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Although optimizations have been applied for a nambf years to improve the performance of software,
problems with respect to the application of optatians have not been adequately addressed. Forpéxam
optimizations may degrade performance in certaicuaistances. However, there is no efficient wakrtow
when a degradation will happen. In this researoh,investigate the profitability of optimizationshieh is
useful for determining the benefit of applying opizations. We develop a framework that enable® ysedict
profitability using analytic models. The profitabjl of an optimization depends on code context,thgicular
optimization and machine resources. Thus, our frearie has analytic models for each of these comptsnen
As part of the framework, there is also a profiigbengine that uses models to predict the prdidithis paper,
we target scalar optimizations, and in particulscribe the models for partial redundancy elinidma(PRE),
loop invariant code motion (LICM) and value number{VN). We implemented the framework for predigtin
the profitability of these optimizations. Based time predictions, we can selectively apply profigabl
optimizations. We compared the profit-driven apptoavith an approach that uses a heuristic in degidi
when optimizations should be applied. Our experimedemonstrate that the profitability of scalar
optimizations can be accurately predicted by usimgdels. That is, without actually applying a scalar
optimization, we can determine if an optimizatierbeneficial and should be applied.

1. INTRODUCTION

Optimizations, introduced in the late 1950s, hawxodme essential components of
compilers. Although concentrated research effoaigelbeen devoted to the development
of particular optimizations, certain problems witlespect to the application of
optimizations have yet to be adequately addres$edst, it is recognized that
optimizations may degrade performance in certaituoistances [BrCo94, ZhCS03]. But
so far we have no efficient way of determining ifmpact of optimizations and choosing
not to apply optimizations to avoid performancerdegtion. Second, we also know that
optimizations enable and disable other optimizatioso the order of applying
optimizations can have an impact on performance., (iphase ordering problem)
[WhS097, TVVA03, ACGHO04, KHHWO04]. However, typicg/l compilers apply
optimizations in a predetermined order. The choitthe order is guided by a compiler
writer’'s expertise and used for all programs. Beeanf these problems, compilers are not
achieving the maximum benefits from applying opziations.

A number of events are occurring that demand syaiersolutions to these problems.
Because of the continued growth of embedded systerdsthe critical importance of
time-to-market in this domain, there is an eneggetiovement to write embedded
software in high-level languages. The use of ha@tel languages in this area requires a
high quality optimizing compiler that can intelligigy apply optimizations to achieve the
best performance improvement. Another activity the$ brought optimization problems
to the forefront is the trend toward dynamic optiation. To be effective, dynamic
optimization requires a good understanding of treneffit and cost of applying
optimizations. Currently, it is unclear when andendto apply optimizations dynamically
and how aggressive optimizations can be and stiptofitable after factoring in the cost
of applying optimizations.



Traditionally, heuristics have been used to addsesse of the problems of applying
optimizations. Heuristics can work well in genetdbwever, heuristics tend to lael hoc
and focus specifically on a single or a small clafssptimizations. Heuristics also require
tuning parameters to select appropriate threshaldeg. The success of a heuristic can
depend on these values and the best choice caroradifferent optimizations and code
contexts.

To systematically tackle these problems, we nedbtter understand the profitability
of optimizations. An experimental approach has hessd in previous research to address
the profitability [CoSTO01, KiKOO00, ACGH04, KHHWO04ChCHO05]. That is, the
profitability is evaluated by actually applying apizations and executing the optimized
code. Based on the evaluations, the order anddhégaration (e.g., tile size for loop
tiling) to apply optimizations are determined.

Due to the high cost of applying optimizations @xeécuting the optimized code, our
research focuses on determining the profitabilify optimizations throughanalytic
models In this paper, we present a framework of analytiodels for predicting the
profitability of scalaroptimizations. In particular, we address the spegfoblems of
how scalar optimizations impact registers, computagi.e., functional units) and overall
performance. Optimization profitability dependsamtle context, particular optimizations
and machine resources, all of which need to be tadd@s part of the framework, there
is a profitability engine that uses the models tedirt the profitability of applying an
optimization at any code point where the optimiats applicable.

We have developed models for a number of scapdimizations, including copy
propagation, constant propagation, dead code eiioim, partial redundancy elimination
(PRE), loop invariant code motion (LICM) and valuwembering (VN). In this paper, we
focus on the models for PRE, LICM and VN. Modeds the other optimizations are
useful when considering the impact of an optim@atsequence, which is beyond the
scope of this paper. We implemented the modelstlagrofitability engine, which are
used to predict the profitability of PRE, LICM andN. Based on the prediction, we
either apply the optimization or not. We compare profit-driven PRE and LICM with a
heuristic-driven approach that considers the regigiressure when applying an
optimization. We also compare profit-driven PRECM and VN with an approach that
always applies the optimization if it is safe (i.@pplicable). Experimental results
demonstrate that our model-based framework canraiedy predict the profitability of
scalaroptimizations with reasonable overhead. That ithauit actually applying a scalar
optimization, we can predict whether it is benafieind then selectively apply it.

The contributions of this paper include:

= Analytic models for code, optimizations, and maehiesources;

= A framework that uses models to predict the prbfiity of scalar optimizations;

= An implementation of the framework and an experitaknevaluation
demonstrating that the model-based approach fatigineg the profitability of
scalar optimizations is effective and efficient.

In Section 2, we show the conceptual structure wf model-based profitability
framework. A framework instance to determine thgawt of PRE, LICM and VN on
registers and computation is described in Sectidexperimental results are presented in
Section 4, followed by related work and future wdBkection 7 concludes the paper.

2. PROFITABILITY FRAMEWORK

To determine the profitability of an optimizatione require models that are useful for
predicting the impact of the optimization on penfiance (i.e., execution time).



Performance is generally affected by registers, mdation and other resources (e.g.,
cache). Thus, we need to determine the profit obptimization for each resource and
then combine the profitsilmportantly, to determine profitability, we do netquire exact
profit numbers but numbersaécurate enough” that the right decision as to when and
what optimizations to apply can be made.

Our framework, given in Figure 1, has three typdsanalytic models (code,
optimization and resource models) and a profitgb#ingine that processes the models
and computes the profit. The models are plug-aagi-pbmponents. When new models
for the code, optimizations or machine resourcesnaeded, they can be developed and
easily added into the framework.

Code Models Optimization Models Resource Models

Live ranges Register
Operation list I @ Computation

A 4

Profile
(optional) | Profitability Engine

Figure 1. A model-based framework for predicting the profitability

2.1 Code Models

The code model expresses those characteristideeafdde segment that are changed by
an optimization and impact a machine resourceoumframework, there is a code model
for each machine resource. For example, thereregister code model to express live
range information because live ranges can be clamgan optimization and impact the
registers. There is also a computation code modes$pecify the frequency of the
occurrence for operations. In some cases wherenizatiions (e.g., loop optimizations)
have a significant impact on cache, a code modetdohe is also needed to specify the
array reference sequence [ZhCS03]. In this paperfogus on scalar optimizations,
which have negligible effect on cache (i.e., lo@h&vior dominates cache performance
[McCT96]) and we consider only registers and corapai.

The code models are extracted from the low levigrinediate representation of the
program. When safe conditions for applying an ojzation are detected, the code
models are automaticaltyenerated by the optimizer. Note, in this work, agsume that
data flow information is available to determineaii optimization is legal. If legal, we
then apply profitability analysis. However, we abuhlso do the reverse: we could
determine the hot regions of the code and the takwfity of an optimization in a region
and if the transformation is profitable, use ddtawfanalysis (in particular, demand-
driven data flow analysis [DuGS97]) to determinéhdé optimization is legal.



2.2 Optimization Models

Optimization models are written by the compiler ieegr when developing a new
optimization. An optimization model expresses themantics (i.e., effect) of an
optimization, from which the impact of the optinimem on each resource can be
determined. For example, the PRE optimization maldsicribes the semantics of PRE,
from which we can infer how PRE changes the coddetsounder consideration.

The effect of an optimization is determined fronme ticode changes that the
optimization introduces. Optimizations can causen-stouctural and structural code
changes, which can be expressed by editing chamgascontrol flow graph. These edits
are Insert/Delete a statement (including its oj@neaind operators), Insert/Delete a block
and Insert/Delete an edge. All optimization codanges can be expressed in terms of
these edits [BiS090]. Thus, the code changes afticplar optimization can be described
as a series of basic edits. For example, constapapgation can be represented as “Delete
variablev at statemen®; Insert constant at statemer®”.

