gram so that when it is run, the loop-invariant value is computed only once and then stored in a register from
which it can be reused when needed later.

Dynamic program specialization delays the transformation until run-time [AF8(KEH91,GMP 97,
CN96, MCB99]. Rather than reusing the value from a register, the value (once known at run time) is hard-
coded into the loop, using run-time code generation. The result is a loop specialized for the given (loop-
invariant) value. Delaying the transformation until run-time has an important benefit. Since the known value
can be hard-coded into the program, there is no need to occupy a register, a scarce resource. The down side
is that the cost of run-time program transformation.

Processor architecture of modern superscalar processors perform a fully run-time optimization,
usingvalue predictiofSVS96, LS97]. They observe computed values, learn how they change, and predict
future ones. When the value is predicted correctly, the program is effectively transformed, because future
instructions can execute earlier. However, when the value is mis-predicted, we pay a penalty of having to
re-execute mis-predicted instructions. (Processor architecture alsinagestion reusea non-predicting
technique that avoids recomputation of values by memoizing previous arguments of instructions [SS97].)

The three technologies form a spectrum, ranging from purely static to purely dynamic. Each of
them offers unique advantages. The focus of this thesis is the compiler optimization. Its important advantage
is zero run-time cost; there is no run-time code generation or mis-predictions. The disadvantage is that the
compiler is blind to run-time values. Hence, one of the driving motivations behind this research is to explore
how much redundancy can be removed by analyzing the program text alone. In the long run, such a compiler-
centric research may indicate what kind of optimization should be delayed to run-time, and how they it should
be performed.

1.4 Path sensitivity

Among the three technologies, compiler optimization is the oldest. In fact, the problem of redun-
dancy removal is as old as the first compilers [Coc70]. One reason why optimizers are still far from saturating
their possibilities is that they are not sufficientigith-sensitive

The obstacles posed by paths have two distinct flavors. First, the optimizer may fail when the re-
dundancy is "partial”, i.e., when the optimization is possible only along some program paths. In Figure 1.4(a),
one can replace the computatiomof 2 with a simple constant 7 along one incoming path but not the other.
There,a + 2 must be computed at run-time. We say that 2 is partially redundant

The second flavor is more tricky, as shown in Figure 1.4(b). Whilec equals 1 along all paths,
common analyzers would discover this fact only if each path is analyzed separately. When analyzed together,
this fact would be diluted, because neither the varidbier ¢ has a single unique constant value along all
paths considered together. The value$ aihdc are either O or 1, and so they are not considered to be a
constant. Consequently, their sum is assumed not to be a constant. This problem is knavdesdributivity
of a dataflow problem. Non-distributive (formulations of) dataflow problems produce imprecise information
because they dilute the information about individual control flow paths.
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1.5 Challenges: exponential path explosion

The reasons why analyzers do not examine program paths separately is that there is an exponential
number of paths, even in program with no loops. To stay practical, analyzers treat paths together, summarizing
their results whenever paths meet, diluting optimization opportunties.

Unfortunately, paths explode exponentially not only in analysis, but also in program transformation,
when we want to exploit the optimizable paths. To enable the optimizations in Figure 1.5, two paths had to
be physically separated via code duplication. This duplication may cause an exponential code growth: we
obtained three copies of tieint(1) node, even though all three copies have the same contents. The result is
the undesirable code growth, which may grow exponentially in the number of program?hodes.

2Real programs have loops and thus unbounded number of paths. Even though we optimize cyclic paths, we still pay
just an exponential cost.



Given the inevitable exponential cost, the imperative for path-sensitive optimization is to exploit
individual program paths only as far as it is practical. At the core of this thesis is a battle against exponential
path explosion: because of the adverse effects of code growth, the more we suppress the growth, the more
practical the optimization. While some practical path-sensitive optimizers exist, as our experiments will
document, there is much room for improvement. This thesis advances the boundary of what is practical in
value-flow optimizations. As a result, we can double the benefit over existing optimizers.

1.6 The thesis

The goal of this thesis is to develop compiler optimization algorithms that will tartget value-flow
problems. The distinguishing feature of these algorithms will be that they are path-sensitive. More specifi-
cally, we want to demonstrate thagaith-sensitivity can be made

1. effective:in that it improves optimizer’s power,
2. practical: in that the path-sensitive optimizer will be immune to the exponential blow-up,

3. broad: in that path-sensitivity will be applicable to all value-flow optimization problems.



Chapter 2

PathFinder: the Optimization Framework

The remainder of this thesis presents PathFinder, a framework for depathgsensitivevalue-
flow compiler optimizations. The terpath-sensitivelenotesiowthe optimization is performed: PathFinder
exploits bothdiluted andpartial path-specific optimization opportunities, i.e., it attacks both flavors of path-
sensitivity (see Section 1.4).

The termvalue-flowdescribesvhat computations are targeted by PathFinder. The PathFinder
framework can derive optimizers for the value-flow class of computations, which include standard optimiza-
tions such as the removal of common subexpressions, loop invariants, partial redundancies, array bound
checks, conditional branches, redundant loads and stores, dead code and also constant propagation (see Sec-
tion 1.1). RTHFINDER generalizes these optimizations, by providing a uniform framework, and improves
thir power, by making them path-sensitive.

2.1 The optimizer stages

When designing the path-sensitive value-flow framework, it was required that

1. handle both path-sensitivity flavors, and

2. can be parameterized and tuned for the various optimization tasks, including targeting arithmetic ex-
pressions, memory accesses operations, conditional branches, etc.

The two goals were accomplished by separating the optimizer into three stages, shown in Figure 2.1. In this
optimizer architecture,

o value-flow representatioexposes the reuse of values,
e dataflow analysigollects paths with exposed reuse, and the
e program transformatiorxploits the collected reuse by removing the redundancies.

In finer detail, the representation builds a program model—a graph that connects equivalent computations.
The novel representation, called tilelue Name Graphanswers two questions: which computations are
value equivalent, and along which path the equivalence holds. The representation is responsible for avoiding
dilution of path-specific value flow (recall the second flavor of path-sensitivity shown in Figure 1.4(b)). The
dilution is avoided by naming the value as it flows through the program, as if each path was analyzed sepa-
rately. This naming technique improves the optimization also when paths need not be considered separately,
through the use of symbolic names that exposes non-trivial relationships among instructions.
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Figure 2.1:The PathFinder stages and their function.

The dataflow analysis stage traverses the representation and collects value reuse opportunities, by
marking optimizable paths. The analysis answers the question "is there a path along which this computation
could reuse a value?” Furthermore, using run-time program profiling, it determines how frequently this reuse
occurs at run time. Effectively, the analysis separates optimizable paths from the rest of program paths, which
corresponds to theartial path sensitivity.

The transformation takes the redundancies collected by the analysis and removes them, using ei-
ther physical path separation (as shown in Figure 1.5) or by moving the redundant instructions, which is a
desirable, more economical alternative that does not duplicate program structure. Like the analysis stage, the
transformation takes care of the partial path-sensitivity. However, while the analysis marks the optimizable
paths and weighs them with a profile, the transformation decides how to transform the paths.

The most important consequence of staging is separation of the various optimizer’s goals and the
various forms of exponential path cost:

Representatiogoals:

o avoid dilution of path-specific opportunities, but

o do not model separately all possible paths.
Analysisgoals:

o collect all reuse exposed by the representation, but
o do not incur too much cost. The cost has two components:

Analysis cost:because the representation models some paths separately, it may be larger than the
original program.

Profiling cost: for path-specific profile-guidance, we need the frequencies of optimizable paths;
there may be too many paths requiring profiling.

Transformatiorgoals:

o remove all redundancies collected by the analysis (completeness), but
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o do not cause too much code growth, due to physically duplicating paths with distinct optimization
opportunities (code growth).

After the trade-offs between goals and costs are divided into stages, they become manageable. In fact, the
overall contribution of this thesis is that we can achieve the various (potentially exponentially exploding)
goals of the optimizer, while keeping the cost at a practical level.

2.2 Background and Related Work

One component of this thesis is defining the class of value-flow optimizations and identifying its
members. Another component is characterizing optimization algorithms from this class by isolating or-
thogonal issues inherent in the various optimization algorithms. The goal of this section is to first describe
common value-flow optimizations and their shared properties and then to characterize them by analyzing the
approaches underlying these optimizations.

The class of value-flow optimizations is comprised of optimizations that analyze the flow of values
in a program in order to remove operations that compute a value that is redundant because: a) it was previously
computed, or b) there is a less expensive way to compute the value, or ¢) it will not be used in the remainder
of the program.

Partial Redundancy Eliminatio(PRE) is a generalization of global common subexpressions and
loop-invariant code motion optimization [MR79]. The aim of PRE is to delete expression computations
that recompute a value produced previously by other expressions; that is, an expression is redundant if its
value flows to it from a previous identical computation (which can be its own previous dynamic instance).
Both Scalar Replacemefi€ CK90] andRegister PromotiofiLC97] remove memory operations that access
memory cells previously loaded by another load operation. Also called load/store elimination, these two
optimizations, rather than detecting the flow of expression values, are concerned with value flow of (identi-
cal) addresses for the memory operatio@enditional Branch Eliminatioreliminates conditional branches
that are redundant because their outcome is known along some incoming paths [MW95a, BGS97a]. In this
optimization, the value of interest is the value of the branch condition. Array bound check optimization is
a special case of this optimizatio@onstant Propagationemoves expressions producing values known at
compile-time. Conceptually, constant expressions are redundant because there is a compile-time expression
from which the value flows to the (redundant) constant expression executed at ruiStieregth Reduction
is another value-flow optimization [DI80, KRS93]. Rather than reusing the flowing value directly, it is used
to find a cheaper way to compute the result of the expresdtantial Dead Code EliminatiofikKRS94c]
eliminates statements that compute a value that will not be used in the remainder of the program.

While all these optimizations share the paradigm of exploiting value-flow redundancies, the var-
ious techniques developed to perform the optimizations differ in how they analyze value-flow patterns and
how they modify the program to remove redundancies that exist only on some paths. To summarize existing
approaches, three components of the value-flow optimizer have been identified: value-flow representation,
program analysis, and program transformation. Each existing technique uses some form of value represen-
tation that prescribes algebraic rules for modeling the value flow. Then, the analysis traverses the value
representation to connect redundant computations, i.e., to identify value-flow patterns. Finally, the program
transformation component modifies the program to remove redundant computations.

This thesis divides the process of value-flow optimization into three components in order to sep-
arate issues that are independent. Such separation leads to a better understanding of underlying problems,
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cleaner algorithms, and more general parameterization of the framework. Although few existing techniques
explicitly separate these three components, the following three subsections distill the contribution of prior
work with respect to the representation, analysis, and transformation. Rather than elaborating on the value-
flow optimizationglescribed above, the following discussions analyzes the principles behind some important
algorithmsimplementing the optimizations.

2.2.1 Value-Flow Representation

The simplest value representation ukegcal expressionstwo computations are value-equivalent
only if they have the same nana@d the name is not invalidated (killed) along the path. For example, the
assignments:=a+b andy:=a+b evaluate expressions with an identical lexical naslg; if neithera norb is
redefined between the two assignments, the two assignments compute the same value under the lexical model.
Note that the actual verification of the rule is left for the program analysis component (Section 2.2.2) which
traverses all paths between the two assignments. The lexical value representation is used in many basic
and advanced optimizations: subexpression elimination, loop-invariant code motion [ASU86], and partial
redundancy elimination [MR79, Dha91, KRS92].

The lexical model is overly restrictive. It fails to uncover value equivalence when two different
variables carry the same value. For example, following an assignxeytexpression®*x and2*y are
value-equivalent, although lexically differedMalue numberings a method for finding equivalences of lexical
expressions in the presence of such copy assignments [CS69]. The value numbering model relaxes the lexical
identity to the identity of syntax tree representations of expressidhsmay be equal t@*y (but not to
2+x). The validity rule is also relaxe@*x is equivalent t@*y if x was assigned tp or vice versa, or if their
assignments computed expressions that are (transitively) equivalent in the value numbering model.

While value numbering traces value flow across copy assignments, it fails when the assignment has
a more complex right-hand side. For example, array expresdiprs1] and A[i] are identical ifi is updated
between the two computations with the assignniert i + 1. The value equivalence of[i + 1] and A[]
can be determined usirgymbolic manipulatiomnd simple algebraic rules. Various methods for symbolic
value models have been proposed. Rau develops a conceptual framework [Rau91] in the spirit of abstract
interpretation [CC77] in which repeated back-substitution of names along loop back-edges can detect loop-
carried value equivalences on a path-per-path basis. The framework concentrates on presenting the problems
that arise in naming and comparing symbolic expressions originating in different loop iterations; it does not
develop practical solutions to these problems.

Reif and Lewis provide a formalism for using back-substituted symbolic expression names on the
program CFG for determining constant values [RL77]. More recently, a symbolic back-substitution technique
based on the Gated Single Static Assignment (GSA) representation [BMO90] was presented by Tu and Padua
[TP95]. To name values in a path-sensitive fashion, they assign path predicates to symbolic expressions
using GSA gating functions. This approach can be effective in answering queries on pairs of symbolic
expressions, especially when the resulting symbolic expressions have simple gating functions. In order to use
this representation for data-flow analysis, a powerful boolean symbolic evaluation system may be needed.
Johnson and Schlansker describe how such a system can be constructed and utilized in solving predicated
flow problems [JS96].

Briggs and Cooper propose a simple symbodiassociatiorthat improves value numbering by
reordering nodes in the abstract syntax trees on which value numbers are computed [BC94]. For example,
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by transforming:; = (a + ¢) + b into the canonicala + b) + ¢, it can be found equivalent with another
ex=(a+0b)+ec.

Finally, there are data-flow frameworks for array value-flow analysis, intended primarily for load/store
elimination [BG96a,DGS93a]. By focusing their application domains to single loops with affine functions of
loop induction variables, they model flow between recurrent array elements, sd¢h ad A[i + 1].

This thesis presents a value-flow representation, c&lédde Name Grapfhthat combines the ca-
pabilities of syntax-based value numbering and symbolic evaluation methods.

2.2.2 Data-Flow Analysis

Data-flow analysis is a bridge between the value-flow representation and the program transforma-
tion. By traversing each path between potentially equivalent computations, the analysis verifies the algebraic
rules posed by the representation, for example, whether a variable has been redefined. Being a tool for
summarizing global program properties, data-flow analysis identifies value flow patterns (whether a value is
computed on incoming or outgoing paths), which is then used to navigate the program transformation phase
of value-flow optimizations. The following discussion shows that each existing technique that is not restricted
to individual basic blocks uses global data-flow information, directly or indirectly.

Elimination of redundancies usually requires computation of a few data-flow problems to guide
the transformation. Global common subexpression elimination computes availability of lexical expressions
and removes the statement if the value it produces is available along all incoming paths [ASU86]. Partial
redundancy elimination (PRE) based on code motion of redundant statements is formulated as a bidirec-
tional data-flow problem [MR79]. Modern PRE formulations decompose the bidirectional problem into two
unidirectional problems: availability and anticipability (also called very busy expressions) [KRS94a].

To determine which redundant statements can be removed, the approach in [RWZzZ88] uses the no-
tion of dominators: if a computation is dominated by a value-equivalent computation, then it can be removed
because its value has been computed on all incoming execution paths. Data-flow analysis is used here to
calculate the dominator relation. Global value numbering [AWZ88] verifies the value model using the Static
Single Assignment form (SSA) [CFR1]. Because SSA encompasses information on whether a variable is
redefined between two program points, it can connect definitions and uses of the same variable. The SSA is
computed from the dominator relation and hence contains the data-flow component, too.

Program analysis can navigate the transformation process better if, besides proving equality of
computations, it also gives an estimate of the benefit gained by the optimization. Such benefit can be de-
rived from a program profile, traditionally represented in the form of execution frequencies of CFG edges.
Ramalingam developed a data-flow analysis framework that computes the probability of a fact occurring,
rather than only boolean existence information [Ram96]. Unfortunately, the framework does not explain
how to apply frequency-based problems to maximize optimization profitability. This thesis provides such a
methodology.

Because advanced program analysis is costly in time, prior research has developed methods for re-
ducing its cost. Hankt al. propose a region-based compiler architecture in which procedures are partitioned
into disjoint segments that are analyzed and optimized separately [HHR95]. By selecting appropriate region
sizes, the usually quadratic complexity of optimization algorithms will be prevented from exploding beyond
practicality. Duesterwal@t al. developed an orthogonal approach which, instead of limiting the analysis
scope, examinesn demandnly those program statements that may affect the result [DGS97]. This thesis
uses demand-driven approach for performing inter-procedural value-flow analysis.
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2.2.3 Program Transformation

In the long history of research and implementation of value-flow optimizations, four distinct trans-
formations for removing value-flow redundancy have been be identified: code deletion, code motion, control
flow restructuring, and control speculation. In an interprocedural domain, inlining and cloning have also been
applied to enable exploitation of opportunities that exist on interprocedural paths.

Codedeletionis the simplest form of removing a redundant statement: if the value of the statement
is previously computed along each incoming path, then the statement can simply be removed. To verify that
the redundancy exists along all paths, the optimization can be restricted to basic blocks, as in subexpres-
sion elimination [ASU86] or value numbering [CS69]. For applying deletion globally (across multiple basic
blocks), data-flow analysis is applied to confirm that value is available along all paths, as in global subexpres-
sion elimination [ASU86]. Alternatively, dominators can be used, as in global value numbering [RWZ88].

Deletion is impossible when a statement is redundant along a strict subset of all incoming paths.
Code motion is a technique that hoists the partially redundant statement so that it is removed from paths on
which it is redundant. Effectively, hoisting introduces compensation code on non-redundant paths, chang-
ing partial redundancy into full redundancy, which enables deleting the statement from its original position.
Loop-invariant code motion is the simplest form of such motion transformation. Morel and Renviose gener-
alized it to arbitrary control flow graphs by formulating the code motion problem as a bi-directional data-flow
analysis problem [MR79]. Knoogt al. found a uni-directional formulation for this problem [KRS944a].

The necessary code motion may be blocked when it would change program semantics or impair the
program for certain inputs. When code motion fails to eliminate all partial redundancies, control flow restruc-
turing can be applied. In value-flow optimization, restructuring is based on separating the optimizable paths
from the unoptimizable paths, which is acomplished by duplicating all statements along the path that needs
to be separated. A simple form of restructuring is tail duplication [HNd2] which separates frequently
executed paths to improve scheduling by separating control flow merge points. Restructuring is also nec-
essary when redundant operations are unhoistable, such as unconditional branches [MW92a] or conditional
branches [MW95a, BGS974a].

Guptaet al. apply control speculation, which is a transformation that inserts computations onto
paths that did not compute these computations in the unoptimized program. As a result, some paths are
optimized and some are impaired. To control the impairment, a run-time program profile is used [GBF98]. A
speculative PRE was also explored in [HH97, Cka8].

Other kinds of value-flow optimizations are also built on one or more of these four transformations.
Elimination of partially dead value presented in [KRS94c] maximizes optimization that is possible with
code motion alone. Dead values that cannot be removed with code motion must be eliminated through
restructuring, as shown in [BG97a]. Strength reduction (an extension of PRE) has so far been presented as
code-motion optimization [DI80, KRS93].

Clearly, the four transformations differ in their power and cost [BGS98a]. Deletion is only applica-
ble on fully redundant operations, hence not suitable for path-sensitive optimizations. While code motion is
economical in that it does not increase code size, it is less powerful than restructuring, which can eliminate all
redundancies but may incur significant code explosion. Control speculation does not remove all redundancies
and it impairs some paths, but it introduces no duplication. It is the goal of the proposed research to integrate
the transformations so that the more economical transformations are used whenever possible, and the costly
one is resorted to only when its result would be expected to result in a significant run-time speed-up.
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2.2.4 Path-Sensitive Optimization Frameworks

A few path-sensitive value-flow optimizations developed to date are either highly specific or amor-
phous enough to escape the three-stage classification (representation—analysis—transformation). Consequently,
we present them as frameworks.

Holley and Rosen [HR81] were first to recognize the benefit of maintaining program assertions that
are specific to individual execution paths during the analysis. In thailifieddata-flow framework, control
flow paths on which a variable has different constants are separated through (virtual) code duplication. Path
duplication results in exposing path-specific contexts, which are then used not only to remove conditional
branches whose outcomes are known in a given context, but primarily to improve def-use computation. Be-
cause removing redundant branches also removes some paths that would never be executed, def-use pairs
realizable exclusively along infeasible paths are not spuriously collected on the expanded control flow graph.
Originally developed to improve analysis on programs with IBM register-indirect jumps, the analysis does
not scale to general branch elimination where many variables must be analyzed. A practical solution to multi-
variable analysis is offered in [BGS97c] by means of demand branch correlation analysis, which reduces the
cost of finding redundant value-flow patterns.

Rather than associating path-specific data-flow facts with execution paths in the graph-theoretic
sense, Johnson and Schlansker represent the execution paths as boolean expressions derived from predicates
of conditional branches on those paths [JS96]. Intended for optimization of programs with predicated ex-
ecution [MLCF92], their analysis is primarily applicable for removing spurious dependencies that prohibit
operation reordering or register allocation [ED95]. However, relaxing or strengthening the predicate condi-
tion guarding the execution of an operation corresponds to moving the operation in the control flow graph,
and hence can achieve optimization.

Steffen [Ste96] presents an extension of the Holley-Rosen approach. propisrty-oriented ex-
pansionframework, path separation is driven not only based on constants of variables but also on particular
assignments being or not being previously computed on a path. This allows elimination of branches (as
in [HR81]) as well as of entire assignments. Steffen also observes that some code duplication may be unnec-
essary and re-merges back unnecessarily split paths using finite state automaton minimization.

Ammons and Larus [AL98] extend Holley’s and Rosen’s qualified analysis by separating the paths
not on variable assertions but instead on frequently executed paths which are separated from each other to
maintain thehot path-specific context. Profile-directed graph expansion is a practical alternative to Holley-
Rosen or Steffen property-oriented expansion approaches: while some path contexts are sacrificed, those
along dynamically important paths are preserved. The framework is presented as a constant propagation op-
timization. After the analysis, the algorithm recombines separated paths that present no useful opportunities.

In a global view, preliminary research conducted as part of this research has identified four main
issues withpath-sensitivevalue-flow optimizations: a) solvingon-distributiveproblems without conser-
vative approximation (e.g., non-linear constant propagation), b) collepttigspecific opportunitieg.g.,
variable has a different constant along each pathg@xp)oitingspecific opportunities (e.g., enabling folding
of path-dependent constants through restructuring), and d) directing the analysis effort towards hot paths.

The approach of Ammons and Larus attacks all four issues uniformly by separation of hot paths,
their subsequentindividual analysis, and recombination. Instead, the approach proposed by ths thesis is to re-
serve restructuring for the actual transformation. This implies a different overall strategy: a) non-distributive
problems are solved precisely aloall paths by customizing the data-flavame spac¢BA98], b) distinct
path-specific opportunities are collected through demand-driven analysis as in branch elimination [BGS97a],
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c) all profitable opportunities are exploited with economical transformations (code motion and speculation),
and d) infrequent program regions will be avoided using the profile-navigated demand-driven analysis.

Guptaet al.[GBF97b, GBF98, GBF97c] also use path profiles to carry out path-sensitive optimiza-
tion. Similar to the method of Ammons and Larus, path profiles are used to maintain path-specific context
along each hot path. The results of the analysis are then used to integrate code-motion with control specula-
tion. In contrast to the method of Ammons and Larus, the transformation is delayed until after the results of
the analysis are known.

2.3 Contributions and the structure of the thesis

In each of the stages of the”HFINDER framework, this thesis develops new techniques. Next,
we summarize these contributions, on a per chapter basis.

Chapter 3 Representation.This chapter develops théalue Name Graph (VNGa novel program repre-
sentation that models the flow of a recomputed value. By symbolically naming the value, the VNG reduces
the (hidden) value flow into the (exposed) data flow. As a result, recomputation is detected essentially as
reaching definitions. The representation, callatle Name Grapmames the value on demand, for a set of
optimized computations. Although the names are formed separately for each path, obtaining path-sensitivity,
the paths are analyzed separately only when it matters, i.e., when the value has a different name.

Chapter 4 Dataflow analysis. This chapter develops a dataflow analysis that marks optimizable paths.
This marking is used to guide the subsequent transformation. Rather than enumerating all optimizable paths,
the analysis encodes them with polynomial complexity in a way from which the transformation can recover
them. The solution is based on a lattice that informs whether, at a given point, the value flow exists along all,
some, or no paths. This chapter also shows how to perform value-flow analysis inter-procedurally.

Chapter 5 Dataflow analysis (with profiling). To navigate the transformation trade-offs, the analysis
weighs the marked paths with a run-time profile. Unfortunately, precise weighing requires frequencies of all
paths. To make profile-guiding practical, this thesis develops a famégtohatoralgorithms based oedge
frequencies, a cheaper but inherently imprecise alternative. When weighing the reuse, estimators bound the
inherent error, adding confidence to imprecise profiles.

Chapter 6 Transformation (intra-procedural).This chapter develops a transformation that (nearly) com-
pletely removes all program redundant recomputations, at almost zero code growth. The transformation
combines three orthogonal methods. We resort to the expegpailieduplicationonly when the growth-free

code motiorails to transform the program, and only when the profile-drismtrol speculatiortannot prof-

itably impair some paths to optimize others. The spectrum of algorithms is based on a single abstraction, a
Code-Motion-Preventing (CMP) Regiowhich contains identifies adverse effects of the control flow on the
desired optimization.

Chapter 7 Transformation (inter-procedural). This chapter develops a transformation that completely
removes redundancies that are interprocedural, i.e., those where the value flows across procedure boundaries.
Rather than resorting to (expensive) inlining, we separate optimizable paths by generating multiple procedure
entry points and multiple exit points (which may return to different points in the caller). Thanks to entry/exit
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splitting, paths can be separated across procedure boundaries, even when the call site invokes one of many
procedures, as in virtual procedure calls.

Chapter 8 Empirical evaluation. This chapter compares the power of the framework with that of an
ideal value-flow optimizer, using the optimization of redundant loads. We developed a run-time program
monitoring algorithm that exposed the amount of value reuse present in the program. This ideal amount was
compared with the amount detected by our analysis. We observed that we captured at least 80% of the reuse
present in the program.

Overall, the techniques presented in this thesis improve not only the effectiveness but also the
efficiency of the optimizer.
The thesis is emphasizes the following principles:

it develops ageneric frameworkrom which new optimizations can be derived,

the power of the representation and transformations algorithms each results from combining techniques
with orthogonal strengths

the trade-offs of the program transformation prefile-directed and

to evaluate the power of the framework, we performed a limit study which served as an ideal reference
point.

2.4 Preliminaries

This chapter presents the necessary defintions. The reader is assumed to have some background in
dataflow analysis; the rest of the thesis is developed from first principles.

We use a control flow graph as our representatrion because it is a common program intermediate
representation. Because it directly exposes the control flow paths, it enables an intutive formualtion of code
motion.

Definition 2.1 (Directed graph) G = (N, E),E C N x N.

Predecessor and successors are defined with the prepandsucc pred(n) = {m|(m,n) €
E},sucgn) = {m|(n,m) € E}.

A pathp fromn to m on a graphG is a sequence df nodesn;,,... ,ni., n = n;, m = n;,.
When the pathp includes the nodes andm, we writep = [n, m]. When the path excludes the nodeand
m, we writep = (n, m). O

Definition 2.2 (Control flow graph) A control flow graphG = (N, E, start, end is a directed graph with
two distinguished nodestart and end which have no predecessors, and no successors, respectively. We
assume that each nodez N lies on a pathp = [start,end. O



Chapter 3

Value-Flow Program Representation

The value-flow representation is a value-centric model of the program; it exposes value-equivalent
instructions. Specifically, it finds control flow paths along whickadue flowsetween instructions comput-
ing the value.

Typically, when analyzing programs for value recomputation, each value is identified with its lex-
ical name. When two expressions match the name, they compute the same value. But what name should be
used when the value flows between equivalent expressions that have different names? The program repre-
sentation presented in this chapter overcomes the naming problem by synthesizing names that fully trace the
flow of a value and by performing data-flow analysis on this synthesized nhame space.

The RTHFINDER analysis integrates three orthogonal techniques: symbolic interpretation, value
numbering, and data-flow analysis. Symbolic interpretation first creates all necessary names and value num-
bering then determines which names are synonymous. The result is expressed in a new program repre-
sentation, called thgalue Name GraplfVNG). Once the VNG is constructed, any conventional data-flow
analysis can answer two fundamental optimization questions: which computations are value-equivalent, and
along which control flow paths?

The VNG is path-sensitive: value reuse is detected even when each path requires different names,
for example due to conditionally incremented loop induction variables. The VNG can be parameterized for
redundancy optimizations such as common subexpression elimination, constant propagation, or load/store
elimination. By phrasing these optimizations on the VNG, we obtain greater optimization power and broader
applicability.

This chapter begins by presenting two goals of the representation in Section 3.1. Next, Section 3.2
contrasts the flow of data with the flow of values, and defines value flow formally. Section 3.3 briefly de-
scribes the most common approaches for detecting value flow, focusing on their strengths and weaknesses.
Section 3.4 presents the construction of the VNG, and explains why the VNG is a synergy of three orthog-
onal existing approaches. Finally, Section 3.7 compares the VNG with other value-flow representations and
Section 3.8 experimentally evaluates its scalability, and thus also its practicality.

3.1 The goals

Value-flow representation exposes the recomputation of a value in the program, to facilitate value-
flow analyses and optimizations. In theTP FINDER path-sensitive value-flow optimizer, the representation
has two distinct goals:

1. Which instructions compute the same value? valae-flongoal)
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load A[0O]
1
p3 min:=i:=0
I AJO] ‘
val = .
min ;=i = 0 load A[i]
do _ _ *
it (Al < Almin]) load A[min]
min = i
i = il N o
while (i <N) pl min:=i
/p2
=i+l
_J /
a) the source program. b) the value flow4jmin].
Figure 3.1:The FIRSTMIN program.
2. Along which paths do they compute the same value? pata-sensitivgoal)

Both goals are important to perform the optimization, as illustrated by the program in Figure 3.1(a). The
program, FRSTMIN, traverses the array and computes into variablain the index of the smallest element
in the array. A close examination of the program reveals that the loaldinoiin| is redundant, due to the fact
that the value ofA[min|] has been loaded from the memory by some other instruction along each path leading
to the redundant load. The redundancy can be shown on a per-path basis as follows. Algng(zdtan
when A[i] £ A[min)), the expressiomd[min] in the current and the following iterations refers to the same
memory location; hence, the later load is redundant. Along pattaken whenA[i] < A[min]), the variable
min is redefined andi[min|] no longer refers to the same array element. However, along this pathn
the current iteration equals[min] in the following iteration. Hence, path offers a reuse betweety:] and
A[min]. Finally, along patlps (taken when the loop is entered), the valuel@hin] equals4[0] loaded before
the loop. In conclusion, because paths p2, ps “cover” all possible paths leading to the load 4fmin],
whichever path is taken td[min], its value has already been loaded previously and can be reused.

This detected redundancy enables the removal of the lodéhofn], which in turn enables schedul-
ing the loop better, at twice the iteration issue rafEhe 100% speed-up is due to reducing the critical path
of data and control dependences in the loop, as explained in Section 1.2. Figure 3.2 shows the schedule for
the critical path of the RSTMIN loop, before and after the removal of loadAfimin].

The moral of the RSTMIN example is that a traditional, pathsensitive analysis fails to discover
the redundancy that leads to the optimization. The reason for its failure is that wherppathdp, are
considered together, it is impossible to detect that each path has a different source of value reuse (the source
onp; is A[min], and the source om, is A[i]). In other words, while both paths are optimizable, they are
optimizable in a different way. Without path sensitivity, these optimization opportunities are diluted, as at
most one of the two sources can be discovered by the path-insensitive analysis.

In conclusion, both goals of the representation are necessary for a powerful optimization. It is not
enough to detect value flow. It must be detected a path-sensitive way.

! Assuming thef statement is compiled into a conditional move instruction [Sit93, Dul98].
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val = A[0] v
min = 0 Im”l 0_ 0
i =0 do'_
. do . .
the source program: if (A[l] < A[min]) if (A[Ir]n o '—<| r)
min = i S
. i = +1 i = ir+].__ All
while (i <N) while (i <N)
1 adr ;= A + min
2 r = load adr 1 ifr <A
the schedule (per cycle): 3 i r < Al 5 min []: i ro= Al
4 min = i

before optimization after optimization

Figure 3.2:The benefits of optimizing FRSTMIN. The instruction schedule of the loop, before and after
the removal of loadd[min]. The schedule shows only the instructions on the critical path of data and control
dependences.

3.2 Whatis value flow?

This section explains why detecting value flow is hard. It distills some properties of value flow,
show why it is not explicitly exposed by the program text, and contrast value flow with data flow (which is
explicitly exposed by the program). Overall, this section attempts to outline the properties that a value-flow
representation needs in order to reach the two goals stated in the previous section. These properties are relied
upon in the following section, to explain the insufficiency of existing value-flow representations. It concludes
with a list of practical analysis problems that can be phrased as value-flow problems and thus solved in the
PATHFINDER framework.

3.2.1 Value flow versus data flow

Proceduref (a) in Figure 3.3(a) exhibits two instances of value reuse. Regardless of the proce-
dure parametet, two pairs of statements always compute the same valsleS; andSs, S,. Their value-
equivalence becomes visible when the value they compute is expressed in terms of the procedure parameter
a, as shown in Figure 3.3(b).

Although contrived, the example illustrates why analyamafue flowis harder than analyzirgata
flow. The distinction between the two is typically not acknowledged, perhaps because a simple approximation
of value flow can be computed as the well-known dataflow probleawvaflable expressionsas described
later in Section 3.3.1. However, we argue that the two flows are qualitatively different.

Dataflow analysis problems typically examine propertiesarfables For example, the problem
of reaching definitions is to compute, for each variabsnd each program nodg the set of definitions af
that may reach. Similarly, the liveness problem is to compute whether the data in the variablebe used
in some instruction on some path framto end Dataflow analysis is well-suited for such variable-centric
problems because the definitions and uses of variables are obvious from the program text. In our example,
the fact that: is live on the exit of the statemeft is evident from the fact that is defined inS, and used
in Ss.

On the other hand, value flow problems are concerned with propertieduds we want to know
which instructions compute the same value. Compared to variables, values are “invisible” entities: while each
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f(a
St b = -2*a
Sa: X =b-a Sy =S5 = —3a
Ss: a = 2*b - x
Sy: X =b-a S3=84=—-a
Ss: z = a+ X

}

a) b)

Figure 3.3:Data flow versus value flow.(a) The procedure with two instance of value reuse, betwien
andsSs, and betweey; andS,. (b) Values computed by the two pairs of equivalent statements, expressed as
a function of the procedure parameter

variable has a unique lexical name, a value may a) require multiple names and b) it may not even be stored in
any variable as iflowsbetween the value-equivalent statements. Consider the value flow befweaadS;

in Figure 3.3: a) the value has a different lexical name at the two statemevisgusz); and b) betweels,

andSs, no variable stores the value—the value will be “resurrected” only whesxecutes.

In summary, while the flow of data is lexically exposed, by the definitions and uses of variables, the
program text does not directly identify value-equivalent statements. This qualitative difference is illustrated in
Figure 3.4, where data-flow related statements are connected with def-use edges (left), and value-equivalent
statements are connected with “value-reuse” edges (right). The value-reuse edges are not obvious from the
program text. Instead, they require some form of algebraic manipulation.

To turn the above discussion into desirable properties of the path-sensitive value-flow representa-
tion, we can state the following:

e Therepresentation must add edges to the program that will connect the equivalent statements, reflecting
their algebraic equivalence. The edges need not be added physically; they may be represented by
labeling the equivalent computations.

e The representation must allow placing the edges along path, as shown in Figure 3.1(b), where the paths
p1 andp- are the path-specific edges.

The edges can be viewed as def-use edges. With such a view, the flow of values will appear as flow of data.
Thus, the representation reduces value flow problems to data flow problems. This is precisely the approach
taken by the Value Name Graph.

3.2.2 A formal definition of value flow

Our framework optimizes any problem fromvalue-flow class We define an analysis problem
to fall into the value-flow class if the analyzed entities (values) can be related paihdack-substitution
functions as follows.

Definition 3.1 (Symbolic Back-Substitution) Letp = [n, m] be a CFG path. Let,, ande,,, be two names

of a value computed at node. The name:,, is a name valid at node, and the name,, is valid at node

m. The nameg,, ande,, aresomerepresentations of the computed value, perhaps symbolic expressions
or abstract syntax trees inductively built from the names of program variables. Fufdiigris a back-
substitution functions it maps a name,,, and the patlp into the names,,. We say thatF’ back-substitutes

e along pathp, yieldinge,,.
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b
1 b:=-2*a
A
Lﬁ ‘ x:=b-a T
L4 ¢
data flow ﬁ'—'—n— a=2-x value flow
| X \: /’ /r
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f

Figure 3.4:Compared to data flow edges, value flow edges are “intangibleWhile def-use edges can be
identifiedlexically, i.e., from the text of the program, the value-reuse edges require some faymbblic
manipulation of the program, to expose the algebraic equivalences.

Definition 3.2 (Value flow) Let p = [k,n,m] be a CFG path with subpaih = [k,n] andps = (n,m],
such thap = p;.p». We say that a value flows fromto m if F(p1.p2)(em) = F(p1)(en).

Example 3.1 In Figure 3.3, the value flows fro} to Sy becausé’([S1, S3].(Ss, S4])(z) = F([S1, S3])(a) =
—a. The functionF (p)(x) performs the back-substitution ofalong pathp.

