
Abstract
Previousselectivedynamiccompilationsystemshavedemonstrated
that dynamiccompilationcanachieve performanceimprovements
at low coston smallkernels,but they have haddifficulty scalingto
largerprograms.To overcomethis limitation, we developedDyC, a
selective dynamiccompilationsystemthat includesmoresophisti-
catedand flexible analysesand transformations.DyC is able to
achieve good performanceimprovementson programsthat are
much larger and more complex than the kernels.We analyzethe
individual optimizationsof DyC andassesstheir impacton perfor-
mance collectively and individually.

1.  Introduction
Selective dynamic compilation transforms selected parts of
programsat run time, usinginformationavailableonly at run time,
to optimizethemmorefully thanstrictly staticallycompiledcode.
(Selective dynamiccompilationis in contrastto completedynamic
compilationwhereall compilationof a programis delayeduntil
run-time;recent“just in time” compilersfor Java areexamplesof
complete dynamic compilers.) Value-specificselective dynamic
compilersderive their benefitsby optimizingpartsof programsfor
particularrun-time-computedvaluesof invariantvariablesanddata
structures(called run-timeconstants), in effect performinga kind
of dynamic constant propagation and folding. Proposed
applications for selective, value-specific dynamic compilation
include specializingarchitecturalsimulatorsfor the configuration
being simulated, language interpreters for the program being
interpreted,renderingenginesfor scene-specificstate variables,
numeric programsfor dimensionsand valuesof frequently used
arrays,andcritical pathsin operatingsystemsfor the type of data
being processedand the current state of the system.Trends in
software engineeringtoward dynamic reconfigurability, such as
parameterizationfor reuseandportability acrossdifferenthardware
architectures, also imply a promising role for dynamic compilation.

Recentresearchefforts have madeconsiderableprogresstowards
proving the viability of selective dynamic compilation. In
particular, researchershavedemonstratedthatdynamiccompilation
overheadcan be quickly amortizedby the increasedefficiency of
thedynamicallyoptimizedcode.Most experiments,however, were
confined to simple kernels, and did not demonstratethat the
dynamic compilation systemscould cope reasonablywith the
increasedsizeandcomplexity of applicationslike the interpreters
and simulators mentioned above.

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

taken.In imperativesystems,suchas`C [12, 27,28], aprogrammer
explicitly constructs,composes,and compilescode fragmentsat
run time. Imperative approachescan express a wide range of
optimizations,but imposea large burden on the programmerto
manually program the optimizations; the programming burden
makes it difficult to apply imperative approacheseffectively to
larger applications.Othersystems,suchasTempo[6, 26], Fabius
[21], andour previous system[1], follow a declarative approach,
wheresparseuserannotationstriggeranalysesandtransformations
of theprogram(usingpartialevaluation-styletechniques)to exploit
value-specificdynamiccompilation.To keepdynamiccompilation
costslow, thesesystemspreplanthe possibleeffects of dynamic
optimizationsstatically, producinga specializeddynamiccompiler
tuned to the particular part of the program being dynamically
optimized;thissortof preplanningwecall staging theoptimization.
Declarative approachesarerelatively easyfor programmersto use,
but are only as powerful as the optimizations they apply. The
limitations of previous declarative systemspreventedthem from
coping effectively with the more involved patternsof control and
dataflow foundin somesmallandmostlargeapplications,causing
them to miss optimization opportunitiesor forcing substantial
rewriting to fit the limitations of the system.

DyC (pronounceddicey) [13, 14] is a selective, value-specific
dynamiccompilationsystemthathasgoodpotentialfor producing
speedupson larger, more complex C programs.To reduce the
programming burden, DyC is a declarative, annotation-based
system. To support effective optimization, DyC contains a
sophisticatedform of partial-evaluation binding-time analysis,
including program-point-specific polyvariant division and
specialization,1 and dynamic versions of traditional global and
peepholeoptimizations.To keepdynamiccompilationcostslow,
nearlyall of DyC’sdynamicoptimizationsarestaged,with thebulk
of thework of theoptimizationoccurringatstaticcompiletimeand
with no run-time program representationor iterative analyses
required.DyC automaticallycachesthedynamicallycompiledcode
andreusesit wherepossible,relieving anotherprogrammerburden
and reducing dynamic compilation overhead.Programmerscan
declaratively specify policies that govern the aggressivenessof
specializationand caching, enabling programmersto get finer
controlover thedynamiccompilationprocesswhile preservingthe
declarative model.(In the future,we hopeto treatDyC asa back-
endfor a tool that automaticallydecideswhereto apply selective,
value-specificdynamicoptimizations,generatingannotationsthat
DyC then carries out.)

Thispaperassessesthebenefitsandapplicabilityof DyC’sanalyses
andtransformations,both individually andwhenappliedtogether,

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 beproduced,eachspecialized
for different valuesof the run-time-constantvariables.Program-point-
specificpolyvarianceenablespolyvarianceto ariseat arbitrarypoints in
programs, not just at function entries.
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and analyzeswhy theseoptimizationsachieved the performance
improvementsthey did.1 The optimizationsare evaluatedon a
selection of medium-sized,widely used applications that are
representative of the applicationclassesmentionedearlier. The
results show that:

• Dynamiccompilationproducesspeedupson realapplications,
not simply kernels. Although there was a subset of
optimizationsthat benefitedall programs(both kernelsand
applications),eachof DyC’s optimizationswas important to
obtaining good speedup on some application.