To determine the impact of an optimization on riegis an optimization model for the
register allocator must be developed (shown as “RAFigure 1). The characteristics of
the register allocator that need to be modeledmvaether the allocator is local or global
and how it spills the live ranges (i.e., the numbkadditional loads and stores that are
inserted into the code). A model for the regisddocator can be constructed that
approximates a particular register allocation sahersay graph coloring [Chai82,
GeAp96] or linear scan [PoSa99]. In this work, we gterested in the impact of other
optimizations on registers rather than the impéet particular register allocation scheme.
Hence, we only need a representative registeratitmt model, such as one for coloring.

2.3 Resource Models

The framework has a model for each machine respuvbeh describes the resource
configuration and benefit/cost information in usitige resource. A resource model is
developed based on a particular platform. For examp determine the register profit,
we need to know the number of available hardwagisters and the cost of memory
accesses (loads and stores). When considering ¢atigo, the computational operations
available in the architecture and their executatericies are needed. Since we do not
consider instruction scheduling, the profit deduaesing the computational resource
model is an approximation, as is true for mostefresource models.

2.4 Profitability Engine

The models in the framework are descriptive andvipeo the information needed to
compute profitability. The other important componeof our framework is the
profitability engine. When conditions for an optration are detected, the code, the
optimization, and the resource models are input ihe profitability engine. The engine
uses the information in the models to compute tioditpof an optimization at a program
point. The profit can be computed for one resouncér combined resources. From an
optimization model, the engine determines the coumlel changes caused by the
application of the optimization. It then applieedsk changes to the code model and
generates a new code model that represents ttat effthe optimization. Finally, it uses
the resource model to determine the impact of tienges on the resource. The profit
engine can also use profile information (e.qg., lthsic block frequencies) in computing
the profits.



For example, assume the impact of an optimizatioregisters is desired. The engine
inputs the register code model, an optimization ehod register allocation model and a
register resource model. Then it determines thengdm on the live ranges (i.e., the
register code model) based on the optimization moBimce an optimization model
expresses the semantics of the optimizations ds bdis, the engine takes the edits and
computes the changes on the live ranges using emniental dataflow algorithm
[PoS089]. The profitability engine then uses astgiallocation model to determine how
the spills (i.e., loads and stores) are changedrdio to these live range changes.
Finally, the engine computes the profit associatitkd the change in the spills.

Using our framework, the optimizer can perform jrdfiven scalar optimization.
Once it is known that an optimization (i.e., a #ninstance of an optimization) is
applicable, the optimizer generates the code moidefsived in the optimization and
triggers the profitability engine to predict theofit of the optimization. When the engine
is triggered, it takes the code models, optimizatitodels and resources models, updates
the code models and determines the profit on resswinder consideration (i.e., registers
and computation for scalar optimizations). Basedvbather there is a benefit or not, the
optimizer applies the optimization accordingly.

3. FRAMEWORK INSTANCE

In this section, we describe an instance of ounéaork for predicting the profitability
of PRE, LICM and VN. The impact of PRE, LICM and \@d computation is clear: they
insert or delete operations at some program poirteir impact on registers is more
complicated and depends on the code context. Sme®tthey may introduce register
spills, while in other cases they may decreasatineber of spills.
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PRE increases the number of register spills by one, if there are 7 hardware registers.
Figure 2: An example of PRE impacting registers

In Figure 2, we show an example where PRE increasgsster pressure by
introducing one more spill. The PRE algorithm igylaaode motion, which inserts the
computation as late as possible [KNRS92]. In thaer&, PRE moves the useaéndb at
statement 10 up in the code. Becaaisedb are used after statement 10, their live ranges



remain the same. PRE also introduces a new livgerdor the temporary variable,
Thus, if there are 7 hardware registers, the iadefive range will cause a spill to
memory. However, i& andb were not used after statement 10, their live rangsuld be
shortened. In that case, the total number of laeges would be decreased by one,
leading to fewer spills.

3.1 Code Models for Registers and Computation

The register code model represents the code as live ranges of global aadl lo
variables (including temporaries and parameters).répresent a live range bRy, .,

wherex is a variable name and,[..,m] is the range of statements over whicis defined
and referenced. The live range of a variable isneoessarily contiguous. For example, in
Figure 2 after PRE, the live range wfconsists of two parts and can be expressed as

LRj3.46.100» Where [6..10] is a shorthand to represent aigoous range. When a

variable v is defined outside a loop at and used inside the loop at we still use
[n,...,m] to represent its live range for the simplicity th notation. Howevev's live
range includes the whole loop.

The computation code model represents the frequency of occurrence for each
operation in the code. For an operatimp its frequency is represented as a sequence

(fsl, fBz,...,an>Op, wherefg; is the number obp in block B; andop appears in blockB,,
B,, ... B,

3.2 Optimization Models

An optimization model expresses the semantics (icgle changes) of the optimization as
a series of basic edits. We represent a basicbgdits action and code location. For
example, we represent “insert a statemgn& a + b at code locationS’ by
“Insert< DEFx USEa,b OPadd>@S". In some cases, only a part of a statement is

involved in a basic edit. For example, to repldee $tatementX' < a + b” at code
location S with the statementx' < Vv, only the use variables and the operations are
involved in the replacement. We represent the oepteent by:

“ Delete< USEa,b OPadd>@S”

“ Insert< USEv OPcopy>@S".

Next, we describe the optimization models for PRECM, VN and register
allocation.

3.2.1 PRE Optimization Model

PRE inserts and deletes computations in the floaplyrso that after PRE each path
contains no more occurrences of the computatiom llefore. The PRE algorithm that we
model is lazy code motion (LCM), which takes reglighressure into account by hoisting
an expression no earlier than necessary [KnRS9Rhodgh LCM considers register

pressure, there are still cases where PRE intradowme register spills (as shown in
Figure 2).



PRE has three semantic actions that create codgesa

= Insert a statement: inserts the redundant expredskP and introduces a
temporary to hold the result at a destination code location;

= Replace the computation: replagXP with a copy from the temporaryat the
source code position; and

= Update the same expressions (that have the sammatiopeand operands as
EXP): replace each same expression’s destination thittemporary and insert
a copy statement following it.

The PRE optimization model showing these code aaiggiven in Figure 3. A code
movement or replacement can be expressed as &odebétthe statement at the source
location and an insertion of a statement at théirdgon location. For clarity, we us®
to represent the source location &dor the destination location.

In the figure, an assignment from the expres&¥i® to a temporary is inserted at a
destination code location aft&;. That is, the variables &XP are inserted as uses and
the temporaryv is inserted as the definition with the operatiop at S, where
Sy'=Sy +1. We useS’ to represent the new code location. At the sooock locatiors,

the expressioiEXP is deleted and a copy from the temponaiy inserted. The definition
variable is unchanged. Finally, for each expresgitimat has the same computation at the
code locatior§,, the destinationv is replaced by the temporavyand a copy fromv tow

is inserted at the new locati&y .

# Eliminate the partial redundant expres#tofP (y opz) atS
Insert a statement:
Sq'=Sq4 +1
Insert< DEFv USEy,z OPop>@Sy'
Replace the computation:
Delete< USEy,z OPop> @ Sg
Insert< USEv OPcopy> @ S
Update the same expressions:
VT | T=w< EXP(yopz)atS,
Delete< DEFw > @S,
Insert< DEFv > @§5,,
Sw'=Sw +1
Insert< DEFw USEv OPcopy>@$§S,,'

Figure 3. PRE optimization model

After PRE, the temporary can be propagated and copy statements can bediblgt
applying copy propagation, which is modeled by jpasate optimization model for copy
propagation.

3.2.2 LICM Optimization Model

LICM moves a statement from a loop body to the idet®f the loop. There are certain
conditions that must be met to safely apply LICMh &xample is shown in Figure 4,
where the invariant statemerat & b + 1” is moved out of the loop body because each of
its operands is either defined outside of the loppa constant.



The semantic action of LICM is simply a code movam@&he optimization model for
LICM is shown in Figure 5. At the destination cddeation (i.e., the loop preheader), an
invariant statement can be inserted and at thecedocation (i.e., inside the loop), the
invariant statement is deleted.

b<2 b&<2 # Move a loop invariant statemen& y opz
€1 i<l
] a€b+1 Insert a statement:
—~ i>100 [ ! Su'=S4 +1
¥ i>100 Insert< DEFXx USEy,z OPop>@ Sy’
a<hb+1 !
c&a+i )
i€ci+l c&ati Delete the statement:
I 'ﬁ'* 1 Delete< DEFx USEy,z OPop> @S
] ]
d<a+l d¢<a+1l . oo
a a Figure 5. LICM optimization model

(a) Code before LICM (b) Code after LICM

Figure 4. An example of LICM

3.2.3 VN Optimization Model

VN tries to find and remove redundant expressidrag are equivalent based on their
values (unlike PRE which considers the lexicallpigglent expressions). It assigns an
identifying number to each expression in a paréiculay and then uses the number to
find and remove redundant computations.

l.ag €1 l.ag€ 1

2:bo € apg + Co 2:bg € ag+ Co
3:do €1 6:e1€1 3do€ 1 6:ep €1
4:e0 € do+Co 4: eq € bo
5:fo € ep +2 5:fo € bo+2

T:e, € @ (90, el) T:e, € @ (90, el)

8:go< ex+co 8:go€ex+co

(a) Code before VN (b) Code after VN

Figure 6. An example of VN

We model dominator-based VN, which is a global teghe that uses hashing to
discover redundant computations and to fold comstfBrCS97]. It works on Static
Single Assignment (SSA) intermediate code. An eXxangb VN is shown in Figure 6.
Because the expressioty+ ¢y’ at statement 4 has the same value numbeagas ¢,” at
statement 2, it is redundant and can be replaceithdoyglestination of d; + ¢,”. Thus,
statement 4 is replaced by a copy friogio e.



