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Abstract

Previousselectve dynamiccompilationsystemshave demonstrated
that dynamiccompilationcan achie/e performancémprovements
atlow coston smallkernels,but they have haddifficulty scalingto
larger programsTo overcomethis limitation, we developedDyC, a
selectve dynamiccompilationsystemthatincludesmore sophisti-
catedand flexible analysesand transformationsDyC is able to
achieve good performanceimprovementson programsthat are
much larger and more comple than the kernels.We analyzethe
individual optimizationsof DyC andassessheirimpacton perfor-
mance collectiely and indvidually.

1. Introduction

Selective dynamic compilation transforms selected parts of
programsat run time, usinginformationavailableonly at runtime,
to optimizethemmorefully thanstrictly staticallycompiledcode.
(Selectve dynamiccompilationis in contrastto completedynamic
compilationwhere all compilation of a programis delayeduntil
run-time;recent‘just in time” compilersfor Java are examplesof
complete dynamic compilers.) Value-specificselectve dynamic
compilersderive their benefitsby optimizing partsof programsfor
particularrun-time-computedaluesof invariantvariablesanddata
structureg(called run-time constant}, in effect performinga kind
of dynamic constant propagtion and folding. Proposed
applications for selectve, value-specific dynamic compilation
include specializingarchitecturalsimulatorsfor the configuration
being simulated, language interpretersfor the program being
interpreted,renderingenginesfor scene-specificstate variables,
numeric programsfor dimensionsand valuesof frequently used
arrays,and critical pathsin operatingsystemdor the type of data
being processedand the current state of the system.Trendsin
software engineeringtoward dynamic reconfigurability such as
parameterizatiofor reuseandportability acrosdifferenthardware

architectures, also imply a promising role for dynamic compilation

Recentresearchefforts have madeconsiderableprogresstowards
proving the viability of selectve dynamic compilation. In

particular researcherBave demonstratethatdynamiccompilation
overheadcan be quickly amortizedby the increasedefficiencgy of

the dynamicallyoptimizedcode.Most experimentshowever, were
confined to simple kernels, and did not demonstratethat the

dynamic compilation systemscould cope reasonablywith the

increasedsize and compleity of applicationslike the interpreters
and simulators mentioned al&o

The reasonscurrent systemshave not made better progresson
larger, morecomplex applicationsvary, dependingon the approach

taken.In impemtivesystemssuchas 'C [12, 27,28], aprogrammer
explicitly constructs,composesand compiles code fragmentsat
run time. Imperatve approachescan expressa wide range of
optimizations,but imposea large burden on the programmerto
manually program the optimizations; the programmingburden
males it difficult to apply imperatve approachesffectively to
larger applications.Other systemssuchas Tempo[6, 26], Fabius
[21], and our previous system[1], follow a declamative approach,
wheresparsaiserannotationgrigger analysesandtransformations
of the program(usingpartial evaluation-styleechniguesjo exploit
value-specifiadynamiccompilation.To keepdynamiccompilation
costslow, thesesystemspreplanthe possibleeffects of dynamic
optimizationsstatically producinga specializeddynamiccompiler
tuned to the particular part of the program being dynamically
optimized;this sortof preplanningve call staging the optimization.
Declaratve approachesrerelatively easyfor programmerso use,
but are only as powerful as the optimizationsthey apply The
limitations of previous declaratve systemspreventedthem from
coping effectively with the more involved patternsof control and
dataflow foundin somesmallandmostlarge applicationscausing
them to miss optimization opportunitiesor forcing substantial
rewriting to fit the limitations of the system.

DyC (pronounceddicey) [13, 14] is a selectve, value-specific
dynamiccompilationsystemthat hasgood potentialfor producing
speedupson larger, more complex C programs.To reducethe
programming burden, DyC is a declaratve, annotation-based
system. To support effective optimization, DyC contains a
sophisticatedform of partial-ezaluation binding-time analysis,
including program-point-specific polyvariant division and
specializatiorf, and dynamic versionsof traditional global and
peepholeoptimizations.To keep dynamic compilation costslow,
nearlyall of DyC’s dynamicoptimizationsarestagedwith the bulk
of thework of the optimizationoccurringat staticcompiletime and
with no run-time program representationor iteratve analyses
required DyC automaticallycacheghe dynamicallycompiledcode
andreusest wherepossiblerelieving anothemprogrammeiburden
and reducing dynamic compilation overhead.Programmerscan
declaratvely specify policies that govern the aggressienessof
specializationand caching, enabling programmersto get finer
control over the dynamiccompilationprocesswhile preservinghe
declaratve model.(In the future, we hopeto treatDyC asa back-
endfor atool that automaticallydecideswhereto apply selectve,
value-specificdynamic optimizations,generatingannotationghat
DyC then carries out.)

This paperassessethe benefitsandapplicabilityof DyC’s analyses
andtransformationsboth individually and when appliedtogether

1 polyvariantdivision allows the samepieceof codeto be analyzedwith
different combinationsof variablesbeing treatedas run-time constants;
eachcombinationis called a division. Polyvariantspecializationallows
multiple compiledversionsof a division to be producedgachspecialized
for different valuesof the run-time-constanwariables.Program-point-
specific polyvarianceenablespolyvarianceto ariseat arbitrary pointsin
programs, not just at function entries.



and analyzeswhy theseoptimizationsachiesed the performance
improvementsthey did.! The optimizationsare evaluatedon a
selection of medium-sized,widely used applicationsthat are
representate of the application classesmentionedearlier The
results she that:

« Dynamiccompilationproducesspeedup®n real applications,
not simply kernels. Although there was a subset of
optimizationsthat benefitedall programs(both kernelsand
applications),eachof DyC’s optimizationswas importantto
obtaining good speedup on some application.

» Several optimizationswere importantto all our benchmarks.
Complete loop unrolling was the single most important
optimization,not only becauset eliminatedall loop overhead
but also becauseit created mary opportunitiesfor other
dynamicoptimizations.Optimizing loadsfrom invariantparts
of data structures as similarly critical for most programs.

* Someoptimizationsuniqueto DyC, such as dynamic dead-
assignment elimination, were responsible for significant
speedups (3x-5x) in some applications.

« DyC's dynamiccompilationoverheadis low enoughthat the
break-e&en point at which dynamic compilation becomes
profitable is well within the normal usage of our applications.

The next sectiondescribeghe DyC dynamiccompilationsystem
and its optimizations. Section 3 details our experimental
methodologyand workload. Section4 containsour performance
results,including a comparisonof whole programsversustheir

dynamic regions and an analysis of the contritution to

performanceof individual optimizations.Section5 compareDyC

to related research and section 6 concludes.

2. DyC

2.1 System Oerview

DyC compilesand optimizesprogramsdynamically during their

execution.To trigger run-timecompilation,programmersnnotate
their sourcecodeto identify static variables (variablesthathave a

single value, or relatively few values,during programexecution)
on which mary calculationsdepend;static variablesare run-time

constantsDyC then automaticallydetermineswvhich partsof the

programdownstreanof the annotationg€anbe optimizedbaseddn

the staticvariables’values(we call thesedynamically compiled or

just dynamic regions), andarrangegor eachdynamicregion to be

compiledat run time, oncethe valuesof the static variablesare
known. To minimize dynamiccompilationoverhead DyC stages
its dynamic optimizations,performing much of the analysisand

planningfor dynamiccompilationand optimizationduring static
compile time.