3.2.3 What everything is value flow?

Let us list next a few common problems that fall into the value flow class and can thus be solved in
a value-flow framework.

e value recomputation (expression, loads),
e branch correlation (and hence array bound checking),
e constant propagation,

e some type inference problems.

3.3 Existing techniques for value-flow detection

This section reviews three existing techniques for detecting value flow: dataflow analysis, value
numbering, and symbolic evaluation. These three techniques are orthogonal because each can detect a differ-
ent kind of value-equivalent statements. The (incomparable) strengths of these techniques are described here
primarily because our value-flow representation integrates the three techniques in a way that preserves their
advantages and removes their limitations, as will be described in Section 3.4.
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3.3.1 Dataflow analysis

Dataflow analysis, while data-flow in nature, is the most commonly used technique for detecting (an
approximation of) value-flow [KU77]. The well-known dataflow problenagtilable expressionsomputes
an approximation of the value-flow problem of availability of values. In available expressions, each value
is identified with its lexical name, typically the right-hand-side of an assignment. When two lexical names
match, the addresses compute identical values (unless there is kill of the name along the path). Because the
analysis uses only one name per value, it cannot detect computations that are equivalent but have different
names. For example, the equivalenceddf] and A[min] along pathp. in Figure 3.1 will not be detected
by available expressions. On the other hand, when dataflow analysis finds equivalence, it does so in a path-
sensitive fashion. For instance, in the same example, the equivaleA¢@iof alongp, is detected and, as a
result, the pathy; can be “marked” by the dataflow analysis as a path along which the exprefsin is
available. In summary, dataflow analysis is path-sensitive but not value-sensitive.

3.3.2 Value numbering

Value numbering partially overcomes the naming problem of dataflow analysis [Cocke,Schwartz].
For each value, it builds an abstract syntax tree, which serves as its “name.” Two names are equivalent if
their syntax trees match: they have identical shape, including operators at inner nodes, and identical variables
at leaves of the tree. Value numbering is local (works in basic blocks) and therefore not path-sensitive. The
Global Value Numbering extends value numbering along all paths, but it still requires that the equivalence
holds along all incoming paths [AWZ88]. In summary, value numbering is suited for discovering which
names refer to the same value (are synonymous), but is not path-sensitive (i.e., the equivalent computations
must be synonymous along all paths connecting them). Furthermore, value numbering is not able to perform
(arbitrary) algebraic manipulations of value names.

3.3.3 Symbolic evaluation

There are various ways how to symbolically execute a computation. Here we are alluding to meth-
ods that perform algebraic simplifications of expressions. Constant propagation algorithms are such methods.
They may fold constant into expressions and evaluate them, essentially simplifying the expressions. Another
method is to perform a symbolic backward substitution of program expressions. Compared to constant prop-
agation, the algebraic simplification is symbolic, rather than arithmetic. Such symbolic simplification does
not easily extend to handling path (on which a different simplification may be needed). However, Tu and
Padua were able to make symbolic manipulation global (i.e., working on all paths) using a version of SSA
form [TP95]. In summary, symbolic manipulation of programs is suited for creating the names for a value of
an expression, and for performing simplification on the symbolic names. Such manipulations, however, are
not path-sensitive.

3.3.4 Summary: a need for integration

The three techniques are orthogonal—each can be used to detect a certain class of value redundan-
cies [ARZ92]. Their strengths, summarized in Figure 3.5, are integrated in our representation, as follows.
We use symbolic evaluation to name the value as it flows through the program. Such names will sufficiently
describe the value, even when it is not resident in any variable. Value numbering will compact the symbolic
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value numbering symbolic evaluation
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Figure 3.5:Three orthogonal value-flow detection techniques.

names. Together, the two will build a representation that will reduce value flow into the data flow. Finally,
dataflow analysis will be used to mark paths along which reuse exists, obtaining path sensitivity.

3.4 Value Name Graph

The preceding sections have set the stage for the presentation of the program representation. Sec-
tion 3.1 distilled two goals of the program representation that are needed for an effective optimization, Sec-
tion 3.2 explained why value flow is not exposed by the traditional program representation, and Section 3.3
showed that, while existing approaches do not offer a sufficient solution, they offer complementary qualities
whose integration could form the basis of the desired representationvaliie Name Graph (VNG§ ex-
actly such an integration. This section first intuitively explains the VNG and then presents the three steps of
its construction.

Our representation is called a Value Name Graph because it exposes the value flow by properly
naming the (recomputed) value that flows between equivalent computations. The central idea is to create
sufficient names so that a value can be identified even when it flows outside the scope of the lexical name
under which it is originally computed. Where the original name is not valid, an equivalent symbolic name
is used. The symbolic names fovalue threadswhich conceptually represent the value-flow arrows in
Figure 3.1(b). The VNG is the collection of these value threads. Propagating dataflow facts along these
threads achieves

e symbolic analysishecause the threads represent symbolic value names, and
e apath-sensitive value-flow analysizecause a thread is formed for each individual program path.

The synthesized names are created using symbolic substitutions, using a backwards propagation
of the lexical name of the value, as follows. Clearly, when a value is computed by an instruction, it can
be identified with its “lexical” name. Consider the value computed in the statefeme¢low; the value is
identified with the namé+ x. We want to propagate the name backwards and modify it whenever it becomes
invalid. While this (lexical) name is valid at the entry 8§, it is not valid at the entry of,, because the
value ofz beforeS, is different than beforé;—we say thaitS, invalidates the nami+ .
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Si: b = -2*a + name;(S;) = —3a

S,: X :=b-a < namey(S;) =b—a

Ss: a = 2*b - x < name3(S;) ==

Sy x:=b-a < namey(Ss) = 2b—a
< name;(Ss) =b+w

Ss: z = b + X

Whenever the propagated value name is invalidated by an assignment to a variable in the name,
another (symbolic) name for the value is synthesized using back-substitution. Agrobe name + x
changes t@b — a, because is substituted witth — a. As long as the symbolic name can be expressed in a
selected language of symbolic names, this process identifies the value along its entire flow. The sequence of
created names forms a value thread. The central property of the VNG is that the computations that lie on the
same thread compute the same value. In the exaripkendSs; lie on the same thread.

While the value threads identify identical statements, they contain too many symbolic names to be
useful as a practical representation. The final Value Name Graph is compact; it encodes the value threads
using scalar variables. Each computation is rewritten to refer to a scalar variabdhen two computations
refer to the samé€’;, they are on the same value thread. The VNG for the above example is given below;
equivalent computations refer to the same scalar variable (see Figure 3.3). Technically, the VNG below is not
a graph. Instead, it is a prograiorm that encodes the graph. We will use the graph and the program form
interchangeably.

Sit Ch
Sar O
S3: Cs
Ss: O3
Ss: O

Effectively, the scalar variablgs; are “compacted” symbolic names. Sometimes, a value thread
requires multiple names, even after compaction. The multiple scalars are connected-assignments,
which switch between the compacted names, forming value (compacted) threadsa3signments impose
the SSA property of the scalar names [CFIR]. Figure 3.6 shows the VNG for tha @S TNAME program.

Each access to arrayis renamed to refer to a scalar variabiés and the equivalent computations are con-
nected acrosg-assignments. For example, the value flow betwéghand A[min] alongp- in Figure 3.1(b)

is manifested as a def-use chali;, Cs := ¢(C2,C4), C2 := ¢(Co, Cs). The def-use chain identifies the
CFG path along which the computations are equivalent. In particulap/thassignments specify that the
chain follows only the patlp,. Note that the VNG not only connects equivalent instructions but also does it
along the appropriate paths.

Thus, the general rule is that two computations produce the same value when they are connected
with a def-use chain across tigeassignments. The flow of values appears as flow of data, that is, as de-
pendences between definitions and uses of the scalar vaéialsled can be encoded in dataflow transfer
functions.

In effect, the VNG converts the problem a¥ailability of valuednto the problem of reaching def-
initions (transitive acrosg-assignments). In summary, the design of the Value Name Graph was influenced
by the two goals from Section 3.1. The result are the following salient properties:

1. The value-flow goal. The VNG elevates the (invisible) value flow to the (visible) data flow level. By
transforming value flow to data flow, the VNG exposes value recomputations in the form of references
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Sl:val = A[0] =
Sarmin = 0 A] > Co | ¢y 2 4(Cy, Cy)
dido Al - G |do
4- . .
Ss: if (Al < A[min)) Almin] — Oy if ( C1<Cy)
S e = 9(Ca, )
Sg:while (i <N) while ()
the original program the transformation its Value Name Graph

Figure 3.6: The Value Name Graph forRSTMIN program (the SSA form is not a graph!).

to (the same) scalar variables, allowing us to answer the question “which instructions compute the same
value?”

2. The path-sensitive goal. The VNG supports dataflow analysis. Being a path-sensitive technique,
dataflow analysis can mark the paths along which a value is recomputed.

Additionally, because the VNG is a sparse representation similar to the SSA form, it can be im-
planted into existing SSA-based PRE implementations, improving their precision[REK

3.4.1 Constructing the VNG

Let us start with an overview of the VNG construction. The construction has three steps, each cor-
responding to one of the three underlying approaches. Firssythbolic evaluatioplaces the value thread,
by synthesizing the names that are necessary to trace the value flow. Seslaadyumberingompacts the
value threads, by determining which symbolic names are synonyms for the same value. The result of the first
two steps is the VNG. The third step forms the dataflow transfer functions using the scalar@iames

Step 1: placing the value threads.The symbolic names are created by propagating the lexical
name of the analyzed computation backwards. At each assignment that invalidates the current name, the
assignment’s right-hand-side expression is substituted into the current name and algebraically simplified.
The propagation effectively creates a “symbolic” slice of the original computation.

Figure 3.7 above example shows only the value thread for the value comput&d Bygure 3.7
completes the example. It shows, in a graph form, the value threads for all computations in the program.
The graph shown is an intermediate form the VNG that is never explicitly constructed. At this intermediate
stage, VNG nodes are a cross product of CFG nodes with the synthesized symbolic names. The VNG edges
show how the value name changes, forming the value threads. The highlighted nodes represent the analyzed
computations.

Step 2: collapsing the value threadsThe first step formed the threads, which exposed the re-
computation ofS; by S;. This recomputation was detected becatisand S lie on the same value thread.

Note, however, that whil&; andS, are equivalent, they are not on the same value thread; there is no chain

of data flow dependences between them and hence dataflow analysis fails to find them equivalent. The lack
of a connecting value thread is explained by the fact that the lexical nase(@b — x) did not match with

name ofS, propagated t&5 by back-substitutionas( — b). These two names are howewynonymsor the

same value, as can be seen when they are expressed as a function of the procedure formal pakartieter
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Figure 3.7:The VNG after Step 1 (right). The thick lines arealue threadshat connect equivalent compu-
tations. In contrast, traditional dataflow analysis (left) builds threads using only the lexical name. This names
is killed (the scissors), preventing threads from connecting equivalent computations.

are equal to-a. The problem is that the back-substitution process matched the naifigaidS, only at a
predecessor ofs.

This delayed match is inherent in the symbolic back-substitution process. It is corrected by a value
numbering step, which collapses threads whose names are synonymous. Two nhames are synonymous if the
back-substitution reduces them to the same symbolic name. The collapsed threads are shown in Figure 3.8.
After the threads are collapsed, the equivalent computafigrasd S, lie on the same thread and dataflow
analysis can find the recomputation. Note the change in the value names. While the first step used the
synthesized symbolic names, the second step names the value with the scalaCpaiies scalar names
directly correspond to the congruence classes formed during value numbering.

Step 3: dataflow analysis.Once the graph is constructed, recomputations of the same value are
placed on the same (collapsed) threads. Computations are converted to accesses to scalar names and the
dataflow analysis determines availability of a value as a GEN/KILL analysis. The analysis is a bitvector
analysis, except fop-assignments, where the dataflow facts are propagated between bits corresponding to
the ¢-ed names.

Figure 3.9 summarizes the construction of the VNG using the three orthogonal techniques. The
following subsections describe the construction of the VNG in detail.

3.4.1.1 Initial parameters

The VNG is parameterizable. It can be constructed to expose value flow among arithmetic ex-
pressions, memory load operations, conditional branches, etc. The VNG can be tailored for each kind of
recomputation by specifying the symbolic language that generates the names of the values during back-
substitution. While the arithmetic recomputations in the preceding examples required a name that was an
expression composed of variable names and operators x, /, the analysis of conditional branches may
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Figure 3.9:The three steps of VNG construction.

require a name with relational operators, for example 0. Yet another language of names is needed for

analysis of repeated memory accesses to pointer-based data structures.

The seed set of computations of interest. The first VNG parameter is the set of computations whose
recomputation is the focus of the analysis. These analyzed computations serve to seed the back-substitution
process; the value threads will start unrolling backwards from them. The computations of interessémun a

set O of pairs(n, e), where the name denotes a computation of interest at the CFG nad@ he language

of symbolic names will be defined shortly.)

O={(n,e)|neN,ec S}

Note that whilee is a lexical name, we assume it belongs to the language of symbolic names.
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Example 3.2 The seed seO for the example program in Figure 3.3 consists of the entire right-hand-side
expressions, for each node of the program:

O ={(51,-2%a),(S2,b—a),(S3,2xb—x),(Ss,b—a),(Ss,a+x)}

The seed set for the program in Figure 3.6 consists of the addresses for the array accesses @ssafmifid) =
4):

O = {(S1,ad(A)), (Ss,ad(A) + 4 x i), (S5, adf A) + 4 x min)}

O

The language of symbolic names Given a seed se, we have to decide upon a symbolic langudge

from which we will draw the symbolic names for creating the value threads. For example, the patiewyn
restrict the symbolic names to the fornx v + b, wherea andb are program literals andis a scalar variable.
Selection ofP is mainly an issue of the implementation, where one desires a suitable trade-off among a few
issues that influence the accuracy and complexity of the analysis:

suitability: The format of a symbolic name should suit the kind of computations in the seed set, as mentioned
above; arithmetic expressions will need arithmetic operators to describe their values, while memory
accesses have to describe indirect memory accesses. One could certainly permit all operators and an
arbitrarily deep nesting of expressions; however, such a freedom of expression may create too many
names during the back-substitution process, which may prove impractical. In practice, we observed
that simple names are expressive enough for a given kind of seed computations.

semantics:How is the symbolic name evaluated? Daes- y mean the usual addition of values? Does
x + y equaly + z. Is there a canonical form such that two equal expressions have “always” the same
representation? For example, the canonical formefee +y may be the alphabetically sorted-y+z,
which enables matching it with+ 2 + y.

interpretation: Which program statements modify the name and how? In other words, what happens when
the back-substitution “inserts” a name into a symbolic name: what are the substitution and simplifi-
cation rules? For example, are we willing to substitute only “copy” assignmentsy or also more
complex ones, such as:= y + z. In the latter case, the complexity of the synthesized names may
grow beyond polynomial.

termination: When the symbolic language is infinite, the back-substitution may not terminate, as new names
continue to be created. To force termination, let us introduce a paramgtehich stops the back-
substitution after all control flow paths with or fewer cycles have been examined.

implementation:The format of the name must permit efficient implementation. For example, can two sym-
bolic names be compared in constant time? Can simplification be performed efficiently?

We assume the languadhas a special name, methat denotes all values whose names are outBide
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Input:
control flow graph G = (N, E, start, end).
seed set O,
substitution function substitute(n, e) : N x P — P,
loop iteration window w.

Output:
value name graph G = (N, E, start, vngend),
set of synthesized names S C P.

begin
Step 1: route the value threads (Figure 3.11)
Step 2: collapse the threads (Figure 3.14)
convert threads to SSA form
collapse threads using global value numbering
Step 3: dataflow analysis
define dataflow transfer functions (Section 3.4.1.4)
solve dataflow problem (Chapter 4)
end

Figure 3.10: The algorithm for constructing the Value Name Graph.

Example 1. Consider the problem of determining redundant address computations for accesses to one-
dimensional arrays. Choosifg = cy + ), < c;v; is sufficient to represent address expressions for array
indexes such ad[5 =i + j + 3] and even multi-dimensional but ndfi « j]. The setO contains address
operands from all load and store nodes because they are the eventual consumers of address computations.
To accommodate indirect addressing, the symbolic language of value names is enriched with a
pointer dereferencing operateand back-substitution rules for loads and stores. Loads increase the indirec-
tion level: when a name+ 1 is propagated backwards acra@ss- load L, it will change toxL + 1. Stores
may reduce the indirection: acrast®re L, ¢, the namexL + 1 will change tot + 1.
The memory address is represented with a symbolic nBmeecy + c1v1 + ... + c,v, + *(E'),
wherec; are literalsp; are program variables, aifdl = E | e. The termE’ adds addressing indirection. In
the actual implementation, one may want to set a maximum number of indirection levels, in order to limit the
number of symbolic names created during back-substitution. In our experiments, the level used was level 0
(nox operator in the address name) and level 1 (eoperator in the address). O

3.4.1.2 Step 1: placing the value threads

The first step synthesizes the names for the analyzed values. The output of the first step is the set
of symbolic namess; C P and the value transfer s€f describing how the value threads alternate between
symbolic names. TheT is defined as follows(n, e, e') € VT if the namee was back-substituted intd at
CFG noden.

TheVT set represents the value threads without explicitly building the VNG nodes and edges shown
in Figure 3.7(b). Instead, the VNG is represented by specifying only VNG edges that connect different names
(where backsubstitution modified the propagated name). This is accomplished by representing each symbolic
namee € S; with a “symbolic” variablde]. The alternations between names are represented as assignments
between those variables, as shown in Figure 3.12(c). We sayehat, e') if (n, e, e’) € VT,
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Note that the second step of the construction will transform the symbolic ngfhassignments
into the SSA form and collapse them using value numbering (see Section 3.4.1.3).

The algorithm, shown in Figure 3.11, is a sequence of backward traversal of the CFG. Starting
from each of the seed computations, the traversal propagates their original (lexical) names and updates them
accordingly across each affecting node by performing back-substitution. Each traversal places value threads
along all acyclic paths; it stops at loop back-edges. The following traversal continues from the loop back-
edges, extending the threads across loop iteration boundaries. The multiple traversals thus create threads that
model value flow along all possible paths acres®op iterations. Setting to 3 will discover equivalences
among address computations that occur within any three consecutive loop iterations.

More specifically, the algorithm in Figure 3.11 first initializes the traversal worklist with the seed
computations (line 2). Note that the worklist maintains names ortit®f a node; therefore, the traversal
starts from the predecessors of the seed computations. #hen, traversals are performed, each using a
separate worklist (lines 4-18). This termination is similanidening[CC77]. The VNG thus models the
flow of a value along anw consecutive loop iterations, which provides sufficient scope for optimizations in
the instruction-level parallelism domain.

Line 8 forces the back-substitution to fail at the CFG start reidd as a way of asserting the most
conservative assumptions when the program is entered. The fusciistitutén, ¢) determines how name
e changes across nodgline 9). When the name changes acrosine 10 outputs the assignment denoting
that the thread changes names.atLines 11-16 continues the traversal onto predecessors, passing names
that cross backedges into the next traversal (line 13), as discussed abobackéeged?) is defined to be
the set of CFG edges that are backedgesomedepth-first traversal of the CFG. Such a definition marks all
backedges of irreducible loops. The visited flag marks that the realnaes visited the exit of node (line 7).

The flag prevents propagation of a name twice (line 11). Finally, lines 19-21 terminate the threads that are left
“in the air” along the back-edges after the traversal sequence was forcefully terminated-aftéraversals.

These unfinished threads are grounded {gne asserting the same conservative assumptions as on the start
nodestartat line 8.

Figure 3.12(c) shows the Step-1 VNG for the program in Figure 3.12(a). Figure 3.12(b) shows
the VNG in the (conceptual) graph form. We illustrate the back-propagation psgjrihe address operand
of the load in node 9. When propagatipgacross the assignment := p3 + 1 in node 7, the right-hand
sideps + 1 is substituted into the current nampg. We obtainps + 1, which becomes another name for
the analyzed address of the load (9). After crosging= load L, in node 6L, is substituted fop; and
xL, + 1 becomes yet another name for the addréssi¢ the address of the global varialle The name
will be further changed at nodes 4, 3, and 1. (Note that the Figure 3.12(b) is showing the VNG construction
only along thethen path.) The address operands of remaining memory operations will also undergo this
back-propagation. The process of name creation is demand-driven, as only the necessary names are created.

3.4.1.3 Step 2: collapsing the value threads

The second step collapses threads placed by the first step. Collapsing can be viewed as post-
processing of the back-substitution. It places on the same thread those computations that back-substitution
found equivalent but did not place on the same thread. These are computations that were symbolically reduced
to the same name, but the reduction occurred “upstream” from the two computations, as is the Sase for
andS, in Figure 3.7. Technically, the collapsing is performed by finding, at each npddich symbolic
names reduce to the same symbolic name. These names are synonyms for the same value and are placed into
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Input:
control flow graph G = (N, E, start, end).
seed set O,
substitution function substitute(n,e) : N x P — P,
loop iteration window w.

Output:
synthesized symbolic names S; C P
value transfers A = {(e; :=. ¢j) | n € N, e;, ej € S1}.

begin

1 A:=10

3:  worklisty := {(m,e) | (n,e) € O.m € pred(n)}
3: for i = 1to w+ 1 do worklist; := §)

4: for ¢ = 0to w do

5: while worklist; not empty do

6: remove a pair (n, e) from worklist;

7: visitedn, e] := true

8: if n = startthen e’ := Lname

9 else e’ := substitute(n, e)

10: if e’ # e then add (e :=,, ') to A, add e’ to S;
11: for each m € pred(n) such that visitedm, ¢'] = false do
12: if (m,n) € backedges(E) then

13: add (m, ") to worklist; +1

14: else

15: add (m,e’) to worklist;

16: end for

17: end while

18: end for

19: for each (e,n) € worklist,+; do

20: add (e : = Lname) t0 A

21: endfor

end

Figure 3.11: Step 1 of VNG construction: symbolic back-substitution.

an equivalence class, which effectively collapses all threads placed into the class. The names of the classes
serve as the symbolic names for the final VNG.

Thread collapsing is thus expressed as a partitioning of the symbolic name space into equivalence
classes, at each CFG node. Therefore, the second step is $gitgablic Value Numbering (SVNdr its
similarity with the standard Global Value Numbering (GVN) that also discovers which names refer to the
same value [AWZ88]. To compare our SVN with the GVN, we observe that, like the GVN,

e the SVN computes which value names are synonymous, representing synonyms as partitions;
e the SVN computes synonyms globally, accounting for all program paths leading to a given CFG node;

e the SVN uses a compact SSA encoding of names, to maintain a single, global partitioning, rather than
a separate one at each CFG node.

Unlike GVN,
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(a) the source program. (b) the (conceptual) VNG. (c) the VNG after Step 1.

Figure 3.12:Step 1 of the VNG construction: example

e the SVN detects synonyms based on their symbolic (algebraic) equivalence, rather than from their
structural (syntactic) equivalence.

e the SVN uses a more precise (but also more expensive) partitioning algorithm, as explained below.

The symbolic value numbering has two sub-steps. First, the Step-1 VNG is transformed into the
Static Single Assignment (SSA) form [AWZ88]. Second, the SSA-ed symbolic names are globally par-
titioned. Recall that after Step 1, the VNG is represented as assignments bé#jveariables, denoted
(e :=, e'). When converted to SSA form, eag#] variable will be assigned exactly onte.The SSA
form is achieved by creating multiple copies of each variable, one for each assignment, and by connecting
the copies withp-assignments inserted at control flow merge points that can be reached by two different
assignments of the same variable. The property desired from the SSA transformation is that the insertion of
¢-assignments effectively breaks threads intolrgestsnippets on which the synonyms relation remains
the same. As a result, the collapsing need not be expressed at each node, but on the snippets, in single global
partitioning. Because the] variables are ordinary scalar variables, any existing SSA construction algorithm
can be used [CFRO1, SG95]. The SSA transformation changes the symbolic name spaceframo an
SSA-ed name space denotigisl

2Except for[_Lhamd, Which is never assigned, because it is never back-substituted into.
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Siixo = (. ,..)
Sy:if ()

Ss: Yo = Xog
Sy:else

Ss: Y1 = Xo
Sg.end if

Sy 2 = (Yo, Y1)
Sg:Xo e Y 2

Figure 3.13:GVN fails to find the equivalence ofz, and y-, In contrast, the SVN succeeds.

To partition the SSA-ed names, one could employ the GVN algorithm [AWZ88]. However, GVN
computes an imprecise solution in cases that may occur often on the VNG. Consider Figure 3.13. In this
program, GVN fails to find the equivalenceaf andy,, but SVN succeeds.

Our partitioning algorithm represents the synonyms as a graph, in which edges connect equivalent
names. The algorithmis optimistic. It starts with all names assumed equal and then removes edges that cannot
safely be assumed synonymous. An edgg], [e;]) is removed when there is control flow path on which
[ei] is reduced tal name (back-substitution failed) beforfie;] and|e;] reduced to the same nabizamename.

After the fixed point is reached, th@(|Sz|*)-sized graph is converted 19(| Sz |)-sized equivalence-class
partitioning, to save memory. The more economical class partitioning cannot be used before the fixed point

is reached because the graph does not necessarily represent an equivalence relation. Therefore, equivalences
must be represented at the granularity of edges, not partitions.

The details of the algorithm are in Figure 3.14. The input is the equality graph. The graph is
optimistically initialized; edges connect each two SSA variables whose live ranges overlap. Thus, the graph
is a live-range interference graph. It is built during the SSA construction. The algorithm starts by identifying
pairs of names that are definitely not synonymous and then propagates their inequality through the def-use
chain of the SSA variables, until no more edges can be removed. Line 1 finds all painést failed to
be back-substituted, at any node Line 2 then finds all nameg;] that are live at that node. Namps]
and[e;] must be different and are inserted into the worklist. Taking edges from the worklist, the algorithm
removes an edge (line 9) if the edge has not been removed yet (line 8). For each removégd;&dgg).
their inequality is propagated to all useq ef] and[e;], in a forward direction along the def-use chain, across
¢-assignments and the back-substitution assignnients=,, e;).

Returning to the running example, Figure 3.15(a) shows the SSA form of the Step-1 VNG shown
in Figure 3.12(c). In our example, onlyL, + 1] needs an SSA subscript angaode; the live ranges of
other[e] variables do not cross the control-flow merge point. The SVN algorithm partitionefirames
into congruence classes as shown in the figure. The names of the classes are the symbolic names used by the
final VNG, which is shown in Figure 3.15(b). Note that the optimized computations have been rewritten to
refer to the names of the equivalence classes.

Notice that the Step-1 VNG cannot find reuse between the equivalent nodes 5 and 9, because
they are not on the same value thread (see Figure 3.12(b)). After the threads have been collapsed, the two
nodes refer to the same thread, which is represented as a chain of data dependencistfrarp (see
Figure 3.15(b)).



Input:

IG = (IN, IE), interference graph for the SSA’ed name variables:

IN =S5,

IE C (IN x IN): ([es], [e4]) € IEiff [e;] and [e;] are both live at some CFG node n.

Output:

end

S, the symbolic name space of the final VNG
Sz — S, partitioning of SSA’ed name
space into equivalence classes.

for each (e; :=, Lname) doO
for each [e;] that is live at node n do
add (e;, e;) to worklist
end for
end for
while worklist not empty do
remove edge ([e:], [e;]) from worklist
if ([ei],[e;]) € IE then
remove edge ([e;], [e;]) from IE

for each assignment ([ex] :=x [ei]) Or [ex] :=n ¢(...

add ([ex], [;]) to worklist
end for

for each assignment ([ex] :=» [e;]) Or [er] :==n ¢(. ..

add ([e;], [ex]) to worklist
end for
end if
end while

partition IN into classes: each connected subgraph of IG is one class C;

Figure 3.14: Step 2: collapse value threads using value numbering.

34
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Congruence classes:
C(): {[*Lp+1]0}

Ci: A{[Lpl}
Gt A{[xLp), [p1], [t1], [P2 + 1], [*Lp + 1)1 }
CV3: {[*LP+1]2,[p3+1]7[p4]}
(a) the SSA form of the step-1 VNG. (b) the final VNG.

Figure 3.15:Step 2 of the VNG construction: example

3.4.1.4 Step 3: dataflow transfer functions

The previous two steps constructed the nodes and edges of the VNG. To solve dataflow problems
on the VNG, it remains to construct the dataflow transfer functions and the equation system for computing
dataflow problems. In this section, we show how to compute availability of values, a forward problem. The
availability computation presented here is patbensitive, because it only determines whether the value is
available alona@ll paths. A solution to this problem is sufficient for performing global common subexpres-
sion elimination (Global CSE) on the VNG, i.e., for eliminating fully redundant computations. Chapter 4
presents a path-sensitive formulation of dataflow analysis on the VNG, which will be used to perform partial
redundancy elimination.

First, we define the VNG constructed by the first two steps.

Definition 3.3 (Value Name Graph) LetG = (N, E, start, end) be a control flow graph andl be the name
space. The names #§i are the names of of congruent class names created in Step 2, together with the names

J—name

The Value Name Graph (VNG) is a gragh = (N, E, start, end), whereN is the set of nodes,
N =N x S. Eisthe set of edge; C N x N such tha{(m, e'), (n, e)) € E iff m € predn) and

e if eis defined (by a-node) inn, thene' is the(m, n)’s argument of the, or

e if e is not defined im, thene = €.
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The start nodstart is connected to all nodgstart, e), for all e € S. Similarly, end terminates all CFG
nodes, by connecting alend = e) VNG nodes.

Thepredandsuccfunctions are defined on VNG as usual.

Definition 3.4 (Thread) A threadis a path in the VNG graph. In contrastpathis a path on the CFG graph.
Note the relationship between threads and paths. For each thr#aete is exactly onsibling pathp, which
can be obtained with a functigrath p = path(p). O

Clearly, while each thread has one sibling paths, along each path there are multiple threads, each for a different
value.

Each VNG noder = (n, e) corresponds to a valueat a CFG node.. We can now compute the
availability of these values. Let us assume that the value is computed by all VNG nodes in the $2ed set

AVAIL[start] = L
AVAILow[n] = fAVALAVAILG[n))
AVAIL[n] = N AVAILu[m]
mepred(n)

T ifne 0, (GEN)
z  otherwise.

f(AVA|L)n(1') =df {

A computationn = (n, e) is fully redundant and can be removedWAlL[n] = T.

Killing stores. Dataflow analysis on the VNG is closely coupled with the back-substitution step. Recall
that the VNG threads detect reuse aggressively—because back-substitution may be defined to ignore may-
aliasing, the threads extend uninterrupted across potentially Killing stores. As a result, the VNG detects
instructions that always read from the same location but it does not reflect that ematarieange the contents
of this location between these two reads. Treating may-aliasing kills separately is an intentional design
decision, because some hardware mechanism enable reuse exploitation even in the presence of (infrequent)
kills, using a data-speculative load [KSR94, GKKG98, R©8].

May-aliasing can be easily accounted for in dataflow analysis on the VNG. Using our running
example, assume that may equalL,. Becausép, | belongs to congruent clagg and[L,] belongs taC1,
each store t@'; must kill reuse in clas€’s and vice versa. Therefore, in Figure 3.15(a), the store in node 8

would kill the reuse for the load in node 9. To account for killing statements, we modify the transfer function
fAVAIL:

T ifne O, (GEN)
F(AVAIL) () (z) =0t L if e may be aliased with'’s value, (KILL)
x  otherwise.

Depending on the optimizer, this kill may entirely destruct the reuse, preventing register promotion, or may
mark only the reuse as unsafe.

3.5 Separable VNG

This section introduces a restricted case of the value name graph. The purpose is to simplify
the presentation of the profiling and transformation algorithms in the following chapters. The restricted
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Figure 3.16:The VNG can detect recurrent array accesses.

version, callecseparable behaves just like a CFG with lexical (Morel-Renviose-style) redundancies. This
simplifications allows us to present the algorithms first at an intuitive level, and then extend them for the
generalVNG.

Definition 3.5 (Separable VNG) A value name graphG = (N, E, start, end) is called separableif all
symbolic names can be analyzed separately, i.e., their threads do not interfere. Formally, for each edge
e =((n,e),(m,e")) € E, eithere = e’ or e = LpameOr € = Lname O

3.6 Applications of the VNG

This section shows how the VNG can be parameterized to various value-flow analysis problems. It
presents the detection of recurrent array accesses and a version of constant propagation.

3.6.1 Recurrent array accesses

Because the back-substitution traverse a few consecutive loop iterations, the VNG naturally ex-
poses the redundancy of recurrent array accesses. In fact, the VNG is a generalizatiostmdtthed
loop [BG96b]. Figure 3.16(a) contains two such accesses. The VNG for the loop is in Figure 3.16(b). In
the VNG, the equivalent array accesses are connected with a thread that extends across three loop iterations.
For the analysis and transformation stages of the PathFinder optimizer, such inter-iteration threads are no
different than “acyclic” ones, and thus are handled uniformly.

3.6.2 Distributive non-linear constant propagation

The traditional formulation of Constant Propagat{@®) does not distribute across the meet op-
erator; therefore, algorithms for this data-flow problem need to trade precision for effectiveness [CCKT86,
GT93]. Recently, a distributive formulation ofiaear version of CP was presented [SRH96]. The linear ver-
sion is restricted in that only assignments with at most one variable in the right-hand side:f2ty+3 )



a) isx a constant?

if (..) if (..)

a:==>5 ([3 x a] := [15])

b =3 ([a x b] :=[3 x a])
else else

a =3 ([5 x a] := [15])

b =5 ([a x b] :=[5 x a])
end if end if
X =a*b ([x] := [a x b))

b) Step-1 VNG
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if (..)
([8 x a]o := [15])
([a x blp :==[3 x alo) Co ={[15],

else [3 % alp,[5 % a]o,
([6 x a]p :=[15]) [a x blo,[a x by,
([a x b]s :=[5 x alo) [a x b2, [z]o

end if }

[a x b2 := ¢([a x b]o,[a x b];)

([z]o := [a x b]2)

c) SSA form of Step-1 VNG d) after value numbering

Figure 3.17:Constant propagation using the VNG.

are interpreted. Using VNG, one is able to formulate a distributive, non-linear CP algorithm which can handle
arbitrary assignments (within the domain of the symbolic pati&nThe authors are not aware of any other
such algorithm.

The VNG-based constant propagation (VNGCP) is performed as a by-product of the VNG con-
struction by grouping names into equivalence classes together with program constants: if any name is back-
substituted to a constant, then there must be a path along which an operand from the &deaissetonstant
value. The subsequent value numbering step verifies: if a raimié a class with a constadt the value of
e equalsd along all program paths. No data-flow analysis (Step 3) is required because the value numbering
already verified that the name is a constant along all incoming paths. Figure 3.17 presents an example. After
the value numbering step of the VNG construction, the congruent class contains the symbol{d 6rae
constant, and also the symbolic nafad,. These two names are synonymous, and henisehe constant
15.

It should be noted that the distributivity comes at cost of exponential worst-case complexity, due
to the number of symbolic names that the VNG may contain. However, the symbolic approach to constant
propagation has two advantages, compared to existing CP algorithms. First, because it is Isgseolodin
names, the VNGCP can find constants whose value is known only at link-time. For examyg,be found
to be A + 4, where A is the address of an array. Second, the freedom to chBgsermits discovery of
constants across assignments with arbitrary right-hand side expressions; adjuatiogys one to tune the
tradeoff between the cost and the power of the analysis.
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which of the three orthogonal mechanisms they employ and to what extent they exploit their power.

3.7 Related work

A number of approaches for detecting equality among values have been developed. The prior work
can be best compared with our representation on the basis of what subset of the three underlying mechanisms
it employs and to what degree their power is exploited. The three-dimensional cube serves well to relate the
existing techniques (Figure 3.18).

Let us start with techniques that are based on the lexical names of values. To improve their power,
they add a degree of dataflow analysis.

Local common subexpression elimination (CS®&hen none of the three methods is used, equivalent com-
putations are identified only using their lexical names. Without dataflow analysis, one is restricted to
basic blocks. This path-insensitive (local), name-insensitive (lexical) technique is in the origin of the
three-dimensional cube.

Global common subexpression elimination (Global CSBY. adding some dataflow analysis power, one
can verify if subexpressions are equal alatigpaths, but still is path-insensitive [Coc70].

Loop-invariant code motion (Looplnv). By even smarter global dataflow analysis, one can find loop-
invariant computations. Since loop-invariants are redundant only alomgpaths, this technique is
partially path-sensitive.

Partial redundancy elimination (PREPRE uses dataflow analysis to its full extent—it identifies computa-
tions that are equivalent only along an arbitrary subset of paths [MR79].

The techniques based on value numbering follow an analogical historical improvement, through adding the
path-sensitive power of dataflow analysis.

Local value numbering (Local VN)Restricted to a basic block, local value numbering does not consider
any program paths.
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Global value numbering (GVN)This method detects syntactic equivalences that hold adingrogram
paths. While the commonly used algorithm for GVN [AWZ88] do not employ dataflow analysis to
verify the all-path equivalence, they use the SSA form, which essentially encodes a result of dataflow
analysis (def-use chains) in a compact way. The same is true about [RL77], which uses a precursor of
the SSA form.

Value-numbering-driven PRE (VN-PRBRosenet al. present a PRE algorithm that is driven by syntactic
equivalences, rather than lexical ones [RWz88].

Instead of using lexical names, the redundancy elimination approach in [Cli95] solves data-flow problems
on the name space of global value numbers [AWZ88].

Value Flow Graph (VFG).Steffenet al. make value numbering fully path-sensitive. Their graph represen-
tation is similar to the VNG. In fact, it can, too, be viewed as placing value threads. The difference
is that their threads are based on equivalence of syntactic terms, whereas our are based on algebraic
equivalence.

While adding path-sensitivity to lexical and syntactic (value numbering) names was systematic, there seem
to be only a few techniques for performing symbolic evaluation along paths.