VN has three actions for a basic block: 1) it ree®vedundant or meaningl@ss
instructions (b -instruction is a pseudo-assignment that introdacasw definition point
at the merge point in the control-flow graph [BCHEY 2) it simplifies computation
(constant folding) or removes the redundant contfmutaand 3) it adjusts the inputs of
® -instructions in successor blocks. When conver@8g@ to non-SSA intermediate code,
some @ -instructions should be replaced by copy instrungion predecessor blocks.
Because the inputs of thee-instructions have been adjusted, they do not shibgre they
were originally defined (i.e., where the copy shilé inserted). A general algorithm can
be used to replace the -instructions with copy instructions [BCHS98] amdatccurately
predict the impact of VN, the replacement algoritstmuld be modeled.

A simplification is to incrementally add the copgtements as VN progresses. In our
VN implementation, we replace the redundant contforta with copy statements
(instead of removing them) and retain the inputsbefnstructions when processing each
basic block. We then use -instructions to keep the useful copy statementsramove
the useless ones. In this way, no copy statemetseninserted when converting SSA to
non-SSA code.

The VN optimization model describes the code chatfigen VN. The model is given
in Figure 7. In the figure, VY] is the value number of wherex can be a variable, an
expression or a -instruction. Each value number is a variable nafoe.an expression,
its value number is the variable name of the ficsturrence of the expression in this path
in the dominator tree.

#1: Replace a redundant stateme#t y opz with x € VN[X] atS

Replace the computation:
Delete< USEy,z OPop> @ S

Insert< USEv OPcopy> @ S

Replace all uses of x with its value number v:
V uluisuseof xatS,

Delete< USEx > @S,

Insert< USEv > @S,

#2: Fold constant a statemen¢ yopzatS

Delete the computation:
Delete< USEy,z OPop> @ S

#3: Delete a redundar -instructionx € @® (xq, X, ...)

Replace all uses of x with its value number v:
V uluisuseof xatS,

Delete< USEx> @S,
Insert< USEv> @S,

#4: Delete a useless copy instructio& y atS

Delete the copy instruction:
Delete< DEFx USEy OPcopy> @ Sq

Figure 7. VN optimization model

In Figure 7, if an expressidaXP (y op 2) atS is redundant, it is replaced by a copy
from its value number. That is, the variables dEXP are deleted as uses with the
operationop atSs. The expression’s value numbeis inserted as a use with the operation



copyatSs. Also, all uses of the defined variatdare replaced by. In the example shown
in Figure 6, at statement 4, the redundant expresi+ ¢, is deleted and a copy from its
value numbetb, is inserted. At statement 5, the definition valeak, is used and is

replaced byg.

In our VN algorithm, we also find statements fonstant folding. The second rule in
Figure 7 shows if an expressi&@XP (y op 2) at S, can be simplified by constant folding,
EXPis deleted. The third rule shows if a redundémninstruction is deleted, all the uses
of the defined variable are replaced by the value numberThus, at the stateme§t
where the defined variableis usedx is deleted as a use ands inserted as a use. The
last rule models the deletion of a useless copgrsiant which is inserted in the replacing
the computation step. Here, the variapls deleted as a use and the defined variaide
deleted as a definition with the operatmopyat the locatiorss.

3.2.4 Register Allocation Optimization Model

To determine the impact of scalar optimizationsregisters, we also need a model for
register allocation. By applying register allocatitvardware registers are assigned to live
ranges. If the number of hardware registers isematugh, the register allocator selects
live ranges to spill to memory, which impact theemll performance. Thus, to predict the
impact of optimizations, we need to compute sfdtsthe original live ranges and the live
ranges changed by the optimization and compare.tfiiia is a time consuming process.
Instead, we use an incremental approach that camhaw spills are changed due to
each live range change. Our register allocationehmflects this incremental approach.

# Determine how spill changes for every live rangengd_F?{%”_.m]
IF InsertedLR}, ) U Lengthene@ RS, )
IF |LRG..m * LRG,..;y > HR]
Select{ LR}, m} > MEM
Vd | d isdefinitionof satSy NSy €[n,...,m]
Insert< OPstore> @ Sy
Vuluisuseof satS, NS, €[n,...,m|

Insert< OPload > @S,
ELSE

Select{ LR}, m} > MEM

Vd |d isdefinitionof satSqy NSy €[n,...,m]
Delete< OPstore> @ Sy

Yu|uisuseof satS, NS, €[n,...,m|
Delete< OPload > @S,

Figure 8. Register allocation optimization model

We model a global graph coloring register allocatéigure 8 shows the register
allocation optimization model. For each changee liange.R;, ., we determine how

spills are changed. IER], . is inserted or lengthened, it may introduce oneensgpill.
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Within the ranger,...m|, if the insertion of a new live range causes rinenber of live
ranges to exceed the number of available hardvemyisters (HR), we select a live range

to spill to memory, which introduces more loads atates. We useRf,‘]'f,_.m] to represent

the live ranges inn,...m]. To select a live range to spill, we choose the that has the
least number of uses and definitions within thegeanunder the assumption that the
register allocator typically performs well. Thuse weed to represent all variables’ uses

and definitions within the range. Suppo$®;, ;is selected to be spilled. If there is no

definition of s before a use of or there is no use afwithin the ranger,...m|, a store or
load is inserted at the boundary of.[.m]. If the boundary ofi,... m| is within a loop, a
store or load is inserted outside the loop. Othegwat all the uses or definitions of

within [n,...m], a load or store will be inserted. Alternativelfy LR, ., is deleted or

shortened, it may decrease one spill. This regiatkrcation model is input to the
profitability engine (see the next section) to peethe impact of the other optimizations
on registers.

3.3 Profitability Engine

The profitability engine inputs the code modelstirjzation models, resource models
and profiles. It then determines the changes orctiite models (for both registers and
computation) and generates the optimized code rapHglally, it computes the profit on
registers and computation.

From an optimization model, the profitability engidetermines how the optimization
changes the register code model with an incremeatalflow algorithm [P0S089]. Table
1 shows how to incrementally compute the new regisbde model (i.e., live ranges) for
each edit given by the optimization model. In théble, post-s means the point
immediately after statemerg We usen to represent a statement where there is a
definition of the variables and usem to represent a statement where thereuseof the
variablev. For example, the effect on the live ranges froseiting a use of (1 row of
the table) depends on the current code. i already live apost-s there is no change.

Otherwise, the original live rangeRy, ;. is lengthened. If the inserted use at statement
s is the last use (i.e.s post-dominates other uses), the new live range vfor
become&Ry, . Otherwise, the new live range consists of theioaigive range and a

The profitability engine also infers how an optiatibn changes the computation code
model. As shown in Table 2, the code changes froramimization can be classified as
either inserting an operation or deleting an openatif an operatiorop is inserted at a

block B, the number obpin blockBs(i.e., fg.) is increased by one. If an operatmmis

deleted at a blocks,, fg is decreased by one. Thus, the profitability engozea
determine the impact of an optimization on the cotaton.
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Table 1. Incremental computation of the new register code model

Code Change

Incrementally compute the new register code model

Insert a use of
variable v at
statement s

IF vis live at post-s THEN no change;
ELSE /* lengthen Vv’s live range*/

The original live range LF?{‘QP_.m] changes to

LRp,..s
LR{\:w,...,m,...,s]

spost- dominateotheruses
otherwise

LR{%“._m] un,...s] :{

Insert a
definition of
variable v at
statement s

IF visnot live at post-s THEN no change;
ELSE /* shorten v's live range*/

The original live range LR{‘Q,__.m] changes to

LRs,...m]
LRM,...s,...m]

spost- dominateotherdefinition
otherwise

LR{\G,...m]ﬂ[ s,...m| :{

Delete a use of
variable v at
statement s

IF vis live at post-s and v is not only use in a loop THEN no change;
ELSE /* shorten v’s live range*/

The original live range LR{LH,_S] changes to

m post- dominateotheruses

LR{\G,...m,.]. otherwise

LR{%V---S] aln,..] :{

Delete a
definition of
variable v at
statement s

IF visnot live at post-s THEN no change;
ELSE /* lengthen V’s live range*/

The original live range LR{"S,__.m] changes to

n post- dominateotherdefinition

LR mUL..mi :{ """

LRY ... otherwise

Delete an edge
from block Bs
to bloc Bd

Delete all uses of any variable that is live at the beginning of Bd from
the Bs and all predecessors of Bs where the variable is no longer live
by any path.