DyC extendsa traditional (static) optimizing compiler with two
major components, as illustrated in Figlre

« As in off-line partial-ezaluationsystemg20], a binding-time
analysis (BTA) identifiesthosevariables(calledderived static
variables) whosevaluesare computedsolely from annotated
or other derived static variables;the lifetime of thesestatic
variablesdeterminesthe extent of the dynamic region. The
BTA dividesoperationsvithin adynamicregion into thosethat
dependsolelyon staticvariablesandthereforecanbe executed
only once(the static computations), andthosethat dependat

1 OurpreviouspaperandjournalarticleonDyC [13, 14] describéts design,
but include no empirical assessmenDynamic, stagedzero and copy
propagatioranddead-assignmemiminationare newwith this paperas
well.
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Figure 1. DyC'’s Static and Dynamic Components

leastin partonrun-timedataandmustbereexecutedeachtime

the flow of execution reaches them (the dynamic

computations). The static computationscorrespondto those
computationghatwill be constant-foldedtruntime;theBTA

is the static component of staged dynamic constant
propagtion and folding.

e For each dynamic region, a dynamic-compiler generator
producesa specializeddynamic compiler that will generate
codeat run time for thatregion, given the valuesof the static
variables on entry to thegmen.

In moredetail, DyC performsthe following stepswhencompiling
each procedure at static compile time:

e« First, DyC applies mary traditional intraprocedural
optimizations, stopping just prior to register allocation and
scheduling.

¢ Then,for procedureshatcontainannotationsthebinding-time
analysisidentifiesderived static variablesand the boundaries
of dynamic regions. This analysis also determineswhich
conditionalbranchesand switchestest static variablesand so
can be folded at dynamic compile time. It also determines
which loops have staticinduction variablesand cantherefore
be completely unrolled at dynamic compile time.

¢ Each dynamic region is replaced with two control-flov
subgraphspne containingthe staticcomputationgcalled set-
up code) andonecontainingthe dynamiccomputationgcalled
template code). Wherea dynamicinstructionin the template
coderefersto a staticoperanda place-holdeoperandcalleda
hole) is used.The hole will be filled in at dynamic compile
time, once its alue is knavn.



* Raisterallocationandcodeschedulingarethenappliedto the
procedures modified control-flov graph. By separatingthe
set-up and template subgraphs, register allocation and
schedulingcan be applied to each separately without one
interferingwith the other By keepingthesetwo subgraphsn
the contet of the restof the procedures control-flov graph,
ary variableslive both inside and outsidethe dynamicregion
can be allocatedregisters seamlesslyacrossdynamic-rgion
boundaries.

* Finally, a customdynamiccompilerfor eachdynamicregion
(also called a generating extension [20]) is built simply by
inserting emit code sequencesnto the set-upcode for each
instructionin the templatecode;the templatesubgraphs then
throvn away. This dynamic compiler is fast, in large part,
becauset neitherconsultsan intermediaterepresentatiomor
performs ary general analysis when run. Instead, these
functionsarein effect “hard-wired” into the customcompiler
for that region, representedby the set-up code and its
embedded emit code.

At run time, a dynamic region’s custom dynamic compiler is

invoked to generatehe region’s code.The dynamiccompilerfirst

checksaninternalcacheof previously dynamicallygeneratedode
for a versionthat was compiledfor the valuesof the annotated
variables.If oneis found, it is reused.Otherwise,the dynamic
compiler continuesexecuting, evaluating the static computations
and emitting machinecode for the dynamic computations(and

saving the newly generatedmachinecodein the dynamic-code
cache when it is done). Invoking the dynamic compiler and

dispatching to dynamically generatedcode are the principal

sources of run-timeverhead.

2.2 DyC’s Run-Time Optimizations

DyC’s binding-time analysis (and those of other declarate
dynamic compilers) identifies which variables are static over
which pathsof the procedures control-flov graph, startingwith

the annotationghat identify static variablesand ending after the
last useof ary staticvalue (a dynamicregion may have multiple
exits). This analysis distinguishes static computations from

dynamic computations,enabling run-time constantpropagtion
without incurring ary run-time cost from analyzing an
intermediate representation.This analysis is program-point-
specificandflow-sensitve: a dynamicregion canstartandstopat
ary programpoint, anda variablemay be staticat someprogram
points and not at others.

DyC'’s ability to produce efficient dynamic code dependson
several extensions to this basic approach. Some, such as
polyvariant specializationand division, are derived from the
partial-ezaluationfield but adaptedand extendedto the needsof
dynamically compiling C programs.Others are special staged
versionsof traditionalglobal and peepholeoptimizations,suchas
zero and cop propagtion and dead-assignment elimination.

2.2.1Dynamic-to-Static Promotions and
Polyvariant Specialization

Dynamic compilation generatescode that is specialized to
particularvaluesof staticvariables Wheredynamicspecialization
on the run-time computedvaluesof somevariablesshouldbegin,
suchasattheentryto adynamicregion, thevariablesaresaidto be
promoted from dynamicto static.If thesepromotedvariablestake
on differentvaluesat different entry times, DyC allows multiple
versionsof the code after the promotionto be generatedgach
specializedor a differentcombinationof promotedvalues;this is

called polyvariant specialization. A compiled-code-cachmokup
implements the promotion.

2.2.2Inter nal Promotions

In DyC, promotionsalsocanoccurat arbitrary programpointsin
the middle of a dynamicregion, calledinternal promotion points,
enablinga kind of multi-stage specialization [22]. For example,an
internal promotion can occur at the point a static variable is
assigneda dynamicvalue,to allow specializatioron the value of
the static variableto resume(at the costof a cachecheckfor the
promotedvariable). Internal promotionsalso allow code to be
increasinglyspecializedon a growing set of static variablesas
execution proceeds through a dynamigioa.

2.2.3Unchecked Dispatching

When a promotion point is executed, the point's cache of
dynamically compiled code is checled for code that has been
specializedo the currentvaluesof the static variables.If found,
that code is executed;if not, a versionis specializedto these
values.This dispatch to dynamicallygenerate¢ode,comprisecof
the cachelookup and indirect jump, should be fast becauseits
overheadis incurred on every execution of the dynamicregion.
Currently DyC usesa policy annotationto control the costof the
dynamic-codecache lookups found in the template code at
promotionpoints.DyC'’s default policy, calledcache-all, maintains
a cacheat eachof thesepoints,implementedisingdoublehashing
[7]. The cachemapsthe valuesof the staticvariablesat that point
to code specializedfor thosevalues.The cacheis checled each
time the pointis reachedn orderto reusespecializatiorshouldthe
valuesof the staticvariablesrecur If the programmeknows thata
static variablewill have the samevalue for all executionsof the
promotion point, then the cachelookup can be simplified to a
single load; this poliz we callcache-one-unchecked.

2.2.4Complete Loop Unmlling

Polyvariant specialization can also result in complete loop
unrolling by creatinga specializeatopy of aloop bodyfor eachset
of valuesof theloop inductionvariables For simpleloops,suchas
thosethat merely incrementa counteruntil an exit condition is

reachedalinearchainof unrolledloop bodiesresults(we call this
single-way loop unrolling). For morecomplex loops,however, one
iteration may lead to several different loop iterations(e.g., if it

contains branch paths that updatethe loop induction variables
differently), or evenreturnto a previously executedoop iteration,
producingin generala directed graph of unrolled loop bodies
(which we callmulti-way loop unrolling).

Completeloop unrolling is unlike unrolling done by traditional
staticcompilersin thatthe unrolledloop is eliminatedratherthan
enlaged. The main benefitof completeunrolling is derived from
the additionalconstant-and branch-foldingopportunitiesexposed
by making the loop induction variablesstatic, rather than from
increasednstruction-level parallelism.DyC and similar systems
(such as &mpo) currently do no run-time instruction scheduling.

