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Abstract

Graph-coloringregisterallocationisanelegantandextremelypop-
ular optimizationfor modernmachines.But ascurrently formu-
lated, it doesnot handletwo characteristicscommonlyfound in
commercialarchitectures.First, a single registernamemay ap-
pearin multiple registerclasses,wherea classis a setof register
namesthatareinterchangeablein a particularrole. Second,mul-
tiple registernamesmaybealiasesfor a singlehardwareregister.
We presenta generalizationof graph-coloringregisterallocation
thathandlestheseproblematiccharacteristicswhile preservingthe
eleganceandpracticalityof traditionalgraphcoloring. Our gen-
eralizationadaptseasily to a new target machine,requiringonly
the setsof namesin the register classesanda mapof the regis-
ter aliases.It alsodropseasilyinto a well-known graph-coloring
allocator, is ef�cient at compile time, andproduceshigh-quality
code.

Categoriesand subjectdescriptors
D.3.4[ProgrammingLanguages]: Processors—codegeneration,
compilers, optimization,retargetablecompilers; G.2.2 [Discrete
Mathematics]: GraphTheory—graphalgorithms

General terms
Algorithms,Languages

Keywords
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1 Intr oduction

Thereductionof registerallocationto agraph-coloringproblemis
elegant,effective, andpractical. It is warmly endorsedby mod-
erntextbooks[Muchnick 1997;AppelandPalsberg 2002;Cooper
andTorczon2003]andwidely usedin moderncompilers.But two
assumptionsattheheartof thealgorithmareinvalid for mostcom-
mercialinstructionsets:registersareexpectedto be interchange-
able and independent. Registersare interchangeableif they are
equallysuitablein any programcontext. Registersare indepen-
dentif writing to onecannotchangethevalueof another.
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This mismatchbetweenthe assumptionsof the algorithmand
realitiesof commercialarchitecturesforcescompiler writers to
“augment”Chaitin's [1981] original formulation eachtime they
implementit to handlethe peculiaritiesof eachtarget machine.
In this paper, we generalizethegraph-coloringapproachin a way
that addressesthis mismatch. Using our generalization,a com-
piler writer cancreatea register-allocationpassthat is aselegant
andpracticalastheoriginal formulationwhile alsobeingtrivial to
targetto realmachines.

1.1 The need

Machineswith completelyinterchangeableregistersareunusual.
Even very regular architecturespartition registersaccordingto
function.For example,theAlpha architecturede�nesa setof reg-
istersfor usein �oating-point calculations,andtheseregistersare
not interchangeablewith thoseusedfor operatingon integersand
addresses.

In response,compilerwritershave developedthenotionof reg-
ister classes, wherea classis a setof registernamesthat are in-
terchangeablein a particularrole. Whenall of a target's register
classesaredisjoint,asthey arein theAlpha architecture,a graph-
coloringallocatorcansimply run a separateChaitin-stylealloca-
tion passfor eachregisterclass.But if a targethasregisterclasses
thatarenot disjoint,or if optimizationsforcenon-disjointregister
classes,thenin orderto generategoodcode,agraph-coloringallo-
catorneedsto allocatetheregister candidatesof multiple classes
simultaneously. (A registercandidatemay be a source-language
variable,a compiler-generatedtemporary, or a live range.)

Non-disjointclassesoccurin machineswheresource-language
datatypesdo not clearly de�ne the target's registerclasses.For
example,in the Motorola 68000family and its Cold�re descen-
dants,the instructionfor adding32-bit integerdataacceptseither
anaddressregisteror adataregisterasits sourceoperand.But the
instructionfor multiplying integersonly acceptsdataregisters,not
addressregisters,asoperands.A similar irregularityoccursin the
Itaniuminstructionset,whichhasadd-immediateinstructionsthat
canwrite only a few of thegeneral-purposeregisters.

Non-disjointclassescanalsobe inducedby optimizationsper-
formed at compile time. For example, to translatea target-
independent,memory-to-memorymove, a codegeneratorfor an
Alpha needsat leastone register candidate. If the only regis-
ter classesin theAlpha arethedisjoint integerand�oating-point
classes,thecodegeneratorwill beforcedto labeltheregistercan-
didatewith one of thosetwo classes.The compiler could pro-
ducebettercode,however, if it could postponethe decisionof
whetherto usean integer or �oating-point registeruntil it knew
the registerpressurefor eachclassat the point of the move. We
can achieve this postponementby de�ning a register classthat
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is the union of the integer and�oating-point registerclassesand
by having a registerallocatorthat simultaneouslyallocatesmul-
tiple non-disjointregisterclasses.Sucha registerallocatorcould
alsotake advantageof instructionsin the Alpha architecturethat
move valuesdirectly betweentheintegerand�oating-point regis-
ter banks[Kessler, McLellan, andWebb1998]. In particular, the
allocatormight take advantageof theseinter-bankmove instruc-
tionsto useregistersoutsideacandidate's classasfastspill space.

Machinesthatviolatetheregister-independenceassumptionare
also common. When an assignmentto one architecturalregis-
ter namecanaffect the valueof another, suchregisternamesare
saidto alias. A classicexampleis thecombinationof two single-
precision�oating-point registersto form onedouble-precisionreg-
ister[Briggs,Cooper, andTorczon1992].EarlyHP PA-RISCand
SunSPARC processorsusedthis design. Somemodernembed-
dedand recon�gurablearchitecturescarry it further. The ARM
VFP10unit, for example,hasa �oating-point register�le thatcan
beorganizedas

� 32single-precisionregisters,

� 16double-precisionregisters,

� 8 scalarregistersand6 vectorsof 4 elements,or

� 8 scalarregistersand3 vectorsof 8 elements.

The double-precisionregistersaretypically alignedwith respect
to thesingle-precisionregisters,whichmeansthatonly a pair that
startsat aneven-numberedsingle-precisionregisteraliaseswith a
double-precisionregister. Architecturesthatuseunalignedpairing
also exist. Of these,someallow for “wrap around”, wherethe
lastsingle-precisionregisterin thehardwareregisterbankispaired
with the�rst. For instance,theARM VFPcoprocessorimplements
�oating-point pairs,quadruplesandoctuples,any of whichmaybe
unalignedandwraparound.