Symbolic analysis. Tu and Padua usegatedSSA form to reason about symbolic expressions along all
program paths simultaneously. Rather than projecting symbolic expressions onto the CFG points, they
assign path predicates to symbolic expressions using the gating functions of GSA. This approach can be
effective in answering queries on pairs of symbolic expressions, especially when the resulting symbolic
expressions have simple gating functions. In order to use this representation for data-flow analysis, a
powerful boolean symbolic evaluation system may be needed. Johnson and Schlansker describe how
such a system can be constructed and utilized in solving predicated flow problems [JS96].

Array Analysis. Duesterwald, Gupta, and Soffa encoded the algebraic information about array index ex-
pressions into dataflow transfer functions. As a result, loop-carried (both recurrent and loop-invariant)
array accesses are detected [DGS93b].

Stretched loop. Bodik and Gupta detect loop-carried array accesses with more path-sensitivity. The
stretched loop is a (virtually) unrolled loop that reduces array analysis (on affine indices) into the
scalar variable domain. In the simpler domain, a PRE-style dataflow analysis can be applied [BG96b].
The application domains of both [DGS93b] and [BG96b] are limited to single loops in which loop
indices are incremented unconditionally and address expressions of interest for load/store operations
are affine functions of such loop indices. The VNG can analyze nested loops with arbitrary control
flow and conditionally incremented induction variables.

Effective PRE.Briggs and Cooper perform PRE dataflow equations on a name space that uses a limited
form of symbolic evaluation (reassociation) and a form of value numbering. Because VNG does not use
reassociation, it is not strictly better than the Effective PRE technique [BC94]. Expression reassociation
is orthogonal to the methodology behind the VNG. By using VNG on a re-associated program, one can
benefit from the combined power of the two approaches.

In contrast to existing methods, the VNG combines the power of all three techniques. The authors are not
aware of any existing technique that would combine all three approaches into a systematic analysis tool.
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The VNG was inspired by the conceptual framework described by Rau [Rau91] in the spirit of
abstract interpretation [CC77]. He describes how repeated back-substitution of names along loop back-edges
can detect loop-carried value equivalences on a path-per-path basis. The paper presents the problems that
arise in naming and comparing symbolic expression originating in differentloop iterationsATREIRDER
framework offers a practical solution to these problems.

3.8 Experiments

The practicality of the VNG representation depends largely on the size of the symbolic name space
S. When the language of symbolic nanfess infinite, the worst-case size of the name spsiée exponential
in the number of CFG nodes, even when the number of back-substitution iteratisna constant. This
would translate into exponential worst case time and space complexity of our analysis. Fortunately, our
experiments show that the size 8fis in practice moderate. In fact, for the value-flow analysis of array
accesses, it is smaller than the the number of program variables.

Rather than reporting the size of the final name sp$iceve measure the size &, the name
space created in the first step of the construction. Bec8uyss larger thanS, its size safely estimates the
complexity of the analysis on the VNG, but also the complexity of the VNG construction, namely the SSA
transformation and the value numbering step.

The experiments evaluated the size&f and other VNG properties on a VNG tailored for an
elimination of redundant loads and stores. The see@ssintained all source operands of all load and store
instructions. The languag® was chosen to express address expressions for one-dimensional array accesses,
henceP = ¢y + Zu,-ev c;v;. The VNG was implemented in the HP Labs VLIW backend comgleor.

To determine the rate at which the name sp8gegrows as a function ofv, we built the VNG
for various values ofv. The column O in Table 3.1 is the initial size 8%, whenS; = O. The column
labeledi shows the size of; afteri iterations of back-substitution. The VNG was built for 151 procedures
of 12 programs and report those procedures with the steepest growth $te Diie first three benchmarks
come from spec9yrep is a Unix utility, and themns are simple matrix multiplies, with static and dynamic
memory allocation, respectively. Before the VNG analysis was applied, all classical optimizations [ASU86]
were applied on these procedures.

In a majority of procedures in Table 3.1, the growth rateSefis linear; in a few, the rate only
slightly exceeds a linear curve. For an exponential growth to be observed, a large portion of variables involved
in the analysis would have to be back-substituted into a different expression along each branch of an if-
statement in a loop body. The address expression computation in the programs we considered did not have
such property.

The columnV shows the number of variables (virtual registers) referenced in the procedure. The
following two columns give the size ratio &, andV, forw = 2 andw = 3. These two values have been
selected because they are most likely to be used in practice; there are few opportunities for loop carried value
reuse beyond an iteration distance of two [GKT91]. Surprisingly, the name space is much smaller that the
setV. While the growth rate of; may be non-linear and its actual size may be larger for optimizations
other than load/store elimination, we expect the siz&'pfto be comparable td”, which enables efficient
analysis. If some symbolic patterdspermit dramatic name space growth in practice, the siz8,0€an
be restricted during its demand-driven construction by terminating the back-substitution as soon as a prede-
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Benchmarks back-substitution iterations N bs V] S/Vv] SV
program | procedure 0] 1] 2] 3] 4] 5] 6 | 7 [%] w=2|w=3
alvinn initialize 9 17| 27| 41| 59 81| 107 | 137 181| 6.6 106 0.25 0.39
inputhidden 8] 14| 21| 28| 35 42 49 56 521173 48 0.43 0.58
hiddenoutput 6 10| 171 24| 31 38 45 52 471 14.9 46 0.37 0.52
outputhidden 16| 28| 56| 89| 127] 170| 218] 271 100 26.0 70 0.83 1.27
hiddeninput 4 7 13| 19| 25 31 37 43 36 | 16.7 27 0.48 0.70

compress| main 154 210 | 221 | 232 | 243 | 254 | 265| 276 1045 129 633 0.35 0.37
decompress 47 76 90| 101 112 123| 134] 145 2411 20.3 166 0.54 0.61

prratio 7 121 12| 12| 12 12 12 12 65 7.7 52 0.23 0.23

output 61] 89| 91| 93| 95 97 99| 101 252 | 23.0 197 0.46 0.47

ear InitCorrelation 37| 51| 52| 53| 54 55 56 57 158 | 18.9 122 0.43 0.43
SendInputToCo 18] 27| 32| 37| 42 a7 52 57 65 | 27.7 55 0.58 0.67
FFTCorrelation 64 | 105| 130 | 157 | 188 | 221 | 256| 293 338 | 19.5 260 0.50 0.60
HartleyCorr 4217 72 911111 133] 156| 180| 205 2321 19.0 177 0.51 0.63
StretchDisplay 38| 58| 73| 90| 109| 130| 153 178 187 | 20.9 141 0.52 0.64

main 86| 131 | 157 | 183 | 209 | 235 261| 287 668 | 14.1|| 455 0.34 0.40
EARSTEP 87121141161 | 181| 201| 221 241 337 22.8 246 0.57 0.65

grep execute 156 | 301 | 479 | 659 | 839 | 1019| 1199 | 1379 2193 | 15.4| 1081 0.44 0.61
mm main 16| 29| 53| 86| 128| 179| 239| 308 183 | 17.0 124 0.43 0.69
mm.dyn [ main 25| 36| 44| 52| 60 68 76 84 213 | 15.9 145 0.30 0.36
| Average| 347[17.7] 270 0.45] 052]

Table 3.1: The size of name spaes a function ofi’, and other characteristics of the VNG relevant to
analysis efficiency.

termined number of names has been created. Such approach was successfully used in the demand-driven
analysis in [BGS97a].
To provide some intuition why the symbolic names grow moderately, Table 3.1 presents also the
percentage of CFG nodes on which back-substitution was performed, for at least one symbolic name (col-
umnbs). The columnN gives the number of CFG nodes in each procedure. Each node contains a single
intermediate statement. The experiments show that more than 80% of nodes does not influence the name of
the analyzed address expressions for array accesses.



Chapter 4

Path-Sensitive Dataflow Analysis

Section 3.4.1.4 presented a dataflow analysis on the VNG. That analysis was path-insensitive; it
merely verified whether a property (value availability) holds along all paths or not. This chapter presents
a dataflow analysis that is path-sensitive. It finds (and margsinizableprogram paths—i.e., path along
which a value can be reused. The results of the analysis navigate the remaining stages of the optimizer.

Because there are exponentially many optimizable paths, the central issue is how to represent them
compactly, with only polynomial cost. A compact marking is accomplished with a lattice that distinguishes
whether all, some, or none of the paths through a given node are optimizable. From such a compact encoding,
the transformation stage of PathFinder can recover individual optimizable paths.

This chapter starts by defining the optimization property (value reuse) that should be marked on
the VNG. Next, Section 4.2 defines two dataflow problems that, when solved, identify whether a path has the
optimization property. Section 4.3 defines a lattice that allows computing the two dataflow problems in a path-
sensitive way and Section 4.4 gives the dataflow equations for computing the problems. Section 4.5 discusses
the solvers that can compute the fixed-point solution, and also deals with some issues of the implementation.

4.1 Value reuse (the analyzed property)

The VNG representation exposes ttadue flow—it shows how the name of the value changes as it
flows through the program, via building the value threads. For the purpose of optimization, we are interested
in subthreads along which the value flolstweercomputations. We call these subthreagisse threads
They correspond to optimizable paths: we want to identify them during the analysis, and separate them
during the optimization.

Reuse threads are defined using three kinds of VNG naggseratorswhich compute the value;
users which both compute the value and can reuskiits, which kill the value. The reuse thread is a
kill-free subthread between a generator node and a user node. The Kill nodes account for potential aliases
(aggressively) disregarded during-back-substitution, as discussed in Section 3.4.1.4.

Definition 4.1 (Reuse Threads)The set of reuse threads is parameterized on a f@leD, U, K ), where
e G=(N,E)isaVNG,
e D isthe set ofyenerato’’VNG nodes,D C N, that generate the value,

e U isthe set oluiserVNG nodes,U C D, a subset of generator node that (generate but also) consume
the value,
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e K is the set okill VNG nodes, K ¢ N, K n U = (), that may “modify” the value.

Reuse threadglenotedR, is a (potentially infinite) set of finite-length VNG threads from a generator node
to a user node such that no thread contains a generator node or a kill node,

R(G,D,U,K)={p(n,m)|neD,me U,lp|>0,pn(DUK) =0}
O

Example 4.1 (Value reuse among memory operationsiror the problem of redundant loads, generafdrs

are both loads and storés, e), i.e., all memory operations that “produce” the value of the memory location.
UsersU are the loads, i.e., the “optimizable” operations that can reuse the value. Kills are all stores that
could not be disambiguated. Also note that if a node is both a generator and a user, it cannot generate the
value for itself without following a cycle in the VNG (according to the definiton, the path from generator to
the user must be of non-zero length). O

4.2 Availability and anticipability (dataflow problems)

Reuse threads are identified via two dataflow problems—availability and anticipability—introduced
in [MR79]. A value is available along an incoming path if the value was generated on the path and was not
subsequently killed. A value is anticipated along a path when it will be used on that path before it is generated
or killed. While availability is a forward problem, anticipability is a backward problem. These two properties
are usually defined on the CFG. The two problems are defined on the VNG as follows.

Definition 4.2 (path-based availability of generators)Let p = [start, n] be a thread ané = (n, e). The
valuee is availableat n alongpath(p) iff there is a kill-free suffixr of p. Formally,

rim,n)Cp AmeD A rNK=1_
O

Definition 4.3 (path-based anticipability of users)Let p = (n,end) be a thread aneh = (n,e). The
valuee is anticipatedatn alongpath(p) iff there is a kill-free and generator-free prefbof p. Formally,

rin,m)Cp AmeUANrnN(DUK)=1
|

Lemma 4.1 A noden = (n,e) lies on a value thread iff the value is available om along some path
p(start,n) andthe valuee is anticipated along some patfn, end. O

4.3 Marking the value reuse (dataflow lattice)

Definitions 4.2 and 4.3 introduced the dataflow problems in a path-based manner; computing them
for each path would give us a path-sensitive dataflow solution, at an exponential cost. To mark the reuse
threads on the VNG at polynomial cost, we define a node-based characterization of the two problems. This
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characterization distinguishes whether the value is available at a node along all paths, no paths, or (strictly)
some paths.

Our versions of availability and anticipability predicates are thus not Boolean, instead they can take
one of three valuesMust, No, andMay, which mean that a value holds on all paths (must be available at
the node), no paths (is not available), or some paths (may be available, depending on the path taken).

Definition 4.4 (node-based availability, anticipability) The availability of e at the entry ofn w.r.t. the
incoming paths is defined as:

Must all
AVAILn[(n,e)] = ¢ No if eis available along no paths fromstartto n.
May some

The anticipability ofe at the entry of: w.r.t. the incoming paths is defined as:

Must all
ANTIGh[(n,e)] =< No if eis anticipated alongno paths fromn to end
May some
where “some paths” means strictly some paths. O

Note thatMay is not a “don’t know” answer. Instead it signifies that nodés on paths both with and
without the property. The three values are sufficient for the transformation stage to recover the path-specific
information.

To compute the three-values dataflow solutions, we define a lattice that gives the partial order of
the Must, May, No, and aT element, which is used a “safe guess” when computing the solution with an
iterative dataflow solver.

Definition 4.5 (Path-Sensitive Lattice) Lattice L is atupleL = (P, A, V), whereP = {T, Must, No, May, }
is a partially ordered sep) is the “meet” operator, and is the “union” operator. The& relationship is shown
below.

T
AN
No  Must

N
May

4.4 The equation system (transfer functions)

Forward problems The forward problem of availability is computed using a transfer funcfi®i'. The
equation system is given below.

AVAILyu[n] = fAVALAVAILR[n))
AVAILn[n] = N AVAILu[m]
mepred(n)
Must ifn € D,

FAVAID) () =at No if ne K,
z otherwise.
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Backward problems On aseparablé/NG, backward problems are set up analogously to the forward ones
(separable VNG is defined in Definition 3.5, page 37). For general VNGs, however, dataflow facts may merge
not only when control-flow paths merge, but also when threads merge (which can happen at the arguments
of a ¢-node). This thread merge has a different effect than the control-flow one, which ciateshen
Must meets withNo, combining paths in a path-sensitive way. On the other hand, the thread merge combines
threads that share the samiling path (see Definition 3.4). It is sufficient that one of the threads has the
property. Therefore, wheiMust meets withNo the result isMust.

The thread merge uses the “union” operatowhich is defined using the following order

T > Must > May > No.

Example 4.2 (Backward Dataflow Analysis) Consider the example below. The threadsder b anda + ¢
meet on the CFG edge betwegnandsS; (draw this example in the graph form!). This merge influences the
computation of anticipability. The statementsSp and S; are anticipated af,. Note that the solution of
anticipability does not change.§f or S; was removed]

Sy:if () then
Sy:if () then So: c; anticipated here
So: c:=Db Ss:else
S5 else atb — e |g: ..
Sy atc — G C3 = ¢(C1,Cg)
Ss.end if C5 1= (61,64)
Sg... = a-+b Ss.end if
S7... =a+c¢c Se. c3
S7: Cs
the original program the Value Name Graph

Equipped with the union operator, we can set up the equation system.

ANTIGh[n] = fANTC(ANTIC,u(n))
ANTICou(n, €)] A \V ANTIG,[(m, €')]
mesucgn) (m,e’)esucg(n,e))
Must fne U,
ANTIC(1) =4 No ifne(KU(D\U),
T otherwise.

4.5 Computing dataflow solution (the solver)

The maximal fixed-point of the equation systems can be found with an iterative dataflow solver. An
effective alternative to an iterative algorithm can be a demand-driven analyzer [DGS97, SRH96].

The four lattice values are efficiently encoded using two bits. Each walseepresented as a pair
(vail, vsome), Where the first bit is true of the property holds on all paths and the second if the property holds
on some (possibly all) paths.

v | Vall  Usome
T 1 0
Must | 1 1
No 0 0
May 0 1



Given this encoding, the “meet” operatvperforms a logicaind (N) on vy, andor (U) 0N vseme

vAw = (Uall, Usome) A (walla wsome)

= (Uall M Wall, VsomeU wsome)-
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Chapter 5

Estimators: High-Fidelity Profiling using
Low-Cost Profiles

When an optimizing compiler has knowledge of the run-time behavior of the program (e.g., the
execution frequencies of statements), it can avoid making transformation that would result in a small run-
time benefit. The most common types of program profilesedgeprofiles andpath profile. They measure
the frequencies of edges and paths, respectively.

A typical profile-directed optimizer works in two steps. First, a profiler measures the run-time
behavior of the program. Second, the program transformation consults the generated pesflejdtehe
run-time benefit of alternative transformation choices. In a path-sensitive setting, these two steps are currently
incompatible:edgeprofiles are inexpensive to collect but their estimates are imprecise, path-insestive.
profiles produce more precise, path-sensitive estimates, but they are expensive to collect and non-trivial to
consult and incorporate into dataflow analysis.

This chapter bridges profiling and optimization. It presents a technique that uses edge profiles,
an inexpensive, path-insensitive measurement of program’s control-flow behavior, and produces a profile-
weighted dataflow information—an information that is a) informative: compatible with the value-flow opti-
mizer and b) practical: inexpensive, yet precise.

InformativenessDataflow analysis on the Value Name Graph answers essentially Boolean ques-
tions: “given a computation at node does a value flow along some pathst8” When this question is
answered in relative terms, using the expected execution frequency of the value flow, program transforma-
tions can perform a cheaper program optimization, as will be shown in Chapter 6. This chapter presents a
set ofestimatoralgorithms for computing sudnequency informatioby combining Boolean dataflow infor-
mation with a program profile. In this dissertation, the frequency information has two uses: it navigates the
program transformation (Chapter 6) and evaluates the performance of the entire framework by quantifying
the amount of value-flow ixposedy the static analysis (Chapter 8).

Practicality: Practicality was the primary design goal behind thaHFFINDER estimators and
was was achieved through two novel contributions. First, estimators were designed to work from edge pro-
files, which have low profiling cost and are widely supported. Unfortunately, edge profiles are inherently
imprecise, because they cannot reconstruct frequencies of individual program paths. To add confidence to
profile-directed optimization, the estimators bound the inherent imprecision which surfaces in the computed
frequency. The bound is achieved by assuming an optimistic and a pessimistic scenario of the profiling error.

The second contribution is that the estimators form a hierarchy of increasing precision. The hier-
archy provides a practical solution to profile-weighted analysis: when a simple estimator returns bounds that
are too loose, the compiler can invoke a better estimator. The better estimator will obtain bounds guaranteed
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to be no worse, while reusing (some) information already computed by the simpler estimator, decreasing both
the compile time and the implementation effort. The tunable precision is obtained via two algorithmic prin-
ciples: a) localizing program regions vulnerable to the edge-profile error, and b) reducing the error through
various notions of control flow reachability.

Another contribution are the experiments with edge profiles. While our estimators cannot eliminate
the inherent edge-profile error, by computing its bounds they restrict it, and also quantify the fundamental
limitations of edge profiles. The experiments show that the inherent error is small (at least for load reuse).
With good algorithms, the error can be considerably narrowed down: our second best estimator was able to
bound the error down to 5%, a 4-fold improvement over our simplest estimator. Hence, when used properly,
edge profiles seem to provide sufficient precision and a simple implementation.

This chapter starts by stating the problem, motivating an ideal estimator, and reviewing the re-
lated work. Section 5.2 intuitively introduces the principles behind our estimator algorithms. The following
two sections present the estimator algorithms, first for separable VNGs (Section 5.4), and then for general
VNGs (Section 5.5). Section 5.6 proves correctness of the algorithms and Section 5.7 empirically evaluates
the precision of our estimators. Edge-profile precision is limited; for absolute precision, a more detailed
profile is needed. Section 5.8 sketches a novel profiling algorithm that is fully path-sensitive, yet does not
require profiling complete program paths. Section 5.9 concludes by summarizing our results and providing
recommendations for deployment of estimators in a production compiler.

5.1 Motivation and related work

Before describing the estimator algorithms, this section states the problem of estimating, from a
profile, the run-time benefit of an optimization. This section also highlights the inherent issues and describe
how they are tackled by existing techniques.

5.1.1 The problem statement

Recall that, on the VNG, value reuse is manifested meiae threadh kill-free VNG path connect-
ing a generator and a user of the same value. Each execution of a reuse thread corresponds to exactly one
reuse opportunity. Note that each prograath may execute multiple reugbreadsunning along this paths,
giving rise to multiple opportunities (see Definition 3.4 on page 36).

Informally, theestimation problens to determine how many reuse threads are executed by a given
program input. Notice that, for the moment, we are not restricting ourselves to a specific profile format to
measure the behavior of the program on the given input. In fact, selecting (or designing) the profile is an
inherent part of solving the estimation problem. To this end, Section 5.1.4 evaluates existing profile formats,
justifying our selection of edge profiles. On the other hand, Sectioddsinsa new profile format.

Figure 5.1 introduces the running example. The estimation problem is illustrated on a program
fragmentin the VNG form (see Chapter 3), in which the three loads have been detected to refer always to the
same memory location, denoted with a symbolic ngmleNodeA, C, E are both generators and users of the
value. The nodeB andD Kkill the value, as they may write fa], according to some alias analysis. Whenever
the program executes two loadsafvithout intercepting the killing store, the later load is redundant and can
be eliminated.

The estimation problem is to determine how many times the program input executes a reuse thread,
which in the figure aréA, f, C], [C, 4, E, [A, f, h,i, j, E], and[A, f, h,i, [k,[]*, E], where =’ denotes the
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Figure 5.1: The estimation problem statement: What is the amount of reuse among the load$ag?
Constituent sub-problems: what kind of program profile should be collected at run-time? How to combine
the collected profile with the static analysis?

usual non-zero repetition. Each time any of these threads is taken, exactly one loadrobe removed.
Note that because the VNG is separable and has only one symbolic pejné¢hfeads can be referred to as
paths.

5.1.2 The applications of estimators.

The algorithm that solves the estimation problem is calleéstimator In this dissertation, esti-
mators have two-fold application:

Profile-directed transformationChapter 6 develops a PRE transformation algorithm that overcomes the lim-
itations of traditional PRE based on code motion via a) C&€dructuring(called PRE(MR): expensive
but achieving optimal removal of redundancies) or b) corgpalculationcalled PRE(MS): inexpen-
sive but sub-optimal). To decide between the two options, their expected run-time benefit must be
known.

Because restructuring removes all redundancies, the run-time benefit of restructuring equals the amount
of reuse in the program, which is exactly the precise estimate bounded by the estimator. For specula-
tion, it turns out that, for each estimator, one can determine how to carry out the speculation transfor-
mation in a way that its benefit equals exactly the lower bound of the estimate. Thus, by comparing
the lower and the upper bounds, estimators identify when speculation is too sub-optimal, facilitating
trade-offs between restructuring and speculation.

Evaluation of the VNG Chapter 8 uses the estimators to measure the accuracy of the VNG at finding value
recomputation. By incorporating the profile into dataflow analysis, an estimate computes, in dynamic
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terms, the amount of reusxposedyy the representation and subsequeotijectedby the dataflow
analysis (see Section 2.1). Chapter 8 compares such an estimate with an (ideal) amount of value flow
presentin the program, obtained usinguse profiling done on the same input. The algorithm for
reuse profiling is also developed in Chapter 8. Comparing the exposed/collected amount with the
ideal amount shows what fraction of the simulator-detected reuse was found by the static analysis, and
therefore indicates the precision of the framework.

5.1.3 Anideal estimator.

The process of designing the estimator involves designing or selecting a profile format and develop-
ing an algorithm that combines the profile with the result of dataflow analysis. An ideal estimator algorithm
should have the following properties.

e Accuracy:ideally, the dynamic optimization opportunities counted by the estimator should equal the
opportunities that occurred in the given execution of the program, unaffected by profile imperfections
and estimator’s approximations.

e Dataflow independencethe profile should collect measurements that are independent from what
dataflow facts will be counted by the estimator (reuse of loads, or constants). Dataflow independence
enables reusing the profile for other optimizations, and eliminates the need to perform the profiling step
(repeatedly) between the analysis and estimation stages.

e Low-cost profiling:the estimator should use a profile format that requires simple program instrumen-
tation and incurs low execution overhead during profiling.

e Low-cost profile processinghe information needed by the estimator should be simple and inexpensive
to extract from the profile.

e Sharability: rather than requiring specialized algorithms, the estimator should rely on algorithms that
are commonly implemented in optimizing compilers, to reduce implementation effort. Also, the profile
information should be general enough to be shared by other parts of the compiler.

5.1.4 Program profiles.

The first step in developing an estimator is to select (or design) a run-time program profile. Let
us review next the most commonly used profile formats, describe the information they collect and highlight
their properties.

The use of profiles and profile types Program profiling was originally developed to enhanoatrol-flow
optimizations. Such optimizations use the profile to learn about control-flow behavior of the program, i.e.,
about the frequency with which its procedures or statements are executed. Control-flow profiles are used for
i) performing compile-time branch prediction, ii) identifying frequently execuked) (orogram regions, with
the goal of enlarging the scope of traditional optimizations, via inlining or trace scheduling, or iii) focusing
the effort of static analysis to hot program regions [AdJPS98, AL98, BGS98h].

In contrast to control-flow optimizations, estimators focus onvélee-flowbehavior of the pro-
gram. Instead of determining the frequency of control-flow paths, they compute the frequency of value-flow
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profile type information profiling profile accuracy processing
collected cost overhead size
edgeprofile CFG edges 1-3% O(F) low low
pathprofile acyclic CFG paths 30% not reported medium medium
whole-program patiprofile control trace > 100% 1-10MB full -

Table 5.1:Control-flow profiles.

paths (called threads on the VNG representation), which are control-flow paths along which reuse exists.
What these paths are is determined by the (static) value-flow analysis.

Accordingly, this section divides profiles into control-flow profiles and value-flow profiles. Control-
flow profiles received much more attention. There are three profile formats relevant to solving the estimation
problem: edgeprofiles,path profiles, andvhole-program patiprofiles. Value-flow profiles observe values
computed by the program. The most common kinds inchdtiess profilingandvalueprofiling. The former
are used to assist in static instruction scheduling, the latter in compiler-supported value-predictio®@fRCT
Because value-flow profiles are more expensive than control-flow profiles, and because they are not indepen-
dent of the dataflow information to be estimated, we made a deliberate decision to base our estimators upon
a control-flow profiles.

Next, let us discuss the control-flow profiles, through the optimizations for which they were devel-
oped. The various profile types were developed because, depending on the optimization, a different program
region is profiled. Profile-based static branch prediction attempts to predict the direction of a branch from
previous program runs [MH86, FF92]. Such optimization requires the counts of nodes or edges in the control
flow graph. The profile capturing such information is calledegige profile Edge profile is also used by
procedure inlining [CMCH92, ASG97], which requires execution frequencies of each call site.

More sophisticated static branch predictors measure the correlation among multiple branches, re-
quiring profiling of control flow paths [YS94]. Sucbath profilesare also useful in forming an instruc-
tion scheduling region, although most schedulers approximate the information with edge profilé9R,FK
HMC*92,MLC+92].

The above path profiles collect statistics on short [YS94] or acyclic [BL96a] CFG paths. Recently,
Larus [Lar99] developedhole-program patlprofiling that captures the entire control flow trace of the pro-
gram. His profiling algorithms compresses the trace by forming a grammar whose (only) string is the executed
trace.

Profiling techniques. The control-flow profiles are summarized in Table 5.1. Next, let us briefly review
the algorithms for collecting the control-flow profiles. The most common technique used is instrumenting
the program with instructions that increment counters. The algorithms differ in how these counters are in-
cremented and maintained. For edge profiling, the most efficient technigamfgingthe execution of the
program, which is a more efficient but less precise technique than instrumentation. Of the three profiles,
sampling was used only for edge profiling.

Edge profiles.An edge profile with about 16% overhead [BL94]. With a hardware-based sampling
approach, edge profiles cost only 1-3% overhead [ABT]. Recently, a software-based sampling approach
was developed, via transient (removable) instrumentation [TS99], or transient interpretation of native instruc-
tions [BDB99]. Their cost is comparable to that of the hardware-based approach (a few per cent)..

Path profiles. Path profiles can be collected relatively efficiently, even when compared to the low
cost of edge profiling. A path profile can be obtained with about 30% overhead [BL96a].
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Whole-program path profilesLarus’s compression technique is the best complete profiling tech-
nique. It achieves low memory consumption by compressing the trace (on-line) into a grammar, on which path
frequencies can be determined without decompressing the trace. Still, compared to edge and path profiles,
the cost of collecting whole-program paths is relatively high (a small integer slowdown). The compressed
profile size is also considerable (24MB for 126.gcc).

5.1.5 Related work: existing estimators.

Let us review next the existing estimators. The related work is divided based on the kind of profile
information used. A common property all of them is that they are based on control-flow profiles. There-
fore, they are dataflow independent: they profile the program before performing any value-flow analysis and
estimation.

Edge profiles Ramalingam [Ram96] offers the only existing systematic method for estimating a dataflow
solution. Using edge profiles, hiequency analysiderives the probability of a data-flow fact holding at a
CFG node. The probability replaces the less informative Boolean data-flow lattice. The frequency analysis
can be directly applied on the VNG representation: after value flow has been converted into data flow, it is
represented in a domain that that frequency analysis can handle.

e Accuracy. Unlike our estimators, frequency analysis does not bound the inherent edge-profile error;
without quantifying the error, it is not clear how close the frequency analysis is to the actual estimate.

e Sharability. While frequency analysis requires an elimination-style dataflow analysis solver (not
commonly implemented in existing compilers), our estimators rely on control flow reachability or
network flow algorithms, which are easier to implement.

e Processing cost. Operating on real numbers, rather than on bit-vectors, frequency analysis are ex-
pected to be rather slow. Our estimators delay the floating-point computation until the value-flow
patterns are abstracted and summarized. Our estimators offer an alternative to frequency dataflow anal-
ysis; they are not as general (not all our estimators can compute the per-node estimate) but are cheaper
and fit the need of PRE transformations.

Path profiles Gupta et al [GBF97a, GBF97b, GBF98] present various versions of profile-directed PRE, for
exploiting various hardware features. Common to all these algorithms, all the algorithms are navigated using
Ball-Larus path profiles [BL96a, BMS98]. While the algorithms do not explicitly compute an estimate, the
estimate is computed implicitly, “on-the-fly” during the dataflow analysis.

e Accuracy. Unfortunately, even path profiles remedy the correlation problem only partially, as they
measure execution frequencies of only acyclic program paths. As a result, estimating value flow along
cyclic paths incurs the same branch correlation error, as the measured paths may not fully overlap with
the detected reuse paths, thus capturing only part of the correlation needed to reconstruct the frequency
of the value-flow path.

e Processing costthe algorithms maintain dataflow information independently for each executed path in
the program, hence the slowdown factor due to making the optimization profile-directed equals roughly
the number of acyclic paths with non-zero execution frequency. Experiments in [GBF98] show that
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1.4% of procedures in a subset of Spec95 executed more than 100 paths, and that 35% of procedures
executed at least 5 paths.

e Sharing. the algorithms are phrased mostly as bit-vector problems and do not require special dataflow
solvers. Collected path profiles can be reused in the instruction scheduler and procedure inliner.

Whole-program path profiles The Larus whole-program path profiler [Lar99] can be used as an estimator.
He provides an algorithm for determining the frequency of a subpath, from the compressed profile.

e Accuracy. whole path profiles completely eliminate the branch correlation error, they represent an
ideal profile for value-flow optimizations.

e Processing cost.Unfortunately, there are currently no algorithms for determining the frequency of an
set of sub-paths, represented as a regular expression, like the pafha, i, [k,[]T, E] in Figure 5.1.
Such cyclic paths commonly carry value reuse and must be estimated by the optimizer.

A hope for an ideal estimator? To summarize the above discussion of existing work, no practical, accurate
estimator exists. Two accurate estimator approaches can be immediately suggested, but they are both imprac-
tical. The firstis to is to follow the dataflow analysis wittcampleteredundancy elimination (Chapter 6),

which is followed by re-profiling, to obtain the optimized dynamic computation count. Because the com-
plete redundancy removal is based on restructuring the CFG, such an approach is impractical and—due to
the code growth incurred during restructuring—potentially infeasible. The second approach is to enumerate
all value-reuse paths detected by value-flow analysis and look up their frequencies in the trace produced by
the whole-program path profile. Because dataflow analysis may detects infinitely many reuse threads (due to
loops), we need to (somehow) stop their enumeration when it is certain that the further threads will not be
contained in the thread.

5.2 The hierarchy of estimators

This section outlines our estimators and defines concepts common to all our estimator algorithms.
We describe the properties of our estimators and show how they achieve (nearly) all the goals of the ideal
estimator.

The estimators follow three main design choices, each necessitating the following one.

1. Use edge profiles. For pragmatic reasons, our estimators are based on edge profiles. Because edge
profiles are inexpensive to collect and store, we achi@weprofiling cost Because they measure only
control-flow behavior of the program, we achiedataflow independenas profiling. Because edge
profiles are widely used, e.g., for procedure inlining and instruction scheduling, we can justify (and
amortize) the profiling cost, achievirsgparability.

2. Compute error boundsUnfortunately, edge profiles contain an inherent profiling error. Because they
do not capture branch correlation, they cannot reconstruct path frequencies accurately to the actual ex-
ecution. Consider the running example annotated with an edge profile, shown in Figure 5.2. One of the
paths with value-reuse {si, f, h, i, j, E]. The edge profile cannot precisely determine its frequency;
according to the edge profile, the path frequency can range from 30 to 40, which is a large profiling
error.
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While edge profiles prevent our estimators from achievingdaneeiracy the estimators presented here

gain confidence in edge-profiles by computing not a single (imprecise) estimate, but instead a lower
and an upper bound of the accurate estimate, by assuming a pessimistic and an optimistic control flow
scenario. Because the bounds limit the inherent error, the accurate estimate lies somewhere between
them. The tighter the bounds are to each other, the more precise estimate we obtain.

3. Hierarchy of estimators. The amount of the profiling error that appears in the resulting estimate
depends on:

(a) The inherent edge profile erroleven though the edge profile is imprecise, when the control-flow
behavior of is skewed highly towards a small number of paths, the edge profile may describe
these dominant paths very precisely. Consider an extreme example, in which each CFG node is
executed at most once. In such a program, the edge profile is as precise as the complete trace.

(b) The control-flow complexity of value-flow threadsValue-flow threads do not always require
more than the edge profile. Consider ndden Figure 5.2. IfD did not kill the reuse ofz],
there would be more value-flow paths, but their overall pattern would be simpler to quantify using
the edge profile: the load i would be redundant always except when it was preceddsl,lsp
the estimate for the load is its frequency (150) less the frequenBy(60).

Because the amount of error induced in the estimate varies due to these two factors, the full power of
our algorithm may not always be needed. Therefore, estimators provide a scalable solution: while one
cannot influence the factor (a), one can focus on (b) and tighten—with a scalable effort—the estimator
bounds in those places of the program where the threads have a complex control-flow pattern.

The scalability is achieved via five estimator algorithms that differ in their error-bounding precision
and run-time complexity, as shown in Figure 5.3. The practical reason for developing a hierarchy of
increasingly better estimators is that when a simpler (and faster) estimator yields loose bounds, one can
run the next better (but slower) estimator, with the guarantee that the new bounds will not be worse.
Resorting to a stronger algorithm resultdamv processing costFurthermore, our estimators share a
common paradigm, and rely on information or algorithms used also by other PathFinder stages, thus
providingsharability.

Having established our design choices (compugngr boundof edge profilesn hierarchical
manner), we can formulate thexlge-profileestimation problem. From now on, the term profile refers to
the edge profile. Let[start,end be a control trace (i.e., the sequence of executed nodes)cuigp, t)
the number of times a pafhoccurs in the trace, that is, the execution frequency pfin the execution.
Similarly, we defineoccurgp, t), for a value-flow threagh: occurgp, t) = occurgpath(p), t).

Definition 5.1 (Edge Profile) Given a CFGG = (N, E, start,end) and a profilefreq : E — 7Z, a tracet
inducesthe profilefreq, denoted / freq, iff for eache = (n,m) € E such thatfreq(e) = occurg[n,m],t).
Conversely, a traceis permittedby a profilefreq if ¢ inducesfreg. O

Recall the Definition 4.1 of value reuse (page 43), which are VNG sub-threads, originatirggeatiator
VNG noden € D, sinking onto auserVNG nodem € U, without crossing &ill VNG nodek € K.

The trace determines the dynamic amount of value-flow in the program. It precisely determines the
estimate, i.e., how often a user node is executed such that it is preceded by a generator node without crossing
a kill node. The estimation problem is then to bound the estimate. The bounds are computed by considering
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a pessimistic (and an optimistic) control flow scenario permitted by the profile. Namely, the goal is to find
the smallest (and the largest) amount of value flow, among all possible traces permitted by the edge profile.

Definition 5.2 (The Estimation Problem) Theestimation problent is a tupleS = (G, R, freq), where
e freq is an edge profile on a control flow graph= (N, E, start,end), freq : E — 7Z,
e G = (N, E,start,vngend) is a value name graph d@#.

e R=(G,D, U, K) be the set of reuse thread (see Definition 4.1)

R={p(n,m]|neD mecU,lp|>0,pNnU=0,pnK =0}

Theestimation probleny = (G, R, freq) is to compute the lower and upper bouhdsndU on the amount
of reuse permitted by the edge proffteq:

L = minE occurgp, t)
t/fTeqpeR
u = a occurgp,t).
t/mf;;Z {p.t)
PER

O

Example 5.1 Figure 5.2 illustrates the estimation problém= (G, R, freq). Shown is the VNGG from

Figure 5.1, annotated with edge proffleq. The reuse threadR corespond to the optimization opportunities

for the removal of redundant load operations. The value flow to be estimated is specified using the generator
(loads/stores), user (loads), and kill (stores) sets:

D ={A,C E)}
U = {A,C,E}
K = {D}

The problem is to compute the minimum and the maximum number of reuse opportunities on the three loads
of x, as permitted by the annotated profile? O

According to Definition 5.2, the boundsandU are tight; i.e., the relative err¢t/ — L)/L can be
entirely attributed to the imperfections of edge profile (although, the error size depends also on the shape of
value-flow threads, as explained in bullet 3b on page 55). The best estimator is tight only on a separable VNG
with a single symbolic value, like the VNG in Figure 5.2. On a general VNG, the estimation problem may be
NP-hard, and our estimators compute its approximation. While the estimators do not guarantee a competitive
ratio for their approximations, their precision can be measured using the relativelérdr) / L. (In practice,
the relative error of the second best estimator was about 5%).