Insert an edge
from block Bs
to bloc Bd

Insert all uses of any variable that is live at the beginning of Bd to the
Bs and all predecessors of Bs.

Table 2. Updates of the computation code model

Code Change Update the computation code model
Insert an - ion i op
operation op The original operation list (fBl, B,,..., TBg, .o,y an> changes to
at block Bs (fBl, f8,,..., fB, +1,..., an)OD
Delete an - ion li op
operation op The original operation list (fBl, B,,..., B,y an> changes to
atblockBs | (fs fg,,...,f8, ~1,...,f8,)
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For example, the impact of PRE on computation eaddiermined by the profitability
engine, as shown in Figure 9. To insert a statentleatoperatiorop is inserted at block
By (the destination code locatid® is in block By). To replace the computation, the
operationop is deleted at blocBs and a copy is inserted at bloBk (the source location
S is in blockBy). Finally, to update the same expressiaat the code locatio§,, a copy
is inserted in blocB,,, whereS, is in blockB,,.

# Eliminate the partial redundant expressiofP (y op2) atS
Insert a statement at block Bg:
<fBl, fBz,...,de,...,an>Op') <fBl, f8,,..., B, +L...,an>°p

Replace the computation at block Bs:
(fe,, 18,,...,fB,,.... 78, )" > (fB,, fB,,.... TB, ~1..., 1B )P
(fe,, 18,,..., 1B,.... 18, ) D (fe,, TB,,..., fB, +1,..., 7B, ) O

Update the same expressions at block By:
VT | T =w<— EXP(yopz)atS,

(fe,, fB,.....fB,..... T, ) O > (fB,, fB,,... fB, +1...,fB )

Figure 9. Impact of PRE on computation code model

After determining the changes on the code modets ptofitability engine generates
the optimized code model and computes the profitHe resource under consideration.
For example, to compute the profit for registelhg éngine computes the benefit/cost in
terms of spills (i.e., loads and stores) basedherre¢gister allocation model. That is, for
each live range change, the engine determinesrpacted region and compares the total
number of live ranges with the available hardwargisters. If the total number of live
ranges is larger, inserting a live range will iidiwoe one more spill. To select a live range
to spill to memory, the engine records the uses defihitions of all variables in the
region and chooses the one that has the least muaibeses and definitions. The
benefit/cost associated with the spill is the grofithe optimization on registers.

To compute the profit of an optimization on ovegaformance?,, the profitability
engine needs to combine the effects of the optiioizaon registers,Rq, and
computation,Cya. TO cOmputeRyo, the profitability engine sums the register profit
associated with every step in the optimization rho8emilarly, to computeCiyy, the
profitability engine sums the computation profit fevery step. Table 3 shows how to
computeRy, and Ciy for PRE, LICM and VN. For example, to compute threfit of
eliminating a redundant expression in VN°(8w in Table 3), the engine needs to
compute the register profit, which includes thesey profit of replacing the computation
Rreplacecop @Nd updating of the uses of the defined vari@yg.ceuse Further,

Rreplacecop IS COMputed by deleting a USERyeereuséEXP Ss) and inserting a use,
RnserusdVs Ss) - The engine also needs to compute the computptidit of replacing the
computationCiepjacecop (I-€-, removing the computation and inserting pygoHowever,

the inserted copy statement may be deleted later aseless statement if it is not an
argument of a® -instruction. The engine should also consider thketibn. Thus, the
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engine multiplieSR,serusdV, Ss) and Cinsere(copy, Bs) by a factor ofa. a is a number
between zero and one and can be determined byipgofi

Table 3. Computation of profitability for registers (Ria)) and computation (Ciga)

Optimization

Compute the profit on registers and computation

PRE: eliminate a
redundant expression

R’(otal = Rinsertstat+ Rreplacecorp + Rupdateexp

= Rinsertusd EXP, Sy ) + Rinsertder(Vs Sq)
+ RdeleteuséEXP‘ Ss) + Rinsertuse(v‘ Ss)
+ Z (RaeletedefW: Sy) + Rinsertder(Vs Sw)
w

+ Rinsertdef(W, Sy +1) + Rinsertusd Vs Sw +1))
c:total = c:insertstat + c:replacecorp + Cupdateaxp
=Cinsert(0p, By)
+ Celete(OP, Bs) * Cinsert(COPY: Bs)

fold constant a statement

+ Zcinsert(copy: Bw)
w
LIC_M: iant Rtotal = Rinsertstat"' Rdeletestat
move an invarian _
statement - Rinsertuse(EXPv Sd) + Rinsertdef(xv Sd)
+ RdeleteuséEXPv Ss) + Rdeletedef(xv Ss)
Ctotal = Cinsertstat + cdeletes,tat
= Cinsert(0P, By ) + Cgelete(OP. Bs)
VN: Rotal = R +R
. | | |
eliminate a redundant o _ eplacecom replaceuse
expression = Ryeleteusé EXP, Ss) + @ X Rsertusd Vi Ss)
+ Z (Rdeleteuséxv SJ) + Rinsertusév‘ Su ))
u
Ctotal = Creplacecom + Creplaceuse
= Cyelete(OP, Bs) + @ X Cinsert(COpy, Bs)
VN:

Riotal = Raeletecomp
= Ryeleteusé EXP,: Sg)

Ciotal = Cdeletecomp
= Cyelete(OP, Bs)

To combine the profits for registers and computgttbey must have the same metric.
If the computation profit considers the frequentymode, the register profit also needs

to consider the execution frequency of the loadstanres.

3.4 An Example of Selectively Applying VN

To illustrate how our framework works, we show aaraple of profit-driven VN applied

to a code segment, shown in Figure 10 (a). FigQréb) gives the corresponding register

code model, where all the live ranges are expressed
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1l:uo € ap + bo
Bl 2: Vo€ Cco + do
3:wWp € eo +fp

N

4
B2 | 5

 Xo € Co + do 6:u1 < ao + bo
1Yo € Cco+ do B3 7: X1 € e+
8:yi1< e+t

B4

N

9 u; € @ (U, Lh)
10: %2 € © (Xo, X1)
11: v € @ (Yo, V1)
12: 20 € Uz +y»
13:uz3 € ag + bo

(a) Code before VN

1l:up € ap + bo
Bl 2: Vo€ Co + do
3:Wp € eg + fp

N

4.

B2 5:

Xo € Vo 6: UL € ag + bo
YOGCO"'dO BB 71X1€90+f0
8:y1660+f0

B4

N

9:up € ® (W, n)
10: X € @ (Xo, Xl)
11: % € @ (Yo, V1)
12:z0 €< U2 +y2
13:uz € ag+ bo

(c) Code after 1% elimination

1:ug € ap + bo
Bl 2:vo& Co + do
3:wo € ety

N

b
Lngfi%

LRSS
'—R%. fsf]o
LR LR o]LRS 12 LRy
LR

W

LR
X

LR[XX 10 LR[X;JO] LRy

v y y
LR 19LRg 19LRa% 12

LR[jOZ]

(b) Register code model before VN

b
Lngfi%

LRSS
LR sf
LR LR o]LRS 1L Ry
LRZ 4)
L ngﬁ)
LR[?..lO] I-R[X71..101 LR[?O]
LRﬁg’m LR[yslnm LRﬁl’i“lz]
LR[iOZ]

(d) Register code model after 1% elimination

4

I Xo € Vo Gt €<t

B2 Syt B3 7;xléwo

By

B4

~

Yth—<—e—(toti-
10: %2 € © (Xo, X1)

12: 2o € Up + X2
13:us € up

(e) Code after VN

a,,b
L R[(fl][’

LR S0
LR 5f
LR 14 LRy
LRS 41

W
LRi3’71

X X X
LRZ 10 LR7.10/LRib.12)

LR[iOZ]

(f) Register code model after VN

Figure 10. An example of profit-driven VN
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VN processes each block in the dominator tree. fireeblock processed will bB;.
Since none of the expressionsBnare in the hash table, the value number of thendéfi
variables and the expressions will be the definadables themselves. For example,
VN[ U] is up and VNJagt+bg] is u.