Aliasing is not limited to �oating-point registers.TheIntel x86
family hasbyte-sizedintegerregistersthataliaswith 16-bit regis-
ters,which in turnaliaswith 32-bit registers.

In sum,interchangeabilityandindependencearemorethe ex-
ception than the rule. To be able to use graph-coloringregis-
ter allocation anyway, compiler writers continually invent new
workarounds. Michael Matz's [2003] retrospective on what it
took to implementagraph-coloringregisterallocatorfor GCCis a
poignantexampleof thead-hocnatureof suchworkarounds.Matz
statesclearly that it wasdif�cult to build a multi-target allocator
basedon graphcoloringbecauseof machinefeaturesprevalentin
the real world but not consideredby the traditional formulation.
Thefact thatgraphcoloringhasbecomepopulardespitetheneed
for theseworkaroundsis a testamentto its appeal.

1.2 Our solution

This papergeneralizesthe graph-coloringapproachto register
allocation in a way that eliminatesthe need for the kinds of
workaroundscurrentlyemployedfor moderncommercialarchitec-
tures.Our generalizationpermitssimultaneousallocationof mul-
tiple registerclasses,evenwhenregistersalias,while maintaining
theef�ciency andgeneralstructureof theoriginal graph-coloring
formulation.

We exploit the fact that compiler writers like to group a ma-
chine's registers into potentially overlapping classes. We de-
�ne a classsimply as a set of register names. Registerswithin
a class must be interchangeablebut neednot be independent.
Aliasing (nonindependence)is madeexplicit by a mapalias(r ),
which takeseachregisternamer to thesetof registernameswith
which it aliases.By de�nition, alias(r ) includesr , andfor nota-
tional convenience,we extendthe alias mapto setsof registers:
alias(S) =

S
r 2 S alias(r ). The aliasmapandthe groupingof

registernamesinto classesaretheonly propertiesneededto target
ourallocator.

The remainderof the paperis organizedasfollows: Section2
presentsa brief overview of traditionalgraph-coloringallocation
andidenti�es thebeautifulaspectsof theoriginal formulationthat
wewouldliketo maintainin anew formulation.Section3 explains
how we generalizethe graph-coloringheuristic,while Section4
describesan ef�cient implementationof that generalizedheuris-
tic. Section5 thenpresentsthe highlightsof a retargetableallo-
cator that we built basedon our generalizationof a well-known
graph-coloringallocator. Section6 reportson the practicalityof
our implementation.

2 Identifying the beauty

A numberof publishedalgorithmsrely on the traditional formu-
lation of graph-coloringallocation,andwe would like thesealgo-
rithms to work seamlesslywith our new generalization.To that
end,our generalizationpreservesthreeelegantaspectsof the tra-
ditional formulation:anintuitive interpretationof theinterference
graph,a simplecriterion for computingwhena nodeis trivially
colorable,andincrementalcomputationof thatcriterionasnodes
enterand leave the interferencegraph. We put theseaspectsin
context througha brief review of how a traditionalallocatorsets
upa graph-coloringproblemandsearchesfor a solution.

Theprimarytaskof aregisterallocatoris to �nd themostimpor-
tantregistercandidatesandreplacethemwith registers.In general,
aprogramcontainsmoreregistercandidatesthanthehardwarehas
available registers. To help identify register candidatesthat can
sharehardwareregisters,a graph-coloringallocatorbuilds an in-
terferencegraph.

To constructan interferencegraph,anallocatorneedsto know
theregisterclassof eachcandidateandat whatpointsin thepro-
grameachcandidateis live (i.e., holdsa valuethat may be used
beforeit is overwritten). The candidate's classis chosenby in-
tersectingthe register-classrequirementsof all operandlocations
occupiedby thecandidate[Briggs 1992]. Thesetof live pointsis
obtainedby runninglive-variableanalysis[Muchnick 1997].

With this information,theconstructionof aninterferencegraph
is straightforward. Eachnoderepresentsa registercandidate.An
edgeconnectstwo nodesif the registerclassesof the candidates
representedby thenodesaliasandat any point in theprogramthe
candidatesaresimultaneouslylive. In otherwords, interference
graphedgesidentify thosecandidatesthat cannotbe allocatedto
registersthatalias.

Here's wherethe coloring metaphorcomesin. If the interfer-
encegraphcontainsnodesof only a singleregisterclassandthat
classcontainsk independentand interchangeableregisters,then
�nding a k-coloring of the interferencegraphsolves the alloca-
tion problem. The color assignedto eachcandidatenodemaps
uniquelyto an availableregister, andnodesthat areneighborsin
thegraphnever receive thesameassignment.

Althoughk-coloring is NP-complete,Chaitindevelopeda sim-
pleapproachthatdoeswell in practicefor interferencegraphscon-
tainingnodesof asingleregisterclass[Chaitinetal. 1981;Chaitin
1982]. Chaitin's approachis basedon the observation that when
noden hasfewer thank neighbors,i.e., degreen < k, it is triv-
ially colorable. No matterhow colorsareassignedto its neighbor
nodes,therewill bea distinctcolor left for n. Chaitin's heuristic
repeatedlysimpli�es thegraphby removing andstackingtrivially
colorablenodes. Eachremoval lowers the degreesof neighbor
nodesandmay make additionalnodestrivially colorable. If the
processsucceedsin stackingall of thenodes,thenit is easyto as-
sign colorsby poppingonenodeat a time, restoringits edgesto
formerneighborsalreadypopped,andpicking a color not already
assignedto oneof them.

