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Abstract

Inherentwithin complex instructionsetarchitecturessuch
as x86 are inef�ciencies that do not exist in a simplerISAs.
Modernx86implementationsdecodeinstructionsinto oneor
more micro-operationsin order to deal with the complexity
of theISA.Sincethesemicro-operationsarenotvisibleto the
compiler, thestreamof micro-operationscancontainredun-
danciesevenin staticallyoptimizedx86code. Within a pro-
cessorimplementation,however, barriers at theISAlevel do
not apply, and theseredundanciescan be removedby opti-
mizingthemicro-operationstream.

In thispaper, weexploretheopportunitiesto optimizecode
at themicro-operation granularity. We executethesemicro-
operationoptimizationsusingtherePLayFrameworkasa mi-
croarchitectural substrate. Usinga simplesetof sevenopti-
mizations,including two that aggressivelyandspeculatively
attemptto remove redundantload instructions,we examine
theeffectsof dynamicoptimizationof micro-operationsusing
a trace-drivensimulationenvironment.

Simulation reveals that across a sampling of
SPECint2000and real x86 applications,rePLayis able to
reducemicro-operation count by 21% and, in particular,
load micro-operation countby 22%. Thesereductionscor-
respondto a boostin observedinstruction-level parallelism
on an 8-wide optimizingrePLayprocessorby 17% over a
non-optimizingcon�guration.

1 Intr oduction

Complex instructionset architecturespresentsigni�cant
design challengesfor high-performanceimplementations.
Variable-lengthinstructionformatsandhigh-granularityin-
structionscomplicatethedecodingandexecutionprocesses.
In order to deal with ISA complexities, current implemen-
tations decodeinstructions into simpler micro-operations.
Thesemicro-operationsare essentiallycontrol words that
traversethe processorpipeline and perform an equivalent
amountof processingto theinstructionsof asimpleISA.

As complex instructionsare individually decodedinto
constituentmicro-operations,an opportunity is createdto
globally optimizetheir constituentmicro-operations.For ex-
ample,a basicblock'smicro-operations,optimizedasa unit,
can be more ef�cient than micro-operationsgeneratedone
instructionat a time. For simpler ISAs, suchasPowerPC,
SPARC, and MIPS, this type of optimization is performed
during compilation,asthe emittedcodeis effectively at the
samelevel as the micro-operationsof a complex ISA. This
optimizationopportunitythusexistswith complex ISAs,even
whenbasicblocksarestaticallyoptimized. Leveragingthis
opportunity, of course,requiresraisingthearchitecturalstate
boundariesto thebasicblocklevel. Thatis,architecturalstate
is only guaranteedto correspondat basicblockboundaries.

Thex86 instructionsetarchitecturein particularcanben-
e�t from optimizationsat the micro-operationlevel. The
x86 ISA providesonly a few 32-bit registersfor storingtem-
poraryvalues,whichconstrainsoptimizationatcompiletime.
The ISA's two-addressinstruction format, along with the
high-granularityof somecommoninstructions,alsoincrease
the opportunity for micro-operationoptimization. Further-
more, non-uniform instructionsemantics,suchas opcodes
that requiresspeci�c sourceregisters(e.g.,the x86 DIV in-
struction),limit acompiler'sability to ef�ciently allocatereg-
isters.Optimizationat themicro-operationlevel partially al-
leviatestheseproblemsbecausetheregisterassignmentis not
restrictedto thearchitecturalregisterspace.

In thispaper, weevaluatethepotentialof performingopti-
mizationson regionsof x86 micro-operations,wherethere-
gionsarelargerthanbasicblocks. UsingtherePLayFrame-
work asour microarchitecturalsubstrate,we evaluatea pro-
cessorarchitecturethat performsmicro-operationoptimiza-
tion onatomicdynamicinstructiontraces,or frames. rePLay
containshardwaresupportfor performingoptimizations(via
an optimizationengine)and hardware supportfor specula-
tion recovery (enablingspeculative optimization). The op-
timizer performssimple optimizationson eachframe,such
asdeadcodeelimination, reassociation,andstoreforward-
ing. We study the effect of optimizationusing trace-driven



simulationon bothSPECint2000benchmarksandcommer-
cial x86 applications. On averageacrossthis spectrumof
applications,we observe that optimizationwith rePLayre-
ducesmicro-operationcountby 21%and,in particular, load
micro-operationcountby 22%. Thesereductionsboostthe
instruction-levelparallelismof adeeply-pipelined8-wideop-
timizing rePLay processorby 17% over a non-optimizing
con�gurationacrosstheapplications.

In thispaper, weprovidetwo majorcontributionsover the
previouswork on rePLay[4, 13]. First, we evaluatethe im-
pactof micro-operation-level optimizationin the context of
the x86 ISA. Previous work examinedhardware-baseddy-
namicoptimizationof Alpha instructions.This distinctionis
important: the granularityof the x86 instructionsetand its
limited registersetcreateinef�ciencies thataremorepreva-
lent than in binariesof simpler ISAs. The full bene�t of
x86 optimizationrequiresdealingwith memorydependen-
cies,andwe describeour schemefor speculatively optimiz-
ing aroundthem. We presentour evaluationon continuous
traces(i.e., includingDLL callsandsystemcode)of SPECint
benchmarksandrealapplications.

Second,we describethehigh-level microarchitectureof a
programmableoptimizationenginedatapaththatcanbeused
to perform micro-operationoptimizations. The complexity
of the optimizationdatapathand the optimizationsoftware
is reducedby utilizing threepropertiesof frames: (1) they
are atomic, (2) they embodya single control path, and (3)
theregisterrenamingprocessrenderstheframesinto a form
amenableto optimizationsby guaranteeingthat eachopera-
tion writesto a uniquephysicalregister.

The remainderof the paperis organizedasfollows. The
next sectionprovidesanoverview of therePLaymicroarchi-
tecturalsubstrate.Section3 containsexamplesof themicro-
operationoptimizationsthat we evaluatein this paper. Sec-
tion 4 introducestheprimitiveoperationsandstructureof the
optimizationdatapath.Theexperimentalinfrastructureis de-
scribedin Section5, andexperimentalresultsarepresented
in Section6. Section7 containsrelatedwork. Section8 pro-
videsconclusions.