5.3 Overview of estimators.

Computing the estimate as prescribed by Definition 5.2 would involve iterating across a) all traces
permitted by the profile, and b) all possible reuse threads fonsuch a direct approach is impractical, as
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Figure 5.2:The running example annotated with edge profile.

there may be too (although finitely) many permitted traces and infinitely many reuse threads, such as those
denoted by A, f, h,i,[k,[]*, E] in Figure 5.2.

Rather than dealing with individual traces and threads, our estimatorsuinchary program points
that “summarize” groups of paths with identical value-flow properties. The properties are: a) value is gener-
ated along incoming paths, b) value is generated along no incoming paths, and c¢) value can be reused along
all outgoing paths.

Definition 5.3 (Summary Points) Summary pointare subsets of VNG edges, defined as follows:

1. ProducersForeache € Pr, the reuse is generated along all incoming control flow paths by a generator
from D.

2. StealersFor eache € St the value fromD is available along no incoming control flow paths. O

3. ConsumerskFor eache € Co, the value will be used by exactly one user frédmalong each outgoing
control flow path.

To compute the actual value of the upper bound, our estimators determine how much reuse can flow between
generators and the set of consumers points. To arrive at the lower bound, they determine how much (reuse-
free) flow can reach from stealers to the consunstesling[BMS98] the reuse flowing from the sources.

Note the contrast between generators/users/kills (Definition 4.1) and producers/consumers/stealers
(Definition 5.3). While the first triplestatesthe problem by specifying the value flow patterns in the VNG,
the latter triplerepresentghe problem statement to enable an efficient and accurate computation of estimate
bounds. Producers summarize generators, consumers summarize users, and stealers summarize kills and
other reuse-free path.
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Figure 5.3:The estimators and their precision ordering.

more precise

An overview of estimators. The estimators differ in how they compute these three sets and how precisely
they account for the possible value flow among them. That is, how much error (in addition to the inherent
error) they allow when constructing their pessimistic/optimistic reuse scenarios. Next, we present a brief
overview of the individual estimators, starting from the conceptually simplest one. The estimator hierarchy
is given in Figure 5.3; the estimator names will be explained below.

PRE is the simplest estimator. Mirroring closely the Partial Redundancy Elimination transformation (see
Section 6.2), producers are taken to be those instructions that generate the reuse, that is, the instruc-
tions from D; consumers are the partially redundant computations, that is, the user node& from
and stealers are the points where an operation must be inserted by PRE to compensate partial redun-
dancy. To determine which generators (or stealers) may produce (or steal) reuse for each consumer
computation, PRE uses graph reachability.

The PRE estimator uses a trivial placement of summary points. A smarter placement can improve
the bounds by implementing an observation that some reuse threads can be estimated precisely even from
the edge profile. For example, if a producer is post-dominated (followed on each control flow path) by a
consumer (with no intervening Kill), then all reuse from the producer must reach the consumer, and no reuse
can be stolen. Consequently, the producer frequency represents a precise estimate for all threads that connect
the producer and the consumer, considering them all in concert. For such tlanegeidge profile is precise;
they can be safely excluded from worst-case control flow scenarios.

Thus, the central idea behind the remaining estimators is to isolate the reuse threads f@anyhich
edge profile is precise and focus on reducing the error in error containing threads. This (effective) factoring
of threads is accomplished by placing the summary points as close to each other as possible: starting from
the PRE’s position of summary points, producers and stealers are delayed (i.e., moved forward) and the
consumers are hoisted (i.e., moved backward). When these points meet, then all threads represented by them
can be precisely summarized by the frequency of the meeting edge. Conversely, when these points do not
meet, the error remains, but we at least minimized the lengths of considered threads, minimizing the number
of branches on these threads, and thus reducing the branch-correlation error induced in the solution.

It is interesting to note that the closest placement of summary nodes coincides w@Mihee-
gion,! described in detail in Chapter 6, where it is used to identify obstacles to the complete PRE transfor-
mation. The CMP region is the smallest multiple-entry, multiple-exit region in which the entry edges can be

LCMP region stands foode-Motion-Preventingegion. By using the tern€MP before it is introduced later in
Chapter 6, we are getting ahead of ourselves. Chapter 6 must follow this chapter because it relies on the estimators
presented here to develop its transformation algorithms. The name CMP reflects the transformation and not the estimation
for historical reasons: the transformation algorithms were developed earlier [BGS98b] than the estimators [BGS98c].
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divided between producers and stealers, and the exits between consumers and (strict) non-consumers. Being
the smallest such region, it finds the desired closest placement of summary points.

The CMP region precisely divides (the reuse in) the VNG into uncertain and definite. Each node
in the CMP has an error, as the reuse is produced only adongeincoming pathsand can be consumed
only alongsomeoutgoing paths. Consequently, without the knowledge of branch correlation in the CMP, it
is not possible to determine how much incoming reuse actually flowed to consumers in the profiled program
execution. Conversely, each node outside the CMP region is error-free, as the \gtheriproduced (or
stolen) alongall incoming pathsor is consumed alongl/l outgoing paths; in either case, edge profile is
sufficient.

To summarize, the CMP region contains all the branch-correlation error inherentin the edge profile.
Therefore, the four CMP estimators focus on reducing the error contained in the CMP region, with different
variations on the optimistic/pessimistic approach, as follows:

CMP! estimator conservatively assumes that there is a single CMP (hentértiiee name), in which all
entries and exits are mutually reachable. This false reachability may connect consumers to spurious
producers and stealers, yielding loose bounds.

CMPe attacks false reachability by partitioning the CMP region inbmnected CMP subregions, using
graph reachability between CMP entries and exits. The individual connected CMPs are treated with
the CMP estimator.

CMP" exploits entry-exit eachability further. Compared to CMAt removes false reachability even within
each connected CMP by computing the amount of value flow as a network flow problem.

CMP/ exposes to the networfikow computation of all the CFG edges in the CMP, not just the summary
entry-exit reachability information, thus exploiting a refined notion of reachability that accounts for
how much reuse can flow between CMP entries and exits, and not just whether they are reachable.

The following two sections present the detailed estimator algorithms, Section 5.4 for separable
VNGs, to simplify the presentation, and Section 5.5 for general VNGs. Finally, Section 5.6 proves correctness
and the precision ordering of the estimators.

5.4 Estimators for separable VNGs

This section assumes separableVNG, i.e., a VNG without¢-nodes, and hence without any
dataflow transfers between value names. Without transfers, each name can be handled separately as a “slice
of the VNG, with CFG properties. To handle general VNGs, only minor algorithmic extensions are needed,
but we delay them to the next section, once the basic principles are clear.

Recall the following notation introduced in the previous section. Given an estimation pr&biem
(G, R, freq), an estimator algorithra € {PRE CMP!, CMP°, CMP", CMP/} returns upper and lower
bounds on the accurate estimate, dendiéchindL®, respectively. The problerfi specifies the value flow
using three sets of VNG nodes: generatbrsusersU, and kills K; the estimate measures the frequency of
K -free threads betweeb and U . All estimators summarize value flow by finding a placement of summary
points: producer$’r, stealersSt, and consumerg§'o. Also, we overload the edge profile by extending its
domain to VNG nodes and edges in a straightforward Viay,: (FUN UN U E) — Z.
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Recall the Definition 4.2 of availability and anticipability, two dataflow properties that describe
whether a value flow was computed an incoming path, or can be reused on an outgoing path, respectively.
Using the lattice defined in Definition 4.5, the properties have the following meaning.

Must all
AVAILh[n] = ¢ No if zis available along no paths.
May some

Anticipability (ANTIC) is defined analogously.

The placement of summary points will be computed from the dataflow solution of availability and
anticipability (see Definition 4.4 on page 45). The following lemma shows that, whatever the particular se-
lection of producers edges, each producer mugtfbet-available. Similar relationships hold for consumers
and stealers.

Lemma 5.1

(n,m) € Pr = AVAILyu[n] = Must
(n,m) € Co = ANTIG,[m] = Must
(n,m) € St = AVAlLyyn] = No

Proof. According to Definition 5.3, each producer generates the value each time it is executed. Therefore,
the value must be generated on each path leading to the producer. Hence, its availability soMitish is
Similar arguments apply for consumers and stealersl

The PRE estimator. The PRE estimator calculates the estimate independently for each consumer point;
given the individual estimates, the total estimate is obtained as their sum. The PRE estimator mirrors the
PRE transformation (see Chapter 6):

e consumergo coincide with the optimizable (redundant) statements, i.e., they are the user computa-
tions,Co = U.

e producersPr are the sources of redundan®;, = D. Computed independently for each consumer
pointc € Pr, Pr(c¢) C Pr are those generators whose value may reaefithout crossing a kill, i.e.,
those generators that are backwards reachable éralong some (kill-free) thread.

e stealersSt(c) are those VNG edges onto which a computation must be inserted to make (the partially
redundanty fully redundant. Stealers are also computed using graph reachability.

To compute the upper bound for a consumemwe assume the most optimistic control flow scenario: all
produced value that can reaehactually flows toc. In such a scenario, the frequency of reuse threads
betweenPr(c) andc equals the lower oPr(¢)’s and¢’s frequencies. The lower bound assumes the worst
case: all flow from reachable stealers flowsctominimizing the frequency with whicle executes with a
value flowing from producers, stealing value flowing from producers. The formulae for computing the PRE
estimate is shown in Figure 5.4. Note that thex operator inL"RE(¢) serves to make the lower bound
non-negative.
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Pr = {(n,m)e E|nec D}

Co '={(n,m)e E|lmeU}

St = {(n,m) € E | AVAILn] = No A AVAILm] = May}
Pr(e) = {de Pr|3p(d,c].pN(DUKUSt) =0}
St(e) = {s€e St|3Ip(i,c] . pN(DUK USt) =0}

LPRE(¢) := max{0, freq(c) — Z freq(s)}

seSt(c)
UPRE(e) = min{freg(c), D freq(r)}
rePr(c)
LPRE ._ Z LPRE(¢)
ceCo
UPRE ._ Z UPRE(c)
ceCo

Figure 5.4:The PRE estimator.

Example 5.2 (The PRE estimator)Let us apply the PRE estimator on the VNG in Figure 5.5. (See Ex-
ample 5.1 for the definition of the problem.) The producers, consumers, and stealers for the PRE estimator
are

Pr={(4,1),(C,)),(E,.)}
Co={(,A4),(f,C),(m, E)}
St ={(g,h), (g, k), (D,m))}
The bounds for consumersandC' are trivial, asA is not redundant (has no producers) @nés
fully redundant (has no stealers):
LPRE(4) = UPRE(4) = 0
LPRE(C) = UPRE(C) = 35.
The edge-profile error affects only the (partially redundant) consudfamose producers and stealers are
Pr(E) = {(4, ), (C, )},
SH(E) = {(g,h), (g, k), (D,m)},
yielding bounds for the consumér

LPRE(E) = max{0, freq(c) — Y freq(s)} = max{0, 150 — (10,40,55)} = 45
seSt(c)
UPRE(E) = min{freq(c), Z freq(r)} = min{150, 100 + 35} = 135.
réPr(c)
The total estimate is
LPRE= 3" LPRE(c) =0+35+45 =80
ce{A,C,E}
UPRE= " 3}~ UPRE(c) =0+ 35+ 135 = 170,
ce{A,C,E}
which is a(170 — 80)/80 = 112.5% error. [
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Summary points:
® producer

O stealer

B consumer

Figure 5.5:The example of the PRE estimator.

The CMP estimators. This large PRE’s error is not entirely due to the error of the edge profile. Instead, the
loose bounds are caused by PRE’s crude placement of summary points, which suffers from “overbooking”
of a producer to multiple consumers. In the running example, the dodets as a producer common to
consumerg’ and E/, which together consume more value flow th&mran produce (whiled produces only
100 units,C' and E together consuma5 + 100 units, see Figure 5.5). Overbooking can be removed by
dividing the producer’s contribution among paths leading from the producer to its different consumers. In
the CMP estimators, the contribution is divided dglaying[KRS94b] the producer. Delaying moves the
producer in forward direction along all paths as far as it remains a producer according to Definition 5.3, i.e.,
as far as each path through it generates the value. Figure 5.6(a) shows how the pdddutayed into the
edgeqf,C) and(f, h), which become the new producers, effectively dividing the contributia# among
consumerg’ andE.

Note that consumers, too, cause PRE’s imprecision. In the example, the conSwifams to
be able to consume 150 units (equal to its weight), while only 95 units can reach it, due to the kilDnode
which blocks 55 units of value flow. This flawed flow accounting is fixedhbigtingthe consumers. Hoisting
moves consumers backwards as far as they remain consumers, much like delaying moves the producers.

After producers are delayed and consumers are hoisted, all summary points are optimally placed.
(Note that, unlike its producers and consumers, PRE’s placement of stealers was already optimal.) The place-
ments are optimal in the sense the summary points cannot be moved closer to each other without being forced
on a path that contradicts their definition (Definition 5.3). As a result, the paths between producers/stealers
and consumers are as short as possible, minimizing the number of conditional branches on these paths and
thus also the branch-correlation error appearing in the estimates. Indeed, where producers/consumers and
stealers meet, creating unit-length paths, edge profile introduces no error. For example, the frequency of the
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Figure 5.6:Computing the estimates on the running example.
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unit-length producer-consumer pdtld, j)] can be trivially and precisely determined from any edge profile.
On the other hand, where the summary points do not meet, error may appear in the estimate.

To put these principles on a solid footing, we observe that the summary points enclose a VNG
region. The region has multiple entry edges and multiple exit edges. Its entries can be divided between
producers and stealers, and its exits can be divided between consumers or (strict) non-consumers. Because
the summary points are optimally placed, the region is the smallest region that contains all the profiling
error. It turns out that this region precisely coincides with the CMP region to be presented in Chapter 6. The
CMP maximizes the number of paths that can be excluded from the worst-case assumptions about branch
correlations: any thread passing outside the CMP region can be estimated precisely from any edge profile.
Conversely, any path that crosses the region may have profiling error (for some profiles).

Let us rephrase now the definition of the CMP region (to be stated in Definition 6.4) using the
terminology of this chapter. Formally, the CMP is a subgraph of the VNG, delimited by entry end exit edges,
such that on each node from the CMP region, its value is generated on some (but not all) incoming threads,
and will be used on some (but not all) outgoing threads. The CMP region is identified by solving the problems
of anticipability and availability, as defined in Definition 4.2.

Definition 5.4 (CMP Region) Let G = (N, E, start,end) be a VNG. The CMP region is a set of nodes
n C N such thalAVAIL,[n] = May andANTIG,[n] = May.
Each CMP region has a set of entry edges and exit edges. Each entry is either

e Must-available, denotea™ , acting as producers, or
e No-available, denotea” , acting as stealers.
Similarly, exits are either
e Must-anticipated, denoted™ , acting as consumers, or
e No-anticipated, denoted’v, not participating in the estimator calculations.
O

The CMP region divides the value flow intiefiniteanduncertaincomponents. The definite com-
ponentS, has no error and equals the sum of frequencies of all definite prodBegrdefined in Figure 5.7
below. The salient property of each definite producer is that all value flow it produces will be consumed. The
bounds of the uncertain component are computed in the CMP region and are given in Figure 5.8.

Prqy = {(u,v) | AVAILouu] = Must A (AVAILn[v] = May vV v € U) A ANTIGn[v] = Must}
Si= S frealn)
nePry
ue = S;+U;
L® := S;+L;

Figure 5.7:The CMP estimators for separable VNGs.e € {CMP!, CMP¢, CMP", CMP/} The formulas
for computing the uncertain component of the estimhteahdU¢) are given in Figure 5.8.

Example 5.3 (CMP Region, Definite Estimate)The CMP region for the running VNG example is shown in
Figure 5.6(b). The CMP region excludes from the worst-case considerations thiegd€'] and[C, j, E],
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because their estimate can be computed from an edge profile precisely, usadgfittieproducer points,
which are

Prd - {(f,C),(C,])}

Each of these definite producers provides 35 units of reuse. Because these producers are definite, their reuse
will be fully consumed, byC and byFE, respectively. Thus, the definite reuse is

Sd(x) =T70.
The definite reuse remains the same for all CMP estimators. O

The CMP estimators differ in how they comput&™®(z) andLSMP(z), which are the bounds of
the uncertain component of the estimate. Figure 5.8 compares the CMP estimators.

The CMP! estimator. This is the simplest CMP-based estimator. CMdentifies CMP entries and exits
and, to minimize its computational cost, assumes that each CMP entry-exit pair is mutually reachable. The
upper-bound scenario resulting from this assumption is thai #ll entries are producers for att™ con-
sumers. The lower bound follows the same conservative assumption that the CMP region is fully connected.
The bounds are computed as in the PRE estimator. Figure 5.8 gives the formulas.

CMP! is very efficient; it computes only th&NTIC and AVAIL data-flow solutions. Entries and
exits are identified by examining the two data-flow solutions locally at each node. The cost of computing the
solutions and the entries and exits is amortized, as they are also needed by the PRE transformation (Chapter 6).

Example 5.4 (CMP') For the running example in Figure 5.6(b), CM{elds
LEMP" — max{0, (40 + 20) — (10 + 40)} = 10
USMP' — min{65,40 + 20} = 60.
The total estimate is
LOMP' — 5, 4+ LCMP' — 70 4 10 = 80
UCMP' — 5, + USMP' = 70 + 60 = 130,

which improves PRE’s upper bound by removing overbooking of the prodéicezducing the error from
112.5% to (130 — 80)/80 = 62.5%. Note that, while CMP is better than PRE in this example, it is not
strictly superior in general, as indicated in the hierarchy graph in Figure 5.3. O

The CMP°¢ estimator. This estimator improves the precision of CMIBy eliminating some false entry-exit
reachability assumed by CMPTo this end, it identifies connected CMP subregions, thus partitioning pro-
ducer, stealer, and consumer sets. Smaller sets result in less overestimation when considering the worst-case
scenarios. The bounds are computed separately for each connected CMP, and then summed. In the experi-
ments, this partitioning of the CMP region produced the highest increase in precision. As a resultjSCMP

the recommended estimator for practical applications, due to its cost-precision balance (see Section 5.7 for
further empirical observations).

The CMP estimator is more complex than CMPIn addition to computinghVAIL, ANTIC and
identifying CMP entries and exits, it must compute 1) reachability of CMP entry-exit pairs, producing a
reachability graph, and 2) find connected subgraphs of the reachability graph, to find connected CMP sub-
regions. Fortunately, these two analyses are also needed in the PRE transformation, to guide the profile-
directed speculation (see Section 6.3.2.1).
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Figure 5.8: The CMP-based estimators for separable VNGs:algorithms for computing the uncertain
component of the estimate. In the formulad?, n"V, andz (are overloaded to) mean the frequencies
of the corresponding CMP entries and exits. maxflew) denotes the maximum flow between vertiees
andwv in the shown networksCMP! assumes all CMPs are one, i.e., that all entries and exits are mutually
reachable.CMP¢ separates connected CMPs, eliminating some false reachal@pP” exploits intra-
CMP reachability, using a max-flow computatio@MP/ exposes to the max-flow all intra-CMP edges,
including their actual profile weights.
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Example 5.5 (CMF) In the running example, the CMP region is connected, hence the“Gdtitate is
identical to that of CMP. [

The CMP” estimator. This estimator adds more precise handling of intra-CMP reachability. Each CMP
region is represented as a bipartite graph in whanokry and exit nodes are connected if there is a thread
connecting them (see Figure 5.8). The bipartite graphs are connected into a network using three super-nodes
NM_ N¥, andX* that connect all producers, stealers, and consumers, respectively. The flow capacities of
edges connecting the super-nodes mirror the frequency of CMP entry and exit edges; the capacity of intra-
CMP edges is (conservatively) set as infinite. Equipped with this network, we compute the upper reuse bound
as the maximum flow betwe&"’ andX?!. Similarly, the amount of reuse that can be stolen from consumers
is given by the max-flow betweext”™ andX*.

Compared to CMP, the CMP" estimator does not identify connected sub-regions, but instead
computes the more costly network-flow. Note that the network construction implicitly partitions the CMP
into connected sub-regions.

Example 5.6 (CMP") The network for our running example is shown in Figure 5.6(c). Because CMP exit
(i,7) is not reachable from CMP entiy, k), less reuse can be stolen than in CM®hich improves its
lower bound:

CMP” CMP”
L =Sy + L,

= Sq + maz{0, Z M — maxflow(N™, X))}

= 70 + max{0, (40 + 20) — 30}
= 100,

UCMP" — g, 4 YSMP"
= S, + maxflow(NM | xM)
=70+ 60
— 130,

which is a(130 — 100)/100 = 30% error. O

The CMP/ estimator. While an entry-exit pair may be graph-reachable (i.e., reachable along a thread), it
may not be sufficientlfrequencyreachable. In Figure 5.6(b), such a pair is the CMP e(ifry:) and the

CMP exit(l, E). The only path connecting them contains@ak link—the edg€i, k) with a low frequency

of 5. Even though there is enough value flow on the entry, the weak link prevents this flow from saturating
the exit(l, E)—only 5 units of reuse can be exploited. To account for weak links, it suffices to expose to
the max-flow computation the inside structure of the CMP at the edge level, including edge frequencies, as
shown in Figure 5.6(d).
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Example 5.7 (CMP) After the weak link is accounted for, the upper bound of the previous estimator is
improved:

CMP” CMP”
L =Ss+L;

=S¢ +maz{0,>  xM — maxflos(NV,X)}

= 70 + max{0, (40 + 20) — 30}
= 100,

USMP" — g+ USMPT
= S, + maxflow(NM XM)
=70+45
=115,

which is a(115 — 100)/100 = 15% error. Note that, for this example, CMRestimator produced tight
bounds; that is, there exist control tradgst, that induce the edge profil? andt;’s “estimate” equals
LCMP" andt,’s “estimate” equal&) “MF" . O

5.5 Estimators for a general VNG

The previous section presented estimators feg@arable/NG. On a separable VNG, threads can
be considered in isolation, like bits in a separable bit-vector problemgémaralVNG, threads may be split
(even when underlying control flow paths do not split), signifying that a value is identified under multiple,
synonymous names. Such thread splitting qualitatively changes the VNG properties. In particular, what is
considered “overbooking” of a generator by the consumers on a separable VNG may be considered legal on
the general VNG. This section extends our five estimators to handle the complications of the general VNGs.
The example in Figure 5.9 illustrates the issues raised by general VNGs. Consider the control flow
pathsp; andp, shown in Figure 5.9(b). Along these paths, the nadesdD are equivalent, yetin the VNG
they are (correctly) not placed on the same thread. The VNG is shown in Figure 5.9(c). Nedéed are
not the same thread because they are not synonymous along all incoming paths. They differ alpfigapath
a result, the thread going acrasss splitinto 4 andh/'.
The consequence of such thread splits is that a generator node can “provide” more value flow than
its own execution frequency. Consider the n&le Figure 5.9. NodeB is a generator with frequency 25,
yet it provides enough value flow for both and D, which are consumers with a frequency of@&ch The
reason whyB can “feed” bothC' and D is that its value flow is duplicated when it crosses ngdehere
the thread is split. As a result of the split, the incoming value floduplicatedonto the outgoing threads
(i.e., onto node& andh’). A general VNG has thus two kinds of thread splits. First, the spliistnduced
by control flow, just like in the separable VNG. At control-flow split, the frequency of value fladivisied
among outgoing threads. Second, the split stinduced by synonyms. At a synonym split, the frequency is
duplicated
On a general VNG, the flow entering the region need not equal the flow leaving the region, which
was the case on a separable VNG. The reason is that value flow may be duplicated in the region. Consider the
CMP region in Figure 5.9(c). The sum of entry edge frequencies is 150, but the sum of exit edge frequencies
is 200. The difference between exit and entry frequencies equals the amount of “flow duplication” in the CMP
region. The amount of this duplication is an important value; it will be used to generalize our estimators.
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and its CMP region.

Figure 5.9:Computing the estimate on a general VNG.
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The PRE estimator. The formulas for computing the PRE estimate are the same as for the separable
VNGs shown in Figure 5.4. The algorithm remains the same as before because each consumer still finds
all its producers and stealers. Compared to the separable setting, the only difference is that some of the
overbooking is actually legal value flow, due to flow duplication, as discussed above.

The CMP estimators. Two extensions are needed to handle merging threads. First, when hoisting the
consumer summary points, it must be guaranteed that they are placed at points from which exactly one user
is reachable along each outgoing control flow path, even in the presence of thread merging. Second, it must
be accounted for duplication of flow in the region. Because the frequency of CMP exits may be greater than
the frequency of CMP entries, the entries alone do not tell us how much flow can be produced or stolen.

1. Placement of consumers. When hoisting the consumer points, it must be guaranteed that
consumers are placed at points from which exactly one user can is reachable a) along each outgoing control
flow path rather than b) along each value natihiead a condition used in the separable setting, in which a)
and b) coincide. The justification for the refinement is that, using b), multiple users can be reached along a
single control flow path. Therefore, the frequency of the consumer point under-represents the amount of users
reachable from the consumer. In Figure 5.9(c), the consumers cannot be hoisted acrgsbetaiese the
consumers would be merged into one consumer whose frequency would bar less than those of the summarized
users. (Use a better example, in which the edges emanating from thread-merge nddstaaaticipated.)

2. Flow duplication in the CMP region. Let r be a CMP regionfy be the sum of’s entry
edge frequenciegy =}, freq(n;), andfx be the sum of’s exit edge frequenciegx = >_, freq(:).

Then,A = fx — fn gives the amount of flow duplicated in the CMP region. Because the duplication
happens inside the region, a fractionAfcarries the value reuse and a fraction is reuse-free, depending

on whether the flow originated at producer entries or stealer entries. In'CEIMAP°, and CMP, these
fractions cannot be determined (because the inside of the CMP region is not examined) and hence these
estimators (conservatively) increase Ayboth the producers frequencies and the stealer frequencies. In
contrast, because the CNiRstimator exposes the individual inner edges of the region, it can account for
how much of the duplicated flow is from producers versus from stealers. Instead of computingGhaP’

reduces the estimate into a generalized version of the network flow problem, defined below.

For theCMP estimators, the formulas in Figure 5.7 remain valid in the generalized setting. The
formulas for the uncertain component@P estimators change, as shown Figure 5.10. The € s#mator
computesA for all entries and exits together, assuming all belong to the same connected CMP region. The
CMPe estimator finds the connected sub-regions and comphiefor eachith sub-region. The CMP
estimator accounts for the duplicated flow by adding a nbtie the network that reflects the intra-CMP
reachability. The added node, denodethcreases the amount of flow that can reach the consumer exits, both
from the producer super-no®&™ and the stealer super-nodg" .

The CMP/ estimator The CMP estimator exposes to the max-flow computation all inner CMP edges.
To account for flow duplication, let us introduce a generalized max-flow problem, cabeddup-flowin

which some nodes in the network rather than preserve the incoming flow onto the outgoing edges (in the
usual way), while others catuplicateit.

Definition 5.5 (Duplicating Flow Network) A duplicating flow networkG = (N,, N4, E) is a directed
graph whose vertice¥ are divided intdlow-preservingrerticesN,, andflow-duplicatingverticesNy, N =
N, U Ny, N, NNy = (). Each edgén,m) € E, E C N x N has a non-negativeapacityc(n, m) > 0. For
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Figure 5.10:The CMP-based estimators for bi-distributive VNGs: algorithms for computing the uncertain
component of estimates. The algorithms generalize the algorithms for separable VNGs (see Figure 5.8).
CMP! adds the amount of flow duplicated in the CMP region, dendteid both the produced flow and

the stolen flow.CMP¢ is similar, exceptA is computed for each connected sub-regi@GMP” adds more

flow to the consumers by adding a “channel” between the super-nodes and the consumers. The flow capacity
of the added nodé is A. Dotted lines mark edges inherited from the separable CMEMP/ computes

the bounds using a generalized version of the max-flow problem, in which some nodes duplicate, rather than
distribute the incoming flow.
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convenience, we assign the capacity of 0 to all nonexistent edges. We distinguish two specialhad¥s,
which are thesourceandsink of the network, respectively.

Definition 5.6 (Max-Dup-Flow Problem) Let G = (I, Ny, E) be a duplicating flow network (with an
implied capacity functior, sources and sinkt). A flowin G is an integer-valued functiofi : £ — Z that
satisfies the following four properties:

1. Capacity constraint:

Y(n,m) € E.0< f(n,m) <c(n,m)

2. Flow preservation (at flow-preservation nod¥s):

Vn € Ny — {s,t}. Zf(m,n) :Zf(n,k)

k

3. Flow duplication (at flow-duplication nod€s;):

Vn € Ng . Zf(m,n) = m]?xf(n,k)

Reducing the estimation problem to the max-dup-flow problérhe reduction of the estimation
problem to the max-dup-flow problem is straightforward. For each VNG nodleat is a synonym split
node (likeg in Figure 5.9(c)), a flow-duplicating node is created. For all other VNG nodes, we create a
flow-preserving node.

Computing the Max-Dup-Flow problemWhile we do not have an algorithm for computing the
max-dup-flow precisely. Instead, an approximation is computed by reducing the max-dup-flow problem to
the standard max-flow. The reduction is similar to that used in CMIe reduction add& units of flow
to the CMP region but, compared to CNRloes it in a more fine-grained fashion. Rather than connecting
to the node) the exis of the CMP region, it connectsddhe flow-duplicating nodes from the CMP region.
This accounts for (some) weak links in the CMP region.

5.6 Correctness and complexity
Theorem 5.1 (Correctness)
LEMPT | YoM Sy

Theorem 5.2 (Precision Order)

LCMPl < LCMP 5 | CMP" LCMPf

UCMPl SUCMP® S yCMP” >UCMPf

Computational complexity ToDo.
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Figure 5.11: An experimental comparison of estimator precisions. The CMP" estimator was not
implemented.

5.7 Experiments

Figure 5.11 compares the precision of the estimators. For each benchmark, the figure plots the
weighted reuse obtained by four estimators (CM#as not implemented). The reuse is broken up into
four parts; the left two bars together represent the definite reuse comp@peoan which all benchmarks
are normalized. The third and fourth bars are the lower and the upper bounds on the uncertain reuse. The
floating-point benchmarks (the lower four) have nearly no uncertain reuse, due to simple control flow. On
the other hand, the reuse in integer benchmarks has a significant uncertain component. It can be observed
that with good algorithms, the profiling error can be greatly reduced. Note that while, in theory; GMP
not strictly more precise than PRE (as the precision ordering shows), it performs much better in practice. In
fact, CMF is appreciably better than CMRnly ongcc . Hence, due to its simplicity, CMPmay be the
estimator of choice. Overall, the average error was 15% for PRE and 5% for CMP

An important observation was that the estimator precision is strongly dependent on the pointer
aliasing information. By interrupting some reuse paths, the killing stores induce more CMP regions, with
more entries and exits, increasing the amount of uncertain reuse. For the comparison in Figure 5.11, we
selected the configuration of load-reuse analysis that caused the largest estimator errors (kill set = each array
and pointer store, and each procedure call; see Section 5.7).

5.8 Caorrelation profiling

The CMP-based Correlation Profiling estimator is not based on edge profiles. Instead, it assumes
profile information that correlates CMP entries and exits sufficiently to avoid the profiling error. We present
it to show what profile information may fully eliminate the profiling error.
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Using the CMP region, we can specify what information from a profiler would enable computing
the reuse with no branch-correlation error. Coming back to Figure 5.6(b), we can observe that the precise
amount of uncertain reuse equals the number of times a producenétiy followed by a consumer exit
=M. Therefore, measuring the pair-wise correlation between CMP entries and exits captures all branch
correlation that affects the amount of reuse. After the data-flow analysis identifies the CMP regions, the
profiler can instrument the program to collect this pair-wise information. Whether such a pair-wise profiling
can be (efficiently) performed prior to knowing the shapes of CMP regions in the profiled program is an open
guestion.

5.9 Conclusion

The estimators presented in this chapter compute, given an edge profile, the (bounds of) cumulative
frequencies of the reuse threads detected by the value flow analysis. The estimators are conceptually simple:
they do not reconstruct the path frequencies but instead find program points that summarize the paths. The
points are value-flow-dependent; if value flow-patterns are simple (e.g., value-flow holds on all paths, or can
be handled with code-motion PRE), the edge profile errors may not appear, for any given edge profile.

The experimental results suggest that imprecise, data-flow-independent profiling followed by smart
estimation algorithms is a very successful strategy for profile-directed optimization. If one desires to use a
more precise, data-flow-dependent profiling, then the correlation profiling described in Section 5.8 seems to
be the alternative of choice.

Mor especifically, the experiments suggest that the CM&imator offers an ideal balance be-
tween precision and computational cost. On average, CWH3 able to bound the inherent profiling error
down to about 6.5%, a sufficient precision for profile-directed optimization. Compared to the more complex
estimators, CMPhas linear asymptotic complexity.

By bounding the branch correlation error, the estimators expose the inherent precision of edge
profiles. Our experiments suggest that:

e Edge profiles are precise for load-reuse optimization. If this result extends to other value-flow prob-
lems, we do not need path-profiles, which are one of the exponential factors in value-flow optimiza-
tions.

e Considering that the inherent edge-profile error is small, as suggested by our experiments, the maxi-
mum amount of error in the result of Ramalingam'’s frequency analysis will be correspondingly small
(the result of his analysis always falls between our lower and upper bounds).



Chapter 6

Intra-procedural Removal of Redundancies

This chapter describes the last stage of theHFINDER optimizer—program transformation—
whose task is to perform the actual optimization of the program. Given the redundant computations de-
tected by the previous stages, a program transformation stage modifies the program so that values are reused,
rather than redundantly recomputed. Such a transformation is known as Partial Redundancy Elimination
(PRE) [MR79], because it removes redundancies that are manrijal (i.e., path-specific). Because partial
redundancies include common subexpressions and loop-invariant computations, PRE has become the most
important component of global optimizers.

Ideally, the transformation should remove all computations detected as redundant. While such a
completetransformation is possible (decidable), it may require a different code transformation along each
optimizable program path, which requires a separation of individual optimizable paths, which may in turn
incur prohibitive growth in the program code size. To avoid code growth, practical PRE algorithms restrict
their toolset tacode motiona method that moves redundant instructions but does not separate paths. The price
of practicality is, however, the failure to remove the redundancies completely. Experimental observations
show that the penalty is severe. In static terms, 73% of loop-invariant statements cannot be eliminated from
loops by code motion alone. In dynamic terms, the traditional (code-motion) PRE eliminates only half of
redundancies that are strictly partial.

This chapter focuses on achieving a (nearly) complete PRE while incurring an acceptable code
growth. This goal is achieved by combining the strengths of three transformation metbods-+rotion
control flowrestructuring and controbpeculatior—integrated in a parameterizable way that induces a family
of transformation algorithms, all built on the same abstraction. The algorithms are characterized either as
profile-independent or profile-guided.

The main profile-independent algorithm integrates the economical code motion with the more pow-
erful restructuring. In contrast to existing complete techniques, the algorithm resorts to restructuring merely
to remove obstacles to code motion, rather than to carry out the entire optimization. For a large class of
problems, this algorithm achieves minimal code growth.

When a program profile is available, additional code growth reduction is possible by sacrificing
completeness where it is dynamically insignificant. Based on the profile-based estimators from Chapter 5,
the main profile-guided algorithm combines code motion with control speculation. Speculation overcomes
the obstacle to code motion not by separating paths, but by inserting computations on program paths that did
not execute them in the original program. Estimators ensure that after this (potentially counterproductive)
transformation, the program is improved more than it is impaired. In fact, estimators can maximize the
optimization benefit of speculation.

75
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The last algorithm balances all three transformations: when the economical code motion fails and
the unsafe speculation impairs the program, restructuring is used. In practice, the algorithms presented in this
chapter can achieve a near-complete redundancy removal with very little code growth.

This chapter is concerned with the reusardfa-procedural value flowlnter-procedural redun-
dancies will be attacked in the following chapter.

6.1 Overview

The RTHFINDER stages presented so f@etectedhe reuse of values: in turn, the representation
exposed value flow using threads, the analysis marked value reuse on the threads, and the estimators weighted
the reuse threads with profile information. The task of the last stageigtoitthe value reuse, by transform-
ing the original program so that values are reused rather than redundantly recomputed. This transformation,
known as Partial Redundancy Elimination (PRE), was first proposed by Morel and Renviose [MR79].

By removing computations that are partially redundant, PRE is responsible for handljey tiaé¢
flavor of path-sensitivity, i.e., the reuse that is available only along some paths (see Section 1.4). Formally,
partially redundant computations are VNGer nodes for which reuse was detected along some (but not
necessarily all) paths. See Definition 4.1 for the description of reuse threads.

Definition 6.1 (Partial Redundancy) A VNG noden € U C N is partially redundantf there is a reuse
threadp[m, n) € R.

It can be shown that a computatianis partially redundant when
AVAILn[n] € {Must v May}

(see Definition 4.4.)