278



Of course,the graph-simpli�cationphasemay block with no
trivially colorable nodes to remove and stack. In that case,
Chaitin's methodpicks a node whosedegree in the remaining
graphis relatively high (sothat its removal liberatesasmany sub-
sequentnodesaspossible)but whosespill costis relatively low (so
thattherun-timeimpactof thisspill is low). It removesandstacks
thatnode,andthencontinueswith thesimpli�cation phase.This
brute-forcesimpli�cation meansthat color assignmentmay later
fail for someof the forcibly removednodes.1 In thatcase,theal-
locatorinsertsspill codefor theoccurrencesof thecorresponding
registercandidatesandstartsover on themodi�ed program.

This methodcanbe implementedquiteef�ciently . Thedegree
of eachnodeis cachedandupdatedincrementally. Whenthe al-
locatorremovesa nodefrom the graph,it setsthe node's cached
degreeto zeroanddecrementsthe cacheddegreesof the node's
neighbors,but it leaves the edgerepresentationin placefor use
later, whenthe nodeis reinstatedin the graphandgiven a color.
The color-assignmentalgorithm just ignoresedgesto neighbors
whosecacheddegreeis zero.

In summary, thetraditionalformulationof graphcoloringregis-
ter allocationis baseduponanintuitive interpretationof theinter-
ferencegraph,a beautifully simplecriterion for computingwhen
a nodeis trivially colorable,andan incrementalmethodfor ef�-
ciently computingcolorability even asnodesenterandleave the
interferencegraph.Our goalis to provide anequallysimplecrite-
rion for computingwhena nodeis trivially colorable,evenwhen
registersare not completelyinterchangeableor independent.In
addition, our generalizationof the colorability criterion should
not requirechangingthe structureor interpretationof the inter-
ferencegraph.Finally, this generalizationof thecriterionmustbe
amenableto anef�cient implementationandspeci�cally onethat
supportsincrementalcomputation.

3 Generalizing the Colorability Criterion

We now broadenthescopeof thegraph-coloringheuristicby de-
velopingandillustratinga drop-in replacementfor the traditional
colorability criterion. Section3.1 begins with a new formulation
of the colorability criterion that is easyto understand,is precise
for all architectures,but is expensive to compute. Sections3.2
and3.3 presenta safeandpracticalapproximationof this formu-
lationbasedonregisterclasses.Section3.4presentsanoptimality
propertyandshowsthatourapproximationis exactfor many com-
mercialarchitectures.

3.1 Sameheuristic, broaderscope

Ourgoalsareto allocateregistercandidatesfrom differentregister
classessimultaneouslyand allow theseclassesto containregis-
tersthatmayalias.FromSection2, we know that two candidates
n1 andn2 interfereif they aresimultaneouslylive andif a color-
ing of thesenodesmayleadto aliasing.Thepossibilityof aliasing
maybestatedformally as:

alias(classn 1 ) \ classn 2 6= ; _ classn 1 \ alias(classn 2 ) 6= ;

As always,theneighborsof a noden in the interferencegraph
combineto constrainthatnode's colorability. But ourview of col-
orability is complicatedby two problems.Becausetheremaynot
bea resourcelimit k thatall of thenodeshave in common,it no
longer makes senseto look for a k-coloring of the interference
graph.And theimpactof a neighboron thecolorability of n may
vary from neighborto neighbor. Figure1 presentsa simple ar-
chitectureandexampleinterferencegraphthatillustratethesetwo
problems.

1On the otherhand,sometimesa nodethat wasn't trivially colorable
turnsout to becolorable[Briggs,Cooper, andTorczon1994].

Architecturalde�nition:

F = f f 0; f 1; f 2; f 3g D = f d0; d1; d2g

alias(f 0) = f f 0; d0g alias(d0) = f d0; d1; f 0; f 1g
alias(f 1) = f f 1; d0; d1g alias(d1) = f d0; d1; d2; f 1; f 2g
alias(f 2) = f f 2; d1; d2g alias(d2) = f d1; d2; f 2; f 3g
alias(f 3) = f f 3; d2g

� d0 - � d2 -
f 0 f 1 f 2 f 3

� d1 -

Exampleinterferencegraph:

n 1 : F

n 2 : F n 3 : D

Figure 1. An examplearchitecture with two register classes,
F and D . ClassF containsfour single-precision�oating-point
registers, which alias with the three unaligneddouble-precision
registers listed in D . Becausethe register �le doesnot permit a
double-precisionregister to wrap aroundtheend,the two classes
havedifferent resource limits: four single-precisionregisters cre-
ate only threedouble-precisionones. In the interferencegraph,
noden3 is drawn as a larger circle becauseit placesa greater
constraint on thecolorability of n1 thandoesn2 .

On theotherhand,therearestill only �nitely many choicesfor
a noden, namelythe numberof membersin the classof n, that
is, jclassn j. Therefore,to producea new criterion for trivial col-
orability, we must�nd a measureof theconstraintsimposedon n
by n's neighbors,andthis measuremustbe comparablewith the
numberof choicesjclassn j. Wecall thismeasurethesqueeze.

More precisely, squeeze�
n is the maximumnumberof names

from classn that could be deniedto n becauseof an assignment
of registersto n's currentneighbors.Noden is trivially colorable
provided

squeeze�
n < jclassn j (1)

This inequalityhasthe sameform asthe traditionalcriterion. If
squeeze�

n canbe computedef�ciently , as is donefor degreen in
the traditional graph-coloringimplementation,then we can use
Equation1 asa drop-inreplacementfor thetraditionalcriterion.