2 The rePLayMicr oarchitecture

In this section we provide an overview of the rePLay
Framework, which is designedto facilitate aggressive dy-
namic optimization with low overhead. To this end, the
framework consistsof � vekey components:(1) a framecon-
structorfor creatingcandidateoptimizationregions,(2) apro-
grammableenginefor optimizing theseregions,(3) a frame
cachefor storingtheseregionson-chip,(4) a componentfor
sequencingbetweenregions,and(5) a mechanismto recover
architecturalstatewhenspeculative optimizationsprove in-
correct. Thesecomponentsareintegratedinto a processor's
fetchandexecutionengine,asshown in Figure1.

A centralconceptof rePLayis theconceptof the atomic
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Figure 1. The rePLay mechanism coupled to a
processor architecture .

region, or frame. A frame is similar to a trace in a trace-
schedulingcompiler [5] or a block in the Block-Structured
ISA [8, 11]. All control dependencieswithin a frame are
removed,ensuringthat all instructionswithin the frameare
mutuallycontrolindependent.In particular, eitherall instruc-
tions in a frame commit their results,or noneof them do.
This atomicity simpli�es the optimization algorithmsused
andallowshigh-bandwidthinstructionfetch.To removecon-
trol �o w, rePLay's frame constructorconvertsdynamically
biasedbranchesinto assertions,then mergessequencesof
constituentbasicblocksinto frames.Usingframesasanop-
timization entity is of particularimportancebecauseprecise
architecturalstateneedonly be maintainedat framebound-
aries,thusallowing theoptimizermoreleeway in performing
optimizations.We demonstratethis in Section3 with anex-
ample.

An assertionwhoseconditionis not true triggersa hard-
warerecovery event that rolls backarchitecturalstateto the
beginningof theframe.A rollbackmechanismof this typeis
alreadypresentin mostmodernprocessorsto supportout-of-
order, speculative execution. This restorationcapability im-
pliesthatany stategeneratedduringframeexecutionmustbe
buffereduntil all assertionswithin the framehave executed
successfully(not �red). Onceall assertionswithin a frame
have beenchecked andall micro-operationshave beenexe-
cuted,statechangesgeneratedwithin theframecanbecom-
mitted. This atomicityenablestheoptimizerto make specu-
lative optimizationssafely, with thespeculative assumptions
enforcedby assertions.

With this generaldesign,frameconstructioncanbedone
in hardwareor by thecompilerasa speci�cationof theISA.
All of our currentwork hasfocusedon hardware-level frame
construction,but thispropertyis not inherentto rePLay.

3 Micr o-operationOptimization

Processorsthat implementcomplex ISAs like x86 typ-
ically decodeeachinstruction into simpli�ed, �x ed-format
micro-operations.As instructionsaredecodedindependently



; instructions

PUSHEBP

PUSHEBX

MOV ECX,[ESP+0CH]
MOV EBX,[ESP+10H]
XOR EAX,EAX
MOV EDX,ECX
OR EDX,EBX
JZ 15H

�

Block2�

; jump is typically taken

Block2:
POP EBX

POP EBP

RET

unoptimized micro-operations

01 SS:[ESP- 04H] � EBP
02 ESP � ESP- 04H
03 SS:[ESP- 04H] � EBX
04 ESP � ESP- 04H
05 ECX � [ESP+ 0CH]
06 EBX � [ESP+ 10H]
07 EAX,�ags � 0
08 EDX � ECX
09 EDX,�ags � EDX � EBX
10 if (�ags = 0) jump Block2

11 ESP � ESP+ 04H
12 EBX � SS:[ESP- 04H]
13 ESP � ESP+ 04H
14 EBP � SS:[ESP- 04H]
15 ET2 � SS:[ESP]
16 ESP � ESP+ 04H
17 jump (ET2)

intra-block optimization

01 SS:[ESP- 04H] � EBP
; incorporatedinto 04'

03' SS:[ESP- 08H] � EBX
04' ESP � ESP- 08H
05 ECX � [ESP+ 0CH]
06 EBX � [ESP+ 10H]
07 EAX,�ags � 0

; reassociated,thenremoved
09' EDX,�ags � ECX � EBX
10 if (�ags = 0) jump Block2

; incorporatedinto 16'
12' EBX � SS:[ESP]

; incorporatedinto 16'
14' EBP � SS:[ESP+ 04H]
15' ET2 � SS:[ESP+ 08H]
16' ESP � ESP+ 0CH
17 jump (ET2)

inter-block optimization

01 SS:[ESP- 04H] � EBP

03 SS:[ESP- 08H] � EBX
04 ESP � ESP- 08H
05 ECX � [ESP+ 0CH]
06 EBX � [ESP+ 10H]
07 EAX,�ags � 0

09 EDX,�ags � ECX � EBX
10' if (�ags �

� 0) exit

12 EBX � SS:[ESP]

; forwardedfrom 01
15 ET2 � SS:[ESP+ 08H]
16 ESP � ESP+ 0CH
17 jump (ET2)

frame-level optimization

01 SS:[ESP- 04H] � EBP

03 SS:[ESP- 08H] � EBX
; incorporatedinto 16'

05' ECX � [ESP+ 04H]
06' ET0 � [ESP+ 08H]
07 EAX,�ags � 0

09' EDX,�ags � ECX � ET0
10' assert�ags = 0

; forwardedfrom 03

15' ET2 � SS:[ESP]
16' ESP � ESP+ 04H
17 jump (ET2)

Figure 2. Impact of optimization scope on a procedure from crafty . The prime notation denotes chang es
to sour ces and/or results relative to the previous level of optimization.

from oneanother, the resultingmicro-operationstreamcan
containinef�ciencies. For example,an instruction's micro-
operationsmight calculateanintermediatevaluealreadycal-
culatedin a previousinstruction'smicro-operations.Theob-
jectiveof thispaperis to identify andremovesuchinef�cien-
ciesautomatically, andto quantifytheresultingbene�t to per-
formance.To illustrate the optimizationopportunitiesmore
clearly, we now examinethe impactof optimizationsbased
onthescopein whichthey areapplied,usingacodeexample.

The bene�t of optimizing micro-operationsdepends
stronglyon thescopeof theoptimizations.Simplelocalopti-
mizations,suchaseliminationof NOPs,canbeperformedbe-
fore �lling into a tracecache.Thegranularityof x86 instruc-
tionspreventsacompilerfrom fully optimizingcode,leaving
roomfor intra-block optimizationsacrossinstructionswithin
a basicblock. Consideringseveralblockscreatesinter-block
opportunities,ascontrolentersonly at the �rst block, ensur-
ing thatearlyblockshave beenexecutedbeforelaterblocks.
Finally, additionaloptimizationsbecomefeasiblewhen the
possibility of early exit is eliminatedby treatinga sequence
of blocksatomically. In this case,frame-level optimizations
canassumethatsubsequentblocksarealwaysexecuted.