• Several optimizationswere important to all our benchmarks.
Complete loop unrolling was the single most important
optimization,not only becauseit eliminatedall loop overhead
but also becauseit created many opportunities for other
dynamicoptimizations.Optimizing loadsfrom invariantparts
of data structures was similarly critical for most programs.

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

• DyC’s dynamiccompilationoverheadis low enoughthat the
break-even point at which dynamic compilation becomes
profitable is well within the normal usage of our applications.

The next sectiondescribesthe 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 contribution to
performanceof individual optimizations.Section5 comparesDyC
to related research and section 6 concludes.

2.  DyC

2.1  System Overview
DyC compilesandoptimizesprogramsdynamically, during their
execution.To trigger run-timecompilation,programmersannotate
their sourcecodeto identify static variables (variablesthathave a
single value,or relatively few values,during programexecution)
on which many calculationsdepend;staticvariablesarerun-time
constants.DyC thenautomaticallydetermineswhich partsof the
programdownstreamof theannotationscanbeoptimizedbasedon
thestaticvariables’values(we call thesedynamically compiled or
just dynamic regions), andarrangesfor eachdynamicregion to be
compiledat run time, oncethe valuesof the static variablesare
known. To minimize dynamiccompilationoverhead,DyC stages
its dynamicoptimizations,performingmuch of the analysisand
planningfor dynamiccompilationand optimizationduring static
compile time.

DyC extendsa traditional (static) optimizing compiler with two
major components, as illustrated in Figure1:

• As in off-line partial-evaluationsystems[20], 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 dividesoperationswithin adynamicregion into thosethat
dependsolelyonstaticvariablesandthereforecanbeexecuted
only once(the static computations), and thosethat dependat

leastin partonrun-timedataandmustbereexecutedeachtime
the flow of execution reaches them (the dynamic
computations). The static computationscorrespondto those
computationsthatwill beconstant-foldedat run time; theBTA
is the static component of staged dynamic constant
propagation and folding.

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

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

• First, DyC applies many traditional intraprocedural
optimizations,stopping just prior to register allocation and
scheduling.

• Then,for proceduresthatcontainannotations,thebinding-time
analysisidentifiesderived static variablesand the boundaries
of dynamic regions. This analysis also determineswhich
conditionalbranchesandswitchesteststaticvariablesandso
can be folded at dynamic compile time. It also determines
which loopshave static inductionvariablesandcantherefore
be completely unrolled at dynamic compile time.

• Each dynamic region is replaced with two control-flow
subgraphs,onecontainingthe staticcomputations(calledset-
up code) andonecontainingthedynamiccomputations(called
template code). Wherea dynamicinstructionin the template
coderefersto astaticoperand,aplace-holderoperand(calleda
hole) is used.The hole will be filled in at dynamiccompile
time, once its value is known.

1 OurpreviouspaperandjournalarticleonDyC [13,14] describeits design,
but include no empirical assessment.Dynamic, stagedzero and copy
propagationanddead-assignmenteliminationarenewwith this paperas
well.
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• Registerallocationandcodeschedulingarethenappliedto the
procedure’s modified control-flow graph. By separatingthe
set-up and template subgraphs, register allocation and
schedulingcan be applied to each separately, without one
interferingwith the other. By keepingthesetwo subgraphsin
the context of the rest of the procedure’s control-flow graph,
any variableslive both insideandoutsidethe dynamicregion
can be allocatedregistersseamlesslyacrossdynamic-region
boundaries.

• Finally, a customdynamiccompiler for eachdynamicregion
(also called a generating extension [20]) is built simply by
inserting emit code sequencesinto the set-upcode for each
instructionin thetemplatecode;thetemplatesubgraphis then
thrown away. This dynamic compiler is fast, in large part,
becauseit neitherconsultsan intermediaterepresentationnor
performs any general analysis when run. Instead, these
functionsare in 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 generatethe region’s code.Thedynamiccompilerfirst
checksaninternalcacheof previouslydynamicallygeneratedcode
for a version that was compiled for the valuesof the annotated
variables.If one is found, it is reused.Otherwise,the dynamic
compiler continuesexecuting,evaluatingthe static computations
and emitting machinecode for the dynamic computations(and
saving the newly generatedmachinecode in the dynamic-code
cache when it is done). Invoking the dynamic compiler and
dispatching to dynamically generatedcode are the principal
sources of run-time overhead.

2.2  DyC’s Run-Time Optimizations
DyC’s binding-time analysis (and those of other declarative
dynamic compilers) identifies which variables are static over
which pathsof the procedure’s control-flow graph,startingwith
the annotationsthat identify static variablesand endingafter the
last useof any staticvalue(a dynamicregion may have multiple
exits). This analysis distinguishes static computations from
dynamic computations,enabling run-time constantpropagation
without incurring any run-time cost from analyzing an
intermediate representation.This analysis is program-point-
specificandflow-sensitive: a dynamicregion canstartandstopat
any 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-evaluationfield but adaptedand extendedto the needsof
dynamically compiling C programs.Others are special staged
versionsof traditionalglobal andpeepholeoptimizations,suchas
zero and copy propagation 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-timecomputedvaluesof somevariablesshouldbegin,
suchasat theentryto adynamicregion,thevariablesaresaidto be
promoted from dynamicto static.If thesepromotedvariablestake
on different valuesat different entry times,DyC allows multiple
versionsof the code after the promotion to be generated,each
specializedfor a differentcombinationof promotedvalues;this is

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

2.2.2Inter nal Promotions
In DyC, promotionsalsocanoccurat arbitraryprogrampointsin
the middle of a dynamicregion, called internal 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 specializationon the valueof
the staticvariableto 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 dynamic region.