Sohow shouldsqueeze�
n bede�ned?Imaginea gamein which

we want to allocatea registerfor noden, andanadversarywants
to stopus.Theadversarygetsto move �rst, by picking a coloring
of the neighborsof n. This coloring assignsto eachneighbora
singleregisterchosenfrom that neighbor's registerclass. When
it is our turn, we mustchoosefor n a registerthat doesnot alias
with any of theregisterschosenby theadversary. Theadversary's
bestmove is to considerall possiblecoloringsandchooseonethat
eliminatesasmany choicesfor n aspossible.In otherwords,if we
write S for thesetof registersin thecoloring,theadversaryshould
chooseacoloringthatmaximizesjclassn \ alias(S)j. Therefore,
themaximumnumberof namesfrom classn thatcouldbedenied
to n becauseof anassignmentof registersto n's neighborsis

squeeze�
n = max

S 2 coloringsof n 's neighbors
jclassn \ alias(S)j (2)

If this idealnumberis at leastjclassn j, theadversarywins. But if
squeeze�

n < jclassn j, thennoden is trivially colorable,andwe
win.
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3.2 Decompositionby class

We obviously cannot afford to enumerateall colorings of n's
neighborsevery time we needto determineif it is trivially col-
orable.Weinsteadde�ne anapproximation,squeezen , thatis fast,
safe,andgood. By “f ast,” we meanthat squeezen canbe com-
putedquickly. By “safe,” we meanthat squeeze�

n � squeezen
always, so if squeezen < jclassn j then squeeze�

n < jclassn j,
andnoden is trivially colorable. And by “good,” we meanthat
squeeze�

n = squeezen for a greatmany realarchitectures.In this
andthenext subsection,we develop thekey ideasbehindour ap-
proximationsqueezen . Section3.4 givesthecompletede�nition
of squeezen .

The �rst key idea is to considerthe impact of n's neighbors
by class,rather than individually. To motivate this idea, let us
considerthe casein which all of n's neighborshave the same
classC. ClassC mightbedifferentfrom n's class,classn , which
we write N . The worst-casenumberof elementsof N that can
be blocked by an adversary's coloringof somenumberm of n's
neighborsis a constantthatdependsonly on thepropertiesof the
targetarchitecture.We call this numberthe worst-casedisplace-
mentof N by C usingm nodes,worst m (N ; C):

worstm (N ; C) = max
S � C ^j S j� m

jN \ alias(S)j (3)

Worst-casedisplacementdoesn't dependon the interference
graphbeingcolored,which meansthatwe canprecomputeit for
all pairsof classesN andC andfor all valuesof m up to jCj.
The precomputedvaluescanbe storedin a lookup table for use
duringcompilation. For instance,for theexampleclassesin Fig-
ure 1, worst1(F; D ) = 2 since one double-precisionregister
consumestwo single-precisionones,worst 1(D ; F ) = 2 since
onesingle-precisionregistercanblock two double-precisionones,
worst1(D ; D ) = 3 sinceregisterd1 aliaseswith all of theother
double-precisionregisters,andalsoworst 2(D ; D ) = 3 sincea
coloringcannotconsumemorethanthenumberof registersin n's
class.

Theworst-casedisplacementof N by C is an integral compo-
nentof ourapproximation.Whenevernoden hasexactlym neigh-
bors,all of classC, worstm (N ; C) = squeeze�

n . Sincem is the
numberof neighborsof classC, wewrite it asdegreen (C).

When n has neighborsof more than one class,we estimate
squeeze�

n by summingworst-casedisplacementsover a set of
classesC:

Wn (C) =
X

C 2 C

worstdegreen ( C ) (N ; C) (4)

If we sum over all classesCal l , the sum Wn (Cal l ) is at least
as greatas squeeze�

n , so it is a safeapproximation. To under-
standwhy, think about the contradiction: if the ideal squeeze�

n
could be greaterthan Wn (Cal l ), the contribution from at least
one classof a coloring that achieves squeeze�

n would have to
exceed worstdegreen ( C ) (N ; C), contradicting the de�nition of
worst. A formal proof of safety relies primarily on the trian-
gle inequalityjA [ B j � jA j + jB j andon the interchangerule
maxS

P
C f (S;C) �

P
C maxS f (S;C).

3.3 Saturation to avoid overcounting

Although Wn (Cal l ) is safe, it is not always exact. For exam-
ple,whentwo registerclassesuseoverlappinghardwareresources,
Wn (Cal l ) may count the overlappingresourcestwice. Figure2
showsanexamplein which theoverlappingresourcesareregisters
r 0 andr 1.

To improve on Wn (Cal l ), we observe that theworst theadver-
sarycando with any groupof neighborsis to useall theregisters
in thoseneighbors'classes.In Figure2, theworst is boundedby

Architecturalde�nition:

A = f r 0; r 1g B = f r 0; r 1; r 2g C = f r 0; r 1; r 2; r 3g

8r 2 A; B ; C : alias(r ) = f r g

C
z }| {

A
z }| {

r 0 r 1 r 2 r 3
| {z }

B

Exampleinterferencegraph:

n1 :C

n2 :A

n3 :B n4 :B

n5 :B

Figure 2. Thisexampleillustratesovercountingof registers. The
machinehasthreeregisterclassesA, B , andC. In theinterference
graph,n1 hasoneneighborof classA andthreeof classB . The
sumWn (f A; B ; Cg) counts1 for classA and3 for classB , for
a total of 4, but the actual squeezeimposedby classesA and B
together is only 3. Noden is saturatedwith respectto classes
A andB . Noden is in fact trivially colorable.

thenumberof registersin thesetof classesf A; B g. But the idea
appliesto any setof classes:given a setof classesC, it follows
from Equation2 thatthecontribution to squeeze�

n from neighbors
of thoseclassesis boundedby thealiassetsof thoseclasses.We
write this boundasbound(N ; C), de�ned by

bound(N ; C) = jN \ (
[

C 2 C

alias(C)) j (5)

For any C, if we considertermsin Wn (Cal l ) that dependon C,
we can replacethe partial sum over those terms, Wn (C), by
min( bound(N ; C); Wn (C)) , andweavoidovercountingtheover-
lappingresourcesin C. To avoid moreovercounting,we canre-
orderandparenthesizepartial sumsin Wn (Cal l ), thencapeach
parenthesizedpartialsumby abounddescribedbelow. Section3.4
explains how we structurethis boundedsum to best approxi-
matesqueeze�

n . Thoughtherearemany choicesfor orderingand
parenthesization,Section3.4shows thatthereis only onesensible
choicefor any realmachine.Thus,for therestof this section,we
focusona fastmethodfor evaluatingtheboundedsum.