In this section,we describethe optimizationsperformed
by the rePLay optimization engineand illustrate their im-
pact as a function of scopethrough the use of a running
example,shown in Figure2. In Section4, we describethe
hardwareprimitivesnecessaryto supporttheseoptimizations
anddescribethe structureof the rePLayoptimizer in more
detail. The two basicblocks in the running exampleform
partof a largerframefrom crafty, a chess-playingcodefrom
SPECint2000.The�rst columnshows x86 instructions,and
the secondcolumn shows micro-operations. The remain-
ing columnsillustratethebene�ts of optimizationon micro-
operations.

3.1 Intra­block optimization
The third column of Figure 2 illustrates optimization

within a basicblock. Within the �rst block, the stackup-
datesdueto thetwo PUSHinstructionscanbemergedinto a
singleupdate.Recallthatall optimizationsareperformedus-
ing renamedregisters.First, reassociationreplacesthe uses
of the resultof micro-operation02 with usesof the live-in
ESPregister. The offset in 03' and the immediatevalue
in 04' incorporatethesubtractionperformedby 02. As the
resultproducedby 02 is no longerused,and is not a live-
out value of the block, deadcodeelimination removes the
micro-operation. The sameoptimizationseliminatemicro-
operation08, which the compiler usesto avoid a second
load of the value in ECX along the non-taken path follow-
ing 10. A three-operandinstruction(OR EDX,ECX,EBX)
servesthesamepurpose,but noneis availablein thex86ISA.
Themicro-operationformatdoessupportthreeoperands,and
the two micro-operationsarecombinedinto 09' by theop-
timizations. The secondbasicblock alsoallows intra-block
optimizationof stackmanipulations.

3.2 Inter ­block optimization
The fourth column in Figure 2 illustrates optimization

when a single entry point is assumed,as is typically the
casein a tracecache. Multiple exits—after the �rst basic
block in the�gure, for example—arestill possible.Store for-
warding associatesthe load in micro-operation14 with the
storein 01. As the resultof 14 is live-outin EBP, andthe
valuestoredby 01 is live-in in thesameregister, the load is
eliminated. In contrast,storeforwardingdoesnot occurfor
EBX, which is modi�ed by the �rst block andmustbe cor-
rectshouldcontrolexit at micro-operation10' . Theneedto
maintainall live-out registersfrom the �rst block thus lim-
its inter-block optimization. Someinter-block bene�ts can
be obtainedwith a compilerthroughtechniquessuchastail



duplication,but instructionsetslike thex86makethesetech-
niqueslesseffective.

3.3 Frame­level optimization

The conceptof an atomicframerestrictsthemodelcom-
monly usedin a tracecacheby requiringa uniqueexit point.
This restrictioneliminatestheneedto maintainproperarchi-
tecturallive-outvaluesfor intermediateexits. Effectively, the
entireframecanbeoptimizedasabasicblock.

Therightmostcolumnin theexampleshows optimization
of the blocks as a rePLayframe. Micro-operation10' is
changedto an assertion,which allows no exit. Stackup-
datesin the two blocks are merged into a single update.
Storeforwardingeliminates12, andtemporaryregisterET0
is substitutedfor theinterveninguseof registerEBX in 06'
and09' . Overall, seven of the seventeenmicro-operations
areremoved,includingtwo of the� ve loads.

Whenthis fragmentis optimizedin thecontext of a larger
frame,theresultsareevenmoreimpressive. Typically, code
from theprocedure'scall siteprecedesandfollowstheblocks
shown, allowing theparameterloadsin 05 and06 to bere-
moved.Theloadof thereturnaddressin micro-operation15
is alsoeliminated,andthe stackupdatein 16 is folded into
anupdateoutsideof theprocedure.Finally, constantpropa-
gationfrom thecall site identi�es thereturnjump in 17 asa
constanttargetandremovesit, asthetargetblock is included
in the frame. In somecases,constantpropagationcanalso
eliminatemicro-operation07, which placesthe procedure's
returnvalueinto EAX. Theoptimizationsthusreducetheen-
tire procedureto two storesanda singlecheck(09 and10)
consistingof anALU operationandanassertion.While not
all codesequencesareso amenableto optimization,the ex-
amplehighlightsthedegreeto whichcodegeneratedfor com-
plex ISAs can be optimizedby dynamichardware mecha-
nismssuchasrePLay.

3.4 Additional optimizations

Several rePLayoptimizationswerenot mentionedin the
context of our running example. Commonsubexpression
elimination serves primarily to remove redundantloads,
which often appearwhen x86 loops are unrolled within a
frame.Valueassertionoptimizationcombinesthetypicalx86
sequenceof a �ag-generatinginstructionsuchasCMP(com-
paretwo operands)followed by a conditionalbranchinto a
singlemicro-operation.

Storeforwardingandredundantloadeliminationarealso
allowed to occurspeculatively within frames. Considerthe
casein whichaloadfollowsastoreto thesameaddress(same
registerand offset), but is separatedby one or more stores
with differentaddressregisters. Only whenthesestoresdo
not alias to the store-loadpair can the storedvaluebe for-
wardedto the load. We recordaliasingeventsduring exe-
cution andpassthis informationto the optimizer. If the in-
terveningstoresdid not aliasduringexecution,theoptimizer

speculatesthat they never alias,andremovesthe load. The
interveningstoresaremarkedasunsafestores. A similar op-
timization is performedwhenredundantloadsareseparated
by storesthatmayalias.

When an unsafestoreexecutes,its addressis compared
againstall othermemorytransactions(bothloadsandstores)
prior to it in the frame. If an unsafestore con�icts with
any other transaction,the frame is abortedand the original
instructionsareexecutedinstead. No optimizationremoves
stores,thusall unsafestoresexecutewhenaframeis fetched.
In practice,loadsremovedspeculatively almostnever cause
framesto abort,but representasubstantialfractionof loadsin
adynamicmicro-operationstream,asdiscussedin Section6.