2.2.3Unchecked Dispatching
When a promotion point is executed, the point’s cache of
dynamically compiled code is checked for code that has been
specializedto the currentvaluesof the static variables.If found,
that code is executed; if not, a version is specializedto these
values.This dispatch to dynamicallygeneratedcode,comprisedof
the cachelookup and indirect jump, should be fast becauseits
overheadis incurredon every executionof the dynamic region.
Currently, DyC usesa policy annotationto control the costof the
dynamic-codecache lookups found in the template code at
promotionpoints.DyC’sdefaultpolicy, calledcache-all, maintains
a cacheat eachof thesepoints,implementedusingdoublehashing
[7]. Thecachemapsthevaluesof thestaticvariablesat thatpoint
to codespecializedfor thosevalues.The cacheis checked each
time thepoint is reachedin orderto reusespecializationshouldthe
valuesof thestaticvariablesrecur. If theprogrammerknows thata
static variablewill have the samevalue for all executionsof the
promotion point, then the cachelookup can be simplified to a
single load; this policy we callcache-one-unchecked.

2.2.4Complete Loop Unrolling
Polyvariant specialization can also result in complete loop
unrollingby creatingaspecializedcopy of a loopbodyfor eachset
of valuesof theloop inductionvariables.For simpleloops,suchas
thosethat merely incrementa counteruntil an exit condition is
reached,a linearchainof 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
containsbranch paths that updatethe loop induction variables
differently),or evenreturnto a previously executedloop iteration,
producing in generala directed graph of unrolled loop bodies
(which we callmulti-way loop unrolling).

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

2.2.5Polyvariant Division
Polyvariantdivision allows thesameprogrampoint to beanalyzed
multiple times,eachtime with a differentsetof variablesassumed
static. After binding-time analysis,eachdivision gives rise to a
separateversionof the code,sinceeachhasits own partitioning
into static and dynamic computations. Without polyvariant
division, programmerswould have to duplicatecodeby handfor
the differentdivisions,or adoptsomeleast-common-denominator
set of annotations with fewer optimization opportunities.



Although we did not usethe capabilityfor this study, polyvariant
division also supports conditional specialization: rather than
unconditionallyexecutingan annotation,the programmerguards
the annotationwith an arbitrary test of whetherspecializationis
desirable.Polyvariant division will then automaticallyduplicate
the codefollowing the teststatement,onecopy 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 propagation),to those
valuesthatoccurfrequentlyenoughto merit theeffort of dynamic
compilation,or to thoseloopsthat,whencompletelyunrolled,will
fit in the L1 instruction cache.

2.2.6 Static Loads and Calls
By default, the contentsof memory, even if referencedthrougha
run-time- or compile-time-constantaddress,is assumedto be
dynamic.In many programs,however, at leastsomeof thecontents
of thesedatastructuresareinvariant.In suchprograms,we wish to
treat loads of invariant parts of static structures as static
computations,done once as part of dynamic compilation. DyC
allowsprogrammersto annotatesuchloadsasstatic,enablingthem
to beoptimizedin thisway. (An alternativeschemewouldannotate
declarations of array, structure,or pointer values or types as
having static components,implying that all loads of those
components were static.)

Similarly, userscanannotatepurefunctionsasstatic.Invocations
of static functionswith all static argumentsare treatedas static
computationsand hence executed once as part of dynamic
compilation.Calls to unannotatedfunctions,even with all static
arguments,are conservatively treatedas dynamic computations,
since they may have side-effects.1

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

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

Someof DyC’s optimizationsexploit particular valuesof static
variables.The emit codesequencesperformstrengthreductionof
multiplies, divides, and modulusoperationswith a single static
operandandattemptto fit integer staticoperandsinto instruction
immediate fields. (We currently emulate dynamic strength
reduction by inserting special-case code in the program source.)

DyC also includesa novel staged version of dynamic zero and
copy propagation and dead-assignmentelimination that depends
on the valuesof staticvariables.For example,if the singlestatic
operandto a multiply turnsout to be1 at dynamiccompiletime,
then the multiply can be replacedby a simple move. Moreover,
eligible downstreamreferencesto the target of the move can be
replaced with the operand of the move (performing copy
propagation), and if all referencesare so replaced,the move
instruction can be eliminated (performing dead-assignment
elimination).Onsomearchitectures,suchastheDECAlpha21164
on which we performedour experiments,a floating-point move

takes the same time as a floating-point multiply, so strength
reductionof themultiply into a move aloneyieldsno benefit;copy
propagationanddead-assignmenteliminationarenecessaryto see
performanceimprovements.Similarly, if the staticoperandto the
multiply is 0, then the multiply can be replacedwith a clear
instruction,the0 canbepropagatedto eligibledownstreamusesof
the resultof the clear instruction,andif all usesarereplaced,the
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 propagation and dead-assignmentelimination cannot be
performed entirely statically (unlike the constant propagation
embodiedby binding-timeanalysis),since if the operandof the
multiply is other than 0 or 1, no copy propagation or dead-
assignment elimination can be performed.