Ourmethodfor evaluatingtheboundedsumis motivatedby the
observation that the parenthesizedexpressionfor Wn (Cal l ) can
be viewed asa tree. We refer to this treeasa classtree. Each
pairof parenthesesin theexpressioncorrespondsto avertex in the
tree.Eachvertex v hasasetof registerclasses,writtenclasses(v).
Eachclassin classes(v) correspondsto a term in Wn (Cal l ) that
is inside the parenthesesfor v but not in thoseof a child of v.
Thesetof child verticesof v is written children(v). Every vertex
except the root hasa parentvertex, written parent(v). Parents
correspondto immediatelyenclosingparentheses.Finally, each
classC appearsin exactly onetermin Wn (Cal l ) andthusin one
vertex in thetree,which wewrite vertex(C).

Recallthatthis classtreeis meantto helpusavoid overestimat-
ing thesqueezeoncandidatenoden by itsneighbors.In thesimple
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case,n becomessaturatedwith respectto a setof classesC when
Wn (C) reachesbound(N ; C).2 For any vertex v in theclasstree,
theboundweuseis with respectto thesetof classesin thesubtree
rootedatv. Wewrite thissetv+, formally de�ned as:

v+ = classes(v) [
[

v 02 childr en ( v )

v0+ (6)

And we call bound(N ; v+) thesaturation boundat vertex v.
Givena classtreecontainingvertex(classn ), we canestimate

the total squeezeon n as the boundedsumat the root R of this
tree:

squeezen = Z (n; R) (7)

The boundedsum Z is computedusing the following recursive
function:

Z (n; v) = min( bound(N ; v+); rawZ (n; v))

rawZ (n; v) =
X

C 2 classes ( v )

worstdegreen ( C ) (N ; C)

+
X

v 02 childr en ( v )

Z (n; v0)

(8)

Without min and bound, Z (n; R) would be exactly equal to
Wn (Cal l ). But Z (n; R) is a betterestimatebecauseit is �lter ed:
ourestimateof thecumulative numberof colorsdeniedby thead-
versaryat therootof any subtreein n'sclasstreecanneverexceed
thesaturationboundatv. At eachvertex v of theclasstree,wecal-
culaterawZ (n; v), the“raw” squeezeonnoden dueto neighbors
with classesin classes(v) or to thechildrenof v. Theword “raw”
is a reminderthat this variantof squeezeis not yet �ltered. Raw
squeezeis simply thetotalworst-casesqueezefrom n'sneighbors
whoseclassesare in classes(v) plus the �ltered squeezevalues
Z (n; v0) for eachvertex v0 in children(v). For eachvertex, �l-
tering recognizesthat theadversarycannotconsumemorecolors
thanpossibleby usingall registersin classesin thesubtreerooted
at thatvertex.

Safety. To show thatZ (n; R) safelyapproximatessqueeze�
n , we

begin by de�ning Z � (n; v) to be the maximumamountthe ad-
versarycan squeezenoden by coloring neighborsof n whose
classesare in v+. The ideal squeezesqueeze�

n is exactly equal
to Z � (n; R). Our approximationis safebecausefor any vertex v,
Z � (n; v) � Z (n; v). Weprovethisfactby inductionontheheight
of thesubtreerootedat v. Thekey lemmais that

Z � (n; v) �
X

C 2 classes ( v )

worst degreen ( C ) (N ; C) +
X

v 02 childr en ( v )

Z � (n; v0)

This lemmais provedusingthetriangleinequalityandinterchange
rule.

3.4 Alias relationshipsand the classtree

To get thebestpossibleapproximation,we want a classtreethat
minimizesZ . Sinceovercountingoccurswhenclassesoverlap,a
key propertyof goodclasstreesis thatclasseswith aliasesin com-
mon appearunderthe samesaturationbound. Underconstraints
thataresatis�edfor all machinesof whichweareaware,weshow
how to constructclasstreesfor which Z is assmallaspossible.

Considerthecasein which two classesC1 andC2 aliasexactly
thesameregisters.Wesaysuchclassesarealias-equivalent, writ-
tenC1 � C2 :

C1 � C2 , alias(C1) = alias(C2): (9)

2A nodecanevenbesaturatedwith respectto a setof classeswithout
necessarilybeingsaturatedwith respectto any of theindividual classesin
theset.

If C1 � C2 , thensetsf C1g, f C2g, andf C1 [ C2g all provide
thesamesaturationbound.Soto addworst degreen ( C 1 ) (N ; C1) to
worstdegreen ( C 2 ) (N ; C2) andthenboundthemtogetheris at least
as good as to boundthem separatelyand then add. It is there-
fore not hard to show that to get the bestapproximation,alias-
equivalentclassesshouldalwaysbein thesamevertex of theclass
tree.It is alsonot hardto show thatwe geta betterapproximation
if eachvertex containsonlyalias-equivalentclasses.

A classicexampleof alias-equivalentregisterclassesis �oating-
point register pairing as found in the original MIPS, SPARC,
andHP PA-RISC microprocessorfamilies:eachconsecutive pair
of single-precision�oating-point registerscombinesto form one
double-precisionregister. But alias equivalenceis broaderthan
traditionalpairingof registers,asillustratedby theregisterclasses
in Figure1.

Anothercasein which it is useful to apply the sameboundto
two classesis onein which thealiassetof classC1 is contained
within thealiassetof classC2 . We saythatC1 is alias-contained
in C2 , writtenC1 @C2 :

C1 @C2 , alias(C1) � alias(C2) (10)

If thevertex containingC1 is a descendantof thevertex contain-
ing C2 , we canprevent thecommonregistersfrom beingcounted
in bothC1 andC2 .

Alias-containedregisterclassesarefoundon sucharchitectures
astheMotorola68K, theIntel x86,andtheIntel Itanium.The68K
is a classicexample: addressregistersCa anddataregistersCd

form distinctregisterclasses,eachof which is aliascontainedin a
third classCad , whichcontainsboththeaddressanddataregisters
(Cad = Ca [ Cd ).