4 Optimizer Design

In this section,we provide somedetailson the designof
therePLayoptimizerdatapath.Mostprior work onoptimizer
designhasfocusedon identifying thepotentialof hardware-
basedoptimizations.Little hasbeendoneon specifyingthe
designof a hardware optimizer or its interfaceto the opti-
mizationsoftware.Here,we providea high-level description
of the typesof hardwareprimitivesthatan optimizershould
supportin orderto facilitatelow-latency optimization.

In ourpreviouswork [4], wedemonstratedthatapipelined
frameoptimizerwith a latency of 1K-10K cyclescould rea-
sonablymatchthelatency andthroughputrequirementsfor a
rePLaysystem.

In orderto achieve suchlow latency, the optimizerhard-
waremustprovideusefulprimitivesthatarecentralto awide
rangeof codeoptimizationalgorithms.In particular, thehard-
ware optimizer should provide three classesof primitives:
(1) It shouldprovide theability to quickly retrieve oneof an
instruction's parentinstructions(we usethe term instruction
in this sectionasa moregeneralform of micro-operation),
andto retrieveaninstruction'schildren.Thatis, theoptimizer
shouldsupportquick traversalof a frame's data�ow graph.
(2)Thehardwareneedsto supportgeneral�eld extractionand
bit manipulationoperations,for exampleto isolateaninstruc-
tion'sopcode�eld. Suchprimitivesareusefulfor testingand
modifying variousbits within instructions.(3) Thehardware
shouldsupporttheability to addandremoveinstructionsin a
frame.

To facilitate the optimizerdesign,we �rst renderframes
into a form whereeachoperationwrites to a renamedreg-
ister. That is, a physical destinationis written only once
within a frame.No write-after-write or write-after-readregis-
ternamingcon�icts exist in a frame.In this form, aninstruc-
tion's physicalsourceregisternumbersuniquelyidentify the
instruction's parents.It shouldbe notedthata framewhose
instructionregisteroperandshave beenrenamedby thepro-
cessoris alreadyin this form, exceptfor theoccasionalreuse
of a physicalregisterwithin a frame.

Figure 3 shows the major componentsof the optimizer.
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Figure 3. The rePLay Optimiz er.

An unoptimizedframeis addedto theoptimizer's optimiza-
tion buffer. Eachinstructionin the framehasits destination
registerremappedsuchthatan instructionplacedin location
m of thebuffer will write physicalregisterm. With thisprop-
erty, given an instruction, retrieving the parentinstruction
that producedits SourceA,for example,is a trivial lookup.
This remappingalsoalleviatesany reusesof physicalregis-
ters. Dependingon the physicalregisterallocationstrategy
of theprocessor, thisRemappingcanbeamodi�cation of the
physicalregisterassignmentdoneby theRegisterAlias Table
(RAT) prior to execution. In theworst case,theRemapping
processis thesameasthe registerrenamingprocess,except
thatit neednotoperateatthesamehighbandwidth.A remap-
ping bandwidthof oneor two instructionspercycle is likely
to besuf�cient.

OnceRemapped,aframeresidesin theoptimizationbuffer
until theoptimizationprocessis complete.If a framearrives
while anotheris being optimized, the arriving frame must
be bufferedor dropped. Alternatively, the optimizercanbe
pipelinedto permitoptimizationof framesconcurrently. (We
model a variableoptimization latency of 10 cycles per in-
structionin a pipelinedoptimizer. Simulationresultsshow
thata pipelinedepthof 3 is suf�cient to sustainthethrough-
out of our rePLaymodel.) The OptBufferIndex is usedto
selectan instructionto readout of the buffer. Due to the
Remappingpolicy, readingthebuffer at index m providesthe
micro-operationthatgeneratesphysicalregisterm.

Theformatof theoptimizationinstruction(or in this case,
micro-operation)is provided in Figure 4. The Remapping
processprovideseachinstructionwith new sourcephysical
registersanda new destination.Instructionsthat producea
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Figure 4. The optimiz er's micr o­operation for­
mat.

live-outvalue,or usea live-in, aremarked explicitly. This
explicit renamingof internal valueswithin a frame can fa-
cilitate high-speedinstructionrenamingwhen the frame is
fetched[15, 16]. When the frame is fetched,only the in-
structionsthat requirelive-in valuesneedto readthe RAT,
andonly thoseinstructionsthatproducelive-outsneedto up-
datetheRAT. Physicalregisterassignmentfor valuesinternal
to theframecanthenbedonewithout a tablelookup.

Many optimizationalgorithmsrequiretraversingthougha
data�ow graphin orderto identifyoptimizationopportunities.
To supportthis processwithout requiringthesoftwarecom-
ponentof the optimizer to build and maintainthe data�ow
�o w graphfor everynew frame,theoptimizerhardwaresup-
portstraversalvia the logic in theshadedregion of the Fig-
ure 3. The ParentLogic and Next Child Logic enablethe
optimizerto move from an instructionto its parentsor chil-
dren.Moving from aninstructionto theparentthatproduced
its SourceBinput, for example,is trivial. TheSourceBphys-
ical sourceregister numberis the producer's index. Mov-
ing from an instructionto its children is trickier, as an in-
structioncan have many children. This operationrequires
maintaininga hardwareDependency List structurethatasso-
ciatesan instructionwith its children. This structureenables
the Next Child Logic to iterateover the list of children,en-
abling optimizationsthat requirevisiting all children of an
operation.Also, thetraversallogic canincrementanddecre-
menttheOptBufferIndex to supportsimpleiterationsthrough
a frame'smicro-operations.

Bit manipulationsand�eld extractionsareprovidedby the
simpleoptimizationdatapath,which containsanALU anda
load/storeport to theoptimizationmemory. This hardwareis
useful for recalculatingimmediatevaluesfor the reassocia-
tion optimization,or for comparingbaseregistersandoffsets
for memoryoptimizationssuchasstoreforwarding.Thesoft-
wareportion of the optimizer itself residesin the optimiza-
tion memoryandis activatedby the arrival of a new frame.
In Figure 3, we show only one current instructionregister
for simplicity. Implementationsmayhave severalinstruction
registersthat aredirectly accessibleby the datapath,for ex-
ampleto accessbothamicro-operationandoneof its parents
simultaneously.