2.2.5Polyvariant Division

Polyvariantdivision allows the sameprogrampointto beanalyzed
multiple times,eachtime with a differentsetof variablesassumed
static. After binding-time analysis,eachdivision givesrise to a
separateversionof the code,since eachhasits own partitioning
into static and dynamic computations. Without polyvariant
division, programmersvould have to duplicatecodeby handfor
the differentdivisions, or adoptsomeleast-common-denominator
set of annotations with feer optimization opportunities.



Although we did not usethe capabilityfor this study polyvariant
division also supports conditional specialization: rather than
unconditionallyexecuting an annotation the programmerguards
the annotationwith an arbitrary test of whetherspecializationis
desirable.Polyvariant division will then automaticallyduplicate
the codefollowing the teststatementpne copy beingspecialized
and the other not. Conditional specializationcan be used, for
example, to limit specializationto those values of the static
variables that are particularly amenableto optimization (e.g.,
valuesthatenablestrengthreductionor copy propagtion),to those
valuesthatoccurfrequentlyenoughto merit the effort of dynamic
compilation,or to thoseloopsthat,whencompletelyunrolled,will
fitin the L1 instruction cache.

2.2.6 Static Loads and Calls

By default, the contentsof memory evenif referencedhrougha

run-time- or compile-time-constaneddress,is assumedto be

dynamic.In mary programshowever, atleastsomeof thecontents
of thesedatastructuresareinvariant.In suchprogramswe wish to

treat loads of invariant parts of static structures as static
computationsdone once as part of dynamic compilation. DyC

allows programmer$o annotatesuchloadsasstatic,enablingthem

to beoptimizedin thisway. (An alternatve schemevould annotate
declarations of array structure,or pointer values or types as
having static components,implying that all loads of those
components were static.)

Similarly, userscanannotatepure functionsas static. Invocations
of static functionswith all static amumentsare treatedas static
computationsand hence executed once as part of dynamic
compilation. Calls to unannotatedunctions, even with all static
arguments,are conseratively treatedas dynamic computations,
since thg may hae side-efects?!

Theseannotationgrepotentiallyunsafeprogrammenssertionsin
contrast, Tempo performs an automatic alias and side-efect
analysiswithin acompilationunit to identify staticportionsof data
structuresand pure functions within that unit. However, Tempo
still relies on potentially unsafeuserannotationgo discover the
alias and side-efect propertiesof external data structuresand
procedures [6].

2.2.7 Strength Reduction, Zero and Copy Propaga-
tion, and Dead-Assignment Elimination

Someof DyC'’s optimizationsexploit particularvaluesof static
variables.The emit codesequenceperformstrengthreductionof
multiplies, divides, and modulus operationswith a single static
operandand attemptto fit integer static operandsnto instruction
immediate fields. (We currently emulate dynamic strength

reduction by inserting special-case code in the program source.)

DyC alsoincludesa novel staged versionof dynamiczero and
copy propagtion and dead-assignmerglimination that depends
on the valuesof static variables.For example,if the single static
operandto a multiply turnsout to be 1 at dynamiccompiletime,
then the multiply can be replacedby a simple move. Moreover,
eligible downstreamreferencedo the tamget of the move canbe
replaced with the operand of the move (performing copy
propagtion), and if all referencesare so replaced,the move
instruction can be eliminated (performing dead-assignment
elimination).On somearchitecturessuchasthe DEC Alpha21164
on which we performedour experiments,a floating-pointmove

1 Tempoincludesan additionalfeaturewherea function canbe classified
asbeingdynamic(i.e., havingside-effectsputstill returnastaticvalueif
all its arguments are static values [19].

takes the sametime as a floating-point multiply, so strength
reductionof the multiply into a move aloneyields no benefit;copy
propagtion anddead-assignmermiminationarenecessaryo see
performanceémprovements Similarly, if the staticoperandto the
multiply is 0, then the multiply can be replacedwith a clear
instruction,the 0 canbe propagtedto eligible downstreanusesof
the resultof the clearinstruction,andif all usesarereplacedthe
clear can be eliminated. Moreover, replacinga multiply with a
clear causesthe use of the dynamic operandto be eliminated,
potentially causingits computationto becomedeadas well. But
copy propagtion and dead-assignmenelimination cannot be
performed entirely statically (unlike the constantpropagtion
embodiedby binding-time analysis),sinceif the operandof the
multiply is other than 0 or 1, no copy propagtion or dead-
assignment elimination can be performed.

To perform data-dependertero and copy propagtion and dead-
assignmengliminationwith low run-time overhead DyC divides
theanalysesnto a planningstagedoneat staticcompiletime anda
completion stagedone during dynamic compilation. The static
planningstagecomputesvhetheran operationpotentially may be
replaced with a move or clear instruction. For each such
instruction, all potential dovnstream uses of the result are
identified statically The emit code sequencedor potentially
optimizableinstructionscheck for the special run-time-constant
operand values that enable optimization; if one occurs, the
instructionis deleted,and a note is madein a table maintained
during dynamiccompilation.Emit codesequencefor usesof the
potentially optimizedinstructioncheckthe tableto seehow they
shouldgenerateodefor their operand Dynamiccompilationtime
for run-time zero and copy propagtion and dead-assignment
elimination is kept low by forgoing ary run-time intermediate
representationr analysisptherthanthetableto recordtheresults
of optimizations.

2.3 Example

Theexamplein Figure2 illustratessomeof DyC's capabilitiesand
shavs how the annotationinterface is used. It is a simplified
version of the image-corolution routine pnmconvol from our
benchmarksuite. The do_convol routine takes an image
matrix asinput, cornvolvesit by the corvolution matrix cmatrix,
and writes the convolved output to the outbuf matrix. Since
cmatrix isunchangedvithin the (outer)loopsoverimagepixels,
we would like to specializethe inner loops over the corvolution
matrix to the alues contained iamatrix.

The three DyC annotationsinsertedto accomplishthis dynamic
specializationare highlighted in boldface. A make_static

annotatioron avariablespecifieso DyC thatthe codethatfollows
shouldbe specializedpolyvariantly) for all distinctvaluesof that
variable.Themake_static annotationin our exampleindicates
thatthe pointercmatrix andits dimensionsrows andccols

shouldbe specializeduponin downstreamcode.Additionally, the
make_static on the loop index variablescrow and ccol

resultsin the completeunrolling of theinnermosttwo loops.An @

signon anarray pointer, or structuredereferencédentifiesa static
load. In our example, the @ sign ensuresthat the result of

dereferencingthe static pointer cmatrix at the static offset
(crow, ccol) is alsostatic. Derived staticcomputationsanduses,
identifiedby the BTA, areitalicized. The dynamicregion extends
to the endof the loop over the corvolution matrix, sinceno static
variables are used yend this point.