When classescan overlap without being alias-equivalent or
alias-contained,we know of no way to constructa classtreethat
alwaysgivesthebestapproximation.But for every realarchitec-
turewe have studied,classeswhosealiassetsoverlapare always
alias-equivalentor alias-contained.For thesearchitectures,wecan
build a classtreethatis guaranteedto give thebestpossibleZ for
any interferencegraph.This treehasthreeproperties:

� For every vertex v, classes(v) is notempty.

� Thealiassetof every child vertex is containedin thealiasset
of its parentvertex, wherethealiassetof avertex v is theunion
of thealiassetsof classesin classes(v).

� If two verticeshavethesameparent,theiraliassetsaredisjoint.

Sucha classtreealwaysexists,andit is easyto show (by contra-
diction) thatit is unique.

For example, the Motorola 68040, with its on-chip �oating-
pointunit,wouldhavetwo classtrees.Theintegerclasstreewould
berootedwith thealiassetof Cad ; thisvertex wouldhavetwo chil-
drencorrespondingto verticeswith aliassetsof Ca andCd . The
otherclasstreewouldcontainasinglevertex correspondingto the
aliasesof the�oating-point class.

Optimality . To show that the uniqueclasstreeabove givesthe
bestpossibleapproximation,wede�ne a“good” vertex asonethat
alias-containseachof its children,whosechildrenareall disjoint,
andwhoseclassessetis not empty. A “bad” vertex violatesone
or moreof theseconditions. In the uniqueclasstreeabove, all
verticesaregood.Supposethereis someotherclasstreethatpro-
vides a betterapproximation. Then we can �nd a bad vertex v
whoseproperdescendantsareall good. No matterhow v is bad,
thereis a local transformationof thetreethathastwo properties:

1. It improvesZ , or at worstleavesit unchanged.

2. Either it decreasesthe numberof vertex pairs in which alias-
containmentdoesnot imply ancestry, or it leavesthis number
unchangedanddecreasesthe numberof parent-childpairs in
which theparentdoesnotalias-containthechild.
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By property2, we canrepeatlocal transformationsuntil thereare
no morebadvertices,and this repetitionis guaranteedto termi-
nate.By property1, thissequenceof transformationsmakesZ no
worse.Thereforethe“good” classtreeproducesanapproximation
thatis at leastasgoodasany otherclasstree.

Exactness. We canshow that our approximationis exact for a
largenumberof realarchitectures.Forexample,it isnotdif�cult to
show thatexactnessholdswhennoregisterclasseshavealignment
restrictions,andthe classeswith overlappingaliassetsarealias-
equivalent. In sucha case,no overcountingof thealiasedregister
resourcesis possiblein Equation8, becauseeachclasstreehas
exactlyonevertex.

Our approximationremainsexacteven if we allow somealign-
mentrestrictionswithin a registerclass;an acceptablealignment
restrictionsimplyneedsto exhibit a largeamountof regularity. By
regularity we meanthat all “multi-registers”area power of two
in size,whenmeasuredin units of singletonregisters,andthese
multi-registersall align on the appropriatepower-of-two bound-
ary, asde�ned by thesingletonnumbering.

A lessregular architecturewhich demonstrateswhen our ap-
proximationis not exact (thoughstill safe)is the Intel i960. The
i960 hasnot only single-widthandquadruple-widthinteger reg-
isters,but also triple-width registers,eachof which aliaseswith
threesingleregistersandmustalign on a quadruple-widthbound-
ary. For this machine,our colorability criterionmayoverestimate
thesqueeze;for example,if a single-widthnodehasneighborsof
both triple-width andquadruple-widthclasses,our coloringcrite-
rion cannotdetectthatbecauseof alignmentconstraints,a register
numbered3 modulo4 maybeavailable.

4 Implementing Our Colorability Criterion

Thissectiondescribeshow weef�ciently implementourcolorabil-
ity criterion and,in particular, Z (n; R), which is themeasureof
theconstraint(or “squeeze”)on noden by its neighbors.Justas
a traditionalgraph-coloringregisterallocatorcachesthedegreeof
eachinterference-graphnode,wecachethevalueof Z (n; R). And
asin atraditionalallocator, whennoden gainsor losesaneighbor,
wemustincrementallyupdateZ (n; R). Saturationmakesthisup-
datetricky, sincethe effect of addingor removing a neighborof
classC dependson whethern is saturatedwith respectto some
setof classescontainingC.

A barrier to incrementallyupdatingZ (n; R) is that the value
of worstdegreen ( C ) (N ; C) in Equation8 maychangein nonlinear
waysasdegreen (C) changes.But asanapproximation,theharm
theadversarycandowith m registersis nomorethanm timesthe
harmtheadversarycandowith oneregister:

worstm (N ; C) � m � worst1(N ; C) (11)

Evenbetter, for thevastmajorityof realcommercialarchitectures,
this approximationis exact up to bound(N ; f Cg). As a bonus,
usingthis approximationmeanswe have to storeonly thetableof
worst1(N ; C) values,not worst m (N ; C) for every m up to jCj.
Wethereforeusethis approximationof worst m (N ; C).

To updateZ (n; R) incrementally, we observe that addingor
removing a neighborof classC affectsthe valueof rawZ (n; v)
only atverticesv onthepathfrom vertex(C) to therootvertex R.
That'sbecausethosearetheonly verticeswhoserawZ valuesde-
pendondegreen (C).

Wecanminimizetheamountof recalculationdonewhenadding
or removing a neighborif we cachenot only the �ltered squeeze
Z (n; R), but alsothevalueof the rawZ (n; v) for eachvertex v
in n's classtree. Notice that it is incorrectto cachethe �ltered
Z (n; v) values,since�ltering losesinformationabouthow many

neighborsof a classwere addedand this count is neededwhen
neighborsdropoutof thegraph.

Now considerthesequenceof p verticesthatstartsatvertex(C)
andthenfollowsparentlinks to therootclassR: v1 = vertex(C),
vi +1 = parent(vi ), vp = R. Fromthis sequence,we canobtain
adjustments� 1 ; : : : ; � p for the cachedraw squeezevaluesusing
thefollowing recurrencerelations:

� 1 = � worst1(classn ; C)
� i = rawZ (n; vi )
� i = bound(classn ; vi +)
� i +1 = �( � i ; � i ; � i )

for 1 � i � p, where� i is the cachedraw squeeze,� i is the
changein � i , and� i +1 is thechangepropagatingalongtheparent
link after �ltering by thebound� i . The initial change� 1 is pos-
itive whena neighboris addedandnegative whena neighboris
removed.