The third set of primitive operations is that of
adding/removing instructionsfrom the optimizationbuffer.
To removeaninstruction,theinstructionis simplymarkedin-
valid andthe instructionis removedfrom its parents'lists in
theDependency List structure.Addinganinstructionis more
involved(andlessfrequentlyneeded):thenew instructionis



written into a spareinstructionslot at the endof the frame,
andtheparents'dependency lists areupdated.By construc-
tion, theinstructionsof aframeareexplicitly in renamedform
andcanbe arbitrarily reordered—aninstructioncanappear
beforeits parents.But this end-of-frameinsertioncannotbe
donewhen memoryoperationsare involved becausemem-
ory orderingmustbe preserved. The optimizer is therefore
prohibitedfrom insertingnew loadsandstores(in particular
thosemicro-operationsthataffectmemoryordering).

Reschedulingor repositioningcodeis accomplishedin the
�nal stageusingtheCleanupLogic. During theoptimization
process,a position �eld encodedwith the micro-operation
is usedto identify themicro-operation's �nal positionin the
completedframe. By default, theframeremainsin theorder
it appearsin thebuffer. However theoptimizationalgorithms
canusetheposition�eld to adjusttheframe'sschedule.The
CleanupLogic canuseassociative lookupsto readtheframe
out of theOptimizationBuffer in thespeci�ed order. At this
point,any invalidatedinstructionsaredeletedfrom theframe.

5 Experimental Setup

In thissection,wedescribetheexperimentalsetupusedto
evaluateour mechanismfor dynamicoptimizationof micro-
operations.First,we describethetrace-drivensimulationen-
vironment. Second,we describethe experimentalworkload
set. Finally, we presentandmotivateour baselineprocessor
architecture.

5.1 Simulation Envir onment

Our simulationenvironmentis trace-driven with limited
wrong-pathsupport(wrong-pathbehavior is only modeled
on assertingframes).Theenvironmentconsistsof four com-
ponents:the Micro-operationInjector, Timing Model, State
Veri�er , andtherePLayEngine,asshown in Figure5.

5.1.1 Micr o-Op Injector
TheMicro-OpInjectorconsistsof a tracereader, whichreads
x86 trace�les, andanx86-to-rePLaymicro-operationtrans-
lator.

The tracereaderreadsanddisassemblesthe raw instruc-
tion datafrom ahardware-generatedtrace�le. Thetrace�les
weregeneratedon a Windows NT-basedplatform,andwere
providedbyAdvancedMicro Devices.Eachtracerecordcon-
tainsinstructiondata,registerstatechanges,memorytrans-
actions,and interrupt information for eachx86 instruction
throughouta spanof executionof anapplication.Eachtrace
representsa particular“hot spot.” That is, it is the dynamic
traceof a codesegmentthat ultimately accountsfor a large
amountof executiontime.

The secondstageof theMicro-Op Injector is the transla-
tor. Therole of the translatoris to convert thedisassembled
x86 instructionsinto our processor's native micro-operation
format. We refer to this internal format asthe rePLayISA.
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Figure 5. Simulation Envir onment

Sincex86 micro-operationsandx86-to-micro-operationde-
code�o ws of real implementationsarekept proprietary, we
modeledour ISA to becloseto a genericRISCISA. Ourde-
code�o wsarefairly ef�cient, andin theendwe attainanav-
eragemicro-operation-to-x86instructionratio of 1.4, which
is closeto our estimatesof what is achievedon realx86 im-
plementations.

While theuseof trace-drivensimulationcanbecriticized
for its lack of wrong-patheffects,our tracesallow us to in-
cludetheeffectsof interrupts,systemcalls,anddynamically-
linkedlibraries.Weusetheinformationcontainedin thetrace
to validateourexecutionenvironmentandto handleveryrare
x86 instructionsthat might otherwiserequiresubstantialef-
fort to implement(for example, modi�ers of segment de-
scriptors,call gates,etc. On suchinstructions,we �ush the
processorpipeline). Suchlong-�ow instructionsaccountfor
a very small portion of the dynamicinstructionstream(less
than0.05%on thetracesweevaluate).

5.1.2 Timing Model

The Timing Model containsmodelsof the caches,memory
system,branchpredictors,andpipeline,andis usedto deter-
minethenumberof cyclesneededto executethesequenceof
continuousmicro-operationsprovidedby theInjector. When
simulatinga standardprocessor(without rePLay features),
themicro-operationstreamcomesdirectly from theInjector.
With rePLayfeaturesenabled,themicro-operations(possibly
in optimizedform) for a particularsequenceof x86 instruc-
tionscanalsocomedirectly from theframecache.

The con�guration of the timing model is parameterized,
andfor theexperimentsprovidedin this paper, we have cho-
senan 8-wide pipeline whosespeci�c con�guration is de-
scribedin Section5.3



5.1.3 StateVeri�er
In order to verify that the optimizationsthat are performed
on the micro-operationstreamarevalid, we employ a state
veri�er. This checker is usedto ensurethatthestatetransfor-
mations(architecturalregisterstateandmemory)madeby an
optimizedframeareequivalentto thoseof theactual,unmod-
i�ed instructionstream. The checker is valuablefor testing
thevalidity of ourmicro-operationdecoderandoptimizer.

In order to properly verify the executionof our micro-
operations,thestateveri�er' s job is two-fold. First,eachx86
instructionthat is emittedfrom thetracecarriesregisterstate
changesand any memory transactionsassociatedwith that
instruction. Additionally, thereis a memoryaddressand a
memorydata�eld associatedwith eachload andstore. The
loaddatais usedby theveri�er to performtheloadoperations
while thestoredatais usedsolelyto verify thestoresthatare
performedby our micro-operations.After eachx86 instruc-
tion is decodedandexecuted,theresultingstateis compared
to thetrace.

Thesecondroleof thestateveri�er is to validatethefunc-
tionality of theoptimizer. This role is essentialin preventing
�a ws in theoptimizationalgorithms.Eachframeis executed
usingthearchitecturalstateandmemorystatewhentheframe
is fetched.Thememorystateconsistsof two maps,aninitial
memorymapanda �nal memorymap.Bothmapsaregener-
atedby �rst executingthecorrespondingoriginal instructions
from the trace. Sinceall loadswithin a framearea subset
of thoseloadsthat would be performedby the original in-
structionstream,we commit to the initial mapthe �rst load
andstoretransactionsfrom eachlive memorylocationin the
trace.All storetransactionsin thetracearecommittedto the
�nal mapwhich is usedto comparethememorystateat the
frameboundary. The frameis consideredvalid only if exe-
cutionsatis�estheserequirements:(1) all loadscanbefound
in the initial memorymap,(2) all memorystateaffectedby
the traceis equivalently affectedby the frame at the frame
boundary, and(3) all architecturalregisterstateis equivalent
at theframeboundary.