To performdata-dependentzeroandcopy propagation anddead-
assignmenteliminationwith low run-timeoverhead,DyC divides
theanalysesinto aplanningstagedoneatstaticcompiletimeanda
completion stagedone during dynamic compilation. The static
planningstagecomputeswhetheranoperationpotentially maybe
replaced with a move or clear instruction. For each such
instruction, all potential downstream uses of the result are
identified statically. The emit code sequencesfor potentially
optimizable instructionscheck for the special run-time-constant
operand values that enable optimization; if one occurs, the
instruction is deleted,and a note is madein a table maintained
during dynamiccompilation.Emit codesequencesfor usesof the
potentiallyoptimizedinstructioncheckthe table to seehow they
shouldgeneratecodefor their operand.Dynamiccompilationtime
for run-time zero and copy propagation and dead-assignment
elimination is kept low by forgoing any run-time intermediate
representationor analysis,otherthanthetableto recordtheresults
of optimizations.

2.3  Example
Theexamplein Figure2 illustratessomeof DyC’s capabilitiesand
shows how the annotationinterface is used. It is a simplified
versionof the image-convolution routinepnmconvol from our
benchmarksuite. The do_convol routine takes an image
matrix asinput, convolvesit by theconvolution matrixcmatrix,
and writes the convolved output to the outbuf matrix. Since
cmatrix is unchangedwithin the(outer)loopsover imagepixels,
we would like to specializethe inner loops over the convolution
matrix to the values contained incmatrix.

The threeDyC annotationsinsertedto accomplishthis dynamic
specializationare highlighted in boldface. A make_static
annotationonavariablespecifiesto DyC thatthecodethatfollows
shouldbespecialized(polyvariantly) for all distinct valuesof that
variable.Themake_static annotationin our exampleindicates
that thepointercmatrix andits dimensionscrows andccols
shouldbespecializeduponin downstreamcode.Additionally, the
make_static on the loop index variablescrow and ccol
resultsin thecompleteunrolling of theinnermosttwo loops.An @
signon anarray, pointer, or structuredereferenceidentifiesa static
load. In our example, the @ sign ensuresthat the result of
dereferencingthe static pointer cmatrix at the static offset
(crow, ccol) is alsostatic.Derivedstaticcomputationsanduses,
identifiedby the BTA, areitalicized.The dynamicregion extends
to the endof the loop over the convolution matrix, sinceno static
variables are used beyond this point.

Figure3 shows a source-coderepresentation2 of the dynamically
compiled code produced for the dynamic region when
do_convol is invoked with a 3×3 cmatrix that contains

1 Tempoincludesanadditionalfeaturewherea functioncanbeclassified
asbeingdynamic(i.e., havingside-effects)butstill returnastaticvalueif
all its arguments are static values [19].



alternating zeroesand ones (zeroes in the corners). (For the
momentweignoretheeffectof theDyC-specificdynamiczeroand
copy propagation and dead-assignmentelimination optimizations
describedin section2.2.7.)All thestaticcomputationsin Figure2
have beenfolded away by specialization,static usesin dynamic
computations(e.g., thatof ccol andcrow to index image) have
beeninstantiatedwith their run-timeconstantvalues,andthe loop
over the convolution matrix has been completely unrolled.
Completelyunrolling the loop has eliminatedthe direct cost of
branchingandinductionvariableupdating,but by makingtheloop
induction variablescrow andccol static, it also indirectly has
enabledthe addresscalculationsand load from cmatrix to be
eliminated.

DyC’s dynamiczero and copy propagation and dead-assignment
elimination make further improvements to the code for the
dynamicregion, asshown in Figure4. The static compilerplans
for the possibility of the multiplications and additions being
dynamicallyoptimizableby zeroor copy propagation.In addition,
zero and copy propagation creates opportunities for dead-
assignmentelimination, once again anticipatedand plannedfor
statically. In this example,in eacheveniterationthemultiplication
by 0.0 is foldedaway, thefollowing incrementof sum removedby
zero propagation, and the previous load from the image array
deletedasdead.In eachodd iteration,themultiplicationby 1.0 is
folded away with the image value x copy-propagated to the
following increment of sum.

2 Theoptimizedcodeproducedby DyC is actuallyin machine-codeformat.
We use source code here for readability.

/* Convolve image with cmatrix into outbuf */
void do_convol(
float image [][], 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;
}}
/*End loop over image*/

}
Figure 2.  Image Convolution Example

/*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;
}}
/*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=1, ccol=0*/
x = image[rowbase+1][colbase];
sum = sum + x;

/*Iterations 4-8*/
...

outbuf[irow][icol] = sum;
}}
/*End loop over image*/

Figure 4.  Fully Dynamically Optimized Region



3.  Methodology

This paper assessesthe benefits and applicability of DyC’s
analysesandtransformations,both individually andwhenapplied
together, and analyzeswhy these optimizations achieved the
performanceimprovementsthey did. In this section,we describe
the workload we used for our experiments,explain how we
annotated the programs, and describe our experimental
methodology.