The next block processedBs. Since the expressiag+ d, is defined in bloclB,, the
first redundant expressiory € ¢y + dy, is found. The optimizer calls the profitability
engine to predict the profit of eliminating thisdtedancy.The profitability engine
computes the profit on both registers and compmnaffo predict the profit on registers,
the engine first takes the register code modelwshm Figure 10 (b)) and the VN
optimization model. The engine generates the optithi code model using the
incremental dataflow algorithm (shown in Table Ih)this casegy andd, are deleted as
uses. Becausg andd, are live after statement 4, there is no changthemegister code
model for the deletions. Alsoy is inserted as a use. Thus, the live range/ois

lengthened fromLF?{"ZO] to LREIS-A]' Figure 10 (d) shows the updated register codeeinod

after replacing this redundancy.

Using the register allocation optimization modbk £ngine determines how the spills
changed based on the live range updates. Forxhisme, there is no spill change from
deletingcy, and dp. But insertingvy will increase the spills by one if the number of
hardware registers is less than 8. Indeed, the auofllive ranges at statement 3 changes
from 7 to 8. Choosing which variable to spill degeron the register allocator’s spill
strategy. In our register allocation model, we pio& one that has the fewest number of
uses and definitions, which ig. This introduces a store before statement 2 alwhd
after statement 4. The cost associated with thertiexd load and store is the profit on
registers as predicted by the engine.

The profit on computation is more easily predictedhjch includes the benefit of
removing an add statement and the cost to inssrpyp statement. To compute the overall
profit, the profitability engine uses the functiodsscribed in the previous section. If the
overall profit is positive, redundancy eliminatisnapplied. Otherwise, it is not applied.

There are 6 redundant expressions that can benelieal in this example. For every
redundant expression, the profitability engineiiggered to predict the profit of applying
the redundancy elimination. Figure 10 (e) shows ¢bde after VN (assuming all 6
redundant expressions are profitable). The registele model after VN is shown in

Figure 10 (f), where all the live ranges are chdngecept forLR[iOZ].

4. EXPERIMENTAL RESULTS

To evaluate the effectiveness and usefulness pfframework, we implemented our
models and the profitability engine for copy proaign, constant propagation, dead code
elimination, PRE, LICM and VN. We integrated our dets into the Mach SUIF
compiler [SmH002]. For the implementation, we uskd dead code elimination pass
from Mach SUIF, extended the PRE pass from RoladdB3] and implemented copy
propagation, constant propagation, LICM and VN. ¥éenpared the performance and
compile-time of profit-driven PRE and LICM with adws applying PRE and LICM and a
heuristic-driven PRE and LICM. Because the heuwrig8ed for PRE and LICM is not
useful for VN, we compared profit-driven VN onlytvialways applying VN.

For the experiments, we used several SPEC2K bemkln(@zip, vpr, mcf, parser,
vortex,andtwolf) and Mibench benchmarkbi{count dijkstra, fft, jpegandshg. We run
our experiments on a Pentium Il 1.4G machine, wit2 MB of memory and an AMD
Athlon MP 1800 1.4 GHz machine, running RedHat Kkinlihe experimental results
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show the same trend for both machines. We repertebults on the Pentium Ill machine
in the paper. The results for AMD Athlon machine ahown in the Appendix B. We
performed node profiling on the training data seith the HALT library (included in
Mach SUIF) to get the basic block frequency cowstsd in the profitability enginén all
experiments, each benchmark was run three times lagghtly loaded machine and the
average execution time was computed to factoryaiem effects.

4.1 Heuristic-driven Approach

Always applying an applicable optimization can stimes lead to a performance
degradation. Such a simple heuristic of “alwaysidpg” is not sufficient in making
decisions about when to apply an optimization. Prevwork has focused on developing
heuristics to decide when to apply optimizationschs as register pressure sensitive
redundancy elimination, which sets upper limits afowable register pressure and
performs redundancy elimination within these limjGuB099]. We implemented a
similar heuristic. We set the upper limit on alldealive ranges at the places where the
redundant expressions will be moved. Redundancyireition is performed only when
the number of live ranges is within the limit. IlNYwe eliminate full redundancies and
there is no code movement. Thus, the heuristicrite=st here is not useful for VN. In this
section, we show the experimental results for lséiardriven PRE and LICM.

One problem with &euristic-driven approach is how to select a litlétt can achieve
good performance across all the benchmarks. Ouergwpnts show that different
benchmarks need different limits to achieve thet Ipesformance. Figures 11 and 12
show the runtime performance improvement of hdortitiven PRE and LICM over the
baseline. The baseline compiler applies registéocation and simple instruction
scheduling. Also, to enable more opportunities RIRE and LICM, we apply copy
propagation, constant propagation and dead cod@neliion before applying PRE and
LICM. We varied the limit on register pressure fraero to sixteen. For PRE, if the limit
is zero, only full redundancies are eliminatedptactice, the limits are usually chosen to
be the number of available hardware registers. &legight may be a good limit because
there are eight hardware registers that can beatfld for a byte-type variable on x86.
Four and sixteen are used to examine stricterasgiolimits.

16
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Figure 11. Improvement of heuristic-driven PRE with different limits

17



€ 16

£ @ Heurist-0 B Heurist-4 i

) O Heurist-8 O Heurist-16

3 12 1 :

o

E

3 8 g

o

3

£

L 4 8

o)

o

£ b mm

E 01 ‘

c

]

x

< 4
; N I R R U T T A T
LKL P RN SR S N C s 4 & K
) & NS é\\oo QS" S

Figure 12. Improvement of heuristic-driven LICM with different limits

From the figures, we can see that different bencksnaeed different limits to
perform the best. For example, for PREip can achieve an improvement of 5.25% when
the limit is set to sixteen, whilencf needs the limit set to zero to achieve the best
improvement of 3.01%. Also, some benchmarks arsitbe® to the limit (e.g.pitcoun),
while others are not (e.gmcf). Further, we see that different optimizations nmegd
different limits for the same benchmarks. For ex@ygrip needs the limit set to sixteen
for PRE but needs the limit set to four for LICM.we fix the limit, then we can not
always achieve the best improvement with a hearisti

4.2 Performance benefit of profit-driven PRE, LICM and VN

Using our model-based framework, we can deterntieeptofitability of an optimization
and selectively apply it. The cases where optinonat degrade performance can be
avoided. In this section, we first compare profirdn PRE and LICM with always
applying PRE and LICM and the heuristic-driven PRid LICM. We then compare
profit-driven VN and always applying VN.

Figures 13 and 14 show the comparisons of sev&&l &proaches, in terms of the
improvement in the dynamic number of memory aceease run-time performance over
the baseline. We also compared the improvementmardic instruction count for the
different approaches. It shows the same trendeasutiirtime performance improvement.
We report the improvement in the dynamic instructmount in Appendix A. In the
figures, A-PRE is the improvement of always apmlyiRRE when it is applicable.
Heuristic-driven PRE is described as above andtlWasversions based on the register
pressure allowedBest-heuristicis the best case among the limits for each bendhma
while Heuristic-8 uses a fixed limit of eight. Lastly, P-PRE is fierformance benefit of
profit-driven PRE. Figure 15 and 16 show the congoas with the same configurations
except for LICM.

As Figure 13 shows, the problem with always apgy#RE when it is applicable is
that it may increase register pressure and incurenspills. In most cases, A-PRE
increases the number of memory accesses. For exaimplpr, A-PRE increases the
memory accesses by 5.11%. Both the heuristic appr@ed P-PRE can avoid the
unprofitable instances of PRE, thus decreasingnteeory accesses. However, P-PRE
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considers the registers in a more accurate waydémonstrated by the prediction
accuracy in Section 4.4). It improves the memargeas count more than the heuristic
approach. For example, grip, the best-heuristic increases the memory acceds1i9y,
while P-PRE decreases the memory accesses by O@2840 the mispredictions, P-PRE
increases the memory accesses more than the fkeapptoach fomcfandbzip2

Figure 14 shows the runtime performance improverfandifferent PRE approaches
over the baseline. Both H-PRE and P-PRE achieviorpaesince benefits over always
applying PRE. However, the choice of the limitshieuristic-PRE is very important (as
described in Section 4.1). For example,vortex when the limit is set to 4, H-PRE
improves performance by 5.61%. While when the lindt 8, H-PRE improves
performance by 4.89%. P-PRE considers both registessure and computation to
predict the profitability of PRE. Thus, in the caskere P-PRE increases memory
accesses more than H-PRECcf), P-PRE still improves the overall runtime perfamme.
P-PRE consistently performs as good as or better e Best-Heuristic for PRE, except
for bzip2 where predictions are sometimes incorrect. Irctiges where P-PRE decreases
the number of memory accesses, it improves thénnenperformance more (e.@zip,
twolf andjpeg). That is, the performance benefit comes fromcidweful consideration of
register pressure. On a register limited machiike, %86, it is particularly important to
consider the register pressure as these resuitatad

8
- O A-PRE B Best-Heuristic
g O Heuristic-8 O P-PRE

4
8
Qo
E
f o i
3
<
2
[e]

;- o
S
-8
L SR S S P . S S S o @
R o g8 NS SEEN P < &
g & Q,z; S & -@6&0 b&l- < \Qz

Figure 13. Memory access improvement for PRE
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Figure 14. Runtime performance improvement for PRE
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Figures 15 and 16 show a comparison of the diftespproaches for applying LICM.
As shown in Figure 15, A-LICM can increase regigiegssure greatly. For example, in
shg A-LICM increases the memory accesses by 19.17®%uristic LICM and profit-
driven LICM selectively choose profitable LICM iasices to apply. Thus, sha best-
heuristic LICM decreases the memory accesses b4#®.@nd P-LICM decreases the
accesses by 1.24%.