5.1.4 rePLayEngine
The last major componentin the simulationenvironmentis
the rePLayEngine. Retiredinstructionsfrom the processor
pipeline�o w into the frameconstructor, which dynamically
synthesizeslong regionsof codeinto atomic frames. Opti-
mizationsarethenappliedto theseframesby the optimiza-
tion enginebeforethey aredepositedinto the frame cache.
We modeltheoptimizationengineabstractlyin this study—
eachframeis optimizedwith a variablelatency of 10 cycles
per instruction,and the optimizer is pipelined. Simulations
show thata pipelinedepthof 3 is suf�cient to obtainthere-
sultswereport.

5.2 Benchmarks

Our selectionof benchmarkswas driven primarily by
availability. AMD graciouslyprovideda setof traces,from

Typeof Total x86 Numberof
Name App. Insts. Traces

bzip2 SPECint 50M 1
gzip SPECint 50M 1

crafty SPECint 50M 1
eon SPECint 50M 1

parser SPECint 50M 1
twolf SPECint 50M 1

vortex SPECint 50M 1
Access Business 200M 2

DreamWeaver Content 200M 2
Excel Business 300M 3

LotusNotes Business 200M 2
PhotoShop Content 200M 2
PowerPoint Business 300M 3
SoundForge Content 300M 3

Table 1. Experimental Workload

which we selectedthe applicationsetlisted in Table1. The
setconsistsof 7 SPECint2000benchmarksand7 desktopap-
plications(all of whichwereexecutedaspartof theWinstone
benchmarksuite).Someof theapplicationsweexamineactu-
ally consistof multiple trace�les, eachrepresentinga differ-
entportionof executionof theapplication.The tableabove
indicatesthe numberof x86 instructionsandthe numberof
differenttracesa particulartestapplicationconstitutes.

5.3 ProcessorCon�gurations

We evaluateseveral con�gurations basedon a common
processorpipeline. The pipeline is an 8-wide fetch, issue,
retire pipeline (the width refers to micro-operations).The
pipeline models15 cycles betweenthe fetch of a branch
andthe earliestpossiblepoint of its execution. Becausethe
pipelineis deep,we modela speculative wakeup/scheduling
thatoccasionallyrequiresinstructionsto be rescheduledif a
result is not readywhenexpected(appliesprimarily to de-
pendentoperationson datacachemisses). The scheduling
window is 512 micro-operations.The variouspropertiesof
theprocessorappearin Table2.

Themajorexperimentsthatwereportin thefollowing sec-
tion arebasedon a rePLayprocessorcon�guration consist-
ing of a framecachethatcanstore16kmicro-operations(ap-
proximatelyequivalentto a 64kB ICache)anda8kB ICache.
Whenfetchingfrom the ICache,the maximumratethrough
the x86 decoderis four x86 instructionsper cycle. The re-
PLay frame constructorcreatesframesbetween8 and 256
originalmicro-operations.

In someexperimentswe alsocompareto a TraceCache
con�guration (16k micro-op Trace Cache/8kBICache) in
whichthe�ll unit continuouslycreatestraceswith upto three
branchmicro-operations.We alsoprovide, asa reference,a
64kB ICachecon�guration. In addition, in both the Trace-
Cacheand rePLay con�gurations, we model an idle cycle



Pipeline 8-widefetch/issue/retire
x86decoders:4 percycle
15cycles(min) for BR resolution

Predictor 18-bit gshare
Inst Window 512instructions

ExeUnits 6 simpleALU
2 complex ALU
3 FPUs
4 load/storeunits

Frame/Trace 16kmicro-operations
Cache (approximately64kB)

L1 DCache 32kB,2 cyclehit
4 readand4 write ports

L2 Cache 512kB,10cyclehit
Memory 50cycles

Table 2. Con�guration of Processor .

whenswitchingbetweencaches.We denotethesecyclesas
Wait cycles.

6 PerformanceEvaluation

In thissection,weevaluatetheperformanceof theproces-
sor con�gurationsdescribedin theprevioussection. In par-
ticular, we investigatethe impactof dynamicoptimizations
usingtherePLayframework.

6.1 Basicevaluation

Figure6 containsa simulation-basedperformanceestima-
tion of four con�gurations: ICache(IC), TraceCache(TC),
basicrePLay(RP), andrePLaywith Optimization(RPO) all
operatingonadeeplypipelined8-wideprocessor. Thedatais
plottedin termsof averagex86instructionsretiredby thepro-
cessorpercycle(IPC).For theRPOcon�guration,weplot the
effectiveIPCwhichtakesinto accountthenumberof original
x86 instructionsretiredby theprocessor.

For all but one application,gzip, the optimizing rePLay
con�gurationoutperformsall others.Thepercentageincrease
in IPC over a non-optimizingcon�guration (RP) inducedby
theoptimizeris shown on thegraphnearthe individual bars
representingRPO.Onaverage,thereis a17%increasein IPC
dueto optimizations,but this increaseis highly variablefrom
applicationto application.

EventhoughtheSPECbenchmarkswereaggressivelypro-
�led and compiledwith the Intel ProtonCompiler, the av-
erageincreasein parallelismacrossSPEC benchmarksis
slightly higherthanin thedesktopapplications.Despiteag-
gressive staticcompilation,opportunitystill exists for opti-
mizing themicro-operationstream.This differencein paral-
lelismis largelydueto thedifferencein thedynamiccoverage
of framesovertheoriginalmicro-operationstreamfrom these
benchmarksuites.SPECbenchmarksexhibit about86%cov-
eragewhile the desktopapplicationsonly show about72%
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Figure 6. Estimated x86 Instructions Retire Per
Cycle for the ICache, Trace Cache, rePLay,
and rePLay+Optimization processor con�gura­
tions. All con�gurations were evaluated in the
conte xt of an deepl y pipelined 8­wide proces­
sor with 15 cycles (min) for branc h resolution.

coverage.Highercoverageleadsto a greateropportunityfor
dynamicoptimizations.