The function �( �; � ; � ) is de�ned in termsof an initial raw
squeeze� , a change� , anda saturationbound� :

�( �; � ; � ) =
�

max(0; min (� ; � � � )) if � � 0
min (0; max(� ; � � (� � � ))) if � < 0

WhenrawZ (n; vi ) goesfrom � i to � i + � i , theresultingchange
in Z (n; vi ) is givenby �( � i ; � i ; � i ). First,considerwhen� 1 > 0,
which correspondsto addinga neighbor. If both � and� + � are
below thebound� , thenthechangein squeezeis thesameasthe
changein raw squeeze.If bothareabove thebound,thenthere's
no changein squeeze.If they bracket thebound,thenthechange
in squeezeis limited to � � � . The logic for � 1 < 0 (removing
a neighbor)is analogous.When� i goesto 0 for somei , it means
that a boundsomewherealong the path to the root kept the rest
of thenodesalongthepathfrom beingaffectedby theadditionor
removal of theneighbor.

By thede�nition of rawZ , thechangein rawZ (n; vi +1 ) comes
from one term in the sum over the children of vi +1 , namely
Z (n; vi ). So the changein rawZ (n; vi +1 ) is �( � i ; � i ; � i ), i.e.,
� i +1 . And the net effect on noden of the neighborchange,i.e.,
thenetchangein Z (n; vp ), is �( � p ; � p ; � p ).

To updaten's cachedsqueeze,we compute�( � p ; � p ; � p ).
Each� i is availableasa cachedraw squeezevalue,andthe im-
plementationmustupdateeachcachedvaluethat changesdueto
additionor removal of n's neighbors.Figure3 presentsC++ code
for computing�( � p ; � p ; � p ) given a noden, a vertex v, and a
raw change� 1 . During thecomputation,thecodeupdatesn's raw-
squeezecacheasnecessary. The function bound(n.class, v)
returnsbound(N ; v+). Thecomputationterminateseitherwhenit
reachestherootvertex vp = R or whenfilteredChange becomes
zero. When filteredChange becomeszero,it meansthat thead-
dition or removal of n's neighborhasno immediateeffect on n's
squeezevalue,andhence,on thecolorability of n. Note thatad-
dition or removal of a neighborwill always changeat leastone
cachedraw squeezevalue, even when the �nal filteredChange
value is zero, so that the effect of the changeis not lost to the
system.

To re�ect removal of aneighbort of noden, a registerallocator
mightusethefunctionsqueezeChangeasfollows:

n.squeeze += squeezeChange(n, vertex(t.class),
-worst1(n.class, t.class));

5 Generalizinga Representative Allocator

Theiterated-coalescingalgorithmis a textbookexampleof graph-
coloring registerallocation[George andAppel 1996;Appel and
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int squeezeChange(IgNode n, Vertex v, int delta)
{

int alpha = n.rawSqueeze[v];

n.rawSqueeze[v] += delta;

int filteredChange = Delta(alpha, delta,
bound(n.class, v));

if (filteredChange == 0 || parent(v) == noVertex)
return filteredChange;

return squeezeChange(n, parent(v), filteredChange);
}

Figure 3. To computethe change in squeezen dueto addingor
removinga neighborof classC, westartwith noden, vertex(C),
and� 1 , which is positiveto addandnegativeto remove. Auxiliary
functionDelta is � . Functioncall parent(v) producesthedistin-
guishedvaluenoVertex whenv is therootR of n'sclasstree. The
value�nally returnedis thechange in Z (n; R).

Palsberg 2002]. In six pagesof well-documentedpseudocode,it
coversall the importantdetailsof a practicalimplementationof a
Chaitin-styleallocator, asmodi�ed to re�ect GeorgeandAppel's
strategy for coalescingcopy instructionsandfor representingreg-
isterexclusions.

Beforedevelopingthe ideasin this paper, we implementedthe
iterated-coalescingalgorithm in C++ following George andAp-
pel'spseudocode,with extensionssuggestedby LeungandGeorge
[1998]. We have derived a secondimplementationfrom that �rst
oneby substitutingour generalizationof thecolorability criterion
andby usingclasstreesto accountfor saturation.In this section,
we describethe effort requiredto generalizethis representative
registerallocator. In the next section,we show that the result is
practicalto usein a productioncompiler.

Thereare a dozenplaceswherethe allocatortestswhethera
nodeis trivially colorable.Naturally theallocatormakesthis test
during graphsimpli�cation, whenit is trying to determinea col-
oring orderby eliminatingunderconstrainednodesfrom theinter-
ferencegraph. But it also teststrivial colorability as part of its
heuristicsfor decidingwhento try coalescinga copy instruction
andwhetherthe decisionto coalescea copy could have negative
consequences.

Thetraditionalallocatorusesthecriteriondegreen < k to test
trivial colorabilityof noden. Ourgeneralizationreplacesthattest
with squeezen < jclassn j. In eachcase,thetestis small(oneline
of code)andef�cient (constanttime,noprocedurecalls).

Strategy for coalescing. Coalescingis affectedby more than
just thegeneralizationof thecolorability criterion. If anallocator
decidesto eliminatea copy and coalescethe interference-graph
nodesrepresentingits sourceanddestinationoperands,the class
of the resultingcoalescednode must be the intersectionof the
operands'classes.A copy instructioncanbecoalescedonly if the
resultof the intersectionis a registerclass.On every machineof
whichweareaware,theintersectionof two classesis eitherempty
or is oneof thetwo classes,soour implementationprohibitscoa-
lescingonly whentheoperands'classesdonotoverlap.Wecheck
for overlapduringtheconstructionof theinterferencegraph,at the
point wheretheoriginal allocatoridenti�es copy instructionsthat
mightbecoalesced.