Figure 16 shows the runtime performance improvemgmt different LICM
approaches over the baseline. From the figure,amesee that the overall performance of
A-LICM can be improved by not applying unprofitabdmes. Although the heuristic-
driven LICM achieves a performance improvement caevays applying LICM, it is
important to choose the right limit. For exampleyortex with a register pressure limit
of eight, the heuristic-driven LICM is worse thalways applying LICM. While in the
best-heuristic (where the limit is sixteen), ibitter than always applying LICM. P-LICM
can perform at least as well as the best-heuli$@®1 in most cases, without tuning the
parameters used in H-LICM. However, in one cagdy|, due to incorrect predictions, P-
LICM has worse performance than the heuristic-drigpproach.
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Figure 16. Runtime performance improvement for LICM
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Figures 17 and 18 show the improvement of memorgesses and runtime
performance of profit-driven VN over the baselivempared to always applying VN.
Unlike PRE and LICM, we did not apply other optiatipbns (e.g., copy propagation or
constant propagation) before VN because VN elimmaedundancies by value, not by
name. Constant or copy propagation cannot enabte wgportunities for VN. Always
applying VN degraded performance in some casesuBecaf the increased register
pressure caused by eliminating some redundangeshawn in Figure 17. For example,
for vortex A-VN increases the memory accesses by 1.46% hod, tthe runtime
performance was degraded by 1.37%. However, usingramework, profit-driven VN
can selectively apply only profitable redundancyngiation, achieving a performance
benefit. Forvortex profit-driven VN decreases the memory accessed 26, and thus,
improves runtime performance by 1.28% over the lbase

OA-VN BEP-VN

% Memory Access Improvement

Figure 17. Memory access improvement for VN
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Figure 18. Runtime performance improvement for VN

From these figures, we see that our frameworkesuli$or a variety of optimizations,
whether the optimization operates on SSA or non-88&mediate code formats. We
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conclude that a model-based approach can be eHgctised to explore and determine
the profitability of optimizations. The profitali§i property is useful in deciding when to
apply optimizations.

4.3 Compile-time

Because our approach uses models to make decigieriayestigated how compile-time
is impacted by profit-driven optimization. We netedensure that evaluating the models
does not overly increase compile-time. Tables 4nf 6 show the compile-time for
different optimization strategies for PRE, LICM axtll. In the tables, the compile-time
for all compilation passes, including the front-emgbtimizations and back-end passes
(“Full Compile-time”), and for the optimization p@asinder consideration (“One Pass
Compile-time”) are shown.

From Table 4, the full compile-time for A-PRE varigom approximately 1.2 seconds
to 767.3 seconds. The compile-time shown for therikéc approach is the average for
the different limits. It increases from 7% to 52%ep A-PRE, with an average of 24%.
Here the heuristic-driven PRE has to compute artthigplive range information, which
causes the compile-time increase. The compile-ston@rofit-driven PRE increases over
A-PRE by 11% to 62%, with an average of 32%. Beed®4$’RE considers computation
and register pressure in a more precise way tharhéuristic-driven PRE, it incurs a
modest overhead increase over the heuristic apprdable 4 also shows compile-time
for only the PRE optimization pass. The one passpile-time for A-PRE varies from
approximately 0.3 seconds to 199.49 seconds. Thapitetime for H-PRE increases
from 21% to 90% over A-PRE, with an average of 57%e compile-time for P-PRE
increases over A-PRE by 36% to 105%, with an a\etdd6%.

Table 4. Compile-time for PRE

Benchmark Full Compile-time One Pass Compile-time
A-PRE H over A P over A A-PRE H over A P over A
gzip 44.99 9.18% 17.63% 10.44 36.78% 65.90%
vpr 142.46 52.23% 61.86% 37.61 77.45% 103.56%
mcf 21.84 37.36% 48.49% 4.68 57.39% 72.91%
parser 106.74 25.10% 34.00% 26.7 69.06% 94.23%
vortex 518.5 19.11% 29.64% 88.49 56.78% 79.76%
bzip2 35.58 22.85% 27.15% 10.77 68.25% 86.56%
twolf 767.27 46.05% 58.24% 199.49 90.29% 104.82%
bitcount 6.59 7.13% 10.93% 1.79 56.98% 61.45%
dijkstra 1.15 11.30% 13.91% 0.29 24.14% 48.28%
FFT 4.61 8.89% 13.02% 1.07 41.12% 55.14%
ipeg 35.08 40.34% 53.62% 7.49 80.32% 104.74%
sha 3.04 10.53% 15.13% 0.66 21.21% 36.36%
average -- 24.17% 31.97% -- 56.65% 76.14%

Similar compile-time trends can be seen for A-LIGMLICM and P-LICM in Table
5. The full compile-time for A-LICM varies from apgximately 1.2 seconds to 579.9
seconds. The heuristic-driven LICM increases coenfiihe over A-LICM from 5% to
38% (average 21%) and profit-driven LICM increasespile-time over A-LICM by 7%
to 56% (average 28%). The one pass compile-time AeklICM varies from
approximately 0.35 seconds to 165.49 seconds. dmpite-time for H-LICM increases
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from 11% to 88% over A-LICM, with an average of 49%he compile-time for P-PRE

increases over A-PRE by 14% to 132%, with an a\etd®8%.

Table 5. Compile-time for LICM

Full Compile-time One Pass Compile-time
Benchmark

A-LICM HoverA | PoverA | A-LICM | HoverA | PoverA
gzip 45.97 23.65% 27.65% 12.94 57.26% 69.63%
vpr 127.84 18.80% 27.35% 32.36 58.19% 79.49%
mcf 20.51 32.42% 39.10% 4.73 49.89% 72.94%
parser 106.08 21.86% 30.82% 29.53 58.42% 88.93%
vortex 511.8 11.34% 15.48% 98.87 36.41% 47.25%
bzip2 34.63 22.81% 30.26% 11 57.55% 79.55%
twolf 579.97 37.73% 55.50% 165.49 88.14% 132.64%
bitcount 6.63 4.52% 7.39% 1.88 16.49% 25.53%
dijkstra 1.19 7.56% 10.08% 0.35 11.43% 14.29%
FFT 4.58 35.37% 41.48% 1.21 60.33% 85.12%
jpeg 25.26 20.23% 28.82% 6.38 56.99% 70.82%
sha 2.78 17.63% 25.90% 0.81 38.27% 54.32%
average -- 21.16% 28.32% -- 49.11% 68.38%

From Table 6, the full compile-time for A-VN varié&®m 1.7 seconds to 512 seconds.
The profit-driven VN increases the compile-time oaévays applying VN from 12% to
18%, with an average of 15%. The one pass compiletor A-VN is from 0.25 to 21
seconds. The P-VN increase compile-time over A-Wtinf 22% to 49%, with an average
of 32%. Compared with P-PRE and P-LICM, the compitee increased by P-VN is
smaller. One reason is that there are fewer instan€ VN than PRE and LICM (shown
in the next section). The overhead of the profielm approach depends on how many
instances of the optimization appear in the codktha impact of every instance.

Table 6. Compile-time for VN

Full Compile-time One Pass Compile-time

benchmark
A-LICM P over A A- LICM P over A
gzip 47.02 15.82% 6.82 26.83%
vpr 127.93 14.88% 18.17 26.25%
mcf 25.98 15.97% 3.61 22.44%
parser 97.2 17.78% 13.56 33.48%
vortex 511.68 14.72% 61.95 27.44%
bzip2 28.59 17.59% 3.47 48.99%
twolf 284.34 16.93% 40.4 34.16%
bitcount 7.33 12.55% 1.81 26.52%
dijkstra 1.67 13.17% 0.25 24.00%
FFT 5.66 17.49% 0.84 44.05%
ipeg 29.11 15.94% 4.27 37.24%
sha 3.58 12.29% 0.55 27.27%
average -- 15.43% -- 31.56%

As the tables show, the increase in compile-timeowf profit-driven approach is
modest and about the same as the heuristic-dripproach. These small increases show
that our approach is feasible and efficient. Howgewveur prototype has several
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implementation artifacts that hurt performance; @dpction implementation could
decrease the compile-time further. We conclude ttatcompile-time increase is worth
the benefit of applying the optimizations more efifecly without tuning parameters.