3.1  Workload
Our workload,shown in Table1, consistsof applicationsthat are
representative in function, size, and complexity of the different
types of programs that researchersare targeting for dynamic
compilation. All are used in practice in researchor production
environments.dinero (versionIII) is a cachesimulatorthat can
simulatecachesof widely varyingconfigurationsandhasbeenthe
linchpin of numerousmemory subsystemstudiessince it was
developedin 1984[15]. m88ksim simulatesthe Motorola 88000
andwastakenfrom theSPEC95integersuite[30]. mipsi [29] is
a simulation framework that has been used for evaluating
processordesignsthat range in complexity from simultaneous
multithreaded[11] to embeddedprocessors.pnmconvol is an
applicationfrom thenetpbm imageprocessingtoolkit (release7-
Dec-93)that performsconvolutionson imagesof variousformats
[25]. viewperf is thedriver for theSPECViewperfbenchmarks;

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-purposeshaderroutinethatwere
hand-specializedfor particularcombinationsof argumentvalues.
We deletedtheseextra hand-specializedversions,letting dynamic
compilation automatically generate any needed specialized
versions from the general-purpose version.

We have alsoincludedin our workloada setof kernelapplications
that have comprised the benchmarksuites for other dynamic
compilation systems for C (binary, chebyshev,
dotproduct, query, romberg). The kernelsare one or two
ordersof magnitudesmallerthantheapplicationsin our workload
andcontaindynamicregionsthatare,excludingm88ksim, two to
eight times smaller. We include them to provide continuity to
previous studies[26, 28] andto contrasttheir characteristicswith
the larger programs.

Our workloadis currentlylimited to theseprogramsfor a number
of reasons.First,our manualannotationprocess(describedbelow)
was time-consuming.Second,to be profitable, some programs
needtechniquesor optimizationswe have not yet implemented.
For example,a decompressionprogramand a version of grep
couldbecomeprofitableto compiledynamicallyif DyC supported
fast cachelookups over a small rangeof values (e.g., integers

Table 1: Application Characteristics

Program Description Annotated Static Variables
Values of Static

Variables
Total Size

(Lines)

Number & Size of Dynamically
Compiled Functions

# Lines Instructions

Applications

dinero cache simulator cache configuration
parameters

8kB I/D, direct-
mapped, 32B blocks

3,317 8 389 1624

m88ksim Motorola 88000
simulator

an array of breakpoints no breakpoints 12,531 1 14 145

mipsi MIPS R3000
simulator

its input program bubble sort  3,417 1 400 2884

pnmconvol image convolution convolution matrix 11x11 with 9% ones,
83% zeroes

1,054 1 76 1226

viewperf renderer 3D projection matrix,
lighting vars

perspective matrix,
one light source

15,006 2 168 1155

Kernels

binary binary search over an
array

the input array and its
contents

16 integers 147 1 19 134

chebyshev polynomial function
approximation

the degree of the polyno-
mial

10 145 1 19 146

dotproduct dot-product of two
vectors

thecontentsof oneof the
vectors

a 100-integer array
with 90% zeroes

134 1 11 84

query tests database entry
for match

a query 7 comparisons 149 1 24 272

romberg function integration
by iteration

the iteration bound 6 158 1 24 301



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

3.2  Selection of Optimization Targets
Ourannotationmethodologydependedonthetypeof program.We
annotatedthe kernelsto enableoptimizationsthat arecomparable
to what otherdynamic-compilationsystemsprovide. To annotate
the applications,we first profiled them with gprof. We then
examinedthe functions that 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 searched the log.
Optimizationopportunitiesweredeterminedby trial anderror. For
example, to determine whether complete loop unrolling was
beneficial,we generally first performedthe unrolling, but then
disabled it (by removing an annotation)if it did not improve
performance.

By usingthis unsophisticatedmethodology, we have undoubtedly
missedopportunitiesto applydynamiccompilation.In particular, a
number of additional proceduresin m88ksim or viewperf
could potentially benefit from dynamiccompilation.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 Methodology
Thebinding-timeanalysisandthedynamic-compilergeneratorare
implementedin the Multiflow compiler [23], which is roughly
comparableto today’s standardoptimizing compilers.(As a point
of reference,dynamic regions in the applicationsexecutedon
average8% moreslowly whencompiledwith Multiflow thanwith
gcc -O2; kernels were 7% faster.) Becauseour version of
Multiflow had an incompleteimplementationof the DEC Alpha
calling convention, 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 ignoringtheannotationsin theapplicationsource.We
used the sameoptions to Multiflow for both the statically and
dynamically compiled versions.This means,for example, that
loopsunrolled(by someconstantfactor)in thestaticallycompiled
versionare also statically unrolled in the dynamically compiled
versions, in addition to any run-time complete loop unrolling.

All programswere executed on 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 setsof
inputs used in the studies in 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
regionsweremeasuredusinggetrusage (for usertime). Whole

programswereexecuted51 times,with the first run discarded(to
reduce systemseffects) and the rest averaged. When timing
dynamic regions, most benchmarksinvoked their specialized
functionsmany times(tensof thousandsof timesfor the kernels)
to overcome the coarsenessof the getrusage timer and to
minimize cacheeffects.We obtainedthe time for one invocation
by dividing the averageof the measurementsby the numberof
invocations timed. The hardware cycle counterswere used to
gatherCPU (user+ system)times for dynamic-compilationand
dispatchingoverheads,becausethe granularity of getrusage
was also too coarse for these measurements.

4.  Results and Discussion

4.1  Applicability of the Optimizations
Table2 indicateswhich dynamicoptimizationscould be usedby
eachof the programs.All optimizationswere neededby at least
oneof theapplications,andseveralwereusedby all. Lacking the
complexity of theapplications,thekernelscouldtakeadvantageof
fewer optimizations. Usually they could apply only the
optimizations that are used to all applications (unchecked
dispatching,completeloop unrolling, static loads); rarely could
they take advantageof the optimizationsthat are uniqueto DyC
(multi-way loop unrolling, dynamic zero and copy propagation,
dynamic dead-assignment elimination, dynamic strength
reduction,internal dynamic-to-staticpromotion, and polyvariant
division). This difference suggests that studies of dynamic
compilation opportunitiesshould focus on larger, more realistic
programs.