PRE is attractive because, by targeting computations that are redundant only along some program
paths, it subsumes and generalizes two important value-reuse optimization: global common subexpression
elimination and loop-invariant code motion. Furthermore, because the VNG uniformly represents all kinds
of value flow (e.g., value recomputation, repeated loads, correlated branches), PRE serves in our value-flow
framework as a unified program transformation technique.

The ideal optimization goal is to remove all computations detected as redundant. While such a
program transformation is possible, it may require isolation of optimizable program paths, which may in-
cur prohibitive code growth, due to the exponential path explosion, as shown in Section 1.5. Therefore,
practical PRE algorithms are basedaode motionan economical transformation that reorders instructions
but does not change the shape of the control flow graph, prohibiting the expensive isolation of individual
paths [BC94, CCK97,DRZ92, Dha91, DS88, DS93, KRS94bh, MR79]. The price of the restriction to code
motion, however, is the failure to remove all detected redundancies. In theory, even the optimal code-motion
algorithm [KRS94b] breaks down on loop invariants in while-loops, unless preceded by do-until conversion
(which is based on path separation). In practice, one half of (dynamic) computations that are strictly par-
tially redundant (i.e.not redundant along some paths) are left unoptimized due to code-motion obstacles,
according to our experiments.

This chapter achieves a (nearly) complete PRE by first conceptually analyzing the Morel-Renviose
code-motion algorithm, and then by systematically addressing its limitations. The result is a family of PRE
algorithms that combines strengths of three transformation metbods:motior{economical), control flow
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restructuring(powerful), and controspeculation(potentially harmful). The three methods are abbreviated
with M, R, S, respectively.

As the first step towards a complete PRE with affordable code growth, we present an algorithm
that integrates the code motion with restructuring, denoted PRE(MR). The algorithm allows a complete
removal of redundant expressions while minimizing code duplication. In contrast to existing complete tech-
niques [Weg75b, Weg75a, Ste96], it resorts to restructuring merely to remove obstacles to code motion, rather
than to carry out the entire optimization, thus eliminating unnecessary code duplication. The resulting code
growth is minimal for a large class of problems. ORe®95, we found the code growth to be three times
smaller than that of the pure restructuring approaches (denoted PRE(R)).

No prior work systematically treated the integration of code motion and transformation. The
PRE(MR) algorithm controls the extent of code duplication by restricting it tm@e-motion preventing
(CMP) region, which localizes adverse effects of control flow on the desired code motion. Figure 6.2(a—c)
illustrates our first algorithm, PRE(MR), through optimization of the loop in Figure 6.1.

while (true) {
if (O)
c+d
else if (P)
break
it (Q)
c+d
else
R
S
a+b

Figure 6.1:The example loop.

Let us assume that no statement in the loop in Figure 6.2 defines variables or d. Hence, the
computations: + b andc + d are loop invariant. Although a + b is loop-invariant, it cannot be removed
from the loop with code motion alone because it would be executed on théfath, P, Ex], which does
not executea + b in the original program. If the frequency of this path is higher than that of paths that
executea + b, the optimization could slow down the program. To avoid counterproductive transformations,
the traditional PRE disallows sucimsafecode motion.

The desired optimization is possible only if the CFG is restructured. The pure-restructuring PRE
duplicates each node on which the valueof b is available strictly partially (i.e., not along all paths). Such
a duplication splits partial redundancy into full redundancy and no redundancy [Weg75b, Weg75a, Ste96].
The resulting program is shown in Figure 6.2(b). While- b is fully optimized, restructuring unnecessarily
peeled off the entire loop body.

'The program in Figure 6.2(a) induces a separable VNG; it can thus be viewed both as a CFG with expressions
¢+ d, and as a VNG with computations named b, ¢ + d.
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d) optimization of [a+b], via e) optimization of [c+d], via f) a trade-off variant of e).
code motion + speculation. code motion + restructuring.

Figure 6.2: PRE through integration of code motion, control flow restructuring, and control speculation.
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In contrast, our PRE(MR) algorithm achieves completeness with much smaller duplication scope,
see Figure 6.2(c). We apply the more economical code-motion transformation to its full extent, resorting to
restructuring merely to enable the desired code motion—in this case, the hoistirng dfout of the loop. To
hoista + b, itis sufficient to isolate the offending pathn, O, P, Ex]. The necessary scope of duplication is
computed as the CMP region, short for code-motion-preventing region, which is highlighted in Figure 6.2(c).
The restructuring is achieved by duplicating the region, after which hoisting can be performed without im-
pairing the offending path. As no opportunities for value reuse &f b remain, the resulting optimization
of a + b is complete. Yet, in contrast to Figure 6.2(b), only two basic blocks have been duplicated.

Profile-guided PRE Using the dynamic count of eliminated computations as the measure of optimization
benefit, our profile-guided algorithms trade (some) optimization for (much) code duplication. To reduce code
growth, we use profiling, in two different ways:

e To identify infrequently executed pathsth reuse. Reuse along these paths is not worth the restructur-
ing cost.

e To identify infrequently executed program patighout reuse. These paths may be effectively be
disregarded when hoisting computations. (Hoisting into these paths constitutes control speculation).

The first profile-guided algorithm, denoted PRE(MS), combines motion with speculation. It does
not use restructuring; instead, when code motion fails to compensate partial redundancy into full redundancy,
the compensation is done speculatively, by inserting computations onto program paths that did not contain
them in the original prograrh.Such insertion is speculative because when these paths are taken, the cost of
the insertion will not be amortized by a removed computation.

With speculation, some paths are impaired so that others can be optimized. The net benefit of
speculation depends on the difference of frequencies of the improved and the impaired paths, computed from
the profile. In our example, if the profile reveals that the offending (impaired) [#athO, P, Ez] is less
frequent than the paths that execate- b, thena + b will be speculatively hoisted from the loop, as shown
in Figure 6.2(d).

The next profile-guided PRE algorithm makes the complete PRE(MR) more practical by limiting
its code growth. The algorithm, denoted PRE(Mr), restructures selectively. It sacrifices those value-reuse op-
portunities that are infrequent but require significant code duplication. The PRE(Mr) algorithm is illustrated
on the optimization ot + d; Figure 6.2(d) serves as the starting point. Figure 6.2(e) shows the (complete)
optimization ofc + d, performed by PRE(MR) by duplicating the shaded CMP region and subsequently
performing the code motion af + d. Because the program control flow structure affects the optimization
of ¢ + d more adversely that it affecis + b (i.e., the CMP region foe: + d is larger than that o& + b),
more code is duplicated. If the size of duplication outweighs the run-time gains, according to some utility
function, the PRE(MR) algorithm can be scaled back to select a smaller set of nodes to duplicate, yielding
the PRE(Mr) algorithm. An example of such an incomplete PRE is in Figure 6.2(f), where the size of basic
block S is assumed to be greater than would be justified by the frequency of value reuse flowing tfirough

Finally, this chapter presents the PRE(Msr) algorithm, which balances all three methods. PRE(Msr)
uses restructuring only when speculation cannot be done beneficially. Experiments show that PRE(Msr) is
near-complete PRE with very little code growth.

2Control speculation can be viewed astarsafeversion of code motion.
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Minimal Do-Until Conversion Do-Until Conversion (DUC) is a common pre-processing transformation
for enabling code motion of loop invariants out of while-do loops that would otherwise prohibit the desired
code motion [Muc97]. DUC is based on path separation; it converts while-do loops into do-until loops by
duplicating a part of the loop body (the loop exit condition). DUC enables optimization of some (but not all)
loop invariants. Additionally, its duplication scope is larger than necessary.

It is interesting to note that the PRE(MR) algorithm subsumes and (fully) generalizes DUC. Con-
sider the loop in Figure 6.2(a). A commonly used DUC will fail. A smarter DUC will peel off (unnecessarily)
the entire loop iteration, just like the PRE(R)algorithm shown in Figure 6.2(b). No known DUC can enable
the hoisting ofe + d.

In contrast, PRE(MR) produces the necessary do-until conversion: Figure 6.2(c) shows the conver-
sion necessary to hoist + b, and Figure 6.2(e) shows the conversion requiredbyd. The PRE(MR)
conversion is minimal: with any less duplication, the statements could not be hoisted. While Figures 6.2(c,e)
show separate conversions for- b ande + d, the two conversions can be naturally composed, as described
later in this chapter.

However, we note that, while PRE(MR) is successful in reducing code growth, the profile-guided
speculation-based PRE(MS) works much better: our experiments show that it removes nearly all redundan-
cies, without any code growth. Furthermore, PRE(MR) may generate irreducible programs, like the one in
Figure 6.2(c). Irreducibility may be produced by other restructuring algorithms, including PRE(R), although
it did not manifest itself in Figure 6.2(b). Irreducibility can be corrected; Section 6.5.1 presents a simple,
reducibility-preserving version of PRE(MR).

Organization of this chapter Section 6.2 establishes the groundwork by analyzing the limitations of the
standard, code-motion PRE and by motivating our solution. The PRE algorithms are presented next. As
in Chapter 5, the presentation is simplified by first assuming a separable VNG (Section 6.3), and then a
general VNG (Section 6.4). Within each section, the algorithms are divided into profile-independent and
profile-guided. Section 6.5 handles various practical issues, such as irreducible graphs and hardware support.
Section 6.6 experimentally evaluates the algorithms and Section 6.7 concludes with a summary of the results
and discussion of related work.

6.2 Analysis of the Morel-Renviose algorithm

To motivate the approach taken here, this section intuitively describes the principle of the code-
motion PRE (denoted PRE(M)), conceptually analyzes when and why it fails, and finally explains the ap-
proach for overcoming these limitations.

Figure 6.3 illustrates the principle of PRE(M). The computatio# b is partially redundant be-
cause there is a reuse thread leading to it. In CFG terms, there is a control flow path onawhiths
computed without being killed. PRE(M) optimizas+ b by hoisting it away from the reuse thread. Hoisting
inserts a computation on incoming non-reuse threads to turn the partial redundangytointo full redun-
dancy. The transformation is completed by initializing a fresh temporary varidablearry the reused value
and replacing the original computation with a reference to

Figure 6.4 illustrates when and why code-motion fails. Figure 6.4(a) shows partially redundant
a + b and its reuse thread. In this program:+ b can be hoisted out of the reuse thread, as shown in
Figure 6.4(b). However, a slight modification of the program causes the code motion to fail. When the
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atb tr=atb m . initialize

t:=atb _ _ insert

reusethread

t <. replace

a) atb is partially redundant. b) the optimization of at+b.

Figure 6.3:The principle of the code-motion PRE transformation.

|

t=a+b

desired code motion

but code motion blocked

where reuse and free therads
e [ash meet,
a) source program b) after PRE(M), ¢) aversion of a), d) PRE(M) fails, as
with areuse thread a+b hoisted from with reuse and atbisinserted onto

(dashed arrow). the reuse thread. free thread. the free thread.

Figure 6.4:The reasons for the failure of the code-motion PRE.

do-until loop is changed into a while-do loop shown in Figure 6.4(c), the desired hoisting fails. Hoisting
fails because + b would have to be placed onfeee path—one that does not compute the value of b,
and thus cannot reuse its value and amortize the cost of the insertion. To avoid impairment of the free path,
PRE(M) disables suctinsafecode motion; the code motion is blocked before it can enter the free path, as
shown in Figure 6.4(d).

This figure also shows the consequences of the unsafe hoisting-df. The insertion ofa + b
is a case otontrol speculationasa + b is executed even when the program will not execute the original
computation—we arspeculatinghat thecontrolwill reach the original computation, which would amortize
the cost of the speculative insertion. Because PRE(M) is profile-insensitive, it cannot safely and beneficially
use speculation.

To summarize the above discussion, PRE based on code motion has two orthogonal deficiencies:

1. The safe optimization model is too conservativiem guarantee that the program “never runs slower,”
the optimization allows improving reuse paths but only when other paths are not impaired.

2. The program transformation used is not aggressive enougbde motion is the only program trans-
formation technique applied; when it is blocked, the optimization opportunity is missed.

Our approach attacks both deficiencies:

1. Relax the optimization model. We allow control speculation. To guarantebat the program is
improved more than it is impaired, the speculation is profile-driven.

3As natural for profile-directed optimization, we guarantee that the program is not impaired only for the program
input(s) used to generate the profile.
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+ no code growth
- impairs some paths

control speculation
S

code motion v - restructuring

+ no code growth

) o + complete
- misses opportunities

- code growth

Figure 6.5: The design space for our PRE algorithm. The algorithm can use any (combination) of the
three program transformation techniques. The algorithm can lie anywhere in the design triangle. It resulting
properties depend on how biased it to a constituent technique.

2. Enhance the program transformatioMVe allow the use of control restructuring. Restructuring is less
economical than code motion, but we use it only when code motion fails.

Our PRE algorithm thus uses three transformation techniques. These techniques are orthogonal; each is
useful in a different situation.

M) Code motiordoes not cause any code growth, but can be blocked before it can fully remove the redun-
dancy.

R) Control flow restructuringcan alone remove all redundancies but the cost is high code growth.

S) Control speculatiordoes not cause any code growth, but it impairs some paths and hence can be
counter-productive.

Our PRE algorithms always thyto optimize with code motion as much as possible (it is both safe and
economical). When code motion fails, then—depending on i) the optimized program and ii) the desired
optimization properties—our PRE can employ restructuring or speculation (or both). The optimized program
influences PRE with the shape of its reuse threads and its profile. The properties of the optimization depend
on which transformations are applied. Figure 6.5 shows the design space of our PRE algorithms, as formed
by the three methods. The resulting algorithm can lie anywhere in the design triangle. Its resulting properties
depend on how biased it is to the particular transformation methods.

We present five variants of the transformation algorithm, all characterized in Figure 6.6. Two
algorithms are profile-independent and three are profile-guided. We also formulate the (profile-independent)
PRE(R) algorithm, in order to facilitate an empirical comparison of PRE(MR) with a pure-restructuring PRE
approach.

The two goals of a PRE algorithm are as follows:

1. Completenesst is desirable to exploit all reuse detected on the VNG. When the used transformation
methods do not permit completeness (as in the case of code-motion), the goal is to maximize the
removal of redundancies. Such a “best” optimization is defined differently for profile-independent and
for profile-guided algorithms:

“On a separable VNG, code motion is used tortteximundegree possible.
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PRE(MS)

[
PRE(Msr)

@ @
PRE(M) PRE(MR) PRE(R)
PREMI)

Figure 6.6:The various variants of PRE algorithms.

Definition 6.2 (Best static PRE (profile-independent))A programP’ is thebest static optimization
of a programP if no other transformatio®’’ of P exists (using the allowed methods) such that a path
p executes less computationsitf than inP’. O

Because the measure of optimization quality is each individual program path, the best program may
not always exist.

Definition 6.3 (Best dynamic PRE (Profile-guided))A programP’ is thebest dynamic optimization
of a programP if no other transformatiod®”’ of P exists (using the allowed methods) such that the
dynamic number of user computationgi§ is less than inP?’. O

Because a single measure of quality is used for the entire program, the best transformation must always
exist.

2. Shortest-live rangesit is desirable to insert the compensating computations at program points such
that the live ranges of the inserted temporaries are as short as possible. More precisely, given the set
of bestoptimizations, the live-range optimal is one in which each live range is no longer than the
corresponding range in any other best program.

For each PRE algorithm developed in this chapter, a different optimality goal is apropriate, depend-
ing on the transformation methods applied (M, R, S), and depending whether profiling is used.

PRE(M): Find beststaticoptimization a) without changing the shape of the CFG and b) by moving only the
optimized computations (not any other computations in the program).

PRE(MR): Find a complete optimization that minimizes the number of duplicated CFG nodes.
PRE(R): Same optimality goal as PRE(MR).
PRE(MS): Same optimality goal as PRE(M), but in terms of béghamicoptimization.

PRE(Mr): Find a dynamic optimization that maximizes a utility function. The utility function reflects a ratio
of code-growth cost with the dynamic optimization benefit.

PRE(Msr): Same optimality goal as PRE(Mr), but allow speculation.
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6.3 PRE for a separable VNG

As in the previous chapter, the algorithms are presented first for separable VNGs and then for
general VNGs. On a separable VNG, each value thread uses only one name throughout the entire program.
Such simple VNGs require simpler algorithms and achieve optimal optimizations, typically at polynomial-
time cost. In contrast, for general VNGs, we either do not have an optimal transformation algorithm, or the
transformation is intractable. This section is devoted to the separable VNGs. Section 6.4 presents extensions
needed for generality, focusing on the PRE(MS) algorithm, which appears to be the most useful in practice.

6.3.1 Profile-independent PRE

We will first consider the profile-independent variants of PRE. These algorithms guarantee that,
whatever the path frequencies, the optimized program will never execute more computations than the unopti-
mized program. Thus, these algorithms operate withirséie optimization mod&h which no program path
can be impaired. To achieve completeness without impairing any path, code motion obstacles must be over-
come with restructuring. Our goal, then, is to minimize the restructuring cost, i.e., the code growth measured
as the number of duplicated CFG nodes.

In turn, this section presents PRE(MR), PRE(M), and PRE(R). The first algorithm is the complete
PRE that minimizes code duplication. The second algorithm uses our abstractions to derive an intuitive
formulation of the optimal code-motion PRE [KRS94b]. The last algorithm is the restructuring-only PRE,
presented to serve as a reference point for our experiments.

6.3.1.1 PRE(MR): Code motion + restructuring

PRE(MR) integrates code motion and control flow restructuring. To reduce code growth, restruc-
turing is only a secondary transformation exploited by PRE(MR). It is used merely to enable hoisting across
CFG nodes that prevent the desired code motion. The central idea of PRE(MR) algorithm is to identify the
smallest set of motion-blocking nodes and duplicate them, restructuring the CFG. After the restructuring, the
motion obstacles disappear.

To identify the offending nodes, we determine a predi€agventedn) that characterizes whether
a VNG noden blocks the desired code motion. The predicate is based on the solutions to the standard
dataflow problems of anticipability and availability (see Definition 4.2). The problems are computed on the
Must-May-No lattice defined in Section 4.5.

The Preventedpredicate is derived as follows. A computation is partially redundant if its value
is computed on some incoming control flow path by a previous computation. Code motion eliminates the
(partial) redundancy by hoisting the redundant computation along all paths until it reaches an edge where the
reused value is redundant along eith#mpaths omo paths. In the former case, the computation is removed;
in the latter, it is inserted, to make the original computation fully redundant (recall Figure 6.3). Unfortunately,
code motion may be blocked before such edges are reached by nodes that prevent the code motion. These
nodes are characterized by the following set of conditions:

1. Hoisting of a computation of from the exit to the entry of a VNG node = (n, e) is desiredwhen
an opprtunity for value-reuse exists, which is true when both of the following conditions hold:

a) The valuee is computed on some, but not all, control flow paths leading.tdn such a case,
hoisting must continue acrogssto move the computation to CFG edges where it is either always
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or never redundant. Such a situation is true iff
AVAlLy[n] = May.

b) The valuee is consumed by a user node on some control flow patmanating from, i.e., there
is a computation to be optimized (and hoisted from) the patBuch a situation exists iff

ANTIGu[n] # No.
Hence,

Desiredn] < AVAILou[n] = May A ANTIC,u[n] # No.

2. Hoisting of a computation of acrossn is disabledwhen the computation would impair some control
flow path, because the path cannot amortize the computation, as the following two conditions elaborate:

¢) The hoisted computation is not fully redundant and hence there is an incoming path from which
it cannot be removed, which is true iff

AVAILn[n] # Must,and
d) The hoisted computation cannot make other computation redundant, on some pathrleaving
ANTIGn[n] # Must.
Hence,

Disabledn] < AVAIL[n] # Must A ANTIGq[n] # Must.

A noden prevents the code motion fervhen the motion is both desired and disabled. By way of conjunction,
we get the code motion-preventing condition:
Prevente@in] < Desiredn] A Disabledn]
& AVAlLy(n] = May A AVAILn[n] # Must A
ANTIGu[n] # No A ANTIGh[n] # Must

BecauseAVAlLy[n] = May, noden is neither a generator nor a kill node € D,n ¢ K, see Defini-
tion 4.1), from which one can show that

Preventefin] < AVAIlLy[n] = May A ANTIG[n] = May.

The predicat®reventefin] characterizes the smallest set of nodes that block the code motion. For the desired
code motion to be enabled, the blocking condition of these nodes must be “removed” via restructuring. The
Code-Motion-Preventing (CMP) Regi@the set of such nodes.

Definition 6.4 (CMP Region) Let G = (N, E, start, end) be a value name graph. TGP regionof G,
denotedG®, is a subgraph ot such thatG® = (N¥, E®, I, O), where
N¥ =4 {n € N | Preventefn]} nodes
E¥ =4 EN(N® x N%) edges
I=¢{(nm)c E|ng N Amec N¥}  entryedges
O=¢{(nm)cE|lnc N Am¢gN"} exitedges. O
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The entry and exit edges are used to attach a copy of the CMP region to the rest of the program during
restructuring. The set of CM@ntryedges,I, can be factored into two sets: entry edges on which the value
is available along all incoming paths or no incoming paths. These two sets are déMoaed IN:

Y(m,n) e ™. AVAlLgy[m] = Must calledMust entry edges,
V(m,n) € IN . AVAILoy{m] = No calledNo entry edges.

Similarly, exit edges can be factored into those on which the value is consumed (anticipated) along either all
outgoing paths or no outgoing paths. These two sets are detteahd ON:

V(m,n) € O™ . ANTIG,[n] = Must calledMust exit edges,
V(m,n) € ON . ANTIG,[n] = No called No exit edges.

Observe that eacteusethread must enter the CMP region througiast entry and leave through fust
exit. Similarly, afreethread must enter throughNo entry and leave through/so exit.

To explain how PRE(MR) removes obstacles presented by the CMP region, let us assume for sim-
plicity that the VNG contains only one name,+ b, which allows us to view the VNG as a CFG (i.e.,
threads coincide with paths). We will deal with multiple names once the central idea is clear. In PRE(MR),
the obstacles of the CMP region are removed by duplicating the entire region, as illustrated in Figure 6.7.
The goal of duplicating the CMP region is to factor thay-availability that holds in the original region
into Must-availability andNo-availability, each holding in one copy of the region. Affday-availability no
longer holds in the region, the paths wifust- and No-availability have been separated.

To see whyMay-availability can be split intoVlust- and No-availability in the two respective
region copies, observe that a) no region entry ed@géag-available, and b) the solution of availability within
the region depends solely on solutions at entry edges, because the value is neither computed nor killed within
the region. Hence, the desired factoring can be carried out by attaching to each region copy the subset of
either Must or No entry edges, which separates the offending paths, as shown in Figure 6.7(b). The exit
edges are duplicated and attached to both copies of the region. After the CMP region is duplicated, the
conditionPreventeds false on each node, enabling the desired code motion, as shown in Figure 6.7(c).

Let us remove the restriction that the VNG has a single value name. It is now possible that a CFG
noden prevents code motion of multiple names, denaged. . . , e, wherek > 1. Such a node (and its
duplicates) may need to be duplicated ugitmes, producing up t@* copies ofn. The first two copies of
n, denotedh s andny,, Separate the reuse/free pathségr After enabling the hoisting oé;, the paths
for the remaining names may still meetraj,s; and/ornpy.. Further duplication of these copies separates
both e; and e, paths, producing nodesyyst, must, must, Nos T No, Musts PNo,No- T NS pProcess continues until
there is a copy of for each subset of;, ... | ex.

Some of the node duplicates may not be necessary. For example, if reuse pathsdch those
of ey, then nodesi st nvo, vo,must NEE NOt be created. There are two alternatives how to restructure the
program and create only the needed nodes. The first is to restructure alongzname then recompute
AVAIL. If paths for some other name have been split in the process, Reeventedtondition will disappear.

The restructuring then continues with names wheiyentedpredicate still holds.

The PRE(MR) algorithm presented uses the second alternative: to avoid recomputiAthe
solution, it creates aft* copies of each node, to perform restructuring for all names simultaneously. Spurious
copies will be manifested as unreachable CFG nodes and will be removed in a cleanup phase. The PRE(MR)
algorithm has the following three steps:
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Figure 6.7:Removing obstacles to code motion via restructuring.
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1. Compute availability of generators and anticipability of us@ree computation of the two proh
lems is described in Chapter 4.

2. R: Remove the CMP region via control flow restructurifidie algorithm, shown in Figure 6.10
has three parts: node duplication (lines 1-12), edge adjustment (lines 13-17), and removal of
unreachable nodes (lines 18-24). The algorithm, as presented, builds a restructuréd CFG
from the original CFQZ. However, the algorithm can be easily altered to modifin-place.

The functionCMP(n) maps each CFG node into the set of value names that belong to the CMP
region atn. This function directs how many copies of each node are created at line 3: one copy
of each CFG node is created for each combinatioWa$t or No paths that must be separated at

noden, that is, one copy for each subset@¥P(n). Note that ifCMP(rn) is an empty set, only
one copy is created, denoteg, which is the case for thetart andend CFG nodes. Each node
is duplicated together with its dataflow solutioAgAIL and ANTIC. Lines 6 and 9 effectively
separate the reuse and free paths, by adjusting\tA¢L dataflow solution.

Given the duplicated nodes with adjust®dAIL solutions, line 15 places edges between nddes
with compatibleAVAIL solutions, creating the restructured CFG. Line 14 tests whether two |CFG
nodes have compatible solutions. Essentially, the test prevévitsaavailable node to be con
nected with aNo-available node, ensuring thafust and No paths are separated. Note that
AVAILou[m;] is the vector ofAVAIL solutions for all symbolic names froii. The lattice partial
order< was defined in Definition 4.5. The functign! : (E x 2%) — 2% permutes the name
in the dataflow vector, to reflect how the value names chang@atles. At separable VNGs, this
function is an identity.

)

Finally, unreachable nodes are detected using a work list algorithm, by propagating contrpl flow
from thestarty, the start node off".

Figure 6.8:The PRE(MR) algorithm.

Theorem 6.1 (Completeness of PRE(MR)PRE(MR) is optimal in that it minimizes the number of com-
putations on each path.

Proof. First, each original computation is replaced with a temporary (Eq. 6.1). Second, no computation is
inserted where its value is available along any incoming path. Hence, no user computation in the optimized
program is partially redundariil

Within the domain of the Morel and Renviose code-motion transformation, where PRE is ac-
complished by hoisting optimization candidates (but not hoisting any other statements) [MR79], PRE(MR)
achieves minimum code growthThis follows from the fact that after CMP restructuring, no node is un-
reachable and no program node can be removed or merged with some other node without destroying any
value reuse.

SQutside this domain, further code growth reduction is possible, for example, by moving some instructions out of the
CMP prior to its duplication.
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3. M: Optimize the program via code motioithe code motion transformation is carried out oy
replacing each generator computatien= (n, e) € D with a temporary variable. (eq. 6.1).
The temporary is initialized with a computation, which can be inserted at three different pajints:

Eq. 6.2: at eachNo-available edge that sinks ontoMay-available node. This insertion will
compensate the partial redundancy into the full redundancy. The insertion edge myst also
be Must-anticipated to verify that an optimized computation was hoisted to the insgrtion
edge.

Eq. 6.3: before each user computation that is not partially redundant.

Eq. 6.4: before eaclgeneratocomputation that is not asercomputation (e.g., a store instrug-
tion in redundant load optimization). Recall that such computations cannot reuse the value
although they can generate it.

The last two cases initialize temporaries for computations that have been replaced but have not
been hoisted.

Replacén,e) < (n,e) € D (6.1)
Insert(n,m)) < AVAlLou[n] = No A AVAIL[m] = May A ANTIC,[m] = Must

(6.2)

V AVAILp[m] = NoAm € U (6.3)

VmeD\U (6.4)

Figure 6.9:The PRE(MR) algorithm, continued.

Algorithm complexity. The cost of restructuring (Step 2) dominates the dataflow analysis (Step 1) and the
code motion (Step 3). Due to duplication, the size\8fmay beO(25) times larger tharV, whereS§ is the

number of VNG symbolic names. In practice, the algorithm was significantly slowed down only on some
very large procedures (of size more than 1000 nodes). This explosion is to be expected, due to the exponential
number of possible program paths. Yet, PRE(MR) is very successful in reducing code growth. As will be
shown in Section 6.3.1.4, its code growth is less than half of that caused by PRE(R).

6.3.1.2 PRE(M): Code motion

Besides enabling an efficient complete PRE, the abstraction of the CMP region also facilitates an
intuitive formulation of an optimal code-motion PRE. Recall from Section 6.2 that PRE(M) is optimal when

a) it achievedest staticoptimization, i.e., it removes all redundancies that can be optimized with code
motion alone, and

b) itis live-range optimal, i.e., the live ranges of inserted temporary variables are as short as possible.

Existing optimal algorithms [DS93, KRS94b, CCR7] work in two phases.
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control flow graph G = (N, E, start, end)
value name graph G = (N, E, S)
CMP region G¥ = (N¥, E¥ IN, OUT)

Output:

CFG G" = (N, E", starty, endy)

Auxiliaries:

CMP : N — 25 CMP(n) = {e|(n, e) € N¥}

CreateN": duplicate CMP nodes and adjust their dataflow solutions
for eachn € N do
for each C € 2" do
copy the CFG node, including its dataflow solutions AVAIL, ANT
make a copy of n, denoted n’
add n' to N”
for each e € C do
AVAILjp[(n') e)] := AVAILou[(n', e)] := Must
end do
for each e € CMP(n) \ C do
AVAILp[(n', e)] := AVAILow[(n', €)] := No
end do
end do
end do

CreateE": connect the (new) nodes "
for each pair (m;,n;) such that (m,n) € E do
if AVAILou[mi] <% (.. . (AVAILp[n;]) then
add (mi,n;) to E”
end if
end for

Remove frontz" nodes unreachable frostart;, the start node of7".
add start; to Reachableadd start; to worklist
while worklistis not empty do
remove a node n from worklist
A :={m|(n,m) € E" A m ¢ Reachablg
Reachable= ReachableJ A;worklist := worklistu A
end while
N7 := ReachableE" := E" N (Reachablex Reachablg

3

C
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Figure 6.10:The R phase of PRE(MR):remove the CMP region via control flow restructuring.
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1. Partially redundant computations are hoisted as high as permitted by code-motion obstacles. Such a
transformation produces the best static optimization.

2. Hoisted computations are rolled back as low as possible without undoing the optimization. Such a
transformation results in the best static optimizatwth the shortest live ranges of temporaries.

In [KRS92, KRS94b], the two phases are calbesycode motion anéhzy code motion, respectively.

The two-phase approach complicates the comprehension of the algorithm, for two reasons. First,
being an artifact of the dataflow equations, the busy code motion looks different (and hence counter-intuitive)
than the desired final transformation. Second, although the lazy code motion is a separate, corrective step, it
has to be considered in concert with the first phase to be understood.

In contrast, our PRE(MR) algorithm operates in a single phase. It retains the single-phase property
even when its restructuring component is disabled, which makes it a PRE(M) algorithm. Such a constraint
provides a natural formulation of an optimal code motion. Most importantly, PRE(M) is derived from the
same framework as our other PRE algorithms (i.e., it is based on the CMP region aWdshé/ay-No
lattice), and hence it can be inexpensively implemented as a special case of a more general PRE algorithm.
We also note that the computational cost of our PRE(M) is equal to that of the two-phase algorithms.

First, we explain why PRE(MR) is a single-phase algorithm. Next, we show how to restrict
PRE(MR) to PRE(M) without losing the intuitive single-phase property. The two-phase PRE hoists ag-
gressively until code motion is blocked. In other words, hoisting continues upwards even after the hoisted
computation has been hoisted from its reuse path. Such a blind hoisting overshoots, and hence is corrected
by the second phase, which rolls back (delays) the hoisted computations .

In contrast, the PRE(MR) algorithm hoists only as far as necessary. The hoisting stops as soon as
the hoisted computation leaves its reuse path. The hoisting is steaplgdthanks to our more expressive
lattice: hoisting continues whil&VAIL is May (still on a reuse path), but stops as sooAdAIL turns toNo
(no longer on a reuse path) dMust (on a reuse path but fully redundant). Stopping early results in shortest
live ranges, avoiding the need for roll-back of insertions.

To derive PRE(M) from PRE(MR), one needs to do more than disable restructuring of the CMP
region. Our PRE(M) is based on the observation that the reuse flowing across the CMP region is exactly
the reuse that code motion cannot exploit. The critical issue thus is how to prevent hoisting into paths that
emanate from exits of a CMP region (such hoisting is precisely what would have to be rolled back). It is
sufficient to ensure thaVAIL on a CMP exit is alway#Jo, indicating that no reuse is available to code
motion across the region. This is the only modification of PRE(MR) needed to derive PRE(M).

The PRE(M) algorithm uses the dataflow propefAIL", which holds when a value exploitable
by code motion is available at a node. TARTIC property is as in PRE(MR).

Definition 6.5 (Availability of Generators Accessible to Code Motion) The M-availability ofe at the en-
try of n w.r.t. the incoming paths is defined as:

Must if e is available alon@ll paths fromstartto n,
AVAILY [(n,e)] = { May if e is available alongomepaths fromstartto n,
No if e is available only along paths that contain a node from a CMP region.

O

It can be shown tha&VAILY [n] € {Must, May} iff all reuse flowing ton can be removed with code motion.
To summarize, PRE(M) has two steps: dataflow analysis and code motion.
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1. Compute availability of generators, anticipability of useM/e compute the standard anticipahji
ity, as in PRE(MR). Availability accounts for the killing effect of CMP nodes, which are treated
as kill nodes. The flow function for th&VAILM problem follows. The third line kills reuse it

is a CMP node.
Must if n € D, (value generated)
ful) No if n e K, (value killed)
() = . .
No if Preventefin], (CMP region)
x otherwise.

2. M) Optimize the program via code motio@iven a maximal fixed point solution &NTIC and
AVAILM , the transformation proceeds as in PRE(MR), exceptAkaliL" replacesAVAIL

Figure 6.11.The PRE(M) algorithm.

Theorem 6.2 (Computational optimality of PRE(M)) Given the restriction ofimmutable shape of the con-

trol flow graph, PRE(M) achieves optimization thabisstunder code motion.

Proof outline. The proof is based on showing that any reuse that remains after PRE(M) requires crossing the
CMP region and hence code motion would be blockedl

To understand the concept behind the PRE(M) algorithm, we need only to understand the definition of
AVAILM and its flow function.

While PRE(M) is easy to understand, it requires computation of three dataflow protA&msd,

AVAIL, andAVAILM), each requiring two bits in dataflow vectors per value name. In contrast, equivalent
two-phase algorithms compute three problems of one bit each (availability, anticipability, delayability). Next,
we show how to compute PRE(M) with the same efficiency. The efficiency is improved by computing not
AVAILM but a “weaker” predicate that requires only one bit.

To computeAVAILM , we need the solution &fVAIL andANTIC, which are required by the predi-
catePrevented To avoid computing botAVAIL andAVAILM , it is tempting to combine the detection of CMP
nodes and their killing effects into a single dataflow problem. The following transfer functiokvisi_"
does exactly that; thBreventedoredicate does not use the valueAfAIL, but instead it uses the value of
AVAILM that is being computedWAILM appears as the valug in the third line).

Must if n € D,

flz) = No ifne K,
" ) No  if & = May A ANTIGn[n] = May, Preventein]
x otherwise.

It can be shown that the maximal fixed point solutionsfipand !, are both equal tBVAILY . Unfortunately,

f1, is not monotone: giveANTIC,[n] = May,z; = Must,z» = May, we haver; J z, but f,(x1) =

Must 2 f.(xz2) = No. Therefore, an iterative dataflow solver may produce (conservatively) imprecise
values ofAVAILM [KU77], i.e., we may obtain the solutioWay instead ofNo.
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Instead, we define another availability property, den®eééliL, which is “weaker” thamAVAILM
but sufficient for computing thinsertpredicate correctlyAVAILY is defined as follows:

AVAILM = Must =4 AVAILM = Must (6.5)
AVAILY = May =4 AVAILM = May (6.6)
AVAILM = No =4 AVAILM = No v ANTIC= No (6.7)

It can be shown tha&VAILM can be used instead AYAIL in the predicaténsert, without changing its value.
The reason for the condition 6.7 is th&YAILM can be computed efficiently using three Boolean
(i.e., one-bit) problemsAN 41, AV, andAVseme defined as follows:

ANy Sdf ANTIC = Must
A &q¢ AVAILY = Must
AVsome ©at AVAILY £ No

Clearly, the paiAVa, AVsome expresses the solution 8%AILM . The true and false values are denoted
and_L, respectively.

AVAILM = Must & (AVai, AVsomd = (T, T)
AVAILM = May & (AVar, AVeomd = (L, T)
AVAILM =No & (AVar, AVeomd = (L, 1)

To computeAN i, AVai, andAVseme We observe thalNy is the well-known (Boolean) must-anticipability
property, which holds when the value is anticipated along all outgoing paths. Simisglyis the must-
availability, which follows fromAVAILZ[ = Must << AVAIL = Must, which in turn follows from the
fact that noMust-available node is in the CMP region.

OnceANg andAVy, are solvedAVsomeis computed with the following transfer function.

if n e D,

ifneK,

if AVat = L AANg = L, Preventeg, [n]
otherwise.

faveond ) () =

S

It can be shown thafay,,..indeed computes the maximal fixed point Rvsome(fav.,.. IS false iff all incoming
paths either have no reuse or are Matst-anticipated, or they kill the reuse withf or a CMP node).
Intuitively, the conditiorPreventeg, is weaker tharPreventedi.e., it is true more often)

Prevented <4 AVai = LAANg =L
&g AVAIL # Must A ANTIC # Must
Prevented <  AVAIL= May A ANTIC = May

Therefore, the weaker condition kills reuse at CMP nodes and some other nodes as well. However, both are
equivalent for our purpose, as it is safe to kill when there is no refi¢AIL = No) or when there is no
hoisting ANTIC = No). The weaker predicaterevented, is beneficial because computing and testing non-
Must requires one bit, while two bits are required to tefsty. As a result, we obtain the same implementation
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complexity as the algorithms in [DS93, KRS94b]: three data-flow problems must be solved, each requiring
one bit of solution per expression.