TherePLayoptimizationsoffer two mainsourcesof bene-
�t: they reducemicro-operationcount,andthey reducecom-
putationtreeheight. In subsequentexperimentsin this sec-
tion, we try to isolatesomeof the individual effectsthaten-
abletheoptimizationsto beeffective.

Figures7 and8 show a cycle-by-cycle breakdown of the
RPandRPOcon�gurations.Thebreakdown is donefrom the
perspective of the instructionfetch stage:if a cycle is spent
fetchingfrom theIcache,thecycle is talliedasanICachecy-
cle. If thefetchcomesfrom theFrameCache,it is a Frame
cycle. Eachcycle is uniquelycategorizedinto oneof seven
bins,in thefollowing orderof priority: Assert: we fetcheda
framewith a �ring assert—allcyclesuntil assertionrecovery
aretalliedasAssertcycles;Mispr edict: wefetchedamispre-
dictedbranchthathasnot yet resolved,or have encountered
a BTB miss;Miss: FCache/ICachemiss;Stall: somedown-
streamexecutionbuffer, suchas the schedulingwindow, is
full; Wait: turnaroundcyclesgoing from FCacheto ICache
fetch;Frame; or ICache.

Themajorimpactof themicro-operationoptimizeris are-
ductionin thenumberof cyclesin theFramecategory. The
optimizer reducesthe micro-operationcount per frame, al-
lowing theframeto befetchedin fewer cycles. Theaverage
netreductionin FramecyclesbetweentheRPandRPOcon-
�gurations is about21%.ThisreductionalsoincreasesFrame
Cacheef�ciency, as fewer slots are requiredto containthe
samenumberof originalmicro-operations.
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In additionto a reductionin Framecycles,thereareother
bene�ts to optimization. Some applicationsdemonstrate
fewer Stall cycles,suchasDreamWeaver andeon.Here,the
ability to representcomputationsmorecompactlyresultsin
fewermicro-operationsin �ight, andthereforeusesfewer re-
sources.Thereis alsoa reductionin branchresolutiontime,
partlydueto micro-operationreductionandpartlydueto tree
heightreduction.With theoptimizerenabled,thebranchres-
olution time dropsby 4% and9% on DreamWeaver andeon

Micro-ops Loads Increase
Application Removed Removed in IPC

bzip2 23% 30% 28%
crafty 16% 11% 10%
eon 25% 18% 31%
gzip 13% 10% 6%
parser 21% 14% 8%
twolf 14% 15% 13%
vortex 24% 34% 33%
Access 22% 20% 21%
DreamWeaver 28% 30% 26%
Excel 21% 21% 13%
LotusNotes 22% 26% 11%
PhotoShop 15% 19% 30%
PowerPoint 32% 34% 6%
SoundForge 22% 23% 6%
Average 21% 22% 17%

Table 3. The percenta ge of micr o­operations
and LOADs remo ved by the rePLay optimiz er.

respectively. (keep in mind that the fetch-to-executepipe
lengthfor branchesis 15 cyclesminimum). Also, it should
benotedthat in all benchmarks,thereis a reductionin Miss
cycleswhichaccountsfor aneffectiveincreasein fetchband-
width.

The numberof cycleslost dueto assertionsaccountsfor
lessthan3% of executioncyclesfor theaveragebenchmark,
largelydueto theinfrequency of assertions�ring or misspec-
ulationaroundanunsafestore.Thenumberof lost cyclesis
smalldespitealongassertionresolutionlatency. For simplic-
ity of simulation,we only initiate recovery after all instruc-
tions in a frame are readyfor retirement. This pessimistic
model differs from branchrecovery in modernprocessors,
which is triggeredwhena branchexecutes.

6.2 Reduction in micro­operations

Table3 showsthefractionof all dynamicmicro-operations
thatareremovedwith theoptimizer. On average,21%of dy-
namicoperationsareremoved. Theoptimizerremoves22%
of all dynamicloadsthroughthestoreforwarding,redundant
load elimination, and deadcodeelimination optimizations.
This resultis signi�cant bothfor performanceandfor theim-
plicationson power. As can be seenin the correlationbe-
tweendynamicmicro-operationsremovedandIPC,removing
micro-operationsboostsperformance. Dependingstrongly
on theconstructionof theoptimizer, thereductionin switch-
ing activity resultingfrom nothaving to executetheremoved
micro-operationsmayalsoreducepower requirements.

Thereductionin loadmicro-operationsis potentiallyeven
moresigni�cant. The loadsthat are removed arenot long-
latency loads;they arelikely to hit in the L1 cachebecause
they are coveredby anotherload or store. But thoseloads
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that areremovedbecauseof storeforwardingareexpensive
becausethey requirea store-buffer bypass. The reduction
in bandwidthwith fewer loadsalsomeansthat the underly-
ing pipelinecanpotentiallybe designedwith fewer L1 data
cachereadportsor associative storebuffer ports. Removing
loadscanhaveacompoundedeffectonpower: fewerL1 data
cacheportsare requiredto sustainperformancewith fewer
total port accessesof boththedatacacheandtheassociative
storebuffer.

6.3 Intra­block optimization

In order to further discernthe necessarycomponentsof
effectivemicro-operationoptimization,we limited optimiza-
tions to the intra-blocklevel on thebasicblocksthat consti-
tuteeachframe.For example,if a frameconsistsof blocksA,
B, andC, theoptimizeroptimizesA individually from B in-
dividually from C. The examplein Figure2 of Section3 il-
lustratesthedifferenceswith frame-level optimization.

The chartin Figure9 containsthe resultsof a simpleex-
periment:measuretheincreasein IPC dueto intra-blockop-
timizationsversusframe-level optimizations,asmeasuredon
a selectgroupof tracesfrom our traceset. Block-level opti-
mizationsoffersomebene�t, but it isnotsurprisingto seethat
frame-level optimizationsyield more substantialgains.The
natureof thex86 ISA providesopportunitiesfor block-level
optimizationevenif thecompiledbinaryis aggressively opti-
mizedby thecompiler.

In the caseof basicrePLay(RP),framesareimmediately
depositedin theframecacheuponleaving theframeconstruc-
tor. If the bene�t of optimizationsdo not outweighthe cost
of delayingframesin the optimizer, then basicrePLaycan
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outperformrePLaywith optimizations.This is evidentin the
block-level optimizationof Soundforgein Figure9.

6.4 Impact of individual optimizations

In our �nal analysis,we attemptto isolatethe contribu-
tionsof theindividual optimizationson overall performance.
Theoptimizationsindividually providelittle bene�t, but their
synergisticactionsenableeffective transformations.