Figure 3 shavs a source-codeepresentatio%of the dynamically
compiled code produced for the dynamic region when
do_convol is invoked with a 3x3 cmatrix that contains



/* Convolve image with cmatrix into outbuf */
void do_convol (
float image []1[], int irows, int icols,
float cmatrix[][], int crows, int ccols,
float outbuf [][]
)
{
float x, sum, weighted_x, weight;
int crow, ccol, irow, icol, rowbase, colbase;
int crowso2, ccolso2;

make_static(cmatrix, crows, ccols, crow, ccol);
crowso2=crows/2; ccolso2=ccols/2;

/*Apply cmatrix to each pixel of the image*/
for (irow=0; irow < irows; ++irow) {

rowbase = irow-crowso2;
for (icol=0; icol < icols; ++icol){
colbase = icol-ccolso2; sum = 0.0;

/*Loop over convolution matrix*/
for (crow=0; crow<crows; ++crow) {
for (ccol=0; ccol<ccols; ++ccol){
weight = cmatrix @[crow] @[ccol];
x = image[rowbase+crow] [colbase+ccol];
weighted_x = x * weight;
sum = sum + weighted_x;
}}

/*End loop over convolution matrix*/

outbuf[irow] [icol] = sum;
1}
/*End loop over image*/
)
Figure 2. Image Convolution Example

alternating zeroes and ones (zeroesin the corners). (For the
momenitwe ignoretheeffect of the DyC-specificdynamiczeroand
copy propag@tion and dead-assignmerglimination optimizations
describedn section2.2.7.)All the staticcomputationsn Figure2
have beenfolded away by specialization static usesin dynamic
computationge.g., thatof ccol andcrow to index image) have
beeninstantiatedvith their run-timeconstantvalues,andthe loop
over the corvolution matrix has been completely unrolled.
Completelyunrolling the loop has eliminatedthe direct cost of
branchingandinductionvariableupdating but by makingtheloop
induction variablescrow and ccol static, it alsoindirectly has
enabledthe addresscalculationsand load from cmatrix to be
eliminated.

DyC'’s dynamiczero and copy propagtion and dead-assignment
elimination make further improvementsto the code for the
dynamicregion, as shavn in Figure 4. The static compiler plans
for the possibility of the multiplications and additions being
dynamicallyoptimizableby zeroor copy propagtion.In addition,
zero and copy propagtion creates opportunities for dead-
assignmentelimination, once again anticipatedand plannedfor
statically In this example,in eacheveniterationthe multiplication
by 0.0is folded away, thefollowing incrementof sum removedby
zero propagtion, and the previous load from the image array
deletedasdead.In eachodd iteration,the multiplicationby 1.0is
folded away with the image value x copy-propagted to the
following increment of sum.

2 Theoptimizedcodeproducedy DyC is actuallyin machine-codérmat.
We use source code here for readability.

/*Apply cmatrix to each pixel of the image*/

for (irow=0; irow < irows; ++irow ) {
rowbase = row-1;
for (icol=0; icol < icols; ++icol){
colbase = icol-1;

/*Loop over convolution matrix*/
/*Iteration 0: crow=0, ccol=0%*/
x = image[rowbase] [colbase];
weighted_x = x * 0.0;
sum = sum + weighted_ x;

/*Iteration 1: crow=0, ccol=1%*/
x = image[rowbase] [colbase+1];
weighted_x = x * 1.0;
sum = sum + weighted_x;

/*Iteration 2: crow=0, ccol=1%*/
x = image[rowbase] [colbase+2];
weighted x = x * 0.0;
sum = sum + weighted_x;

/*Iterations 3-8 follow...*/
outbuf [irow] [icol] = sum;

1}

/*End loop over image*/

Figure 3. Partially Dynamically Optimized Region

/*Apply cmatrix to each pixel of the image*/

for (irow=0; irow < irows; ++irow ){
rowbase = row-1;
for (icol=0; icol < icols; ++icol){
colbase = icol-1;

/*Loop over convolution matrix*/
/*Iteration 0: crow=0, ccol=0%*/
/*All code eliminated*/

/*Iteration 1: crow=0, ccol=1*/
x = image[rowbase] [colbase+1];
sum = X;

/*Iteration 2: crow=0, ccol=1*/
/*All code eliminated*/

/*Iteration 3: crow=1l, ccol=0%*/
x = image[rowbase+1] [colbasel;
sum = sum + X;

/*Iterations 4-8%*/
outbuf[irow] [icol] = sum;

1}

/*End loop over image*/

Figure4. Fully Dynamically Optimized Region



Table 1. Application Characteristics

_ _ Number & Sizeof Dynamically
Program Description Annotated Static Variables VaJues.of Static TO@ Size Compiled Functions
Variables (Lines)
# | Lines | Instructions
Applications
dinero cache simulator cache configuration 8kB 1I/D, direct- 3,317 8 389 1624
parameters mapped, 32B blocks

m88ksim Motorola 88000 an array of breakpoints | no breakpoints 12,531 1 14 145
simulator

mipsi MIPS R3000 its input program bubble sort 3,417 1 400 2884
simulator

pnmconvol ||image cowmolution convolution matrix 11x11 with 9% ones| 1,054 1 76 1226

83% zeroes
viewperf renderer 3D projection matrix, perspectie matrix, 15,006 2 168 1155
lighting vars one light source

Kernels

binary binary searchwer an | the input array and its | 16 integers 147 1 19 134
array contents

chebyshev ||polynomial function |the dgree of the polyno{ 10 145 1 19 146
approximation mial

dotproduct ||dot-product of tw the contentf oneof the | a 100-intger array 134 1 11 84
vectors vectors with 90% zeroes

query tests database entry| a query 7 comparisons 149 1 24 272
for match

romberg function intgration | the iteration bound 6 158 1 24 301
by iteration

3. Methodology

This paper assesseghe benefits and applicability of DyC's
analysesaandtransformationsboth individually andwhenapplied
together and analyzeswhy these optimizations achiezed the
performanceémprovementsthey did. In this section,we describe
the workload we used for our experiments,explain hov we
annotated the programs, and describe our experimental
methodology

3.1 Workload

Our workload,shavn in Table 1, consistsof applicationsthat are
representate in function, size, and complity of the different
types of programsthat researchersare targeting for dynamic
compilation. All are usedin practicein researchor production
ernvironments.dinero (versionlll) is a cachesimulatorthat can
simulatecachef widely varying configurationsandhasbeenthe
linchpin of numerousmemory subsystemstudiessince it was
developedin 1984[15]. m88ksim simulatesthe Motorola 88000
andwastakenfrom the SPEC95nteger suite[30]. mipsi [29] is
a simulation framevork that has been used for evaluating
processordesignsthat range in compleity from simultaneous
multithreaded[11] to embeddedprocessorspnmconvol is an
applicationfrom the netpbm imageprocessingdoolkit (releaser-
Dec-93)that performsconvolutions on imagesof variousformats
[25]. viewperf is thedriverfor the SPECViewperfbenchmarks;

the two routines we dynamically compile in viewperf

(project_and_clip_test, a matrix transformer and
gl_color_shade_vertices, a shader) are from Mesa
(version 2.5), a freely available implementationof the OpenGL
run-time library [24]. The original Mesa program included
additionalversionsof its general-purposshaderroutinethatwere
hand-specializedor particularcombinationsof argumentvalues.
We deletedtheseextra hand-specializedersions letting dynamic
compilation automatically generate ary needed specialized
versions from the general-purposssion.

We have alsoincludedin ourworkloada setof kernelapplications
that have comprisedthe benchmarksuites for other dynamic
compilation systems for C (binary, chebyshev,
dotproduct, query, romberg). The kernelsare one or two
ordersof magnitudesmallerthanthe applicationsn our workload
andcontaindynamicregionsthatare,excludingm8 8ksim, two to
eight times smaller We include them to provide continuity to
previous studies[26, 28] andto contrasttheir characteristicsvith
the lager programs.

Our workloadis currentlylimited to theseprogramsfor a number
of reasonsFirst, our manualannotatiorprocesgdescribedelow)

was time-consuming.Second,to be profitable, some programs
needtechniquesor optimizationswe have not yet implemented.
For example, a decompressioprogramand a version of grep

could becomeprofitableto compiledynamicallyif DyC supported
fast cachelookups over a small range of values(e.g., integers



between 0 and 255). For such cases,the lookup could be
implementedasa simplearrayindexing, in placeof DyC’s current
general-purposenash-tablelookup. Finally, we found several
programsthat were not conducve to dynamic optimization: one
type contained dynamic regions that were executed too
infrequentlyor weretoo smallto recoupthe dynamiccompilation
overhead;anothertype containedloops that were too large to be
completely unrolled (a number of dense-matrixoperationswe
examined sukred from this problem).