In conclusion, the CMP region is a convenient abstraction for terminating hoisting when it would
unnecessarily extend the live ranges. It also provides an intuitive way of explaining the shortest-live-range
solution without applying the corrective step based on delayability [KRS94b]. Furthermore, the CMP-based,
motion-only solution can be implemented as efficiently as existing shortest-live-range algorithms.

6.3.1.3 PRE(R): Restructuring

PRE(R) removes all redundancies, relying exclusively on path separation. As mentioned above,
PRE(R)’s aggressiveness is undesirable because it duplicates code when the more economical code motion
could be used instead. We present PRE(R) here in order to explain more formally why some duplication
is unnecessary, and also because it is used in this subsection as a reference point for our experiment that
compares the code growth of PRE(M), PRE(MR), and PRE(R).

PRE(R) turns partial redundancy into full redundancy not by compensating the partial redundancy,
but by separating out reuse paths. Compared to PRE(MR), however, reuse paths are separated not only where
they meet aree path—a requirement for enabling code motion—but all the way to the partially redundant
computation, which causes more code growth than PRE(MR). Formally, while PRE(MR) duplicates when

Preventefin] = AVAILn[n] = May A ANTIG,[n] = May,
PRE(R) duplicates when a reuse is only partial

PartialReusén| = AVAILn[n] = May A ANTIG,[n] # No
= Prevente@in] vV (AVAIL[n] = May A ANTIG,[n] = Must)

That is, PRE(R) duplicates nodes on whaWAILj,[n] = May A ANTIG,[n] = Must. On these nodes, the
partially redundant computation could instead be hoisted.

PRE(R) can be expressed as a form of PRE(MR), in which the restructuring phase duplicates Mot only
the CMP region, but its supersgt | PartialReusén]}.

1. Dataflow analysisAs in PRE(MR).

2. R) Restructuring:As in Figure 6.10, except that line 2 duplicates node for wiflahialReusés
true.

3. Optimization:No code motion, as all computation are either fully redundancy on not redundant;
merely remove fully redundant computations. Still, predicétesrt andReplaceremain as in
PRE(MR).

Figure 6.12:The PRE(R) algorithm.

There are at least three algorithms that fit the PRE(R) category [Weg75b,Weg75a, Ste96]. Although
not formulated via region duplication, they peel off reuse paths. To decide where the redundancy is only
partial, all of them use a form &VAIL.
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Figure 6.13:Code growth of the three profile-independent PRE algorithms.

6.3.1.4 A code growth experiment.

The purpose of the experiment is to evaluate the performance of PRE(MR) in terms of reducing the
code-growth cost incurred by PRE(R). Both PRE(R) and PRE(MR) effect a complete removal, but PRE(MR)
should duplicate less code in practice. Figure 6.13 compares their code growth. Indeed, combining code
motion with restructuring reduces the amount of duplication to less than one half of the pure restructuring
approach. On average for oupS95 benchmarks, our PRE(MR)algorithm was able to reduce the code
growth of PRE(R) from 80% to about 33%.

Compare the ratio of PRE(R)/PRE(MR) code growth on the integer (INT) versus the floating-point
(FP) benchmarks. The scientific FP programs exhibit more regular control flow structure than the control
flow sensitive INT programs (they have relatively more loops than if statements) and so code motion is more
successful on FP, requiring little restructuring. In other words, using pure restructuring on the FP programs
was more of an overkill than on the INT programs. In fact, as will be shown in Section 6.6, on FP benchmarks
code motion alone was able to remove nearly all redundancies (measured as the dynamic amount).

In our experiment, the code size was measured as the size of basic blocks (i.e., the number of
instructions in the basic block). The final code size did not include the amount of inserted statements (see the
Insertpredicate), which may also grow the program code slightly. For this reason, in Figure 6.13, the code
growth of PRE(M) is shown to be 0.

The code growth of both PRE(MR) and PRE(R) depends on the amount of redundancies and the
shape of their reuse paths. In this experiment, the value-flow representation was very restricted; it detected
only the class of lexically identical arithmetic expressions (as is common in traditional PRE). Namely, a
three-address instructianop b was considered partially redundant when it was preceded on some control
flow path by an identical instructionop b, anda, b were not redefined since that previous computation. The
operatoopwas any arithmetic and logic operator in the PlayDoh [KSR94] instruction set. Loads, stores, and
conditional branches were not analyzed.

On some large procedures, the code growth exploded beyond practical means. To make the ex-
periment feasible, the algorithm was terminated when the procedure size reached 3,000 instruction. The
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comparison of the two algorithms was made only on procedures that did not exceed the limit, in either algo-
rithm.

Despite decreasing the cost of PRE(R) to less than a half, PRE(MR)’s growth (33%) is still a very
significant code increase. In a production compiler, the allowable growth ranges around 20% [ASG97]. Keep
in mind also that the code size is a precious resource, much like processor registers; the code-growth budget
needs to be shared among procedure inlining and loop unrolling, which typically have higher payoffs than
PRE and hence would be allocated a larger fraction of the budget. Furthermore, recall that our experiment
targeted only the lexical redundancies; using the VNG representation, PRE(MR) would grow the code much
more than 33%.

In conclusion, because the PRE(MR) algorithm achieves the smallest possible code growth (within
the Morel-Renviose domain), we conjecture that, with known program transformation methods, further code
growth reduction must be achieved via sacrificing some reuse opportunities. However, in the absence of
profile information, code growth cannot be further reduced without impairing the optimization. This obser-
vation suggests the necessity of profiling, which selects opportunities to be sacrificed. Profile-guided PRE is
developed next.

6.3.2 Profile-guided transformation

While the CMP region is the smallest set of nodes whose duplication enables the desired code
motion, its size is often prohibitive in practice. In this section, relying on the profile for estimation of the
run-time optimization benefit, PRE is made more practical by avoiding code replication that is

e unprofitable (PRE(Mr): too little benefit for too much duplication) Section 6.3.2.2, or
e can be replaced with careful speculative impairment of free paths, Section 6.3.2.1, or

e both, Section 6.3.2.3.

6.3.2.1 PRE(MS): code motion + speculation

Once PRE is profile-driven, the measurdefbtoptimization changes. Rather than improving each
path as much as possible, the goal is to minimize the overall number of dynamic optimizations, as measured
by the supplied profile (recall Definitions 6.2, 6.3). PRE(MS) is an algorithm that finds suchbeshic
optimization. While PRE(MR) is optimal in the absence of profile information (in that is minimizes code
growth), PRE(MS) is optimal in theresencef run-time profile (in that it maximizes the dynamic benefit for
a given profile).

Because PRE(MS) is profile-driven, it is also speculative in another sense: since the program is
optimized under a specific run-time profile (and therefore also under a specific program input), we provide
no guarantee that the transformation will actually not slow the program down for another input. However,
our preliminary experiments indicate that PRE(MS) is extremely stable across various profiling inputs.

Next, we describe the principle of combining code motion with speculation. In PRE(M), hoisting
of a computatiore is blocked whenever it would enter a free patthat does not compute in the original
program. Suclspeculativecode motion is disabled because executrgjong pathp could

1. raise spurious exceptions when compu&n@.g., overflow, page fault), and

2. outweigh the dynamic benefit of removing the original computation of
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® AVAIL=Must
O AVAIL=No
ex(e2)
M B ANTIC=Must
_ speculative O ANTIC=No
_ code motion
Optimization benefit:
-ex(e2)  --insertion
+i -
ex(ed) rex(ed) - removal
ex(e4)-ex(e2)

Figure 6.14:PRE(MS): a simple version of speculation-profitability test. Optimal speculation is found
using estimators from Chapter 5.

Of course, the first restriction does not hold for instruction that cannot cause exceptions, such as additions or
memory operations that can be proven to access a valid address. Excepting instructions can be optimized with
modern processors, which suppdetayed exceptiori®ul98]. Special versions of excepting instructions are
provided which suppress raising the exception until the generated value is actually used $8|CB'sing
delayed exceptions in PRE is a simple extension described in Section 6.5.2.

The second problem is harder. To guarantee that speculation is profitable, PRE(MS) utilizes the
CMP region to determine the positions of speculative insertion points that

e make speculation profitable, and

e minimize live ranges of temporary variables.

Figure 6.14 illustrates the PRE(MS) algorithm. While the version of the algorithm discussed here is not
computationally optimal (it does not maximize the benefit), it illustrates well the principle of combining code
motion and speculation.

In PRE(MS), instead of duplicating the CMP region, we hoist the expression inkpedvailable
entry edges. This makes all exits fully available, enabling complete removal of original computations along
the Must exits. In the exampleg + b is moved into theVo-available region entry edge. This hoisting is
speculative because+ b is now executed on each path going throeglandes, which previously did not
contain the expression.

To determine whether such a speculative hoisting is beneficial, we examine the execution frequen-
cies of entry and exit edges, as follows. After the speculative hoisting, the dynamic amount of computations
is decreased by the execution frequefiey (e, ) of the Must-anticipated exit edge (following which a com-
putation was removed), and increased by the frequétgye,) of the No-available entry edge (into which
the computation was inserted). Speculation is profitable if the insertion is less frequent than the removal, i.e.,
the total execution frequency ddust-anticipable exit edges exceeds thal\af-available entry edges.

The algorithm sketched above is not computationally optimal. Optimality is achieved via two
observations. First, it is not necessary to speculate int&/alentry edges. When &ust exit cannot be
reached from dVo entry, the entry need not be speculated to enable the optimization of that exit. If the
entry has a high frequency, avoiding its speculation may increase the difference between improvement and
impairment. Consider Figure 5.6(c) in the previous chapter. It is more profitable to speculate only into the
(g, h) entry (benefitis 30); speculating to &b entries yields a benefit of 10.

Second, CMP entries are not the only possible speculation points [Tu99]. Optimal speculation
points may lie within the CMP region. Consider Figure 5.6(d), but assume thaitk. solution on CMP
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entries is reversed (i.e(f, h) is No-available, andg, k), (g, k) are Must-available). In such a modified
program, it is more profitable to speculate into the inner gdge), at the benefit of 15, than into the entry
edge(f, h), at the (negative) benefit of -5.

The two observations lead to the main result about PRE(MS):

Theorem 6.3 The maximal benefit of speculation equals the lower bound of the most precise estimator.
Proof outline. Recall that the lower bound of an estimator is computed as the frequency bfuthteexits

minus the frequency of reuse that candtelenfrom the No-entries. The proof is based on showing that
without speculation all the stolen reuse must be “covered” with (speculative) insertions. In other words, all
No-available paths through the CMP region must be m#dst-available via (speculative) insertioris.

This constructive proof directly suggests the PRE(MS) algorithm. The central idea is to place the insertions
at the least frequent set of CMP edges that ensure thMadt-exits areMust-available. This set of edges

is found using the estimator algorithm. Namely, the optimal speculative insertions are those edges that are
saturated in the network flow problem computed by the GM&timator. If a path through the CMP contains
multiple such edges, we select the one closest to the exits to obtain shortest live ranges. To summarize, an
estimator computes not only the maximum speculation benefit, but also determines the insertion points.

1. Dataflow analysisAs in PRE(MR).
2. S)speculation.

(a) Compute the CMPestimate. (CMP computes the tightest estimate for a separable VNG,
for a single computation. Hence is lower bound computes the maximum speculation bene-
fit.)

(b) Find the min-cut on the flow netwo(lk\IM, XM), such that the edges in the min-cut are as
close toX™ as possible. These will become the insertion edges.

3. Recompute dataflow analysidd the new speculative insertion points infband recompute
AVAIL

4. M) code motionSame as in PRE(M).

Figure 6.15:The PRE(MS) algorithm.

An important consequence of Theorem 6.3 is that the best speculation can be found from the edge
profile. The speculative benefit is independent from branch correlation and edge profiles are as precise as
path profiles in the case of speculative-motion PRE.

Corollary 6.1 (Edge profile is S-precise)Edge profile is sufficient to find the optimal optimization that uses
speculation (but not restructuring).

Proof outline. The proof follows from the fact that PRE(MS), an algorithm driven by edge profile, results in
best dynamic PRE. O
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6.3.2.2 PRE(Mr): Selective restructuring

PRE(Mr) extends PRE(MR) binhibiting restructuringin response to code duplicati@ostand
the expected dynamlzenefit The resulting profile-guided algorithm duplicates a CMP region only when the
incurred code growth is justified by a corresponding run-time gain from eliminating the redundancies.

We model the profitability of duplicating a CMP regidhwith a cost-benefit threshold predicate
T(R), which holds true if region’s optimization benefit exceeds a constant multiple of the region size. Our
metric of benefit is the dynamic amount of computations whose elimination will be enable®asteupli-
cated, which we denofRen{R). That is,

T(R) <4 Ren{R) > c . sizd R) wherec is a constant parameter.

WhenT (R) = true for each regionR, the algorithm is equivalent to the (complete) PRE(MR). When
T(R) = falsefor each region, the algorithm reduces to the code-motion-only PRE(M).

Obviously, the predicat& determines only a sub-optimal tradeoff between exploiting PRE oppor-
tunities and limiting the code growth. In particular, it does not explicitly consider the instruction cache size
and the increase in register pressure due to introduced temporary variables. We have chosen this fiorm of
order to avoid modeling complex interactions among compiler stages. In pracigesually supplemented
with a code growth budget (e.g., in [ASG97], code is allowed to grow by about 20%).

The benefitRen{R) of a CMP region is computed using an estimator, which bounds the reuse
flowing across a CMP region. In PRE(Mr) we assume that the entire connected region is duplicated (as
compared to the possibility of copying some paths from the region, or the entire CMP region). Therefore, the
CMP* estimator is the appropriate one to use for computing (the boundReofR).

The algorithm PRE(Mr) that duplicates only profitable CMP regions is given below. It is struc-
tured as its complete counterpart, PRE(MR): after dataflow analysis, we proceed to eliminate CMP regions,
separately for each value narae While in PRE(MR) it was sufficient to treat all nodes from a single CMP
together (all of them were duplicated), selective duplication benefits from dividing the CMP into disconnected
subregions, as is done in the CKM&stimator. After all profitable regions are eliminated, the motion-blocking
effect of CMP regions remaining in the program must be captured. All that is needed is to apply the PRE(M)
on the improved control flow graph. Hoisting that remains to be prevented by some CMP node after the
selective restructuring was performed, will be avoided by recomputing the M-availaBMgIi}), which
forcesNo-availability whenever a CMP is detected.

Our PRE(Mr) algorithm does not address the important problem of which narsiesuld be re-
structured first. Because each CFG node may be duplicated multiple times, causing its exponential replica-
tion, it is desirable to optimize most beneficial reuse paths first, before there are too many copies of each
node. One possible heuristic is to order names (in line 1) based on the reuse computed with an estimator. Per-
forming PRE(Mr) optimally (i.e., maximiz&en{R) while guaranteeing thaf (R) holds) seems NP-hard,
due to the need to consider multiple names simultaneously.

In Chapter 5, edge profiles were used to estimate the b&weafiof duplicating a region. An alter-
native is to us@ath profiledABL97,BL96a], which are convenient for establishing cost-benefit optimization
trade-offs when restructuring must be used. To arrive at the value of the region benefit with a path profile, it is
sufficient to sum the frequenciesbust-Must paths, which are paths that cross any region entry edge that is
Must-available and any exit edge thathéust-anticipated. These are precisely the paths along which value
reuse exists but is blocked by the region. While there is an exponential number of profiled acyclic paths, only
5.4% of procedures execute more than 50 distinct path®ac® [GBF97b]. This number drops to 1.3%
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1. Dataflow analysisAs in PRE(MR).

2. r) Partial restructuring:remove profitable CMP regions.

1 for each computation e, in some benefit order do

2 for each connected subregion R; of CMP[e] do
determine optimization benefitem(R;)

3 carry out frequency analysis of AVAIL on R; using CMP*
if subregion is profitable, duplicate it

5 if T(R;) then duplicate R;

6 end for

7 end for

3. M) Code motionPerform PRE(M), including the recomputation®fAILM .

Figure 6.16:The PRE(Mr) algorithm.

when low-frequency paths accounting for 5% of total frequency are removed. Since we can afford to ap-
proximate by disregarding these infrequent paths, summing individual path frequencies constitutes a feasible
algorithm for many CMP regions. Furthermore, because they encapsulate branch correlation, path profiles
compute the benefit more precisely than frequency analysis based on correlation-insensitive edge profiles.

Sub-CMP restructuringMoreover, the notion of individual CMP paths leads to a better PRE(Mr).
Considering the CMP region as an indivisible duplication unit is overly conservative. While it may not be
profitable to restructure the entire region, the region may contain a few pétksMust paths that are
frequently executed and are inexpensive to duplicate. Our goal is to find the largest subset (frequency-wise)
of region paths that together pass the thresholdtégt). An example illustrating the PRE(Mr) algorithm is
givenin Figure 6.17. The table in the figure lidtsist-Must(i.e., optimizable) paths that have been executed
at least once, together with their execution frequencies. The table also lists the size of each basic block and
shows which basic blocks must be duplicated to enable optimization of a given path. The task is to select a
subset of paths such that the benefit (i.e., the sum of their frequencies) and th epath duplication cost (i.e., the
sum of sizes of selected basic blocks) satisfy the prediEai® with the constant = 1. Selecting paths 1,

2, and 4 satisifie'(R); the benefit is 50 and the cost of duplicating basic blagk®, R, S, T is 45.

The task ofpartial restructuringis to localize a subgraph of the CMP that has a small size but
contains many hoMust-Must paths. By duplicating only such a subregion, we are effectively peeling off
only hot and short paths. In Figure 6.2(e), only the (presumably hot) path through th@ vealeseparated.

Again, the problem of finding aoptimal subregion, one whose benefit is maximized but passe% tig
predicate and is smaller than a constant budget, seems NP-hard. Furthermore, path separation for multiple
expressions simultaneously should be considered. However, the empirically very small number of hot paths
promises an efficient exhaustive-search algorithm.

6.3.2.3 PRE(Msr): motion + selective restructuring + selective speculation

PRE(Msr) integrates both restructuring and speculation. It can either select a profitable subgraph of
the CMP for each, or restructure to enable speculation (similarly to how restructuring enables code motion).
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CMP([c+d]) profitable part of CMP([c+d])

4

4

&) source program b) after optimal PgPRE

non-zero-freq. path | _ basic block (size)

(&)

Q
Must-Must freq. | 3| O | P|Q|R|S|T
path 25|50 55|55
1: [3,Q,0] 20 |y X
2:14,5,1T,0,a] 20 |y || X X | X
3:[4,S,T,0,P,Q,b] | 10 X | X | X X | x
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Figure 6.17:An example of PRE(Mr). AssumeT'(R) parameterized = 1. Tightening code-growth
constant ta: = 0.5 results in the program in Figure 6.2(e).

This section presents the principles that can lead to an efficient heuristics, based on path profiles, as in the
sub-CMP version of PRE(MR).

Integrating partial speculation and restructuring offers additional opportunities for improving the
cost-benefit ratio. We are no longer restricted to peeling offMost-Must paths and/or selectinfyo-
entries for speculation. When the high frequency d¥@ entry prevents speculation, we can peel off a
hot No-available path emanating from the entry, thereby reducing entry edge frequency and allowing the
speculation, at the cost of some code duplication.

Figure 6.18(a) shows an example program annotated with an edge profile. Because peeling hot
Must-Must paths from the highlighte@MP([c + d]) would duplicate all blocks except we try speculation.
To eliminate the redundancy at the CMP exit edgwvith frequencyez(Y") = 100, a computation must be
inserted intoNo-entriesB andC'. While B is low-frequency (10)C' is not (100), hence the speculation is
disadvantageous, @3 (Y") = 100 < ex(B) + ex(C) = 10 + 100. Now assume that the exit branch in
@ is strongly biased and the pah (0, X has a frequency of 100. That is, after edges executed, the
execution will always follow taX. We can peel off thigVo-No path, as shown in (b), effectively moving
the speculation poinf’ off this path. After peeling, the frequency 6f becomes 0 and the speculation is
profitable,ex(Y) = 100 > ex(B) + ex(C) = 10 + 0.
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Figure 6.18:An example of PRE(Msr) optimization.

To summarize the relationship between the three profile-guided approaches, the overall goal is to
enable for code motion a maximum of paths with value redies¢-Must paths). This can be done by peel-
ing the path from the region, at the cost of duplicating all basic blocks in the path. The duplication cost may
be shared among various duplicated paths. Alternatively, partial speculation enables reuse atsg-all
Must paths sinking into d/ust exit, by inserting the computation into an appropriate séfoentry edges.
Finally, the cost of speculating at an entry can be reduced by peeling\aff/do path.

It remains to be shown that all PRE algorithms presented in this section are live-range optimal.

Theorem 6.4 (Shortest live ranges)Given the CMP-restructured (or original) control flow graph, PRE(MR)
(PRE(M)) is optimal in that it minimizes the live range lengths of inserted temporary variables.

Proof. An initialization pointinsertcannot be delayed either because it would become partially redundant,
destroying completeness, or because its temporary variable is used in the immediate suidcessor.

6.4 PRE for an arbitrary VNG

We present here the extension of the PRE(MS) algorithm for the general VNG representation. We
restrict our attention to this algorithm because our experiments suggests that it is most practical of all. It
achieves near complete redundancy removal of redundancies at zero code growth, and it is simple to imple-
ment (no restructuring is needed).

6.4.1 Code motion + speculation

PRE(MS) for general VNGs proceeds as PRE(MS) for separable VNGs. It relies on an estimator to
determine where to place the speculative insertions in the CMP regions. Unfortunately, even though all five
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Figure 6.19:Reducible restructuring.

estimators in Chapter 5 were in both the separable and the general form, not all general estimators are suitable
for determining the placement of insertions. The reason is that the two best estimators éaMemMF)
are based on computing maximum flow on a network whose structure does not directly reflect the CFG of the
program, and hence the saturation of the network edges cannot be used as a criterion for the insertion, as it
was in the separable PRE(MS).

Fortunately, the CMPestimator supports the necessary speculation decisions. As our experiments
show, its lower bound is almost as precise as that of Clélifitl hence the reliance on CKBoes not seem
to be much of a sacrifice.

The general PRE(MS) algorithm reflects its underlying GM®Rtimator. Its insertion candidate
points are the entries of the CMP region, but not the inner CMP edges. Each connected CMP region is
estimated separately. When its lower bound is greater than zero, then the speculation across the connected
region is beneficial and the algorithm inserts speculative computation into all ZdAéhtries.

6.5 Miscellaneous issues

This section covers a two PRE issues that mainly concern the implementation in a production
compiler. First, we sketch how to deal with the irreducibility of the CFG that may be introduced by the
restructuring-based algorithms. Second, we outline how to adapt speculation-based algorithms for exploiting
the control speculation features of the I1A-64 processor architecture [Dul98].

6.5.1 Reducible restructuring

Duplicating a CMP region may destroy reducibility of the control flow graph. In Figure 6.2(c),
for example, PRE(MR) resulted in a loop with two distinct entry nodes. Even though PRE(R)preserves
reducibility on the same loop (Figure 6.2(b)), like other restructuring-based optimizations [AL98, BGS97b,
Ste96], it is also plagued by introducing irreducibility. One way to deal with the problem is to perform
PRE after all optimizations that require single-entry loops. However, many algorithms for scheduling (which
should ideally follow PRE) rely on reducibility.
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After PRE(MR), a reducible graph can be obtained with additional code duplication. An effective
algorithm for normalizing irreducible programs is given in [JC96]. To suppress an unnecessary invocation of
the algorithm, we can employ a simple test of whether irreducibility may be created after a region duplica-
tion. The test is based upon examining only the CMP entry and exit edges, rather than the entire program.
Assuming we start from a reducible graph, restructuring will make a Ibageducible only if multiple
CMP exit edges sink intd., and at least one region entry is outsitl€i.e., is not dominated by.'s header
node). If such a region is duplicated, target nodes of region exit edges may become the (multiple) loop entry
nodes. Consider the loop in Figure 6.19(a). Two of the three exi@®MWiP[a + b] fall into the loop. After
restructuring, they will become loop entries, as shown in Figure 6.2(c).

Rather than applying a global algorithm like [JC96], a straightforward approach to make the af-
fected loop reducible is to peel off a part of its body. The goal is to extend the replication scope so that the
region exits sink onto a single loop node, which will then become the new loop entry. Such a node is the
closest common postdominator (within the loop) of all the offending region exits and the original loop entry.
Figure 6.19(a) highlights node+d whose duplication after CMP restructuring will restore reducibility of the
loop. The postdominator of the offending exits is ndglevhich becomes the new loop header.

6.5.2 Spurious exceptions

The IA-64 architecture [Dul98] introducegelayed exceptiong mechanism to support control
speculation of instructions that may raise exceptions, such as divisions or memory access instructions. In
general, when the compiler reorders these instructions in a way that they may be executed on paths that
would not execute them in the original program (e.g., they are hoisted above a conditional branch), their
exception may be spurious, which changes the semantics of the original program. As was mentioned in
Section 6.3.2.1, speculative PRE in particular introduces the problem of spurious exceptions.

To preserve the semantics, 1A-64 allows an raised exception ttelaged: when the excepting
instruction is marked adelaying its exception is suppressed and propagated as a special flag attached to the
register that stores the result of the excepting instruction. The delayed exception may be raised later, when
some instruction marked astchingreads from the flagged register. Such an exception-catching instruction
is usually placed in the original program point of the reordered (excepting) instruction, so that the exception
is raised exactly when it would be in the original program.

In the PRE context, two steps must be performed to allow speculation of excepting instructions on
the 1A-64 architecture.

1. Speculative inserted computations that may raise exceptions must be madedaya@sg This step is
trivial in all our speculation-based algorithms.

2. The delayed exceptions must &gughtin a way that preserves exception semantics. This can be ac-
complished by marking as catching aemodes that can consume the value produced by a speculative
insertion point. Recall that all user computations are replaced with temporaries, so the exceptions will
be caught with copy instructions of the foum= ¢, wheret is the temporary.

6.6 Experiments

The experiments evaluating the transformation algorithms were performed using the HP Labs
VLIW back-end compileelcor, which was fed 8EC95 benchmarks that were previously compiled, edge-
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Figure 6.20:Relative completeness of three PRE algorithms.

profiled, and inlined (only BEc95(int)) by thelmpactcompiler. Table 6.1 shows program sizes in the total
number of nodes and expressions. Each node corresponds to one intermediate statement. Memory require-
ments are indicated by the colummax space, which gives the largest nodes-expressions product among

all procedures. The running time of our rather inefficient implementation behaved quadratically in the num-
ber of procedure nodes; for a procedure with 1,000 nodes, the PRE time was about 5 seconds on PA-8000.
Typically, the complete PRE ran faster than the subsequent dead code elimination.

The first experiment compares the removal power (i.e., completeness) of three PRE algorithms
on removal of redundant load instructions. The VNG served as the value-flow program representation for
the experiment. The plot in Figure 6.20 shows the dynamic amount of computations removed by PRE(M),
PRE(MS), and PRE(R)(and hence also PRE(MR)). Clearly, the following relationship holds

PRE(M) < PRE(MS)< PRE(MR)= PRE(R)

wherea < b means: removes no more computations thtaim dynamic term$. The first experiment answers
this relationship in quantitative terms.

In the graph, the removal power is normalized on the power of Global CSE, ansathsitive
algorithm for redundancy elimination. The graph exposes three important points.

1. Due to the normalization of the amount of reuse, the (dynamic) reuse below 1.0 is path-insensitive
(available along all paths) and all reuse above 1.0 is path-sensitive (available along a strict subset of
paths).

Integer programs contain a lot of strictly partial reuse, for which path-sensitive algorithms are impor-
tant.

SWe assume here that the profile-guided PRE(MS) is optimized and executed on the same program input. This
assumption held in our experiments, too.
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126.gcc 1661 | 917.2| 158.2| 38.0 8.0 34.2 45.0 2.5 69.8 3.7 4.6
129.compress 24 3.0 08| 0.1] 13.7 20.4 43.4 9.7 455 11.5 14.5
130.0i 357 374 8.4 20 11.8 22.4 34.4]] 104 69.9 6.8 8.0
132.7jpeg 472 81.8| 228| 1.2 139 241 453 5.1 78.1 43 5.1
134.perl 276 | 135.0] 25.5| 404 9.6 39.5 51.8| 11.9 93.5 4.8 6.8
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104.hydro2d 43 8.5 241 041 16.8 21.7 42.7 5.9 41.7 1.9 6.0
145 .fpppp 37| 136 6.7| 19.6| 14.6 52.2 57.7]| 43.0 91.9 7.1 7.7
146.waveb5 110 | 33.3] 123] 53] 124 34.8 47.8 49 66.2 7.1 7.8
Avg: spec95fp 39.2| 114 44| 471 16.2 324 49.8| 15.3 69.2 8.3 10.0
[ Avg: spec95 [326.6] 128.7] 25.9] 9.0 13.9] 30.5] 46.1] 11.3] 725] 7.8] 9.5]

Table 6.1: Experience with PRE based on control flow restructuring.

2. Ininteger programs, the obstacles to code motion are significant.

PRE(M) optimizes less than half of all strictly partial redundancies. Therefore, it is worth improving
the traditional PRE approaches.

3. The performance of the complete PRE was estimated using the' @Mimator. The bottom of right-
most bar in the plot shows the lower bound of the estimate. The top of the bar shows the upper bound.
The complete reuse is somewhere between the bounds. Also recall that the lower bound of the estimate
equals the benefit of speculation (Theorem 6.3).

PRE(MS) is very close to the performance of the (complete) PRE(MR) algorithm. Therefore, restruc-
turing may not be necessary, at least for load removal.

The third point is especially good news. If this empirical result holds true for other value flow optimizations,
then PRE(MS) is able to remove the third exponential path factor, due to the number of path with various
optimization opportunities, as introduced in Section 1.5. Still, some value-flow optimizations are inherently
restructuring-based, e.g., branch elimination (see Section 7).

Next, we present other experimental results that show the need to develop PRE that goes beyond
the code motion. In contrast to Figure 6.20, these experiments were performed usiicpAvalue-flow
program representation.

Disabling effects of CMP regions The column labeledptimizable gives the percentage of expressions that
reuse value along some path; 13.9% of (static) expressions have partially redundant computations. The next
columnprevented-CMP reports the percentage of optimizable expressions whose complete optimization by
code motion is prevented by a CMP region. Code-motion PRE will fail to fully optimize 30.5% of optimizable
expressions. For comparison, colupnevented-POE reports expressions that will require restructuring in
PRE(R).

Loop invariant expressions. Next, we determined what percentage of loop invariant (LI) expressions can

be removed from their invariant loops with code motion. The colloop invar shows the percentage of
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Figure 6.21: Benefit of various PRE algorithms on a lexical value-flow representation.: dynamic
op-count decrease due girictly partial redundancies. Each algorithm also completely removes full
redundancies.

optimizable expressions that pass our test of loop-invariance. The following column gives the percentage of
LI expressions that have a CMP region; an average of 72.5% of LI computations cannot be hoisted from all
enclosing invariant loops without restructuring.

Eliminated computations. Finally, we report the amount of removed computations. This experiment differs
from the one in Figure 6.20 in that PRE is performed on the lexical representation of arithmetic instructions,
rather than on the symbolic (VNG) representation of redundant loads. The cglobvai CSE reports the
dynamic amount of computations removed by global common subexpression elimination; this corresponds
to all full redundancies. The colunsomplete PRE gives the dynamic amount of all partially redundant
statements. The fact that strictly partial redundancies contribute only 1.7% (the difference beimpéste

PRE andglobal CSE) may be due to the style dfnpacts intermediate code (e.g., multiple virtual registers

for the same variable). We expect a more powerful redundancy analysis to perform better. Figure 6.21 plots
the dynamic amount of strictly partial redundancies removed by various PRE techniques. Code-motion PRE
yields only about half the benefit of a complete PRE. Furthermore, speculation results in near-complete PRE
for most benchmarks, even without special hardware support (i.e., safe speculation). Speculation was carried
out on the CMP as whole. Note that the graph accounts for the dynamic impairment caused by speculation.
The measurements indicate that an ideal PRE algorithm should integrate both speculation and restructuring.
Using restructuring when speculation would waste a large portion of benefit will provide an almost complete
PRE with small code growth.

6.7 Conclusion and related work
In summary, this chapter makes the following contributions:

e We present an approach for integrating three orthogonal program transformation methods: code mo-
tion, control flow restructuring, and control speculation. We developed a family of PRE algorithms that
combine the three methods:
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Figure 6.22:A summary of our results. PRE:We extended the traditional code-motion transformation with

two transformation methods, achieving an aggressive RRi8el: We showed how to use code motion and
restructuring within the safe optimization model, in which no program path can be impaired. The use of
speculation requires a relaxed optimization model, in which path can be impdrefiling: We showed

that, when code motion is combined with speculation, an edge profile is as precise as the path profile. When
restructuring is profile-guided, path-profile is more precise than edge profile.

e PRE(MR) is a PRE algorithm that momplete(i.e., it exploits all opportunities for value reuse) and
greatly reduces the code growth necessary to achieve the desired (complete) code motion. For a large
class programs (those with separable VNGSs), the code growth is minimal.

e PRE(MS) is profile-guided PRE that integrates code motion and speculation. Because it does not
use restructuring, it achieves zero code growth. Our experiments show that its optimization is near
complete. The important contribution of the PRE(MS) algorithm is that it determines the speculation
points and the benefit (i.e., the difference of improved and impaired path frequencies):

o such that the benefit is maximized (for separable VNGSs),
o without enumerating the improved and impaired paths,
o from an edge profile, as precisely as using the execution trace.

e PRE(Msr) balances the three techniques. It resorts to restructuring only when speculation cannot be
done (sufficiently) beneficially.

e PRE(M) is a natural restriction of the PRE(MR) algorithm. It produces optimization equivalent to the
optimal code-motion PRE [KRS94b], but we believe it is easier to understand.

e Ourexperiments compare a) the optimization power and b) code growth of PRE(M), PRE(MS), PRE(MR),
PRE(R)(the pure-restructuring PRE).

Figure 6.22 summarizes this chapter using three planes that divide the algorithm design space.

The PRE plane: We extended the traditional code-motion transformation with two transformation methods,
achieving an aggressive PRE.
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The optimization model plane: We showed how to use code motion and restructuring within the safe opti-
mization model, in which no program path can be impaired. The use of speculation requires a relaxed
optimization model, in which path can be impaired.

The profiling plane: We showed that, when code motion is combined with speculation, an edge profile is as
precise as the path profile. When restructuring is profile-guided, path-profile is more precise than edge
profile.

The observation is that edge profile is suficient to find optimal speculation deserves a further com-
ment. Since edge profile is speculation-precise, to exploit the power of path profiles, partial restructuring,
rather than (speculative) code motion alone, must be used. This becomes more intuitive once we realize that
without control flow restructuring, one is restricted to consider only an individual edge (but not a path) for
expression insertion and removal. To compare the CMP-based partial speculation with the speculative PRE
in [GBF98], we show how to efficiently compute the benefit by defining the CMP region and how to apply
edge profiles with the same precision as path profiles. In acyclic code, we achieve the same precision; in
cyclic code, we are more precise in the presence of loop-carried reuse.

In this chapter, we defined tl@de-motion-preventingCMP) region, which is a VNG subgraph
localizing adverse effects of control flow on the desired value reuse. The notion of the CMP is applied to
enhance and integrate the three existing PRE transformations in the following ways,

1. Code motion and restructuring are integrated to remove all redundancies at minimal code growth cost
(PRE(MRY)).

2. Morel and Renviose’s original method is expressed as a restricted (motion-only) case of the complete
algorithm (PRE(M)).

3. We develop an algorithm whose power adjusts continually between the motion-only and the complete
PRE in response to the program profile and the utility funciiadi®RE(Mr)).

4. We demonstrate that speculation can be navigated precisely by edge profiles alone (PRE(MS)).

5. Path profiles are used to integrate the three transformations and balance their power at the level of CMP
paths.

Figure 6.23 summarizes related work and out contributions. The PRE research started with the inde-
pendent works of Wegman and Wegbreit who developed PRE(R) algorithms [Weg75a, Weg75b]. Later, Stef-
fen created a complete PRE(R) algorithm that removed not only expressions but also conditional branches [Ste96].
Due to the exponential code growth, none of the algorithm is implemented in a production compiler, to the
best of our knowledge.

Morel and Renviose created the first practical PRE algorithm [MR79]. To limit the code growth,
the algorithm was based on code motion. Their algorithm was later much improved [DRZ92, Dha91, DS88]
until the research “stabilized” on lazy code motion, now considered the standard PRE(M) algorithm [KRS92,
KRS94a]. Our contribution in the PRE(M) area is an intuitive formulation of an algorithm that produces
identical optimization as the lazy code motion.

Between the PRE(M) and PRE(R) algorithm lies our another contribution—the PRE(MR) algo-
rithm that is as complete as the PRE(R) algorithms but minimizes the code growth by performing code
motion as much as possible.
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Figure 6.23:Related work and contributions.

Recently, various researches extended code-motion PRE with speculations [HH97, GBF983,CK
SJ98]. None of them achieves both optimal speculation and relies on the inexpensive edge profiles.

Finally, our last contribution is the ability to combine all three transformation methods, producing
a balanced PRE, in response to the profile and the characteristics of the optimized program. This integrated
PRE is enabled by the CMP region, which serves as a single underlying abstraction for all our algorithms.



Chapter 7

Inter-procedural Removal of Redundancies

This chapter is concerned with inter-procedural value flow. Often, a value is computed in one
procedure and recomputed in another, as a result of a modular programming style. To exploit such an inter-
procedural redundancy, the optimizer requires a interprocedural analysis and transformation.