4.2  Dynamic Region Performance
Basic performanceresults for the dynamic regions of both the
applications and the kernels appearsin Table 3. We report
asymptoticspeedups,break-evenpoints,anddynamiccompilation
overhead. Asymptotic speedup represents the optimal
improvement of dynamically compiled code over statically
compiledcode(excluding dynamiccompilationoverhead),andis
calculatedass/d, theratio of staticallycompiledexecutioncycles
(s) over dynamicallycompiledexecutioncycles (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), whereo representscycles of dynamic
compilationoverhead.Dynamiccompilationoverheadis measured
as cycles per dynamicallygeneratedinstruction;we also include
the number of instructions generatedto place the instruction-
specific overhead in context.

Asymptoticdynamic-region speedupsfor the applicationsranged
widely, from 1.2 to 5.0. The higher speedupsfor mipsi and
m88ksim (5.0and3.7,respectively) occurredbecausemostof the
codein their dynamicregions could be optimizedaway as static
computations.The 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-even points for the applicationsare well within normal
application usage, showing that the greater efficiency of the
dynamically generatedcode can more than compensatefor the
dynamic compilation cost. For example,dynamically compiling
dinero paysoff aftersimulatingonly 3524memoryreferences–
today’s cache simulation results are obtained by simulating
millions or billions of references.mipsi’s break-even point
dependson the number of reinterpreted instructions (i.e., the



numberandsizeof the loopsin mipsi’s input program)relative
to thetotal sizeof theinput program.For many inputs,conditional
specializationasdescribedin section2.2.5could be usedto limit
dynamiccompilationto thosepartsof mipsi’s inputprogramthat
are heavily executed.

Themaincontributorsto dynamic-compilationoverheadarecache
lookups, memory allocation, handling of dynamic branches,
checksfor dynamiczeroandcopy propagation, 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
couldbe further reduced(dinero, in particular, suffers from our
inefficient handlingof dynamicbranches).For example,we have
not yet implementedthe 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].

Completeloopunrollinggeneratesmoreinstructionsthantheother
optimizationsandaccountsfor mostof the instructionsgenerated.

Table 2:  Optimizations Used by Each Program

Dynamic Region

Optimization

Complete
Loop

Unrollinga

a.SW = single-way, MW = multi-way

Static
Loads

Unchecked
Dispatching

Dynamic
Dead-

Assignment
Elimination

Dynamic
Zero&Copy
Propagation

Static
Calls

Dynamic
Strength

Reduction

Internal
Dynamic-to-

Static
Promotions

Poly-
variant
Division

dinero:
mainloop

✓ ✓ ✓

m88ksim:
ckbrkpts

SW ✓ ✓

mipsi:
run

MW ✓ ✓ ✓ ✓

pnmconvol:
do_convol

SW ✓ ✓ ✓ ✓

viewperf:
project&clip

✓ ✓ ✓ ✓

viewperf:
shader

SW ✓ ✓ ✓ ✓ ✓ ✓

binary MW ✓ ✓

chebyshev SW ✓ ✓

dotproduct SW ✓ ✓ ✓ ✓

query SW ✓ ✓

romberg SW ✓

Table 3: Dynamic Region Performance with All Optimizations

Dynamic Region
Asymptotic

Speedup
Break-Even Point

DC Overhead
(cycles/instruction

generated)

Number of
Instructions
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 pixels) 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 1.3 16 integrations 13 1206



These numbers were particularly high in mipsi, becauseit
unrolls the interpretation of its entire input program, and in
pnmconvol, becauseeach iteration is large. The number of
instructionsgeneratedis small in m88ksim, becauseits 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 breakpointsyielded98
generated instructions at a cost of only 66 cycles per instruction.

In contrastto the applications,dynamicregionsin the kernelsare
small,with simplecodeidioms.Consequently, optimizationsthey
usecan usuallybe appliedto the entire region, but, on the other
hand, not many optimizationscan be applied. The high kernel
speedupscan be attributed to a key optimizationor a particular
input. For example,chebyshev is dominatedby static calls to
thecosinefunction,mostof whicharememoizedthroughdynamic
compilation.dotproduct’s static input vectorwas90% zeroes
and therefore most of the calculations were eliminated; our
experimentson moredensevectorsproducedspeedupssimilar to
thoseof the other kernels,and with no zeroesthe dynamically
compiledversionexperiencesa slowdown dueto poor instruction
scheduling.

DyC achievesspeedupsandbreak-even pointson the kernelsthat
are comparableto other dynamic compilation systems[26, 28].
That being said, however, quantitative comparisonsof these
systemsare not particularly meaningful,becauseall executeon
differentunderlyingarchitectures.Ourpreliminarystudiesindicate
that several microarchitecturalfeatures,in particular, instruction
issue width, dynamic-schedulingsupport, and L1-instruction-
cache size, are major determinantsof dynamic-compilation
performance.