3.2 Selection of Optimization Targets

Ourannotatiormethodologydependean thetype of program We

annotatedhe kernelsto enableoptimizationsthat are comparable
to what other dynamic-compilatiorsystemsprovide. To annotate
the applications,we first profiled them with gprof. We then

examinedthe functionsthat comprisedthe most executiontime,

searching for invariant function parameters.In cases when

invariancewas too difficult to infer by inspection,we loggedthe

values of the functions’ parametersand searchedthe log.

Optimizationopportunitiesveredeterminedy trial anderror. For

example, to determine whether complete loop unrolling was
beneficial, we generallyfirst performedthe unrolling, but then
disabledit (by removing an annotation)if it did not improve

performance.

By usingthis unsophisticatednethodologywe have undoubtedly
missedopportunitiego apply dynamiccompilation.In particular a
number of additional proceduresin m88ksim or viewperf

could potentially benefitfrom dynamic compilation. One of our
future researchgoals is to automateprogram annotationusing
techniquessuch as value profiling [2] to identify static variable
candidates,and a cost-benefit model to select appropriate
optimizations.

3.3 Experimental M ethodology

Thebinding-timeanalysisandthe dynamic-compilegeneratoare
implementedin the Multiflow compiler [23], which is roughly
comparableo todays standardoptimizing compilers.(As a point
of reference,dynamic regions in the applicationsexecuted on
average8% moreslowly whencompiledwith Multiflow thanwith
gcc -02; kernels were 7% faster) Becauseour version of
Multiflow had an incompleteimplementationof the DEC Alpha
calling corvention, most of the non-dynamically compiled
proceduresof the applicationswere compiled with DEC’s C
compiler orgcc.

Each applicationin our workload has a statically compiled and
several dynamically compiled versions, depending on what
optimizationsare turned on. The statically compiled version is
compiledby ignoringtheannotationsn the applicationsource We
usedthe sameoptionsto Multiflow for both the statically and
dynamically compiled versions. This means,for example, that
loopsunrolled(by someconstanfactor)in the staticallycompiled
version are also statically unrolled in the dynamically compiled
versions, in addition to grun-time complete loop unrolling.

All programswere executedon a lightly loaded DEC Alpha
21164-basedworkstation with 1.5GB of physical memory A
single input was usedfor eachprogram(describedin Table 1).
Mid-sized inputs for the kernelswere chosenfrom the sets of
inputs usedin the studiesin which the benchmarksoriginally
appeared.Application inputs that exercised our optimizations
usually were chosen from among those provided with their
packages.

Executiontimes for both the whole programsand their dynamic
regionsweremeasuredisinggetrusage (for usertime). Whole

programswere executed51 times,with thefirst run discardedto

reduce systemseffects) and the rest averaged. When timing

dynamic regions, most benchmarksinvoked their specialized
functionsmary times (tensof thousand®f timesfor the kernels)
to overcomethe coarsenes®f the getrusage timer and to

minimize cacheeffects. We obtainedthe time for oneinvocation
by dividing the averageof the measurementby the numberof

invocationstimed. The hardware cycle counterswere used to

gather CPU (user + system)times for dynamic-compilatiorand
dispatchingoverheads becausethe granularity of getrusage

was also too coarse for these measurements.

4. Resultsand Discussion
4.1 Applicability of the Optimizations

Table 2 indicateswhich dynamicoptimizationscould be usedby
eachof the programs.All optimizationswere neededby at least
oneof the applicationsandseveral wereusedby all. Lackingthe
compleity of theapplicationsthe kernelscouldtake advantageof
fewer optimizations. Usually they could apply only the
optimizations that are used to all applications (unchecled
dispatching,completeloop unrolling, static loads); rarely could
they take advantageof the optimizationsthat are uniqueto DyC
(multi-way loop unrolling, dynamic zero and copy propagtion,
dynamic dead-assignment elimination, dynamic strength
reduction, internal dynamic-to-staticoromotion, and polyvariant
division). This difference suggeststhat studies of dynamic
compilation opportunitiesshould focus on larger, more realistic
programs.

4.2 Dynamic Region Performance

Basic performanceresultsfor the dynamic regions of both the

applications and the kernels appearsin Table 3. We report
asymptoticspeedupshreak-een points,anddynamiccompilation
overhead. Asymptotic speedup represents the optimal

improvement of dynamically compiled code over statically
compiledcode(excluding dynamiccompilationoverhead) andis

calculatedas s/d, theratio of staticallycompiledexecutioncycles
(s) over dynamically compiled executioncycles (d). The break-
even point is the numberof executionsof the dynamicregion at

which statically and dynamically compiled code (including

dynamiccompilationoverhead)have the sameexecutiontimes; it

is calculatedas o/(s-d), where o representgycles of dynamic
compilationoverheadDynamiccompilationoverheads measured
as cycles per dynamically generatednstruction; we also include
the number of instructions generatedto place the instruction-
specific werhead in conte.

Asymptotic dynamic-rgion speedupsgor the applicationsranged
widely, from 1.2 to 5.0. The higher speedupdor mipsi and
m88ksim (5.0and3.7,respectrely) occurredbecausenostof the
codein their dynamicregions could be optimized away as static
computationsThe gain in pnmconvol wasprimarily dueto the
benefits of applying a single optimization, dynamic dead-
assignmentelimination, which was enabledby complete loop
unrolling and static loads.

Break-&en points for the applicationsare well within normal
application usage, shaving that the greater efficiengy of the
dynamically generatedcode can more than compensatdor the
dynamic compilation cost. For example, dynamically compiling
dinero paysoff aftersimulatingonly 3524memoryreferences-
todays cache simulation results are obtained by simulating
millions or billions of references.mipsi’s break-@en point
dependson the number of reinterpretedinstructions (i.e.,, the



Table2: Optimizations Used by Each Program

Optimization
. . Dynamic . . Internal
Dynamic Region || Complete | gatic | Unchecked Dead- Dynamic | o | Dynamic Dynamic-to- Poly-
Loop Loads | Dispatching | Assigment zero& Copy | o | Strength Static variant
Unrolling? Elimination Propagation Reduction Promotions Division
dinero: 0 a O
mainloop
m88ksim: SW 0 a
ckbrkpts
mipsi: MW a a a a
run
pnmconvol: SW a O a a
do_convol
viewperf: 0 a O 0
project&clip
viewpertf: SW 0 0 0 0 0 O
shader
binary MW O a
chebyshev SW 0 0
dotproduct SW O O O 0O
query SW 0 a
romberg SW a
a.SW = single-way, MW = multi-way
Table 3: Dynamic Region Performance with All Optimizations
Asymptotic DC Overhead Number of
Dynamic Region SwpeeF;iu Break-Even Point (cycles/instruction Instructions
P generated) Generated
dinero: mainloop 1.7 1 invocation (3524 memory references) 334 634
m88ksim: ckbrkpts 3.7 28 breakpoint checks 365 6
mipsi:run 5.0 1 invocation (484634 instructions) 207 36614
pnmconvol: doconvol 3.1 1 invocation (59 pirls) 110 2394
viewperf: project&clip 1.3 16 invocations 823 122
viewperf: shade 1.2 16 invocations 524 618
binary 1.8 836 searches 72 304
chebyshev 6.3 2 interpolations 31 807
dotproduct 5.7 6 dot products 85 50
query 1.4 259 database entry comparisons 53 71
romberg 13 16 integrations 13 1206

numberandsize of theloopsin mipsi’s input program)relative
to thetotal sizeof theinput program.For mary inputs,conditional
specializatioras describedn section2.2.5could be usedto limit

dynamiccompilationto thosepartsof mipsi’sinput programthat
are hewily executed.