First, this chapter presents inter-procedural version of dataflow analysis on the VNG. The analysis
is distinguished in two respects. First, it is demand-driven. By computing only the dataflow solution required
by the transformation stage, it reduces the cost of the analysis, when compared to an exhaustive analysis.
Second, the analysis does not require a completely constructed interprocedural VNG. Instead, the VNG is
constructed on demand, only the portion that is needed by the demand-driven analysis. The demand-driven
construction of the VNG significantly reduces the cost of analysis, but has the drawback that the demand-
VNG does not use value numbering. The VNG is built only on back-substitution and dataflow analysis, which
are folded together into a single demand-driven pass.

The second part of this chapter deals with inter-procedural transformation. Inter-procedural redun-
dancies cannot be optimized with the techniques presented in Chapter 6, as computations must be moved
across procedure boundaries. While inlining can be used to concentrate the reuse into a single procedure, it
may be prohibitively expensive in practice due to its code growth. A code-growth-free alternative is inter-
procedural code motion [Kno98]. Unfortunately, inter-procedural code motion may fail just like its intra-
procedural counterpart. Furthermore, some very attractive optimizations (branch removal, revitalization of
calls) cannot be carried out with code motion.

This chapter presents an inter-procedural version of the restructuring-based PRE(R) algorithm.
Rather than attempting to combine code motion and transformation (to minimize code growth), we focus on
achieving a complete removal of inter-procedural redundancies (without resorting to inlining of procedures).
Note that entry/exit splitting of virtual call sites is not restricted to branch elimination, as presented in this
chapter. It may be used for any value-flow optimization, as a PRE(R) algorithm.

The goal of an inter-procedural PRE(R) is to separate reuse paths that cross procedure boundaries.
To this end, our PRE(R) algorithm performs procedem@ry splittingandexit splitting The former transfor-
mation creates multiple entry points in a procedure; the latter allows a procedure to return to one of several
return points in the caller. We show how to use the two transformations in concert, to separate interprocedural
paths and convert partial redundancy into full redundancy, which achieves a complete optimization.

As an application of on entry/exit splitting, we develop Inter-procedural Conditional-Branch Elim-
ination (ICBE). Relying on inter-procedural value-flow analysis presented in the first part of this chapter,
ICBE removes branches that are correlated with other branches, i.e., branches whose outcomes are known
along some execution paths from prior branch outcomes or assignments. Clearly, static branch correlation
is a special case of value reuse (of the branch condition value). ICBE eliminates correlated branches along
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the correlated paths (i.e., reuse paths) by means of code restructuring, which may involve splitting procedure
entries and exits. We describe the benefits of our inter-procedural branch elimination optimization and ex-

perimentally show that, for the same amount of code growth, the estimated reduction in executed conditional
branches is about 2.5 times higher than when artlaprocedural conditional branch elimination is applied.

7.1 Demand-driven interprocedural dataflow analysis

This section presents an inter-procedural version of dataflow analysis on an inter-procedural VNG.
The analysis is distinguished in a few respects.

1. The analysis idemand-drivenBy computing only the dataflow solution required by the transformation
stage, it reduces the cost of the analysis, when compared to an exhaustive analysis. In practice, the
optimizer may decide to analyze only the frequently execussinodes.

2. The analysis can berminated early before the (demanded) solution is completely computed. The
analysis is stopped after a budgeted amount of nodes have been visited. The unexplored paths are
assumed to have a conservative solution.

3. The VNG isconstructed on the flguring the dataflow analysis. Only the portion that is needed by
the demand-driven analysis is (virtually) constructed, with the goal of avoiding the construction of
potentially very large interprocedural VNG. An (undesirable) consequence of this (desirable) delayed
VNG construction is that the value numbering is not invoked to collapse the VNG threads, resulting in
lower accuracy.

7.1.1 Application: inter-procedural branch correlation

We use the demand VNG analysis to fistatically correlated conditional branche# branch is
statically correlated (along a path) if the the branch outcome can be determined (along that path) at compile
time, from prior statements or branch outcomes. Branch correlation is another name for partial redundancy of
branches; the former name reflects that the direction of the redundant branch depends on the direction of some
other branch(es). Correlated branches can be eliminated from the optimizable path through code restructuring
presented in Chapter 6 and Chapter 7. The former chapter shows how to separate the optimizable paths intra-
procedurally. The latter chapter presents inter-procedural separation of paths, by means of on peatgdure
splitting andexit splitting

Interprocedural Conditional Branch Elimination (ICBE) has a number of benefits, including

e enhancing instruction scheduling and software pipelining,
e improving speculative execution and hardware branch prediction, and
e optimizing C++/Java virtual functions.

Recent research in branch prediction [Kra94, SLM96, YGS95], profiling [BL96b], and the elimination of
conditional branches [MW95b] has reported the existence of significant amounts of correlation among con-
ditional branches, presenting opportunities for optimizations. Previous work on conditional branch elimi-
nation through static correlation [MW95b] demonstrated substantial performance improvements despite its
restricted focus on eliminating conditionals within loops. Experimentally, we show that substantially more
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static correlation is detected at compile time when programs are analyzed interprocedurally. Using programs
from the SPEC95 suite, we discovered that interprocedural detection of correlation enables elimination of
3% to 18% of executed conditionals, which is a factor of about 2.5 improvement over strictly intraprocedural
analysis. As illustrated below, this high correlation among branches when procedures are considered is due
to the modular fashion in which we write procedures:

e Inaprocedure, the value returned is often selected by an if-statement. This value may again be checked
by the caller. For example, consider a call to a procedure that removes an element from a linked list.
The procedure tests whether the list is empty and, if so, renitng he caller performs an identical
test on the return value to determinaif was returned. The later test is fully correlated with the earlier
one.

e In order to keep the procedure interface simple by passing few arguments, procedures frequently in-
clude checks on the parameters that are also performed by the caller or even by previous calls to the
same procedure. For example, procedures from the same library module may be called one after an-
other, propagating values. These procedures often perform correlated tests on the propagated values.
With the ICBE optimization, the repeated testing can be eliminated.

This research implemented the analysis and experimentally investigated the amount of interproce-
dural correlation detected and the cost of the analysis. Our measurements performed on a s¥EEf S
programs provide insight into the interprocedural correlation that can be detected statically and its usability
for compiler optimizations. It was found that not only the number of conditionals with some correlated paths
greatly increases with inter-procedural analysis, but also the effect of branch elimination is more significant
because many short, frequently taken interprocedural correlated paths exist. This observation serves as a
motivation for performing the VNG analysister-procedurally

It was also observed that some correlated branches are correlated along long (usually inter-procedural)
program paths. Such correlations require time-demanding analysis. A simple heuristic for controlling the ex-
tent of the demand-driven analysis was developed and evaluated: the analysis of each branch was allowed to
examine only a few hundred nodes. Paths that were not completely analyzed were (conservatively) assumed
to have no value reuse. Suehbrly terminationreduced the analysis cost by an order of magnitude, while it
sacrificed the detection of only a fraction of correlation. Note that the missed correlation was mostly present
along long paths and hence it would not be exploitable anyway, due to much duplication required in the
transformation stage. This observation serves as a motivation to construct thervti&enandSince, under
the successful early termination heuristic, the value reuse paths are not examined completely, it is desirable
to build only the portion of the VNG thatill be analyzed.

7.1.2 Motivation

We illustrate interprocedural branch correlation on a small application program that usédiohe
GNU C library. The program is shown in Figure 7.1. FunctMAIN first opens a text file by a call topen
and then iterates through each character in the file HQF is reached. The characters are obtained by a call
to fgetc, which returns a character from a buffer that is filled by calfifiguf.

Consider first the conditional bran&0 in MAIN. This branch is redundant along all incoming
paths, hence it can be fully removed. Let us analyze the three paths leading to the branch. Along the path
starting at the node in fgetc, the branch will always exit the main loop, because the modturns the value
EOF. Hence, thdrue outcome of the branch is correlated with the nadeAlong the path from the node
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MAIN

fp = fopen(“file","r")
¢ = fgetc(fp)

intc

int FGETC(fp)
unsigned char uc

P1 intc

P2 [fp->magic == GLUEMAGIC]

f fp =*fp->p
fp->magic == IOMAGIC
p4/| fp->bufp < fp->get_limit

b[ ¢ = fillbf(fp) ] [”g f{g*”fp**} c

P3

False True
. —
errno = EINVAL
i a
#define EOF -1
#define NULL 0 ouT

(a) The source program.

Figure 7.1: The example program using the GNU C library (version 1.09).

¢, the branch will always continue the main loop, because the waldetched from the buffer is unsigned
and hence always different than the const&@f, which is—1. Hence, thdalse outcome of the branch is
correlated with the node The examination of the proceduiibuf (not shown in the figure) would show
that the paths from the nodeeither returrEOF or an unsigned character, just like the nodesdb.

In summary, the outcome of the branch is redundant along all incoming paths. This section presents
an analysis that detects this kind of inter-procedural correlation. While the branch is optimizable along all
paths, the optimization differs along the incoming paths (some paths are true-correlated and some a false-
correlated). The optimization is possible via interprocedural separation of the paths, which is a program
transformation presented in Chapter 7.

Next, consider the conditionall, P2, andP3 in the functionfgetc. Within the inter-procedural
loop created immain, these branches are loop-invariant, because their outcomes are the same in each iteration.
The examination ofopen (not shown in the figure) would show that, for each path emanating fopen,
eitherfp=NULL or fp£NULLAfp-> magic=IOMAGIC holds. In either case, all three correlate. As a result,
they are not only loop-invariant, but they are also redundant along all paths and thus can be fully removed.
Summarizing the example, in the original loop, five conditional branches are executed in each iteration. After
the optimization, only one conditional remains.

7.1.3 The demand-driven algorithm

As already mentioned, the demand analysis builds the VNG on the fly, but using only two of its
three components—back-substitution and dataflow analysis, which are folded together into (essentially) a
single demand-driven pass. Value numbering, which collapses the value threads, is not engaged because
it does not fit the demand-driven paradigm. To understand the reasons for it, recall the three steps of the
(exhaustive) VNG construction and analysis.
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1. Place threads starting from the user (i.e., optimized) computations, using symbolic back-substitution,
in abackwarddirection.

2. Collapse threads, using value numbering, faravard direction.
3. Solve dataflow problems, infarward or backwarddirection.

Branch correlation is computed as the problem of availability of branch conditiofsward problem.

To compute a forward dataflow problem on demand, the demand-driven analysis proceeds in a backward
direction [DGS97]. This reversed direction allows us to fold together the (backward) placing of threads (the
first step of the VNG construction) with a demand-driven version of its third step (computing availability).
Thus, given a user computatienthe demand-driven VNG analysis performs two steps.

1. Place threads leading tpusing symbolic back-substitution, inteckwarddirection. While placing
the threads, look also for computations that generate or kill the valagluiissolvingthe availability
of c.

2. Complete the dataflow analysis@foy markingthe threads leading towith its availability solution.
This step proceeds infarward direction.

The unsuitability of value numbering can now be explained. There are two reasons. First, the demand analysis
folds the first and the third steps of the exhaustive construction, bypassing the second step, which cannot be
combined with them because it proceeds in the opposite direction. Second, because we build threads only for
the optimized computations, there are no threads with which they could be merged.

Figure 3.7 on page 27 illustrates which reuse is captured by demand VNG analysis.S¥Visen
being analyzed on demand, it is found to recompute the vali$g,dfecause they lie on the same thread. In
contrast, wherb, is analyzed on demand, its recomputationSgk value is missed, because that requires
placingSs’s thread (this is the second reason above), and collapsing this thread (this is the first reason above).

One more important issue must be explained. Clearly, the described demand-approach works only
for forward dataflow problems. For backward problems, their (reversed) demand-driven direction is not
aligned with the backward direction of back-substitution. This deficiency is not significant in some situations.
First, for removal of conditional branches, the solution to anticipability (a backward problem) is not needed,
as will be explained in Chapter 7. Similarly, some version of speculative PRE do not require anticipability
(namely, the PRE estimator in Chapter 5). Second, backward problems can actually be computed on the
VNG that is built on demand, albeit imprecisely: once the threads have been placed by the demand analysis,
backward problems can be computed on them. Because not all threads have been placed, a (conservatively)
imprecise solution may be obtained.

7.1.3.1 Query propagation

Our demand-driven VNG analysis is presented in the context of branch-correlation detection. Our
analysis is demand-driven from a given conditional node: only the nodes that may lie on a correlated path are
visited and only the relevant data flow information is computed. The analysis is initialized by raising a query
at the conditional that corresponds to asking a question “is the outcome of the conditional with the predicate
(vrelop ¢) known along some incoming paths?” The form of the raised quefyrislop ¢), wherev is a
variable and: a constant. Note that the query format can be made arbitrarily more general, without affecting
the algorithm presented here. In fact, the query format corresponds directly to the language of symbolic
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namesP from which we draw the symbolic names for the VNG construction, which we are allowed to pick
freely.

The query is then propagated from the conditional backwards along all paths in the ICFG until it
can be resolved on these paths. Resolving a query at a node produces one of three ARMWWEIBALSE,
UNDEF. The first two answers are a minor extension of Mest value in the path-sensitive lattice (see
Definition 4.5). They indicate that the path along which the query reached the node is corrélatéd.
means that the outcome of the conditional along the path is true (i.e., the true outcome must be taken). The
answerFALSE means the opposite (i.e., the false outcome must be taken).URNR¥EF means that the
outcome is unknown because the variable is assigned an unknown value.

For resolving a query, we have identified four sources of static correlation.

A query is always resolvedRUE or FALSE at a node that assigns a constant to the varialfiitem
the query.

¢ A conditional branch that involves the varialeThe assertions on variables that exist on the true and
false out-edges of the conditional may define the outcome of the predicate in the query. Note that a
conditional correlates with itself if there is a path around a loop along which the query variable is not
defined.

e A type conversion from an unsigned to signed value, as in the example in Figure 7.2. The result is
always non-negative, which may determine the branch predicate outcome.

e After a pointer variable is dereferenced, its value is guaranteed to be non-zero; otherwise a segmenta-
tion fault would have occurred.

During the propagation, a copy assignment to the query variable may be encountered=eag.When this
happens, the query is modified to reflect this assignment before it continues to propagate. This simple form of
symbolic back-substitution is essential to capture assignments to and from temporaries, common subexpres-
sions, procedure return values, and parameter passing. As a consequence of this substitution, multiple distinct
queries can be raised at a single node. For the query format fixed dbaemp ¢), at mostV” number of
gueries will be raised at each node, whéres the number of program variables. For more general query
formats, thew-limiting of back-substitution will have to terminate the query propagation (see Section 3.11
on page 31).

After the analysis terminates, the resolved queries are rolled back along the paths they traversed.
The goal is to collect all resolved answers to each query raised at a node. Starting at the successors of
nodes where a query was resolved, answers are propagated forward and merged by a set-union operation at
control flow merge nodes. At any node, including the conditional itself, each query may have from one to all
three possible answers froff RUE, FALSE, UNDEF}. For example, if the query raised at the conditional
has answer§RUE and FALSE, then there are some correlated paths leading to the conditional where the
outcome is true, some correlated paths where it is false, and no paths along which it is unknown. Such a
conditional has full correlation.

7.1.3.2 Computing procedure summary nodes

The interprocedural analysis used iaterprocedural control flow graph (ICFGbhat combines
CFGs of all program procedures by connecting procedure entries and exits with their call sites, as depicted
in Figure 7.3. All edges in the figure define the predecessor-successor relation for nodes. Each procedure
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initialize Q[n] to {} at each node n

form the initial query ¢, = (v, relop, ¢, nil)

raise _query (pred(b), g»)

while worklist is not empty do
remove pair (node n, query q) from worklist
case n is entry node of a procedure p:

if ¢ is a summary node query then A[n, q] := TRANS; add q to g.sne.entries[n]

else if n has no predecessors then A[n, q] := UNDEF
for each call site node predecessor m of entry node n do
if ¢ is a summary node query for jth exit of p then
if g.sne.qin is raised at jth exit of m then raise _query (m, q)
else raise _query (m, q)
end for
case n is call site exit node:
let ex be the procedure exit predecessor of n

let m be the call site predecessor of n and en the entry node invoked by m

if summary node entry snelex, q] does not exist then
let ¢s» be a copy of ¢
snelex, q] := (qsn, ex,{}); qsn.sne := snelex, q|
raise _query (ex, qsn )
else if snelex, q].entriesen] does not exist then
snelex, q].entriesfen] := {}
raise _query (ex, snelex, q]-¢in )
end if
add Alex, sne[ex, q].qin] \ {TRANS} to Aln, ¢]
for each query q, in snelex, g].entriesen] do raise _query (m, qa)
otherwise :
answer := resolve (n, q)
if answer € {TRUE, FALSE, UNDEF} then A[n, q] := {answer}
else for each m € pred(n) do raise _query (m, substitute (n,q))
end case
end while

Procedure raise _query (node n, query q)
if ¢ & Q[n] then add ¢ to Q[n]; add pair (n, q) to worklist
end

Figure 7.2: The interprocedural static correlation analysis.
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procedure entry nodes

call site node

cal site exit nodes

procedure exit nodes

call site of P procedure P another call site of P

Figure 7.3: Interprocedural CFG in call site normal form.

can have multiplgprocedure entrynodes and multipl@rocedure exinodes (to support the transformation

from Chapter 7). The successors ofall site node are the procedure entry node and the assocaialéed

site exitnodes. The analysis algorithm requires the ICFG to be imtirenal call site formwhere a) each

call site node has a single procedure entry successor and b) each call site exit node has exactly one call site
predecessor and one procedure exit predecessor. It is assumed that the above nodes are dummy nodes with
no program statements.

The computation of summary nodes is motivated by the demand-driven framework of [DGS95],
which computes procedure summary nodes also on demand, in order to improve the efficiency of interpro-
cedural analysis. Since in the analysis the queries are propagated through procedures backwards, summary
node entries are stored at procedure exit nodes and for each query raised at the exit node we maintain: a) the
answers resolved in the procedure, and b) the corresponding queries at the entry of the procedure, if the query
propagated all the way to the entry node. All queries raised at procedure exit nodes are used to compute sum-
mary nodes and are, therefore, treated specially. Wisememary node querngaches a procedure entry, it is
not propagated to the callers, but resolved with the fourth kind of query anSRANS. This answer marks
paths through the procedure along which the query was not resolved. The proceanspsrentalong
such paths and the summary node lookup must propagate queries (backward) and collect answers (forward)
across call sites of transparent procedures. The analysis handles both call-by-value and call-by-reference
parameters.

The analysis algorithm is given in Figure 7.2. The algorithm computes summary nodes without
interrupting the analysis. Each query is a tuplerelop ¢, sne), wheresne is used by summary node queries
to keep a pointer to their summary node entries; for non-summary queries, this field ©§e summary
node entry for query; raised at exit nodez is a tuplesnelex, q] = (gsn, ex, entries), wheregs, is the
summary node query raised on the procedure exit medmdentriesen] is the set of queries propagated to
a particular entry noden. (In this algorithm, a procedure is allowed to have multiple entry nodes, to support
entry splitting (Chapter 7)). The analysis is started at line 3 by raising the initial query at the predecessor
of the conditional to be analyzed. Line 4 terminates the analysis when no node with an unresolved query
remains. Lines 6—13 handle procedure entry nodes. Summary node queries are resolvetiR&MNSand
are added to the summary node entry as having reached the particular entry node, as described above. The
non-summary query is propagated to all call sites of this entry (lines 9 and 12). The summary node query is
propagated only when the computation of the summary node was initiated at the exit of the call site (lines
9-11). Lines 14-26 process a call site exit nad@redecessors afare determined according to Figure 7.3.

If summary node lookup in line 17 fails, a new summary node entry is created and a summary node,query

is raised. Lines 21-23 update the summary node after a previous split of a procedure entry/exit node. Line 25
resolves the query based on the answers saved in the summary node and line 26 propagates the query across
the procedure when a transparent path through the procedure exists. Finally, any other kind of node may be
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A[(=0,nil]={F}
(x=0,nil) "3 (x=0,snel) Al(x=0,nil)]={F,U} Al (x=0,snel)]={Tr}
- (x=0,sne) [(x=0,sne1)]={U}
(x=0,nil) "’c}‘lz (x=0,snel) A(x=0,nil)]={F.U} ) "’/i[‘ql:oco.mel)]:{u,ﬁ)
sel: | gL, G, {} (p) el aL G, entries E]=((x=0snen)}
(a) source program (b) analysis (©) rollback

Figure 7.4: An example of interprocedural correlation analysis.

a source of correlation (lines 27-30). Functi@solveattempts to resolve a query. If it fails, the query is
propagated after it is back-substituted. The algorithm for collecting the analysis answers by propagating the
forward can be easily derived from the analysis algorithm.

The analysis is illustrated with an example in Figure 7.4. The four possible query answers are
abbreviated in the figure ak, F, U, andTr, for query answer§RUE, FALSE, UNDEF, and TRANS.
The analysis of conditional nod® is initiated by raising a query : (z = 0,nil) at the predecessor &
(Figure7.4(b)). The entryil signifies that the query does not compute a summary node entry. Bisce
a global variable, it cannot be propagated across the intraprocedural@dge Instead, it is raised at the
exit of procedurd, where it initiates computation of a summary node eniry;. The summary node entry
is computed by raising a summary node query (z = 0, sne;) at the procedure exit node. The query
is resolved at node to UNDEF because an unknown value is assigned.td he nodes where a query is
resolved are highlighted in the figure. The scope of the summary node is limited to the procedure and hence
q1 is resolved at the procedure entry nodeT®RANS. Also, the query is recorded in theitries[G] field
of the summary node entry. Whenever a summary node query reaches the procedure entry, a corresponding
query is raised at the call site node. In our case, queryfz = 0,nil) is raised at nod€. This query is
subsequently resolved at nodeandB to UNDEF andFALSE, respectively.

The analysis is followed by the rollback phase (Figure 7.4(c)). The answer for a gissyored
in A[g] and consists of all answers fgrreaching the node. Note that thBNDEF answer forg at nodeD
was propagated from node through theTRANS answer of the summary node query. The algorithm fpr
performing the roll-back is shown in Figure 7.5.

7.2 Inter-procedural transformation: example and motivation

We illustrate the utility of entry/exit splitting on a small program that calls a library procedure.
In this program, many branches are redundant, as their outcomes are determined by prior statements (as-
signments or other branches). We show that with our inter-procedural restructuring, ICBE eliminates the
execution of these branches, even without resorting to inlining. The program, shown in Figure 7.2(a), was
used in Section 7.1 to illustrate inter-procedural value-flow analysis. We use it here to demonstrate how our
transformation can remove the redundancies detected by that analysis.

The program calls thstdio GNU C library (glibc version 1.09). FunctiddAIN first opens a text
file by a call tofopen and then iterates through each character in the file BQ@ is reached. The characters
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Collect answers to queries raised during the analysis of branch b

add ¢, = (v, relop, ¢, nil), the initial query raised at branch b, to Q[b]
let worklist be the set of nodes n s.t. a query was resolved at a predecessor of n
while worklist is not empty do
remove a node n from worklist
for each query g from Q[n] do
if n is jth exit of call site m invoking ith entry of procedure p then
let e be the jth exit of procedure p
add Ale, snele, q].qin] \ {TRANS} to A[n, ¢]
for each query ¢, in snele, q].entries|i] do add A[m, q.] to A[n, q]
else if ¢ was not resolved at node n then
for each m € pred(n) do add A[m, substitute (n,q)] to A[n, ¢]
end if
end for
if an answer has been added to A[n, ¢] for any ¢ then add sucdn) to worklist
end while

Figure 7.5:The roll-back algorithm.

are obtained by a call tigetc, which returns one character from its buffer until the buffer is empty, when it
is refilled by callingfillbuf.

Consider first the condition&l0 in MAIN, which tests the loop-exit conditian= EOF. As was
elaborated in detail in Section 7.1, the outcomePpfis always true along the path fromto Py, and it is
always false along the path froato P,. Assuming for now that the code of functidifibuf is unavailable
to the optimizer, nothing can be deduced about its return value, and hence the behd¥jarasinot be
determined along the path from notléo . In summary, the conditiond, is partially redundant along
two out of three (sub)paths reaching it. In other words, the analysis discovered a static correldjon of
whenever or ¢ is executedP,’s outcome is known.

To optimize P, the two reuse paths must be separated. The separation peels off the two paths
(a) from other paths, to isolate the optimization condition (along the isolated paths, the branch will be by-
passed), and (b) from each other, because the branch will jump into a different target along each path. How-
ever, procedures pose obstacles to such desired path separation. Procedures are traditionally viewed as in-
herently single-entry/single-exit regions of code, which means that all paths through the procedure must pass
through the unique entry and exit points. To exploit inter-procedural opportunities for conditional branch
elimination, the correlated paths crossing procedure entry/exit must be isolated by splitting procedure en-
try/exit nodes.

To separate the paths across procedure return, we pegfotrisplitting which creates two exits in
the called procedure. After the exit is split, the conditioRglis bypassed (i.e., eliminated) each time it is
executed, except after the buffer is refilled at nbdece Figure 7.2(b)). Exit splitting can be implemented by
passing to the callee additional return addresses; in Section 7.4, we present a more efficient implementation
technique whose cost is independent of the number of exits.

Next, we optimize conditional$’, P>, and P; in function fgetc. For all three conditionals,
the analysis detected reuse originating in procedopen, where eithefp = NULL, or fp # NULL A
fp-> magic = IOMAGIC holds along any path. In either case, all three conditionalfutlyeredundant (that
is, they can be eliminated along all paths, although separation is necessary (recall the reason (b) above). Our
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¢ = fillbuf(fp) [uc = *fp->bufp++]
ouTy [ouT?) c=uc

v v
errmno = EINVAL
return EOF return ¢ return ¢

process ¢
ouT3 OouT]

(c) Elimination ofP1, P2, P3; exit splitting onfillbuf.

Figure 7.6:The example program using the GNU C library.
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MAIN

fp = fopen(“file","r")

FGETC

P4l fp->bufp < fp->get_limit

uc = *fp->bufp++
c=uc

process c

Figure 7.7:Partial inlining of fgetc.

optimizer splits the exit ofopen and the entry ofgetc to bypass these conditionals. The result is shown in
Figure 7.2. If no other call site of this entry exists, the statementfgdtt that are reachable only from its
original entry can be deleted if no other call site of this entry exists.

Let us assume now that the codefitibuf is available to the optimizer. With this information,
the analysis detects thétibuf returns eitheiEOF or an unsigned value. In either case, the outcome of
Py is determined. After exit splitting dfillbuf, the conditionalP, is completely eliminated, as shown in
Figure 7.2(c).

To appreciate the power of the inter-procedural transformation, consider the amount of branches
removed. In the unoptimized program, each loop iteration executes five conditional branches. After the opti-
mization, only one conditional remains. This optimization cannot be carried out by intra-procedural branch
elimination [MW95b], unless inlining is applied. Furthermore, ICBE reduces the code size of procedure
fgetc, which enables its (partial) inlining intMAIN, where the resulting (reduced) loop can be efficiently
software-pipelined (see Figure 7.7).

7.3 Inter-procedural PRE(R) algorithm

Because this chapter illustrates inter-procedural value-flow optimization by means of redundant
branches (and not arithmetic computations, as in the previous chapters), we start by showing that the CMP
region naturally supports thetraprocedural removal of branches. We then proceed to extend the CMP-based
restructuring to the inter-procedural setting.

7.3.1 Intra-procedural branch removal

Let us first briefly review the value-flow analysis for conditional branches, which was described in
Section 7.1. For each conditional branch, along each path, the value-flow analysis may detect exactly one of
three “events:” the branch outcome is always eithee, or falsg or not known at compile time. To phrase
the three-valued branch redundancy into our two-valléds{/No) value-flow framework, we treat the true
and the false branch outcomes independently, as two complembrdach exitswhich either are redundant
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Figure 7.8:Intra-procedural restructuring.

along a given path or they are not redundant. For example, the conditional branch
Py : ¢ =EOF
in Figure 7.6 is split into two branch exits
P!:c=EOF and P{ = -P!: ¢+ EOF.

Each branch exit can now be analyzed usinghhest/ No/ May lattice. Given a patlp leading to a branch,
the solution of availability AVAIL) has the following meaning:

Must. the branch exit is redundant along a path, i.e., the branch exit will be taken whenever the path is taken,
and so the branch condition need not be evaluated.

No: the branch is not redundant along the path, i.e., whenever the path is taken, the branch condition must
be evaluated to determine whether the branch exit (or the complementary exit) will be taken.

When theAVAIL solution for a branch idfay, then there is a path along which the branciisst (can be
bypassed) and also a path along which the brandfoigmust be evaluated).

Onthe VNG, each of the complementary branch exits is associated with the out-edges of the condi-
tional branch node, as shown in Figure 7.8(a). The figure also depicts the CMP region for such a conditional
expression. Note that the branch exit coincides withthest-exit edge of the CMP region. The reason for
this conicidence is that the branch exit is oiay-anticipated at the branch node (the branch exit will be
computed along one path through the node but not the other). The consequence is that code motion is not
applicable for the removal of redundant conditional branches (hoisting will immediately hit the CMP region)
and so restructuring must be used instead.

The CMP region for the branch exit indicates how to restructure, just like it does for any other
computation. After the CMP region is duplicated, the copy must evaluate the branch. In thieist copy
of the region the branch outcome is known and hence we can disconnect the complementary branch exit as
unreachable and eliminate the branch itself, which concludes the transformation.

The interprocedural CMP region is computed on an interprocedural VNG representation, which is
computed on the ICFG (see Figure 7.3) similarly to the way the VNG is computed on the CFG.

7.3.2 Inter-procedural restructuring

Entry splittingoccurs when the correlated path is entering the procedure through a procedure entry
node. Entry splitting always involves call site splittirigxit splittingoccurs when a correlated path crosses a
procedure exit node. Exit splitting always involves splitting call site exit nodes.
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Figure 7.9:Inter-procedural restructuring. The labelF’ denoes query answéfust and the labell denotes
query answenNo.

Thanks to the ICFG representation and the normal call site form, the duplication of the procedure
entry and exit nodes require little special handling. All that is required is to consult the procedure summary
function when attaching the edges that connect a call site node with its call site exit nodes. This handling is
added to lines 13-17 in Figure 6.10. This code also normalizes the call site into the normal form shown in
Figure 7.3.

Figure 7.9 illustrates inter-procedural restructuring. Figure 7.9(a) shows the source program and
Figure 7.9(b) annotates the nodes of the ICFG with answers to the queries raised in the analysis from Fig-
ure 7.4. Figure 7.9(c) marks the CMP region. The triangle denoless entry edge. Note that the no&e
does not belong to the CMP region, although it lies on batfuat-path (reuse path) and on\io-path (free
path). The nod& need not be split because the call site nGdeill be split, which “sufficiently” splits the
two paths. This fact is reflected in tA&/AIL solution of the nodé, which containslrans, a single answer.
Figure 7.9(d/e) show the ICFG after the CMP region in the caller/callee is duplicated, respectively. Notice
how the call-site-related edges are attached. In particular, the e@d@sand C,D’) exist because the call
site nodeC may follow in the callee both @rans-path (producing &/ust solution on the call site exit node)
and aNo-path. Finally, Figure 7.9(f,g) put the restructured call site into the normal form.

7.4 Implementation Details

This section elaborates on some important implementation details of entry/exit splitting. First, we
present an efficient implementation of exit splitting. Second, we show how entry/exit splitting can be applied
to call sites that invoke one of multiple procedures (e.g., virtual procedures in object-oriented languages).
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Figure 7.101mplementation of Exit Splitting.

7.4.1 Exit splitting

A naive implementation of exit splitting would pass the alternative return addresses to the callee
as additional procedure arguments. The dynamic number of instructions added to implement exit splitting in
this style is proportional to the number of procedure exits, a potentially high cost.

Figure 7.10 outlines a method whose cost is independent of the number of exits. Rather than being
passed as arguments, the alternative addresses are placedetuthepoints array a static memory block
initialized at link time and stored in the text segment. The return addresses can be stored in the (immutable)
text segment because the addresses remain the same throughout the entire execution, for each call site.

The return-points array starts immediately below the call gt ihstruction. Such placement has
the benefit that the (machine-dependent) return register (denatdtie figure) points to the beginning of
the array, allowing a fast access to alternative return addresses. Given the access to the array, each of the
procedure returns fetches its return address using a unique index to the return-points array. The cost of exit
splitting is thus a single load operation, executed just before the return operation.

7.4.2 Entry/exit splitting of virtual procedures

Entry/exit splitting enables optimization of multi-target call sites, such as call sites of virtual proce-
dures in object-oriented languages. Such call sites are generally not amenable to procedure inlining, which is
a preferred (albeit potentially expensive) transformation for enabling inter-procedural optimizations. Inlining
is not always allowed at virtual call sites because they may invoke a different procedure each time they are
executed, depending on the type of the receiver object. Even when the call site invokes at most one procedure,
the analyzer is not always able to safely confirm this fact.

Virtual call sites invoke the callee indirectly, by fetching its address from a table pointed to by the
receiver object. Various organizations of the virtual lookup have been developed, but for our purpose we can
assume that the address of the procedure entry is obtained by indexing the lookup table with the type of the
receiver object and the method name:

ProcEntry= TabldType MethodNamk
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Entry splitting is possible even for such indirect calls, by simply indexing the lookup table with the type and
the call site!

ProcEntry= TabldType CallSitd

With such indexing, when two call sites b that call the same method of typet invoke a different entry

of t :: m after entry splitting was performed, the table can distinguish the two entries. Most importantly,
this lookup scheme does not require tha@ndb invoke a different entry ofn for all possible receiver types.

In particular, when typé&' was not optimized, then all call sites will invoke the original entry of the method

t'" :: m. This simply means that :: m will forgo the path-specific optimization opportunities created

by splitting the paths leading to the original call site (where the entries were split). Conversely, when a
(optimized) method” :: m cannot take advantage the opportunities, its original entry will be called from all
call sites.

The algorithm. To transform a virtual call site, the inter-procedural PRE(R) algorithm need not
be modified at all. We only require that the ICFG representation connects each call site nodes with all its
possible callees (i.e., the call site node will have multiple successors and the call site exit node will have
multiple predecessors). A prerequisite for entry/exit splitting of multi-target call sites is that the number of
callees is relatively small. When many procedures can be invoked, it is useful to know which of the callees
are frequently executed, to allow a profile-guide selection of methods.

7.5 An application: inter-procedural conditional-branch elimination

This section puts together the demand-driven analysis from Section 7.1 and the transformation
presented in this Section 7.3. We develop an optimization for removal of inter-procedurally correlated con-
ditional branches. Because an PRE(R) algorithm is potentially expensive, our approach is profile-guided: we
eliminate the conditionals based on their benefit (compute using the PRE estimator) and the code duplication
cost.

For each conditional branch considered, the ICBE optimization performs analysis followed by
restructuring. First, the conditional is analyzed to detect correlated paths and to determine the amount of
code duplication required to eliminate the conditional. If correlation is found and the demands on code growth
are acceptable, the program is restructured to create paths along which the conditional and instructions that
compute its predicate condition are eliminated.

find conditionals matching analyzable pattern (v relop c)
select conditionals with high execution count, if profile available
for each selected conditional branch b do
detect intra and inter-procedural correlation on conditional b
if correlation found and required code duplication is below given limit then
restructure program
end if
end for

Implementation. The analysis and transformation algorithms were implemented in an interpro-
cedural compiler that is based on the retargetable comipiter[FH95]. The implementation considered

! Another alternative is to index the table with the type, method name, and the index of the procedure entry. This will
save table space in certain situations.
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the correlation of those conditionals that compared a scalar variable (not a structure member) with a con-
stant. Overall, 45% of conditionals in the benchmark programs could be analyzed using this pattern. The
implementation included both an intraprocedural correlation analysis, which used MOD and USE [CK88]
procedure summary information at call sites, and the inter-procedural analysis, which detected both intra-
and inter-procedural correlations. The analysis recognized only two of the four sources of correlation: con-
stant assignments and conditional branches.

Benchmarks. The experiments were performed on the integee®5 suite. Sincécc does not generate
correct code for thd26.gcc  benchmark, we useltc itself as a compiler benchmark program. The
programs are characterized in Table 7.1. The number of procedures, both defined in the program as well as
the library procedures called are given in the table. The correlation analysis did not analyze library procedures
and thus assumed the worst case behavior at their call sites. Each node in our representation corresponds to
a dag of multiple operations and may be viewed as a high-level node. Therefore, the ratio of the number
of conditional nodes to the number of all nodes that are executable is higher than usually reported (last 2
columns). Note that the number of all nodes in column 5 includes unexecutable label nodes. The dynamic
profile information was collected from thief input set.

Benchmark || source procedures nodes cond/prog %]

program lines | defined] library all | cond] static [ dynamic
099.go 29246 372 11] 38806[5304] 21.4 29.0
124.m88ksim|| 19 915 252 35 21657| 2416| 16.5 30.9
129.compress| 1934 24 6 957 89| 135 20.9
130.1i 7597 357 26 10718 875| 12.9 26.7
132.ijpeg 31211 467 30 || 25420| 2355 12.2 11.7
134.perl 26871 276 69 50596 | 5623| 16.6 29.1
147 .vortex 67202 923 63 || 104154| 9646 | 12.9 28.0
lcc.3.5 26 467 470 21 49775] 5863| 18.1 32.1

Table 7.1: Benchmark programs.