4.3  Whole-Program Performance
Whole-programspeedupdueto dynamiccompilationdependson
theproportionof total run time thatis spentexecutingthedynamic
region. In our applications,thepercentageof executiontime spent
in the dynamicregion rangedfrom 9.8%for m88ksim to almost
the entireexecutionfor mipsi (seeTable4). Overall application
speedup,includingthecostof dynamiccompilation,wasnot quite
proportionalto this fraction of asymptoticspeedup(dueto cache
and other system effects) and ranged from 1.02 to 4.6.

4.4  Analysis of Individual Optimizations
To study the effectiveness of individual optimizations, we
comparedour normalconfigurationwith all optimizationsenabled
against configurationseachof which disabledone optimization;
theresultsappearin Table5. Thesecondcolumngivestheoriginal

speedupfrom Table3 with all optimizationsturnedon, and later
columnsshow the reducedspeedupwith a selectedoptimization
disabled. Only those entries corresponding to applicable
optimizations (those with a check mark in Table 2) are shown.

4.4.1 Complete Loop Unrolling
Despiteits expansionaryeffect on codesizeandthe consequence
for instruction bandwidth requirementsand cache footprints,1

completeloopunrolling(single-wayandmulti-way)wasthesingle
mostimportantoptimization(column3). Completeloop unrolling
wasresponsiblefor muchof the speedupin the applications,and
without it, mostprogramsexperiencedslowdownsrelative to their
statically compiled counterparts. Some of complete loop
unrolling’sbenefitsstemfrom theeliminationof all loopoverhead,
but additionalbenefitis realizedbecauseit enablesotherdynamic
optimizations.For example, static loads and dynamic strength
reductionin dotproduct only apply when its loop induction
variable is a static variable; this only occurswhen the loop is
completelyunrolled.A similar dependenceexists betweenmulti-
way loop unrolling and static calls, static loads, and internal
dynamic-to-staticpromotions in mipsi, and single-way loop
unrolling andstatic loadsin m88ksim. m88ksim unrolls over a
static table of breakpointswhich eliminates loads of the table
entries.mipsi multi-way unrolls over a static instructionarray,
eliminatingloadsof instructionsandtheinstructiondecodinglogic
following the loads, and dynamically memoizing calls to the
addresstranslationroutine.Sometimesan inter-dependenceexists
betweencompleteloop unrolling and anotheroptimization: for
example, in pnmconvol complete loop unrolling opens
opportunities to apply dynamic dead-assignmentelimination;
eliminating the deadassignmentsthenenablesus 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 benchmarkscontainsomestaticvariableswhosevalues
remain invariant throughoutprogramexecution.To avoid costly
execution-timecachelookups,we annotatedthevariableswith the
cache-one-unchecked policy. Under this policy, the dispatch is

Table 4: Whole-Program Performance with All Optimizations

Application

Execution Time (sec.)

Execution Time in the Dynamic
Regions

(% of total static execution)

Average
Whole-

Program
Speedup

Statically
Compiled

Dynamically
Compiled

dinero 1.3 0.9 49.9 1.5

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

1 As mentionedin section2.2.5,conditionalspecializationcouldbeusedto
prevent unreasonable code expansion due to complete loop unrolling.



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

Although cache-one-unchecked has better performance, it is
potentiallyunsafe,becauseanannotatormaymistakenly useit for
staticvariableswhosevaluesdo change.Our resultsindicatethat
for many real applications,the safecache-allpolicy can be used
without sacrificing much performance(column 5). With one
exception,speedupswith cache-allwereidenticalor very closeto
speedupswith cache-one-unchecked, becausefew of the cache
lookupswereactuallyexecuted.The cache-one-unchecked policy
is importantto m88ksim, however, becauseit entersits dynamic
region for eachsimulatedinstruction;consequently, with cache-all
m88ksim would incur a cachelookup for eachinstruction.The
kernels were more sensitive to cache-all’s overhead (in fact,
binary and query suffered slowdowns relative to their
statically compiled versions), because there were too few
instructionsexecutedin their small dynamicregions to amortize
the cache-lookup cost.

Theseresultsdemonstratethat theperformanceof 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 cache’s
hashkey into a structure,performsa functioncall thatcomputesa
hashfunction basedon thesevalues,andthendoesthe lookup.A
fasterversion would inline the hashfunction, only hashon the
subsetof live staticvariablesbeingpromotedat thatpoint,anduse
cheaperhashfunctionswhenpossible.Other techniques,suchas
inline caching [9, 16] and efficient dispatchingalgorithms for
multimethods[10, 3], couldfurtherreducethecostof thelookups,

particularly where only one or a few possiblecombinationsof
values occur.

4.4.4 Infrequently Used but Pivotal Optimizations

Someoptimizationswereusedinfrequently, but, whenused,were
extremelyprofitable(staticcalls,zeroandcopy propagation,dead-
assignmentelimination, strengthreduction,internal dynamic-to-
static promotions,and polyvariant division (columns6-11)). For
example,treatingcalls to cosineasstaticin chebyshev turneda
marginal20%advantageover thestaticallycompiledversioninto a
6-fold speedup.mipsi required all three of complete loop
unrolling, staticloads,andstaticcalls to achieve its 5-fold speed-
up; without any one of thesemipsi slowed down.

The dynamically compiled region of pnmconvol executed3.1
times fasterthan its staticallycompiledcounterpart,mainly from
thecontribution of dynamicdead-assignmentelimination.Without
it, theamountof generatedcodeexceededthesizeof theL1 cache
by a factor of 2.7, causing slowdowns relative to the static code.