Themain contrikutorsto dynamic-compilatioroverheadarecache
lookups, memory allocation, handling of dynamic branches,
checksfor dynamiczeroand copy propagtion, dead-assignment
elimination, and strength reduction, operations to ensure
instruction-cache coherence, instruction construction and

emission, branch patching, hole patching, and the static
computations. Although DyC is quite fast, each of thesecosts
could be furtherreduceddinero, in particular suffers from our
inefficient handlingof dynamicbranches)For example,we have
not yet implementedhe optimizationwe previouslydescribedas
linearization [14], which would reducethe cost of saving and
restoring values of static variables at dynamic branchesby
performing a renaming similar to SSA form [8].

Completdoop unrolling generatesnoreinstructionshanthe other
optimizationsandaccountsor mostof theinstructionsgenerated.



Table 4: Whole-Program Perfor mance with All Optimizations

Execution Time (sec.)
Execution Timein the Dynamic Average
Application Statically Dynamically Regions _ Pvrvog(rﬂ:m
Compiled Compiled (% of total static execution) Speedup
dinero 1.3 0.9 49.9 15
m88ksim 81.0 76.8 9.8 1.05
mipsi 20.8 4.5 ~ 100 4.6
pnmconvol 10.8 3.6 83.8 3.0
viewperf 1.7 1.6 41.4 1.02

These numberswere particularly high in mipsi, becauseit
unrolls the interpretationof its entire input program, and in
pnmconvol, becauseeach iteration is large. The number of
instructionsgenerateds smallin m88ksim, becauséts dynamic
region is a routine that checksbreakpointsand the SPECinput
contains none. With other inputs, the number of generated
instructionsshouldrise andthe dynamicoverheadper instruction
fall. For example,our experimentswith 5 breakpointsyielded 98
generated instructions at a cost of only gél&s per instruction.

In contrastto the applicationsdynamicregionsin the kernelsare
small, with simple codeidioms. Consequentlyoptimizationsthey

usecanusually be appliedto the entire region, but, on the other
hand, not mary optimizationscan be applied. The high kernel
speedupsan be attributed to a key optimizationor a particular
input. For example,chebyshev is dominatedby static calls to

thecosinefunction, mostof which arememoizedhroughdynamic
compilation.dotproduct’s staticinput vectorwas 90% zeroes
and therefore most of the calculations were eliminated; our
experimentson more densevectorsproducedspeedupsimilar to

thoseof the other kernels,and with no zeroesthe dynamically
compiledversionexperiencesa slovdown dueto poor instruction
scheduling.

DyC achieves speedupsind break-@en pointson the kernelsthat
are comparableto other dynamic compilation systems[26, 28].

That being said, however, quantitatve comparisonsof these
systemsare not particularly meaningful,becauseall executeon

differentunderlyingarchitecturesOur preliminarystudiesndicate
that several microarchitecturaffeatures,in particular instruction
issue width, dynamic-schedulingsupport, and L1-instruction-
cache size, are major determinantsof dynamic-compilation
performance.

4.3 Whole-Program Perfor mance

Whole-programspeedumueto dynamiccompilationdependson
the proportionof total runtime thatis spentexecutingthe dynamic
region. In our applicationsthe percentag®f executiontime spent
in the dynamicregion rangedfrom 9.8%for m88ksim to almost
the entireexecutionfor mipsi (seeTable4). Overall application
speedupincludingthe costof dynamiccompilation,wasnot quite
proportionalto this fraction of asymptoticspeedup(dueto cache
and other systemfekts) and ranged from 1.02 to 4.6.

4.4 Analysisof Individual Optimizations

To study the effectiveness of individual optimizations, we
comparedur normalconfiguratiorwith all optimizationsenabled
against configurationseachof which disabledone optimization;
theresultsappeain Table5. Theseconccolumngivesthe original

speedudrom Table 3 with all optimizationsturnedon, and later
columnsshav the reducedspeedupwith a selectedoptimization
disabled. Only those entries corresponding to applicable
optimizations (those with a check mark iable 2) are shun.

4.4.1 Complete Loop Unroalling

Despiteits expansionaryeffect on codesize andthe consequence
for instruction bandwidth requirementsand cache footprints®
completdoop unrolling (single-way andmulti-way) wasthesingle
mostimportantoptimization(column3). Completeloop unrolling
wasresponsiblgfor much of the speedugn the applicationsand
without it, mostprogramsexperiencedslovdonnsrelative to their
statically compiled counterparts. Some of complete loop
unrolling’s benefitsstemfrom the eliminationof all loop overhead,
but additionalbenefitis realizedbecausét enablestherdynamic
optimizations. For example, static loads and dynamic strength
reductionin dotproduct only apply whenits loop induction
variable is a static variable; this only occurswhen the loop is
completelyunrolled. A similar dependencexists betweenmulti-
way loop unrolling and static calls, static loads, and internal
dynamic-to-staticpromotionsin mipsi, and single-way loop
unrolling and staticloadsin m88ksim. m88ksim unrolls over a
static table of breakpointswhich eliminatesloads of the table
entries.mipsi multi-way unrolls over a static instructionarray
eliminatingloadsof instructionsandtheinstructiondecodingogic
following the loads, and dynamically memoizing calls to the
addresdranslationroutine. Sometimesan inter-dependencexists
betweencompleteloop unrolling and anotheroptimization: for
example, in pnmconvol complete loop unrolling opens
opportunities to apply dynamic dead-assignmentlimination;
eliminating the deadassignmentshen enablesus to unroll larger
loops.

4.4.2 Static Loads

Static loads(column4) playeda similar role to that of complete
loop unrolling. The optimization was very important in all
applicationsand most kernels, both for its direct benefitsfrom
eliminating loads and as an enabling optimization.

4.4.3 Unchecked Dispatching

All of our benchmarkgontainsomestaticvariableswhosevalues
remain invariant throughoutprogramexecution. To avoid costly
execution-timecachelookups,we annotatedhe variableswith the
cache-one-uncheekl policy. Under this policy, the dispatchis

1 Asmentionedn section2.2.5,conditionalspecializatiorcouldbeusedto
prevent unreasonable code expansion due to complete loop unrolling.



Table 5: Dynamic Region Asymptotic Speedupswithout a Particular Feature

Without:
i i With All Complete Dynamic Dynamic Dynamic Internal Poly-
Dynamic Region Opts P Static | Unchecked | Static y Dead- y Dynamic-to- Y
L oop . . Zero& Copy . Strength . variant
- Loads | Dispatching | Calls . Assignment A Static S
Unralling Propagation S Reduction . Division
Elimination Promotions
dinero: 1.7 0.9 1.6 1.03
mainloop
m88ksim: 3.7 0.4 0.6 1.6
ckbrkpts
mipsi: 5.0 0.9 0.9 5.0 0.9 0.9
run
pnmconvol: 3.1 0.8 0.8 3.1 2.1 0.9
do_convol
viewpertf: 1.3 1.1 1.3 1.1 1.3
project&clip
viewperf: 1.2 1.0 1.1 1.2 1.02 1.1 1.2 1.1
shader
binary 1.8 0.6 1.3 0.6
chebyshev 6.3 0.9 6.0 1.2
dotproduct 5.7 0.3 0.9 3.4 0.7 0.7
query 1.4 0.5 0.5 0.6
romberg 1.3 0.8 1.2

implementedusing a load and an indirect jump. An unchecled
dispatchrequiresabout10 cycles,accordingto our measurements.
In contrast, a general-purpose hash-table-baseddispatch
(supportingthe default cache-allpolicy) requireson average90
cycles.In mipsi, this figurerisesto 150 cyclesperdispatchdue
to collisions in its hash table.