4.4 Model Verification

We validated our models by determining their accynahen predicting the profitability
of an optimization. We validated the prediction @ecy by considering only registers.
We did not evaluate the computation profit becatsecomputation is exact in terms of
instruction count, given relative node frequencfesm a profile. If the relative
frequencies in the profile do not match what haggeran actual run, then there can be an
inaccuracy in predicting the computation profit.Wwéwver, this inaccuracy is a property of
the profile — not of the models to compute the cotaton profit.

For deciding when to apply optimizations, a corrpdiction is one in which we
predict there is a benefit/cost for registers (iferegister profit is positive, it indicates a
spill reduction; otherwise, it shows a spill incsep and actual execution has the same
result. For those cases where the actual execsitiows there was no impact on registers,
we consider the prediction to be correct. The amuprediction is measured by how
often we make a correct prediction. To validate piediction accuracy, we checked
every prediction and compared the value predictigld thve actual execution (i.e., we use
the number of memory accesses before and afteyingn optimization to reflect the
spill changes).

Tables 7 and 8 show the prediction accuracy of HREM and VN. In the tables,
“TP” is the total number of predictions and “%aamy” is the prediction accuracy for
both heuristic-driven and profit-driven approachés. the heuristic-driven PRE and
LICM, we set the limit to eight.

Table 7. Prediction accuracy of H-PRE and P-PRE

Heuristic-8 PRE Profit-driven PRE
Benchmark
TP % accuracy TP % accuracy

gzip 43 79.07% 48 89.58%
vpr 290 80.34% 303 96.04%
mcf 51 88.23% 51 86.27%
parser 239 75.73% 293 87.87%
vortex 513 79.72% 530 81.13%
bzip2 58 81.03% 56 78.57%
twolf 484 76.03% 475 91.12%

bitcount 5 100% 5 100%

dijkstra 2 100% 2 100%

FFT 3 33% 3 100%

ipeg 58 96.55% 58 100%

sha 5 100% 5 100%
average -- 82.48% -- 92.55%

As table 7 shows, in some cases heuristic-drivei PRd a different number of
predictions than profit-driven PRE because of ttieractions among PRE instances. The
prediction accuracy for heuristic-driven PRE vaffigsn 75% to 100%, with an average
of 82.5%. Compared with heuristic-driven PRE, grdfiven PRE makes more correct
predictions generally, with the prediction accurérom 78% to 100% (average 92.6%).
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Profit-driven pre considers the impact on regipt@ssure in a more precise way. In some
cases, likamcf although the prediction accuracy of P- PRE isdothan H-PRE , P-PRE
achieves a better performance benefit than H-PRtause P-PRE also considers the
computation (shown in figure 14).

A similar trend can be seen in table 8 for LICMeTgrediction accuracy for heuristic-
driven LICM varies from 40% to 97%, with an averad&7%. Profit-driven LICM has a
higher prediction accuracy, varying from 82% to #0average 91%). Because profit-
driven pre and LICM can make more correct predigidhan the heuristic-driven
approach, the performance improvement of P-PRER:htCM is generally better than
heuristic-8 PRE and heuristic-8 LICM. Table 9 shaiws prediction accuracy of our
framework for profit-driven VN. It varies from 81% 100%, with an average of 87%. In
some cases, VN had no effect, so no accuracy srtegp (e.g.,bitcount dijkstra and
shg).

Table 8. Prediction accuracy of H-LICM and P-LICM

Heuristic-8 LICM Profit-driven LICM
benchmark
TP | % accuracy | TP | % accuracy
gzip 53 88.68% 45 84.44%
vpr 251 75.70% 230 94.35%
mcf 68 76.47% 52 82.69%
parser 89 79.78% 75 90.67%
vortex 361 77.56% 346 87.57%
bzip2 92 82.60% 88 89.77%
twolf 367 77.93% 345 88.70%
bitcount 3 66.67% 3 100%
dijkstra 5 40% 5 80%
FFT 23 86.96% 23 95.65%
jpeg 82 97.56% 79 100%
sha 21 76.19% 21 95.24%
average - 77.18% -- 90.76%

Table 9. Prediction accuracy of P-VN

Profit-driven VN
benchmark
TP % accuracy
gzip 30 93.33%
vpr 77 87.01%
mcf 35 82.86%
parser 32 84.38%
vortex 71 94.37%
bzip2 48 87.5%
twolf 101 81.19%
bitcount 0 --
dijkstra 0 --
FFT 4 75%
jpeg 1 100%
sha 0 --
average -- 87.29%
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On average, 10% of the time, our framework madecdute predictions. The
inaccuracy is primarily from a simplified assumptiosed in the register optimization
model about how the register allocator spills regés The model assumes that the
allocator will select the spill priority based dglen the number of uses and definitions in
a live range. However, Mach SUIF’s register allocaso uses the number of conflicting
edges in the interference graph to make spill dmtss Even without detailed
implementation information, our models achieve gamturacy. If more accuracy is
needed, the models can be improved by incorporatioge implementation information.
Also, in our framework, the prediction inaccura@ed not accumulate. The profitability
engine incrementally updates the code models. fitreinental update is accurate. That
is, the updated code model is the same as perfgrthenoptimization and reconstructing
the code models. The inaccuracy of the predictiadly comes from computing the profit
associated with every update in an optimizatiorusThhe prediction of an optimization
does not impact the prediction accuracy of lateintipations.

5. RELATED WORK

There has recently been a flurry of research fogusin optimization properties. We
categorize optimization properties as either seimamtapplication. Semantic properties
deal with the semantics of the optimizations anduide correctness, soundness and
optimization specification. Application propertigsclude profitability, interaction and
automatic generation of the optimizations. There @vo approaches to explore these
properties. One is through formal techniques, whioklude developing formal
specifications, analytic models, and proofs withdelochecking and theorem provers
[LIWFO02, LeMCO03, Necu00, WhSo097, JaGS99, WhSo90hother approach is
experimental, which is mostly used for exploringpligation properties. In the
introduction, we indicated the previous work thaesi this approach for determining the
order and the configuration to apply optimizations.

In this paper, we extend our previous paper [ZhG@S®b unifying the model
notations, providing a simpler interface for a cdepengineer to develop optimization
models, adding a new optimization model for VN gm@senting more experimental
results. In our current research, we use analytiwadels to predict the profitability of
optimizations. Thus, in this section, we focus @stdssing the prior work that relates to
using models (including analytical or experimemtaldels) to address the problems of the
application of optimizations. To our knowledge, ®is the first work that uses analytical
models to predict the impact of scalar optimizagion registers and computation.

Our previous paper developed a framework that hadkcloop optimization and
cache models and demonstrated that the benefippyiag loop optimizations on cache
could be predicted [ZhCS03]. The work relied on eledhat had already been developed
for modeling the cache and array access seque@@dN199, HKVI02]. It did not
consider scalar optimizations, registers or contjorta In this paper, we develop a more
powerful and general framework that has a profitgténgine as well as models and thus
can be used for many types of optimizations.

An approach to discover a best optimization comfijon uses an analytic model of
machine resources to statically estimate the pdace of the optimized code instead of
executing it [TVVAO03,TrVAO05]. Our approach is different because we atsmdel the
code and the optimizations. From the optimizationda, the profitability engine
determines how the optimization changes the registd computation code models. The
optimization model is important because it allovgsta predict the profitability without
applying the optimization.
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Another approach is to select an optimization léwekcompile the methods based on
an experimental resource model [AFGHOO, HoUn96]e Tdptimizer uses a simple
benefit-cost analysis to decide whether to receenpiimethod at a higher optimization
level. The benefit of an optimization level is esited as a constant by offline
experiments. However, this model does not includenes aspects of optimization
behavior (e.g., the effect of optimizations depemwlshe code context).

The last approach uses analytic models of codeimsttions and resources
[WoLa91, WoMC96, Pugh9l, McCT96, CoMc95, Sark97, GdMD1, KCRB99,
GhMM99, SaMe00, YLRCO03]. The idea is to use a res®gost model (e.g., cache cost)
and optimization models (e.g., unimodular matremgsformations) to select a program-
specified sequence or configuration to apply oations that maximizes the benefit.
These techniques demonstrate that analytic modelsficient in driving the application
of optimizations. However, all these techniques meelels that express only a small set
of optimizations (loop optimizations and data ojmtions) and mainly attack a single
problem; i.e., to improve the performance of cd@&ST02].