Behavior of statically detectable correlation.First, we conducted experiments to determine the amount of
statically detectable correlation for paths restricted to a procedure and for paths that cross procedure bound-
aries. The top-left graph in Figure 7.11 depicts the number of conditionals that esdnifétorrelation; that
is, those whose outcome is known along some, but not necessarily all, incoming paths. Using the total number
of conditionals in a program as a base, the graph shows for each program the percentage of conditionals that
were analyzable using our implementation, the percentage of conditionals that were found correlated using
intraprocedural analysis and the percentage that were found correlated using interprocedural analysis. The re-
sults show that at least twice as many correlated branches are detected using interprocedural analysis than by
using intraprocedural analysis. The top-right graph presents the same information weighted by the execution
count of each conditional, showing that correlation is detected on conditionals that execute frequently.

The bottom two graphs in Figure 7.11 show the number of conditionals thauhazbrrelation.
The outcome of such conditionals is known along all paths and hence they can be completely eliminated,;
however code duplication might be necessary if BBRUE andFALSE correlations are discovered. Here,
the benefit of interprocedural analysis is even more evident. If only fully correlated conditionals were to
be optimized, the programs would execute between 3% and 19% less conditionals, while intraprocedural
analysis enables reduction of only up to 8%. The fact that more useful correlation exists when procedures are
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Benchmark time [sec] memory[MB] node-query pairs

program overall | analysis|| progrep| analysis total [ percond
099.go 98.4 83.8 50.4 1.7 198 180 120.1
124.m88ksim 56.1 40.0 67.3 1.9 236 252 168.8
129.compress 21 0.7 104 0.3 6 620 120.4
130.1i 9.8 4.6 35.9 0.8 27 201 102.6
132.ijpeg 33.3 19.8 52.7 0.6 32961 335
134.perl 135.2 117.0 49.6 2.6 317719 197.6
147.vortex 1070.2] 1016.9 119.3 3.4 1378890 241.5
Icc.3.5 166.4 138.1 60.5 2.4 352 089 2175

Table 7.2: The cost of correlation analysis.
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Figure 7.11:Characteristics of statically detectable branch correlation.

considered supports our hypothesis that we write procedures in an isolated fashion with repeated computation
in the caller and callee.

The branch elimination optimizer replicates code to eliminate conditionals by creating separate
paths. Since the amount of code duplication increases with the distance between the correlated branch and
the source of the correlation, the extent of code duplication must be estimated before the interprocedural
optimization is applied. Figure 7.12 plots the cost-benefit relationship for each correlated conditional. Each
point in the graphs represents one conditional with a correlation. The x-coordinate of the point is the number
of nodes that are created due to code duplication when the conditional is eliminated. The y-coordinate shows
the amount of dynamic instances of conditionals that were avoided by the elimination of this conditional. A
comparison with the intraprocedural results reveals that substantially more correlation is detected when pro-
cedures are considered, as the full-correlation graphs in Figure 7.11 suggest. But interprocedural correlation
also requires more code duplication in many cases because the correlation may span a large part of the call
graph. However, the amount of frequently executed correlated conditionals with low duplication needs, posi-
tioned in the upper-left quadrant, has increased with interprocedural analysis. These conditionals make ICBE
more beneficial than intraprocedural elimination because with less code growth a higher reduction in elimi-
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Figure 7.12: Contribution to branch removal vs. code duplication requirements for each correlated
conditional.

nated branches can be achieved. The number of eliminated dynamic instances of each optimized conditional
was estimated from the execution counts of the nodes where the analysis query was resolved.

Early terminationis a heuristic that terminates the query propagation after a certain number of
nodes have been visited. The outstanding queries are all resolD&F. In the experiments, the anal-
ysis was terminated after visiting 2000 nodes. As a result, the analysis was a magnitude faster on some
benchmarks (vortex), while only a small fraction (within about 15undiscovered. Figure 7.12 provides an ex-
planation: a majority of optimizable nodes require a small amount of duplication (and hence a small amount
of query propagation steps). Not analyzing the expensive conditionals loses some opportunities but gains a
lot of analysis speed (notice that the x-axis is logarithmic).

Eliminated Branches. The goal of eliminating only conditionals causing reasonable code growth is easily
achieved in our approach, for ICBE optimizes conditionals one by one, performing first the analysis and then
the restructuring optimization for each conditional. The amount of code growth necessary to optimize the
conditional is determined during the analysis phase. The restructuring phase is executed only if the number of
new nodes that must be created is less than a predetermined limit. We optimized the benchmarks with various
values of the per-conditional duplication limit. Each conditional was optimized only if the number of node
duplicates required for its optimization did not increaéewhereN ranged from 5 to 200. Figure 7.13 shows

the amount of conditionals eliminated and the incurred code growth. Each point in a graph corresponds to
one duplication limit value. Note the different y-ranges in the bottom row.

In this experiment, the analysis was terminated after 1000 node-query pairs were examined (see
line 5 in Figure 7.2) even though not all queries were resolved. Since in each program there are numerous
conditionals that test global variables, early termination of demand-driven analysis avoids far-reaching prop-
agation of their queries and dramatically reduces the analysis time. The early termination is made possible by
demand-driven analysis. All queries remaining after the analysis termination limit is reached are conserva-
tively resolved tdJNDEF. Terminating the analysis after 1000 nodes is sufficient to find correlated branches
that require up to approximately 300 duplicated nodes. Even though not all correlation is detected with early
termination, the missed opportunities are likely to be prohibitive due to high code duplication demands. Ter-
minating the analysis early thus seems to be a practical improvement. However, note that for some values
of the duplication limit, the inter-procedural analysis may produce worse optimization fdi3theerl
benchmark than its intra-procedural counterpart. The reason is that the analysis termination limit was reached
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by examining the callees, missing the intra-procedural opportunity. This problem can be alleviated by exper-
imentally increasing the analysis termination limit. Note that the results in Figure 7.11 and Figure 7.12 were
computed with an infinite termination limit.

We can conclude that: 1) for a given code increase, ICBE can eliminate significantly more dynamic
conditionals than its intra-procedural counterpart; 2) when more code growth can be tolerated, ICBE offers
opportunities for additional branch elimination; and 3) the per-conditional limit on code duplication is an
effective way to control overall code growth. A better heuristic for deciding whether to apply the optimization
would also consider the amount of conditionals eliminated, as opposed to the incurred code growth alone, as
was done in our experiments.

7.6 Related Work

7.6.1 Branch elimination

Intraprocedural elimination of conditional branches in loops was developed by Mueller and Whal-
ley [MWO5b]. ICBE extends their technigue in several respects. First, it can detect and eliminate partial
redundancy of branches in loop nests and across procedure boundaries. Second, even in the scope of a single
procedure, ICBE is more powerful because it can detect redundancy that is apparent by examining multiple
basic blocks along a path, as opposed to a redundancy due to a single basic block detected in their analysis.
In addition, in ICBE, the analysis cost and the code growth incurred due to program restructuring can be con-
trolled. Mueller and Whalley [MW92b] also investigated avoiding unconditional jumps by code replication.
Krall [Kra94] developed code replication techniques to improve the accuracy of semi-static branch prediction
to the accuracy of dynamic prediction.

7.6.2 Other benefits of entry/exit splitting

The primary benefit of ICBE is the reduction in the instruction count (and the schedule length)
through the elimination of correlated conditionals and the operations that compute their predicate. In this
section we discuss how both the correlation analysis and the inter-procedural restructuring can be applied in
other areas of compiler optimization.

Procedure inlining. Most inter-procedurally visible opportunities for branch elimination can be exploited
by inlining and subsequent application of intra-procedural elimination of conditionals [MW95b]. However,
without the knowledge of correlated paths in the call graph, the pre-pass inlining process must resort to
exhaustive inlining, at least in the critical program regions. Short of folding all procedures into a single, flat
procedure, there is no guarantee that all statements involved in a correlation will end up within the same
procedure, which is necessary to remove the branch. Clearly, pre-pass inlining incurs large code growth.

Inlining becomes more practical when it is directed by our inter-procedural correlation analysis.
After correlation of a branch is detected, the procedures involved in the correlation can be merged by post-
analysis inlining. Such a solution to ICBE may be desirable in an existing compiler where inlining and
intra-procedural branch elimination are already supported. The code growth of post-analysis inlining may be
further lowered by performing full ICBE (with inter-procedural restructuring), followedbhitial inlining
[HHR95], in which only frequently executed paths through the optimized procedure are inlined. However,
inlining of recursive, virtual, or library procedures may not be feasible. In this case, our inter-procedural
restructuring can be applied to carry out ICBE.
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Figure 7.13: Reduction in executed conditional nodes vs. program code growth, for various values of the
per-conditional code duplication limit.
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Regardless of the exact ICBE scenario, the correlation analysis produces an upper bound on the
code growth required to eliminate the conditional and, if profile information is available, provides also a
profile-based estimate of the cost-effectiveness of the optimization before it is applied. The inlining algo-
rithm in [AGS97] inlines procedures one by one based on their execution rate until a code growth budget is
exhausted. Our correlation analysis can be used in the inliner to give procedures that generate correlation
a higher priority so that correlated branches can be removed after inlining [Car95, DH88]. Our restructur-
ing algorithm can be used to eliminate correlated branches after the code growth budget for inlining has
been exhausted because its code growth demands are smaller than those of inlining. Richardson and Ganap-
athi [RG89] observed that the benefit of inlining comes mainly from eliminated procedure call overhead. Our
analysis is able to identify procedures whose inlining will create intra-procedural optimization opportunities
for branch removal.

Virtual calls sites. Object-oriented languages complicate inter-procedural compilation because call sites in-
voking member procedures of polymorphic types may transfer control to one of many procedures, depending
upon the concrete type of the receiver object. Since such call sites require expensive dynamic dispatching,
methods for their elimination through concrete type inference have been developed [AH95, PC94, PC95].
In these methods, demand-driven inter-procedural analysis determines for each call site the set of “reaching
concrete types.” Subsequent program restructuring separates out paths and clones procedures with the goal
of creating call sites reached by a single type of the receiver.

There is an analogy between concrete type inference and our work in that both methods compute
at optimizable nodes the set-union of all optimization opportunities and enable optimization by making the
opportunities unique through path separation. While ICBE collects values of variables that determine branch
outcomes, type inference is interested in the types of receiver objects. With respect to the restructuring algo-
rithms, however, our transformation is more powerful than cloning because exit splitting is able to separate
out paths that cross the exit node, which cloning cannot achieve. Section 7.4.2 described how entry/exit split-
ting is performed at virtual call sites. The entry/exit splitting can prove valuable for object-oriented languages
because the cost of passing additional return addresses is small compared to that of a dynamic dispatch.

While concrete type analysis is very successful in enabling inlining at virtual call sites, some call
sites will still require dynamic dispatch. In this case, we can use entry/exit splitting, as described in Sec-
tion 7.4.2.

Fine-grain computer architectures. The elimination of conditional branches is especially important for
wide-issue superscalar and VLIW architectures, in which instructions are pre-fetched and executed spec-
ulatively across conditional branches based on predictions of their outcomes. With increasing processor
parallelism, branch density in the stream of instructions is becoming critical because expensive mechanisms
are required to predict and issue multiple conditional branches in a single cycle [Joh91]. Our experiments
have shown that between 3% and 18% of executed conditionals can be eliminated by ICBE, reducing branch
density.

A mispredicted branch stalls the processor for many cycles and pollutes the instruction cache. Research in
correlation-based hardware branch prediction [YGS95] shows that unpredictable branches exhibit correlation
with earlier branches. Some unpredictable branches can arguably be eliminated by ICBE. Consider, for
example, a procedure that removes an element from a linked list. When the average list length is low, the
conditional that tests for an empty list is unpredictable. Nevertheless, the test is correlated with the conditional
that tests the return value in the caller. Optimization of unpredictable branches has an especially high payoff.

ICBE can also be used to improve the effectiveness of software pipelining [LH96, RG81] by re-
ducing the number of conditionals and other statements in the loop body, as illustrated by the example in
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Figure 7.7. Elimination of branches can significantly speed-up the loop schedule when conditionals that form
recurrent cycles of control dependencies are eliminated. Branches testing a flag whose value is assigned
within the loop are examples of such conditionals.

Assisting hardware branch prediction. Run-time prediction schemes have been proposed that predict the
outcome of a branch using its correlation with the lastranches [SLM96]. Since the exact source of the
correlation is not known, alt outcomes are maintained and used for prediction, slowing down the learning
process of the predictor. If the correlation is statically detectable, our analysis can provide the prediction
hardware with directions about which recent branch(es) should be used for prediction.

Procedure cloning. Our analysis can improve the effectiveness of procedure cloning by performing inter-
procedural analysis and applying intra-procedural restructuring. Instead of inter-procedural restructuring,
information about the correlation that crosses procedure boundaries is used to clone copies of a procedure.
To clone a procedure, the call node is split into multiple nodes, each of which has a call to a clone. Each
clone copy can be modified to take advantage of the correlation. In previous work [CHK92], cloning is based
upon constants while our approach will take advantage of correlation for cloning.

Library procedures. Even when it is not possible to compile the library procedures together with the ap-
plication program, we can take advantage of correlation that crosses the application-library boundary. The
library procedures can be pre-split by optimization with respect to characteristic application programs and
the summary nodes describing the resulting entry/exit splitting can be conveniently stored with the library
interface for later lookup during the optimization of the user program. For example, a separate exit from
malloc would exist that would be taken when the return valudUii_L. Since a large portion of correlation

exists across calls to the same or related library procedures, the characteristic program may be as small as
the one in Figure 7.6. The original unoptimized procedure entry must be maintained for library procedures.
When this entry is invoked, all procedure exits return control to the standard return address so that compilers
without ICBE can also use the library.

Inter-procedural optimizations. Because path separation and entry/exit splitting eliminate control flow
merge points, conservative merging of data flow information at procedure boundaries is reduced. As a result,
other optimizations, such as procedure cloning, partial redundancy and dead code elimination, may be more
effective following inter-procedural restructuring. The ICBE optimization can be used to optimize array
bounds checks [KW95, Gup90] which typically exhibit correlation. Finally, branch elimination can be used

as a component of aggressive program transformations, such as slicing-based partial dead code elimination
[BGI7D].



Chapter 8

Experimental Evaluation

This chapter experimentally evaluates the power of thieHlFINDER framework. We develop an
instance of the framework—specialized for removal of redundant load operations—and measure its various
properties. In particular, we focus on comparing PFINDER with an ideal optimizer. In an ideal optimizer,
value-flowanalysisdetectsall reuse apparent from the program text, and the value-filtamsformatiorre-
movesall detected reuse. Our main focus is to measure the completeness of the VNG representation, which
decides the success of value-flow analysis of theHfFINDER framework. Completeness of the transforma-
tion stage was evaluated in Chapter 6, where PRE(MS) was shown to be near-complete.

To gauge the completeness of the VNG representation, we need an ideal program analysis, one that
exposes all reuse present in the program. Because detecting all reuse is an undecidable problem, such ideal
analysis cannot be carried out statically. We obtain the ideal performance via dynamic program analysis. By
observing the run-time stream of memory references, we collect all PRE-exploitable reuse and treat it as the
ideal analysis performance. To compare the (static) value-flow representation with the (dynamic) ideal value
reuse, we use the estimators that compute, given a data-flow solution and a program profile, the dynamic
amount of reuse detected by the static analysis. Our experiments show that about 55% of loads executed in
SpeEC95exhibit reuse. Of those, our analysis exposes about 80%.

This chapter starts by describing register promotion, an optimization that removes redundant load
instructions. Next, the suitability of register promotion for evaluating thesFFINDER framework is justi-
fied. Next, a method for measuring the amount of value reuse inherent in a program is presented, along with
empirical measurements of the ideal reuse. Finally, this chapter compares the amount of reuse removed by
PATHFINDER with the ideal amount.

8.1 Instantiating the framework: register promotion

Without comparison, caches are the bestdwaredefense against the von Neumann memory bot-
tleneck. Capitalizing on data locality, caches winrbysingrecent memory accesses. How can compilers
benefit from these reuse opportunities? In the ideal case, the compiler promotes repeatedly accessed memory
locations to registers. Register promotion is the lwesbpilersolution for reducing the memory traffic. By
removing redundantloads, register promotion decreases the dynamic operation count and shortens instruction
schedules. This section describes register promotion and shows how it is derivedafraffbER. We
also outline our evaluation approach and justify reasons for selecting register promotion as the basis of the
evaluation.

134
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Register promotion entails three subproblems. Hoafl-reuse analysiinds loads and stores that
access the same address, together with the execution paths along which the reuse exists. In our framework,
load-reuse analysis consists of the VNG representation (Chapter 3) and the dataflow analysis carried out
on the representation (Chapter 4). Secaalihs analysisverifies that the reuse detected by the VNG is
not disrupted by intervening stores. In our framework, the effects of killing stores are incorporated into
the dataflow analysis. Finally, a programansformationstores the prior memory access in a register and
replaces the redundant load with a register reference. In our framework, transformation is phrased as partial
redundancy elimination (Chapter 6).

There are three reasons for using register promotion as the basis for for the evaluationBiND ER.

e Removing memory accesses is an important optimizatidiemory operations are very expensive to
execute in parallel, because they require multiple ports to the hardware cache. In comparison, a register
access is, in most cases, a much cheaper operation.

Additionally, there are many load-reuse opportunitieAs our experiments show, many load opera-
tions are redundant and most of them can be removed.

e Removing loads is an enabling optimizatiodvhen values are passed between arithmetic and logical
instructions via memory—»by means of loads and stores—the optimization scopes broken up by the
memory accesses is too small for detecting arithmetic value flow.

e We can develop relatively precise dynamic analy§isom the point of view of the dynamic (run-time)
analysis, there is a value flow between two memory loads if they access the same memory location.
In contrast, it appears that a dynamic detection of branch correlation would have a lower precision,
because it would involve “mining” for correlation among Boolean values, rather than (unique) memory
addresses.

This chapter focuses mainly on the first component of register promotion, load-reuse representation
and analysis. Because an optimization is only as powerful as its analysis, improving the precision of the
analysis is of high significance. The second component, alias analysis, has a different aim: while load-reuse
analysis detects memory references thastgo to the same location, alias analysis finds thosenttzgt thus
identifying killing stores. Recent research indicates that, for register promotion, a simple alias analysis may
be sufficient [DMM98, LC97]. The third component, PRE transformation, was evaluated in Section 6, where
it was shown to near-completely eliminate@dditectedeuse. In this chapter we concentrate on evaluating the
amountof detected reuse by the VNG representation. We say that an analiPsEicompleté it detects
all reuse that the PRE transformation can exploit.

Typically, optimizations are evaluated by reporting the amount of computations removed. Un-
fortunately, such absolute measure says little about how much potential remains unexploited. Instead, our
evaluation measures the level of PRE-completeness: how far is the analysis from an ideal one? Because
detecting load reuse is in general undecidable, we can only hope to find an approximation of the ideal reuse
amount. For that purpose, we perform dynamic analysis of the program. Dynamic analysis is a simulation-
based limit study: by observing the dynamic stream of memory references, we find all reuse available under
a given input and use it as an upper bound of the PRE-exploitable reuse in the program.

In microprocessor-based optimizations, simulation limit studies have long been guiding the re-
search direction and evaluating the designs. As a result, research processors offer impressive solutions to
some compiler problems: memory disambiguation [CE98] and redundancy elimination [LS97]. In compiler
optimization, too, limit studies can identify untapped potential, point to bottlenecks, and evaluate algorithms.
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Figure 8.1:The experimental setup.

While the (static) load-reuse analysis identifies redundantloads and theipaghsehe (dynamic)
limit study yields theun-time numbenof redundantly executed loads. To compare these disparate quantities,
we weight the static reuse using the program profile generated by the simulator. The result is the run-time
amount of statically detected redundant loads.

Figure 8.1 outlines our experimental setup. Value-flow analysis composed of the VNG and the
dataflow analysis carries out a static analysis of the program. The dynamic analyzer composed of a simulator
runs the program on some input and outputs two pieces of dynamic information. The first is the reuse level,
measured as the percentage of all executed loads that can reuse the value from a prior memory access. The
second information is an edge profile collected during the simulation run of the program. The simulation-
based dynamic analysis is described in Section 8.2. The profile is combined with the dataflow analysis
solution, producing the dynamic amount of reuse detected by the static analysis. The analysis-detected reuse
can then be compared with the ideal reuse level. The results are reported in Section 8T3{HNBER, the
profile-weighted reuse is used, besides evaluating the analysis, to navigate the transformation.

8.2 Ideal amount of value flow

This section focuses on load reuse visible at run time. We present a simulation-based limit study
that has multiple usesi) measuring the amount of reuse in programs (how large is the optimization potential
of register promotion?))) evaluating the load-reuse analysis by providing a reference point (how close is
the analysis to its ideal performance?), ajduning the analysis (which are the redundantly executed load
instructions?). In this section, we describe the design of our simulation and show that a large fraction (55%)
of loads executed in Spec95 exhibits reuse opportunities.

The primary use of the limit study is to evaluate the precision (completeness) of the load-reuse
analysis. The precision is measured as the level of completeness. An analysisnspletdf it detects all
reuse that can be removed from the program with a program transforrfiatlarour context" is thepartial
redundancy elimination (PREpresented in Chapter 6. PRE is a code-motion transformation that can exploit
reuse even when it exists only on a subset of execution paths incoming to the redundantload. Therefore, PRE
has become the basis of modern register promotion techniques [CK94a, BG96b, SJ998]CK
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Unfortunately, detecting load reuse is in general undecidable [Ram94] and so no compile-time
PRE-complete load-reuse analysis exists. Therefore, we use an empirical, run-time analysis that measures
the reuse in the program as the program executes. In order to provide a close approximation of PRE-
completeness, this simulation-based limit study should collect all reuse that PRE can remove, but no reuse
that is beyond the power of PRE. The simulation should thus mimic the character of the PRE transformation.

As described in detail in Chapter 6, PRE removes redundancy by hoisting the partially redundant
load against all control flow paths until it reaches a memory operation that generates the reuse. At this point,
the contents of the promoted memory location is stored in a register that carries the contents to the original
load. When PRE is performed on the VNG representation, load reuse is not restricted to acyclic paths; the
reused value can be carried (using multiple registers) across a small number of loop iterations. (Recall the
parametetw that instructs the back-substitution to build the VNG alangonsecutive loop iterations (see
Figure 3.10).) In summary, the PRE operational restriction is that the redundant load can reuse a result of
some other static instruction (or itself), such that the result is a small numpef lynamic instances old.

The simulation algorithm reflects this PRE property. The run-time reuse is detected by remem-
bering for each static memory instruction éscess historythe dynamic stream of its recent addresses. A
dynamic instance of a load is then redundant if a prior load or store accessed the same location without an
intervening store. If an intervening store did occur, the load is still redundant; the intervening store becomes
the reuse source.

The simulation technique has two contradictory goals. On the one hand, the limit study should
yield anupper bound:each reuse that can be removed with PRE must be detected. On the other hand, the
bound should béight: if a reuse for a given static load is intermittent (e.g., because it is sporadic or input
dependent), it should be filtered outrasise In the example below, the reuse between recurrent array accesses
(i.e., between the store of[i + 2] and the load ofd[i]) is PRE-exploitable by allocating two registers that
will carry the value for two iterations [CCK90, CK94a, BG96b]:

for (i=0; i<N-2; i++) { Ali+2] = Ali; }

On the other hand, the reuse below is noise. While some consecutive loads from the hash table may access
the same location, the reuse is not guaranteed to occur each time the program takes the path across the loop
backedge. Therefore, PRE cannot exploit this reuse.

while (c=read()) { .. = hashtablhash(c)]; }

To verify the PRE requirement that a path carries its reuse each time it is followed, the simulator would have
to do extensive bookkeeping of followed paths. Consequently, we favor a noisier (i.e., less tight) upper bound
over an expensive simulation. To reduce the noise, we limit the number of memory cells remembered in
the access history of each static load and store. A small numigeto 4) of recent accesses is sufficient
to capture most loop carried reuses, like the first example above [CK94b]. The simulation parareeter
counterpart of the VNG parameter

PRE is inherently an instruction-level optimization. It is not capable of exploiting loop-level reuse,
like the one between loadsandb below. Hoistingh does not work. Instead, the loops must be merged using
loop fusion [CMT94], after which PRE can harvest the reuse.

for (i=0; i<N; i++) {a = AJil; }
for (i=0; i<N; i++) {b .. =Al }
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Figure 8.2:Dynamically detected load reuse(Inlining: up to 50% code growth; Spec95 input se&in.)

The simulation algorithm will (correctly) not identify the loado be redundant (unle$$< h) because the
access history remembers only lashiccesses made by load Hence, the simulation is consistent with the
power of PRE.

Reuse Level. Figure 8.2 plots the amount of simulation-observed load reuse. For each benchmark,
the experiment was carried out at three points in the compilation: for the original program, after optimiza-
tions, and after register allocation. The compiler used was Impact [CM the optimizations included the
local, global, and loop invariant redundant load elimination, as well as superblock optimizations[@2yIC
Note that while in the floating-point benchmarks (the four on the right) the removal of many loads was ac-
companied by the decrease of observable reuse, in the integer benchmarks the optimizer left many redundant
loads unoptimized, which suggests that programs with complex control flow require more powerful, path-
sensitive optimizations and/or better alias information. Also note the increase in observed reuse after register
allocation, which is due to spill-code loads (the target processor was PA-7100).

We show the amount of reuse for the history depth 1 and 4. Increasing the history depth raises the
observable reuse much more in integer programs than in the scientific ones (where more recurrent accesses
would be expected to be captured with the increased higomx manual examination of simulation results
strongly suggests that the additional reuse collected at the deeper access history is mainly noise, similar to
the intermittent reuse in the hash-table example above. Also shown in the graph is the fraction of reuse in
which both the generator and the redundant load belong to the same procedure. These reuse patterns are not
strictly intra-procedural, as the procedure might have returned and been called during the reuse. However,
these “intra-procedural” reuse levels serve as a reference point for our intra-procedural load-reuse analysis
(Section 8.3).

Input Variance. Profile-directedoptimizationand simulation-directedptimization desigrare
valuable only if the program input exercises input-independent, pervasive program characteristics. How
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Figure 8.3:Effects of symbolic language and pointer aliasing on the amount of detected reuse.

much does reuse vary across different inputs? We modified the inputs on several benchmarks and compared
the observed reuse. The results are shown in Table 8.1. The input-based variation of the reuse level is within
18%, which may suggest that reuse is largely input independent. The greatest differeno@&kgim , in

which each input directs the execution into different procedures. For the same reason, this benchmark has
less reuse generated by stores intéwt input (fractions add up to more than 100%, as a reuse instance
may be generated by multiple instructions, a load and a store). We have manually exeonipedss and
discovered that the lower reuse in the larger input is due to fewer noisy loads. Input variance may therefore
be useful as a noise reduction mechanism; by taking intersection of reuse detected on different inputs, we
may determine regular, statically detectable reuse.

Memory Requirements of the Simulator. While the simulation limit study is considerably more
expensive than control flow profiling, it is used once (to design and tune the analysis) unlike the cheaper
profiling which is repeated (to optimize each program). Still, the simulation speed was acceptable, at about
9.4 seconds per 1 million loads and stores executed (on PA—8000). The memory required varied greatly. The
largest data structures were neededtwym (103MB + 32MB hash table) and the smallestdmympress
(4MB + the same hash table).

8.3 Completeness of value-flow analysis

This section experimentally evaluates 8taticvalue-flow analysis in relation to thé/namiclimit
study from Section 8.2. Because our implementation of the analysis is intra-procedural, the reference point
for comparison is the intra-procedurally observed reuse. To minimize noise in the baseline, we use the reuse
collected at the access histdry= 1. We analyzed the unoptimized source programs. In summary, for each
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benchmark, the baseline for comparison is tX& thark in the leftmost column in Figure 8.2. Figure 8.3
plots the amount of reuse discovered by the analysis. The plotted amount was computed as the average of the
lower and upper bounds returned by the CM#Btimator.

The load-reuse analysis was carried out under varying assumptions. The two highest lines in Fig-
ure 8.3 show the reuse detected at 1-level and 0-level address indirection, respectively. Our implementation
considered only indirect loads, not stores, which may explain the lack of indirect reuse in some benchmarks.
To determine the reuse-detection power of the analysis, these two lines assumed perfect aliasing under which
no stores along a reuse paths would kill the detected reuse. While not all of this aggressively detected reuse
can be promoted to registers, it can be exploited with alternative reuse mechanisms, such as data-speculative
loads, as noted in Section 8.1. Overall, the comparison with the limit study shows that our analysis is about
80% PRE-complete.

Aliasing. We also studied the killing effects of intervening stores and procedure calls. Because
our compiler does not perform alias analysis, we considered three hypothetical levels of pointer aliasing
precision, specified as follows: first, we assumed that only procedure calls killed the detected reuse; second,
we added to the kill set all stores except for stores to global variables; third, all stores and procedure calls
killed the reuse. Due to aggressive inlining, only a small amount of reuse was lost at procedure calls (the
white bar segments). However, array and pointer stores remove almost one third of reuse (the dark, middle
segments). While this pessimistic hypothetical aliasing gives disappointing results, other researchers showed
that even a simple alias analysis may produce memory disambiguation that is near-optimal for purposes of
register promotion [DMM98, LC97].

Finally, we experimented with noise-reduction heuristics. We classified as noise all redundant loads
whose observed reuse included many dynamically insignificant generators, but no dynamically frequent ones.
Even with a conservative noise-reduction criterion, we filtered out about 20% of noisy reysaird 10%
inijpeg , as compared to the baseline in Figure 8.3. This allows us to conclude that our load-reuse analysis
is successful; on average, at least 80% of observed reuse is captured.

8.4 Miscellaneous

A powerful load-reuse analysis is beneficial even when the register promotion itself is prevented
(due to aliasing or lack of registers). In such a case, the PRE transformation step can employ alternative,
albeit less effective, reuse mechanisms. When promotion is unsafe due to interfering stores, the redundant
load can be replaced withdata-speculative logdvhich works as a register reference when the kill did not
occur, but as a load when it did [KSR94, GKKG98, BG96b, Wu96]. When registers are not available, load
reuse can be exploited usiagftware cache contrgk SR94, GKKG98,RCT 98]. By directing which loaded
values remain in the cache and which bypass it, the compiler can improve the sub-optimal hardware cache
replacement strategy.

We have experimentally investigated how demanding PRE is with respect to the number of registers
consumed. Theegister pressurat a CFG node is the number memory locations whose reuse path crosses that
node; each memory location needs one register. We averaged the register pressure over all nodes, weighting
each node by its profile frequency. For the O-level perfect aliasing analysis configuration, the highest average
register pressure was 34 registersfo2cor . Such an amount of registers will be soon available in general-
purpose processors.
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8.5 Other methods for value-flow optimization

We conclude this chapter by comparingrRFINDER (a representative of the compiler optimiza-
tion technology) withvalue prediction(a representative of architectural approaches to program optimiza-
tion) [SVS96, SS97,LS97]. Before we describe the experiment, it is helpful to refresh the program optimiza-
tion spectrum, shown in Figure 8.4. Qualitatively, the three technologies—compiler optimization, dynamic
optimization, and processor architecture—operate on different principles. In particular, they differ greatly in
how they exploit the program text (static analysis) and how they exploit the values computed by the program
(dynamic analysis). The major question that our final experiment attempts to answer is how different these
technologies are quantitatively. In particular, what are the redundant computations (and how many are there)
that one technology can remove but the other can’t?

The experiment compares the dynamic amount of reuse removegtisyFRIDER with the dy-
namic amount of values predicted by three different value predictors: the last value predictor [LS97], two-
delta stride predictor [SVS96], and context predictor [SVS96]. The first two predictors allocated one element
(to store the last value and stride) per static instruction. The size of the context predictor table was 64MB.
The prediction and compiler optimization was performed only on (the results of) load instructions. The
measurements are plotted in Figure 8.5. The following conclusions and notes can be made:

1. Except for the most expensive (context) predictor, there is a significant number of computations that
can be removed only with the compiler.

2. Many of the computations predicted with the stride predictor could probably be removed with loop
unrolling or strength reduction. The latter could be considered a form of value-flow optimization: it
removed instructions that compute the value of some previous instruction plus some offset.
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Figure 8.5:Comparing the power of value-flow analysis and value prediction.

It would also be interesting to comparet® FINDER with instruction reus¢SS97, SS98], a hard-
ware technique that does not predict the future values (like value prediction), but looks them up in a what we
could call avalue-reuse tablémuch like compiler-based value-reuse does). The value-reuse table is indexed

by the values of the arguments of the operation that is being reused. In that sense, instruction reuse is even
more similar to compiler optimization than value prediction.



Chapter 9

Conclusion

Value-flow optimizations are the backbone of compiler techniques for enhancing instruction-level
parallelism. As a unifying paradigm, these optimizations exploit the program property that the results of some
operations have been previously computed. If value recomputation is detected, the redundant operations can
be removed or substituted with cheaper ones. As aresult, program code is improved in at least two ways. First,
by eliminating useless computations, instruction schedulers can use freed hardware resources to construct
shorter schedules. Second, when operations are deleted from the critical path of program dependencies, the
optimization achieves faster execution even when resources are not the bottleneck.

Observations of values computed during program execution suggests that compilers miss numerous
value-based optimization opportunities: even in highly optimized programs, up to 40% of executed instruc-
tions compute the same value as their previous dynamic instance. As shown by our experiments, for most
instructions, the source of this redundant recomputation are program expressions that are equivalent only
along some—nbut frequent—execution paths. Because not all executions of an expression are optimizable,
this some-pathsedundancy is beyond conventional optimizers: conservative analyzers fail to expose it, and
inflexible transformations fail to remove it.

This thesis unified, generalized, and improvedlie-flowoptimizations. Particular emphasis was
placed onpath-sensitivitywith the aim of complete exploitation of opportunities that either may not exist
along all execution paths or become visible only when individual paths are examined separately (or both).
This goal was accomplished by first defining a class of value-flow problems and then by identifying its
member optimizations. The value-flow class is broad and practically significant; a partial list includes loop-
invariant code motion, constant propagation, load/store elimination, and branch removal. As the next step,
problems shared among optimizations in the value-flow class have been identified, enabling development
of an optimization framework in which common optimization issues can be addressed uniformly across the
entire class.

The main result of this thesis is an optimization framework for deriving path-sensitive versions of
value-flow optimizations. The major obstacle that prevents a constructioprattical path-sensitive frame-
work is exponentialcost incurred when the (exponentially mangdlividual program paths are optimized.

This exponential cost comes in three forms:

e Analysis costeach program path may haveldferentoptimization opportunity.
e Transformation costonly someprogram paths may offer an optimization opportunity.
e Profiling cost: to perform cost-benefit trade-offs, we may require the execution frequency of each

program path.
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This thesis presents techniques that make these three costs practical, while maintaining the optimization
power at nearly optimal level. Specifically, the exponential cost was attacked by dividingth& RDER
optimizer into three stages: program representation, dataflow analysis, and program transformation. In each
of the stages, this thesis develops new techniques. Their contributions are summarized next.

e Representation. We developed th&alue Name Graph (VNG novel program representation that
models the flow of a recomputed value. By symbolically naming the value, the VNG reduces the
(hidden) value flow into the (exposed) data flow. The representation, d&llad Name Grapmames
the value on demand, for a set of optimized computations. Although the names are formed separately
for each path, obtaining path-sensitivity, the paths are analyzed separately only when it matters, i.e.,
when the value has a different name.

By analyzing paths separately only when they offer different optimization opportunities (when the
value has a different name), our representation reduces the expoaeatiadis cost

¢ Profile-weighted dataflow analysis:To navigate the transformation trade-offs, the dataflow analysis
must weigh the optimizable paths with a run-time profile. To make profile-guiding practical, this thesis
develops a family oéstimatoralgorithms based oadgefrequencies, a cheap but inherently imprecise
alternative to path profiles that measure frequencies of individual paths. When weighing the reuse,
estimators bound the inherent error of the edge profile, adding confidence to imprecise profiles.

By using the (linear-size) edge profile, the exponemrafiling costis avoided, while achieving esti-
mation precision close to that based on path profiles.

e Transformation (intra-procedural).We developed a transformation that (nearly) completely removes
all computations detected as redundant. The transformation combines three orthogonal methods. We
resort to the expensiygath duplicationonly when the growth-freeode motiorfails to transform the
program, and only when the profile-drivenntrol speculatiorcannot profitably impair some paths
to optimize others. The spectrum of algorithms is based on a single abstract@geaMotion-
Preventing (CMP) Regigrwhich contains identifies adverse effects of the control flow on the desired
optimization. Our experiments show that the version of transformation that combines code motion and
speculation is highly successful: it removes nearly all redundancies and, because it does not perform
restructuring, achieves zero code growth.

Thus, by exploiting code motion and control speculation, redundancies are removed without duplicat-
ing individual program paths, reducing ttransformation cost

e Transformation (inter-procedural).

We developed a transformation that completely removes redundancies that are inter-procedural, i.e.,
those where the value flows across procedure boundaries. Rather than resorting to (expensive) inlining,
we separate optimizable paths by generating multiple procedure entry points and multiple exit points
(which may return to different points in the caller). Thanks to entry/exit splitting, paths can be separated
across procedure boundaries, even when the call site invokes one of many procedures, as in virtual
procedure calls.

By splitting procedure entries and exits, fewer paths are duplicated than when procedure inlining is
used, which reduces the transformation cost, similarly to the intra-procedural transformation.
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We compared the power of the framework with that of an ideal value-flow optimizer, using the
optimization of redundant loads. We developed a run-time program monitoring algorithm that exposed the
amount of value reuse present in the program. This ideal amount was compared with the amount detected by
our analysis. We observed that we captured at least 80% of the reuse present in the program.

Besides removal of redundant memory loads, the framework was employed to derive optimizations
of arithmetic expressions and an inter-procedural version of removal of conditional branches, with promising
results. We believe that thexPHFINDER framework can be used successfully also to derive other optimiza-
tions, such as removal of redundant array bounds checks or for constant propagation.
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