Although cache-one-uncheekl has better performance,it is
potentiallyunsafe becaus@n annotatomay mistalenly useit for
static variableswhosevaluesdo change Our resultsindicatethat
for mary real applications the safe cache-allpolicy canbe used
without sacrificing much performance(column 5). With one
exception,speedupsvith cache-allwereidenticalor very closeto
speedupswith cache-one-uncheek, becausefew of the cache
lookupswere actually executed.The cache-one-uncheeHl policy
is importantto m8 8ks im, however, becauseét entersits dynamic
region for eachsimulatednstruction;consequentlywith cache-all
m88ksim would incur a cachelookup for eachinstruction.The
kernels were more sensitve to cache-alls overhead (in fact,
binary and query suffered slowdowns relatve to their
statically compiled versions), because there were too few
instructionsexecutedin their small dynamicregionsto amortize
the cache-lookup cost.

Theseresultsdemonstrat¢hatthe performanceof someprograms
could benefit from careful engineeringof the dispatch(e.g., to
avoid collisions). Our implementationof cache-allis not highly
optimized.It storesthe static variablesthat comprisethe caches
hashkey into a structure performsa function call thatcomputesa
hashfunction basedon thesevalues,andthendoesthe lookup. A
fasterversionwould inline the hashfunction, only hashon the
subsedf live staticvariablesbeingpromotedat thatpoint, anduse
cheapethashfunctionswhen possible.Othertechniquessuchas
inline caching[9, 16] and efficient dispatchingalgorithms for
multimethodq10, 3], could furtherreducethe costof the lookups,

particularly where only one or a few possiblecombinationsof
values occur

4.4.4 nfrequently Used but Pivotal Optimizations

Someoptimizationswere usedinfrequently but, whenused,were
extremelyprofitable(staticcalls,zeroandcopy propagtion,dead-
assignmenglimination, strengthreduction, internal dynamic-to-
static promotions,and polyvariant division (columns6-11)). For

example,treatingcallsto cosineasstaticin chebyshev turneda

manginal 20%adwantageover the staticallycompiledversioninto a

6-fold speedup.mipsi required all three of complete loop

unrolling, staticloads,andstatic calls to achieve its 5-fold speed-
up; without ag one of thesemipsi sloved davn.

The dynamically compiled region of pnmconvol executed3.1
timesfasterthanits statically compiledcounterpartmainly from
the contrikution of dynamicdead-assignmemdimination.Without
it, theamountof generateddodeexceededhe sizeof theL1 cache
by a factor of 2.7, causing sk@lowns relatve to the static code.

Strengthreductionappeardo be a similarly pivotal optimization,
but until DyC doesstrengthreductionautomatically we withhold

judgementOur manualsource-codémplementatiormay resultin

optimisticresults becausét incursdynamiccompilationoverhead
only where strength reduction is known to be profitable.
Corversely our manual method may miss opportunities for

strength reduction.

viewper£f’s shaderequiredintraprocedurapolyvariantdivision
in orderto specializefor the valuesof variablesthatwere derived
as static only on some paths through the procedure.Without
polyvariant division, mary of the other optimizationscould not
have been performed.



5. Related Work

As mentioned in the introduction, several previous systems
performedselectve dynamic compilation, including Tempo [6,
26], Fabius[21], "C [12, 27, 28], and our previous system[1].
Previouspublicationshave comparedyC'’s featurego theseother
systemsin detail [13, 14], but in general, DyC supportsmore
flexible treatmentsof polyvariantspecializatiorand division than
the earlier declaratve systemsjncluding the importantidioms of
multi-way loop unrolling and conditional specialization.DyC is
uniquein supportingautomaticcachingof dynamicallycompiled
code, internal dynamic-to-staticpromotions, policy annotations
controlling cachepolicies, and stagedversionsof dynamic zero
and copy propagtion and dead-assignmenglimination. Tempo
supportsan automatic side-efect and alias analysis within a
compilationunit to eliminatesomeof the needfor staticloadsand
calls,andit alsosupportsnterproceduratlynamicregions.Fabius
addressesnly purely functionalML programsandbecausef its
limited contet of applicability can perform all dynamic
compilationautomaticallyand safely given only hints througha
function currying syntax. "C’'s imperatve approach offers
programers direct control over dynamic compilation and
optimization, but its high costin programmingcompleity may
hinderthe useof sophisticate@ptimizations Registerallocationis
the only automaticrun-time optimization performedby “C. Our
previous systemincluded only a limited form of polyvariant
specializationthat was tailored for single-way loop unrolling,
lacked polyvariant division, dynamiczero and copy propagtion,
and dead-assignmenglimination, and did not specialize the
dynamic compilersfor particulardynamicregions (which led to
much greaterdynamic compilation overhead).Most importantly
for this paper however, is that previous systemswere only
evaluatedon kernel-sizedbenchmarkspur emphasisn this paper
hasbeento develop and assessechniquegargeting the needsof
much lager programs.

An alternatve to DyC’s selectve dynamiccompilationis complete
dynamic compilation, where the whole program is compiled
dynamically perhaps from some intermediate bytecode
representationCurrent so-calledjust-in-time compilersfor Java

follow this approachasdid earlier systemssuchasthe dynamic
optimizing compilers for Self [4, 5, 17, 18] and a dynamic
compiler for Smalltalk [9]. These systems use dynamic
compilation to provide better performancefor their portable
intermediateepresentatiothansimpleinterpretationpr to exploit

knowledge of the program available at run-time that would be

difficult to determinestatically The key differencebetweenthese
systemsand stageddynamic compilation in DyC is that DyC

reducesthe cost of aggressie dynamic optimizations through
static preplanning and selectvity, while complete dynamic
compilerstendto curtail their optimizationaggressienesdecause
of the limited amount of timevailable for analysis.

6. Conclusion

DyC builds on the successesprevious dynamic compilation
systemshave had on small kernels,extendingtheir repertoireof
techniquesin orderto be effective on larger programs.Overall,
DyC enabledspeedup®n dynamically compiled code of 1.2 to
5.0, whichtranslatedo speedup®sf 1.02to 4.6 for applicationsas
a whole, including the overheadof dynamiccompilation.A few
basictechniquesrecritical to achiezing goodspeedupsicrossall
benchmarks,including single- and multi-way loop unrolling
(conferredby DyC'’s generaltechniqueof program-point-specific
polyvariant specialization),usercontrolled cachingpolicies, and
static load annotations.As with classical optimizations, other

techniquesare not universally applicable,but they still malke a
major impact on particular subsets of benchmarks; such
optimizationsinclude dynamic strengthreduction,dynamic zero
and copy propagtion, dynamic dead-assignmentlimination,
static calls, and internal dynamic-to-static promotions. Other
techniquesare not proven in our current benchmarksuite, but
could be very importantfor variationson thesebenchmarksFor
example, interpretersand instruction simulatorssuchasmipsi,
could benefit from conditional specializationvia polyvariant
division in orderto avoid specializingpathsthat are never or only
infrequently eecuted.