For example,many of theoptimizationsleave deadcode.
Reassociationcanchangetheparentof an instructionto the
grandparent,potentiallyremovingtheneedtoexecutethepar-
entandallowing it to beremovedasdead.

In thisexperiment,wedisabledeachoptimizationindivid-
ually. Thatis, startingfrom abaselineof all optimizationsen-
abled,weransix differenttrialswith oneof theoptimizations
turnedoff. Figure10 plotstheresultingperformancerelative
to theRP andRPO con�gurations.That is, 0 on thevertical
scalecorrespondsto performancewithoutoptimizations(RP)
and1 on thescalecorrespondsto performancewith all opti-
mizationsenabled(RPO). Wedisable,in sequence:(1) value
ASSerTion optimization,which combinescomparisonswith
assertions;(2) ConstantPropagation;(3) CommonSubex-
pressionElimination; (4) NOP removal, which includesre-
moval of unconditionalbrancheswithin a frame; (5) ReAs-
sociation;and(6) StoreForwarding. As all otheroptimiza-
tionsrely on deadcodeelimination,it is enabledin all runs.
For clarity, we includeonly thoseapplicationsfor which op-
timizationprovidesa signi�cant performanceadvantage.

Thereis onecleartrend: reassociationis a signi�cant op-
timization. On DreamWeaver and Excel, IPC is nearly re-
ducedto that of RP when reassociationis disabled. Re-
associationis a gateway optimizationthat not only reduces
treeheight,but enablesCommonSubexpressionElimination



(CSE)to detectredundantloadsandStoreForwarding(SF)
to detectforwardedloads. For example,stackpointer ma-
nipulationswithin a frameoften prevent memoryoptimiza-
tions from detectingequivalentaddresses(during optimiza-
tion two memoryinstructionsaredeemedequivalentonly if
their baseregistersaresymbolically the sameandtheir im-
mediatesandscalesareliterally thesame).It is only afterthe
stackmanipulationshavebeen�attenedby RA thatredundant
andforwardedloadsaredetected.On thebzip2benchmark,
the effect of CSEis dominant. Here,CSEis ableto detect
andremove redundantloadsfrom a critical loop within the
benchmark.

Aggressive speculationduring optimizationcandecrease
potentialIPC.Forexample,in Figure10,Excelexhibitsanin-
creasein effective IPC whentheStoreForwardingoptimiza-
tion is disabled. This optimizationcancreateunsafestores
that can alias during execution. In Excel, thereare many
aliasingeventsamongunsafestores,which causetherateof
assertingframesto increase.This increaseaccountsfor the
effectiveIPCdifference.

7 RelatedWork

As discussedin Section1, this paperdiffersfrom thepre-
vious rePLaywork mainly in that this work dealswith the
rami�cations of rePLay-styleoptimizationsfor an x86 mi-
croarchitecture.We alsopresenta detailedoverview of the
designof an optimizationdatapath.Previous rePLaywork
dealtwith FrameConstruction[13] andtheapplicationof re-
PLayoptimizationsat theAlpha ISA level.

The conceptof hardware assisteddynamicoptimization
hasevolved out of work on tracecaches.The initial work
on traceoptimization[6, 9] dealtwith simplemicroarchitec-
turaloptimizations(instructionfusion,instructionrouting)on
smalltracefragments.Thesmalltracelengthsrenderedcom-
piler optimizationssuchas the onesconsideredin this pa-
perlargely ineffective for boostingperformance.Subsequent
work generalizedtheconstructionandoptimizationhardware
with a separateco-processorto dealwith traces[2]. There-
PLay framework pushesin the directionof aggressive trace
optimizationby providing supportfor speculative optimiza-
tionson long,atomicinstructiontraces.

Along with rePLay, therehavebeenotherrecentproposals
for hardware-assisteddynamicoptimization,all of which of-
fer differentperspectiveson attackingsimilar opportunities.
ROAR [12] is a run-timeoptimizationarchitecturethat iden-
ti�es andoptimizeshot regionsof executionvia a combined
hardware and software mechanism. ROAR usesa rolling
commit speculationmodel (rePLayuseshardwarerollback)
thatsupportsinterruptionwithin anoptimizedregion. A sec-
ondapproachis thatof ApproximateCode[17]. With thisap-
proach,executablesaremadeup of two parts:distilled code
that is optimizedusingassumptionsaboutexecutionvalues,
paths,etc.,andthe original, unmodi�ed code. The original

codeexecutesasa separatethreadto verify that thedistilled
codeis operatingcorrectly.

Moving upwards in abstractionlayers, there have been
multiple approachesto software-baseddynamic optimiza-
tion [1, 3, 7, 10]. For many schemes,suchasDynamo[1]
and Transmeta's CodeMorphing System[10], the original
programruns undercontrol of a software interpreter. The
interpretergathersinformationabouttheprogram's run-time
behavior and builds optimizedregions. When a PC is en-
counteredfor whichanoptimizedregionexists,theoptimized
codeis directly executed.

Perhapsthemostsimilarapproachto theworkdescribedin
thispaperis Transmeta'sCodeMorphingSystem[10]. Trans-
meta's morpheris a systemthat transformsx86 instructions
into optimizedVLIW operations,similar to optimizedmicro-
operationframesin this study. While many aspectsof Trans-
meta's systemhave not beenpublicly disclosed,the system
describedin [10] is a softwaresystemthatpushesthex86ar-
chitecturalboundaryto thebasicblock level, allowing intra-
blockoptimizations.This approachthushashigheroverhead
and performslessaggressive optimization than is possible
with rePLay, asillustratedby theexamplein Section3.

8 Conclusion

In this paperwe demonstratethatcomplex instructionset
architecturescontaininef�ciencies that do not exist in sim-
pler ISAs. Using the rePLay Framework as the architec-
tural substrate,we wereableto executea seriesof optimiza-
tions that exploit thoseopportunitiesthat a compiler can-
not take advantageof due to ISA barriers. Simulationre-
sults reveal that theseoptimizationsdrasticallyreduceboth
thetotal numberof micro-operationsandthenumberof load
micro-operationsacrossa set of representative benchmarks
from bothSPECint2000anddesktopapplications.Thesere-
ductionscontribute to a boostin performanceon a rePLay-
enabledsuperscalarprocessor.
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