Another related work is the register pressure sgasPRE [GuB099]. It sets upper
limits on allowable register pressure and thenquar$ redundancy elimination within
these limits. In this paper, we develop independentels of optimizations, while
register pressure sensitive PRE uses data flowysiealo determine register pressure,
which is integrated with the PRE algorithm andyowbrks for PRE. They also do not
consider the impact of PRE on computation.

6. FUTURE WORK

The goal of our work is to use models to systeralljicinvestigate optimization
properties and to find a better way to apply optations. In this paper, we present the
models that can be used to predict the profitghbdftscalar optimizations. Based on the
profit, the optimizer can selectively apply profita optimizations. Our model-based
approach can be used for other problems regartiagpplication of optimizations. In
the future, we can extend our work in the followingys.

Using the profitability model€One recent research direction uses heuristiclsaarfind
program-specific optimization sequences [ACGHO04 H{M04]. In this approach, a large
number of optimization sequences are applied aold iseevaluated. When the evaluation
involves dynamic measures (e.g., dynamic instraatiount or cycle count), the execution
of the program for all sequences is required. Thius,search time can be significant.
With our model-based approach, we do not have tioaltg apply the optimizations or
run the resulting code to evaluate the profitapiM/e can use our framework to improve
the search performance by avoiding the executidheprograms. Because the prediction
of an optimization does not impact the predicticoumacy of the later optimizations (as
described in Section 4.4), the models are suitidrl@redicting the profit of a sequence
of optimizations.

Another similar use is to determine which optimi@atinstances among a set should
be applied. Using our framework, we can predict pnefit for a set of optimization
instances and then we select the most profitables dio apply according to the
performance goals.

Modeling more resources and optimizatiorigs. this paper, the resources that we model
are registers and computation without code scheglulh our previous work, we modeled
the cache [ZhCSO03]. Our models for the registeesmaore suitable for x86 and other
processors where there are few registers. In the@efuwe may need to model more
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resources based on different machine architec{fmesxample, computation with code
scheduling). To predict the profit on computatioithwcode scheduling, a code model
(e.g., dependence graph), a resource model, an@ptimization model for code
scheduling are needed. Also, the profitability eegshould be able to infer the changes
of an optimization on the computation code modegatly from the optimization model.
For some architecture, we may also need to comdinte resources (cache, registers
and computation) to make more accurate predictions.

Modeling optimization interactiongnother important problem is to model optimization
interactions. Optimizations interact with one ameotim both enabling and disabling ways.
To determine their interactions, we need to mode tonditions under which an
optimization can be applicable (i.e., preconditianyl the impact of the optimization (i.e.,
postcondition). The existence of optimization iatgions also depends on code context,
which should be modeled as well. The optimizatitteriactions can then be used to drive
the search for a program-specific optimization seqge.

7. CONCLUSIONS

In this paper, we presented a novel model-basedefrerk that can be used to predict the
profitability of scalar optimizations. This work @pled with prior work, which
considered loop optimizations, has a wide rangappficability in terms of optimizations
and machine resources. Our model-based technigonenwke accurate predictions
without applying and executing the optimized codsing the framework, the optimizer
can selectively apply an optimization based on drethe optimization is profitable or
not. We implemented the framework for predicting tbrofitability of several scalar
optimizations. We compared the profit-driven apgitoavith an approach that uses a
heuristic in deciding when optimizations shouldapplied. Our experiments demonstrate
that the profitability of scalar optimizations che predicted by using models and it is
useful for selectively applying optimizations.
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APPENDEX

A. Performance benefit of profit-driven PRE, LICM and VN
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Figure A.1. Dynamic instruction count improvement of PRE
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B. Experimental Results for AMD Athlon MP 1800 Machine
B1. Heuristic-driven Approach

Table B.1. Improvement of heuristic-driven PRE and LICM with different limits

Heuristic-driven PRE

Heuristic-driven LICM

Benchmark
0 4 8 16 0 4 8 16
gzip 3.50 3.75 3.78 4.10 2.90 3.29 5.40 3.27
vpr 1.22 0.75 1.81 1.83 -0.40 | -0.38 0.52 0.69
mcf 2.37 2.35 231 2.22 2.50 2.62 2.58 2.47
parser 1.25 1.50 1.70 1.35 2.55 2.86 1.99 2.23
vortex 473 5.25 4.66 3.86 4.88 5.69 4.99 5.28
bzip2 7.35 7.52 8.19 7.91 7.02 7.35 6.70 4,57
twolf 1.07 0.88 1.14 0.02 0.52 0.38 2.14 191
bitcount 6.8 6.8 8.69 9.53 6.35 6.35 8.99 | 10.21
dijkstra 3.1 3.5 3.6 0 3.2 0 0 -3.1
FFT 1.12 1.21 1.69 1.23 2.13 1.93 2.85 -0.3
ipeg 9.13 9.16 10.06 8.69 10.1 10.5 9.5 9.23
sha 8.64 | 10.79 8.2 8.2 9.34 | 11.25 | 8.24 7.33
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B2. Performance Benefit of Profit-driven PRE, LICM, and VN

The improvement in dynamic number of memory acsessethe same as what are
reported in Figure 13, Figure 15 and Figure 17.
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B3. Compile-time

Table B.2. Compile-time for PRE

Benchmark Full Compile-time One Pass Compile-time
A-PRE H over A P over A A-PRE H over A P over A
gzip 42 7.48% 16.14% 9.14 35.26% 61.34%
vpr 128.38 50.33% 68.25% 36.32 76.35% 101.18%
mcf 20.89 38.82% 46.00% 3.96 59.39% 71.15%
parser 100.67 22.18% 35.40% 25.72 66.68% 91.23%
vortex 490.48 17.30% 29.08% 83.23 55.82% 76.96%
bzip2 33.77 26.15% 30.59% 9.97 70.15% 88.91%
twolf 755.55 43.87% 57.13% 192.19 89.93% 102.12%
bitcount 6.33 7.03% 10.65% 1.23 57.19% 63.24%
dijkstra 1.13 10.93% 13.86% 0.23 25.66% 49.32%
FFT 4.59 9.12% 13.93% 1.01 42.23% 56.18%
ipeg 34.34 39.89% 51.78% 6.18 79.13% 101.43%
sha 2.99 10.59% 15.88% 0.59 24.26% 38.39%
average -- 23.64% 32.39% -- 56.84% 75.12%

Table B.3. Compile-time for LICM

Benchmark Full Compile-time One Pass Compile-time
A-LICM HoverA | PoverA | A-LICM | Hover A | PoverA
gzip 47.8 23.51% 27.80% 13.45 59.36% 70.13%
vpr 128 14.84% 25.78% 33.52 56.92% 75.42%
mcf 20.8 32.69% 39.28% 4.93 46.23% 71.35%
parser 109.3 22.11% 26.43% 30.15 59.27% 86.39%
vortex 492.1 11.24% 15.63% 90.18 38.21% 49.51%
bzip2 38.59 25.81% 33.89% 13.14 55.65% 76.15%
twolf 591 38.37% 55.04% 160.14 89.04% 130.49%
bitcount 6.82 4.32% 7.54% 1.68 19.58% 28.13%
dijkstra 1.13 7.55% 10.12% 0.31 12.49% 16.38%
FFT 4.66 34.37% 40.49% 1.31 61.13% 84.62%
jpeg 25.23 21.23% 29.03% 6.23 57.69% 73.18%
sha 2.89 18.98% 26.61% 0.89 39.76% 56.23%
average -- 21.25% 28.14% - 49.61% 68.17%
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Table B.4. Compile-time for VN

b Full Compile-time One Pass Compile-time
enchmark
A-LICM P over A A- LICM P over A
gzip 46.93 15.77% 6.15 28.13%
vpr 127.06 15.14% 17.98 26.52%
mcf 25.57 15.02% 3.13 22.64%
parser 96.25 18.02% 14.16 32.85%
vortex 508.94 14.73% 60.52 26.94%
bzip2 28.35 17.39% 3.25 49.39%
twolf 283.35 16.83% 40.12 35.08%
bitcount 7.25 13.12% 1.81 25.25%
dijkstra 1.89 13.19% 0.23 25.02%
FFT 5.54 18.24% 0.89 43.35%
ipeg 30.11 16.65% 4.72 38.04%
sha 3.12 12.19% 0.53 28.13%
average - 15.52% - 31.78%

B3. Model Verification

The prediction accuracy for PRE, LICM and VN is tbeme as what are reported in
Tables 7, 8 and 9.

37