As with othercurrentdynamiccompilationsystemspPyC relieson

programmerannotationsto choosegood dynamic regions and
static variables.We view this work as a study evaluating the
underlying metanisms of dynamic compilation; the policy
decisionsareleft to programmersOur next major stepis to build

on this understandindpy developinga systemthat works towards
automatingthe policy decisions.Our long-termgoal is a system
that automaticallyperformsdynamiccompilationasone of mary

possible compiler optimizations,guided by static analysesand
profile-driven feedback.

Acknowledgments

We owe thanks to David Grove and the anorymous PLDI

reviewers for improving the quality of our discussion,and to

Tryggve FossumandJohnO’Donnell for the sourcefor the Alpha
version of the Multiflow compiler This work was supportedby

ONR contractN00014-96-1-0402ARPA contractN00014-94-1-
1136,NSF Young Investigator Award CCR-9457767andan Intel

Graduate Fellship.

References

[1] J.Auslander M. Philipose,C. ChambersS. Eggers,andB. Bershad.
Fast, effective dynamiccompilation. SIGPLANNotices pages149—
159, May 1996. In Proceedings of the ACM SIGPLAN '96
Confeence on Rsgramming Languge Design and Implementation

[2] B. Calder P. Feller, and A. Eustace Value profiling. In Proceedings
of the 30th Annual International Symposiunon Microarchitectuse,
pages 259-269, December 1997.

[3] Craig Chambersand Weimin Chen. Efficient predicatedispatching.
Technical Report UW-CSE-98-12-02, Department of Computer
ScienceandEngineeringUniversity of WashingtonDecember1998.

[4] Craig Chambersand David Ungar. Customization: Optimizing
compiler technologyfor Self, a dynamically-typedobject-oriented
programming language. In Proceedings of the SIGPLAN ’'89
Confeenceon ProgrammingLanguae Designand Implementation
pages 146-160, June 1989.

[5] Craig Chambersand David Ungar. Making pure object-oriented
languagespractical. In ProceedingsOOPSLA '91, pages 1-15,
November1991. Publishedas ACM SIGPLANNotices volume 26,
number 11.

[6] C.ConselandF. Noél. A generabpproactor run-timespecialization
andits applicationto C. In ConfeenceRecod of POPL '96: 23rd
ACM SIGPLAN-SIGAT Symposiunon Principles of Programming
Languages pages 145-156, January 1996.

[7] ThomasH. Cormen, CharlesE. Leiserson,and RonaldL. Rivest.
Introduction to AlgorithmsMIT Press/McGrav-Hill, 1990.

[8] R.Cytron, J.Ferrante, B. K. Rosen, M. N. Wegman, and F. K.
Zadeck.An efficient methodof computingstatic single assignment
form. In ConfeenceRecod of the SixteenttAnnualACM Symposium
on Principles of Programming Languajes pages25-35, January
1989.

[9] L. PeterDeutschand Allan M. Schifman. Efficient implementation
of the Smalltalk-80system.In ConfeenceRecod of the Eleventh
Annual ACM Symposiunon Principles of ProgrammingLanguajes
pages 297-302, January 1984.

[10] PatrickH. Dussud.TICLOS: An implementationof CLOS for the
Explorer family. In ProceedingsOOPSLA 89, pages 215-220,



(11]

(12]

(13]

[14]

(15]

(16]

(17]

(18]

(19]

(20]

[21]

(22]

(23]

[24]
(25]

(26]

(27]

(28]

(29]

(30]

October 1989. Publishedas ACM SIGPLAN Notices volume 24,
number 10.

S.J.Eggers,J.S.Emer H.M. Levy, J.L. Lo, R.L. Stamm,and D.M.
Tullsen. Simultaneous multithreading: A foundation for next-
generation processol&EE Micro, 17(5):12-19, August 1997.

D. R. Engler W. C. Hsieh,and M. F. Kaashoek:C: A languagefor
high-level, efficient, and machine-independentdynamic code
generation. In Confeence Recod of POPL '96: 23rd ACM
SIGPLAN-SIGET Symposiumon Principles of Programming
Languajes pages 131-144, January 1996.

B. Grant, M. Mock, M. Philipose, C. Chambers,and S.J. Eggers.
Annotation-directedun-time specializationin C. In Proceedingsof
the ACM SIGPLAN Symposiunon Partial Evaluationand Seman-
tics-BasedProgram Manipulation pages163-178 Amsterdam,The
Netherlands, June 1997. M&ork: ACM.

B. Grant, M. Mock, M. Philipose, C. Chambers,and S.J. Eggers.
DyC: An expressie annotation-directedlynamic compiler for C.
Theoketical Computer Scienc@o appear

M.D. Hill and A.Jay Smith. Experimentalevaluation of on-chip
microprocessor cache memoriesISCA '84 June 1984.

Urs Holzle, Craig Chambers, and David Ungar. Optimizing
dynamically-typed object-oriented languages with polymorphic
inline cachesin P. America,editor, ProceedingECOOP’'91, LNCS
512, pages21-38,Genea, Switzerland,July 15-191991. Springer
Verlag.

Urs Holzle and David Ungar. Optimizing dynamically-dispatched
calls with run-time type feedback.In Proceedingsof the ACM
SIGPLAN'94 Confeenceon ProgrammingLanguae Designand
Implementationpages 326-336, June 1994.

Urs Holzle and David Ungar. Reconciling responsieness with
performancen pureobject-orientedanguagesACM Transactionon
Programming Languges and System$8(4):355-400, July 1996.

L. HornofandJ. Noyé. Accuratebinding-timeanalysisfor imperatve
languagesElow, contet, andreturnsensitvity. In Proceeding®f the
ACM SIGPLAN Symposiunon Partial Evaluationand Seman-tics-
Based Program Manipulation pages 63-73, Amsterdam, The
Netherlands, June 1997. W&ork: ACM.

Neil D. Jones, CarsteinK. Gomarde, and Peter Sestoft. Partial
Evaluationand AutomaticProgram Geneation. PrenticeHall, New
York, NY, 1993.

M. LeoneandP. Lee.OptimizingML with run-timecodegeneration.
Technical report CMU-CS-95-205, School of Computer Science,
Carngjie Mellon University, Pittshurgh, Pennsylania, December
1995.

Mark Leone and PeterLee. Dynamic specializationin the Fabius
system ACM Computing Suryes, 30(3es):23—es, September 1998.

P. G. Lowney, S.M. Freudenbeger, T. J. Karzes,W. D. Lichtenstein,
R. P Nix, J.S.O'Donnell,andJ. C. Ruttenbeg. The Multiflow trace
scheduling compiler Journal of Supecomputing 7(1-2):51-142,
May 1993.

Mesa web page. http://wwssec.wisc.edwrianp/Mesa.html.

Netpbm web page. ftp://wuarchve.wustl.edu/graphics/graphics/
packages/NetPBM/.

F. Noél, L. Hornof, C. Consel,andJ. L. Lawall. Automatic,template-
based run-time specialization: Implementation and experimental
study In International Confeence on ComputerLanguajes May
1998.

M. Poletto,D. R. Engler andM. F. Kaashoektcc: A systemfor fast,
flexible, andhigh-level dynamiccodegenerationSIGPLANNotices
pagesl09-121Junel997.In Proceeding®fthe ACM SIGPLAN'97
Confeence on Rsgramming Languge Design and Implementation

M. Poletto,D. R. EnglerW.C. Hsieh,andM. F. Kaashoek'C andtcc:
A languageandcompilerfor dynamiccodegenerationTo appearin
Transactions on Figramming Languges and Systems

EminGun Sirer Measuring Limits of Fine-Grain Parallelism.
Princeton Uniersity Senior Project, June 1993.

SPEC CPU, August 1995. http://wvapecbench.gr.