Strengthreductionappearsto be a similarly pivotal optimization,
but until DyC doesstrengthreductionautomatically, we withhold
judgement.Our manualsource-codeimplementationmayresultin
optimisticresults,becauseit incursdynamiccompilationoverhead
only where strength reduction is known to be profitable.
Conversely, our manual method may miss opportunities for
strength reduction.

viewperf’s shaderrequiredintraproceduralpolyvariantdivision
in orderto specializefor thevaluesof variablesthatwerederived
as static only on some paths through the procedure.Without
polyvariant division, many of the other optimizationscould not
have been performed.

Table 5: Dynamic Region Asymptotic Speedups without a Particular Feature

Dynamic Region
With All

Opts

Without:

Complete
Loop

Unrolling

Static
Loads

Unchecked
Dispatching

Static
Calls

Dynamic
Zero&Copy
Propagation

Dynamic
Dead-

Assignment
Elimination

Dynamic
Strength

Reduction

Internal
Dynamic-to-

Static
Promotions

Poly-
variant
Division

dinero:
mainloop

1.7 0.9 1.6 1.03

m88ksim:
ckbrkpts

3.7 0.4 0.6 1.6

mipsi:
run

5.0 0.9 0.9 5.0 0.9 0.9

pnmconvol:
do_convol

3.1 0.8 0.8 3.1 2.1 0.9

viewperf:
project&clip

1.3 1.1 1.3 1.1 1.3

viewperf:
shader

1.2 1.0 1.1 1.2 1.02 1.1 1.2 1.1

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



5.  Related Work
As mentioned in the introduction, several previous systems
performedselective dynamic compilation, including Tempo [6,
26], Fabius [21], `C [12, 27, 28], and our previous system[1].
PreviouspublicationshavecomparedDyC’s featuresto theseother
systemsin detail [13, 14], but in general,DyC supportsmore
flexible treatmentsof polyvariantspecializationanddivision than
the earlierdeclarative systems,including 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 propagation and dead-assignmentelimination. Tempo
supports an automatic side-effect and alias analysis within a
compilationunit to eliminatesomeof theneedfor staticloadsand
calls,andit alsosupportsinterproceduraldynamicregions.Fabius
addressesonly purely functionalML programs,andbecauseof its
limited context of applicability, can perform all dynamic
compilationautomaticallyand safely, given only hints througha
function currying syntax. `C’s imperative approach offers
programers direct control over dynamic compilation and
optimization,but its high cost in programmingcomplexity may
hindertheuseof sophisticatedoptimizations.Registerallocationis
the only automaticrun-time optimizationperformedby `C. Our
previous system included only a limited form of polyvariant
specializationthat was tailored for single-way loop unrolling,
lacked polyvariant division, dynamiczero and copy propagation,
and dead-assignmentelimination, and did not specialize the
dynamiccompilersfor particulardynamicregions (which led to
much greaterdynamic compilation overhead).Most importantly
for this paper, however, is that previous systemswere only
evaluatedon kernel-sizedbenchmarks;our emphasisin this paper
hasbeento develop andassesstechniquestargeting the needsof
much larger programs.

An alternative to DyC’sselectivedynamiccompilationis complete
dynamic compilation, where the whole program is compiled
dynamically, perhaps from some intermediate bytecode
representation.Current so-calledjust-in-time compilersfor Java
follow this approach,asdid earlier systemssuchas the 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
intermediaterepresentationthansimpleinterpretation,or to exploit
knowledge of the programavailable at run-time that would be
difficult to determinestatically. The key differencebetweenthese
systemsand stageddynamic compilation in DyC is that DyC
reducesthe cost of aggressive dynamic optimizations through
static preplanning and selectivity, while complete dynamic
compilerstendto curtail their optimizationaggressivenessbecause
of the limited amount of time available for analysis.

6.  Conclusion
DyC builds on the successesprevious dynamic compilation
systemshave had on small kernels,extendingtheir repertoireof
techniquesin order to be effective on larger programs.Overall,
DyC enabledspeedupson dynamicallycompiledcodeof 1.2 to
5.0,which translatedto speedupsof 1.02to 4.6 for applicationsas
a whole, including the overheadof dynamiccompilation.A few
basictechniquesarecritical to achieving goodspeedupsacrossall
benchmarks,including single- and multi-way loop unrolling
(conferredby DyC’s generaltechniqueof program-point-specific
polyvariant specialization),user-controlled cachingpolicies, and
static load annotations.As with classical optimizations, other

techniquesare not universally applicable,but they still make a
major impact on particular subsets of benchmarks; such
optimizationsinclude dynamicstrengthreduction,dynamiczero
and copy propagation, dynamic dead-assignmentelimination,
static calls, and internal dynamic-to-staticpromotions. Other
techniquesare not proven in our current benchmarksuite, but
could be very importantfor variationson thesebenchmarks.For
example,interpretersand instructionsimulatorssuchasmipsi,
could benefit from conditional specialization via polyvariant
division in orderto avoid specializingpathsthatarenever or only
infrequently executed.

As with othercurrentdynamiccompilationsystems,DyC relieson
programmerannotationsto choosegood dynamic regions and
static variables.We view this work as a study evaluating the
underlying mechanisms of dynamic compilation; the policy
decisionsareleft to programmers.Our next major stepis to build
on this understandingby developinga systemthat works towards
automatingthe policy decisions.Our long-termgoal is a system
that automaticallyperformsdynamiccompilationasoneof many
possiblecompiler optimizations,guided by static analysesand
profile-driven feedback.
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