Whentwo nodesarecoalesced,theclassof thecoalescednode
is thesmallerof the two original classes.Exceptfor the fact that
theallocatormustretainthenodewith thesmallerclass,coalesc-
ing is asimplementedby GeorgeandAppel.

Shouldweeverencounteramachinein whichtwo classescould
overlapwithoutonebeingcontainedin theother, wewouldhaveto
changeourcode.First,we wouldhave to addclassesasneededto
make thesetof classesclosedundernonemptyintersection.Sec-
ond, to coalescetwo nodes,the allocatorwould have to createa
new nodeto replacethe original nodes,making the new node's
classthe intersectionof theoriginal nodes'classes.Transferring
edgesto thenew nodewould usethesameprocedureastransfer-
ring edgesin theoriginalpseudocode,maintainingtheintegrity of
theapproach.

Representingregisterexclusions. In general,therearepointsin
aprogramwherearegisterandall of its aliasesareunavailablefor
allocation.For example,a caller-savesregisteris unavailableat a
call site.Theregisterallocatorneedsaway to inhibit allocationof
theregisteratsuchapoint, i.e.,theregistermustbeexcludedfrom
the setof allocableregistersof candidateswhoselifetimes cross
thepointof unavailability.

For candidateswhoseregisterclassesdon't containanexcluded
register, exclusionis implicit andneedsno specialrepresentation.
For othercandidates,it is customaryto representanexclusionby
extendingthegraphwith anexclusionnodethatrepresentstheex-
cludedregister, and to add an interference-graphedgefrom the
exclusionnodeto thecandidate's node.Suchanexclusionedge is
neededfor eachmemberof the candidate's classthat is unavail-
able.

GeorgeandAppel useexclusionnodesandedgesin their allo-
cator. But becauseanexclusionnodecanhaveaverylargenumber
of exclusionedges,they omit neighborlists from suchnodes,and
they carefullydesigntheir allocatorto avoid needingthoselists.

We preferto omit exclusionnodesfrom the interferencegraph
altogether. Instead,to identify the registersfrom which a can-
didate is excluded, our implementationassociatesan excluded-
register set with eachcandidate. When testing for colorability,
we still calculatesqueezen andcompareit to thenumberof reg-
isternamesavailableto candidaten. Thenumberof namesavail-
ablesimply becomesthe sizeof n's classminus the sizeof n's
excluded-registersetE , jN j � jE j, which is aconstant.Whenthe
color-selectionphaseof theallocatorcomputesthesetof excluded
“colors” for eachcandidate,theexcluded-registersetis usedto ini-
tializethesetof excludedcolors.As Section6 shows,omittingex-
clusionnodesfrom theinterferencegraphalsoleadsto spacebene-
�ts. Omissionof exclusionnodescanalsoimprovethecost/bene�t
estimatesusedfor choosinga candidateto spill. Thedegreeof a
candidate's nodeis traditionallypartof suchestimatesbecauseit
approximatesthe increasein overall colorability to be gainedby
removing thenodefrom thegraph.But countingexclusionedges
in suchan estimateskews the result,sincethe colorability of the
exclusionnodesthatthey connectto is not in question.

Effort required. Overall, our original implementationof the
GeorgeandAppelallocatorwith extensionsby LeungandGeorge
took 1215linesof code.For our generalizedversion,we changed
thatcodein 25places.Thereare80 linesof new codefor de�ning
andmaintainingextra �elds for squeeze cachesin the nodedata
structure. The squeezeChangefunction in Figure3 is typical of
thisaddedcode.In addition,we replaced37 linesof original code
with 68 lines of generalizedbut functionally similar code. The
twelve placeswherewe generalizedthe colorability criterion are
typical of thesereplacements.Finally, we wrote210linesof code
that runs once,when the compilercon�gures itself to the target
machine.This codederivesa representationof the registerclass
tree,theworst-case-displacementtable,andotherstaticstructures
thatallow theallocatorto operateef�ciently .
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6 Practicality

Section3.2 talks aboutan approximationfor the ideal squeeze�
n

thatis safe,good,andarguablyfast.Herewe exploreexactlyhow
fastit is.

Our generalizationof the George andAppel allocator, asdis-
cussedin Section5, is implementedin MachineSUIF. This allo-
cator is not just an experimentalprototype;we useit in our ev-
erydayresearch. We measuredregister-allocationtimes for the
SPEC2000benchmarksuite;eachmeasurementis theaverageof
� ve runson anunloaded2.53GHz Pentium4 with 2 GB of mem-
ory. MachineSUIF includesbackendsfor Alphaandx86,andwe
areableto compileandrunall of theC andFORTRAN-77bench-
markson thesetwo targets.BecauseSUIF doesnot supportC++,
FORTRAN-90,or extendedFORTRAN-77,we do not includere-
sultsfor theSPECbenchmarkswritten in theselanguages.

Our registerallocatorcanbe compiledto useeither the tradi-
tional colorability criterionor our new, generalizedcriterion. Re-
con�guring theallocatorfor anew machinerequiresspecifyingthe
registerclasses,their members,andtheregister-aliasmap. In our
C++ implementation,this speci�cationtakesoneline of codefor
theclassenumeration,oneline perclassfor de�ning classmem-
bership,andoneline per registernamefor specifyingits aliases.
We areworking on a schemeto generatethis codeautomatically
from a simplespeci�cationlanguage.

Thissectionpresentsthreesetsof experimentsthatfocuson the
practicalityof our generalizedcolorability criterion. Section6.1
looks at the costof our approachfor an x86 target, which is an
architecturethat exhibits registeraliasinganda non-trivial class
tree. Section6.2 shows how the costof our allocationapproach
scaleswith increasedregisterpressure.Section6.3 measuresthe
costof our approachfor anAlpha target,which is anarchitecture
thatdoesn't alwaysneedthegeneralityof ourapproach.

6.1 Costof doing allocation right

Our �rst setof experimentsmeasuresthecostof allocatinginteger
registersfor theIntel x86target.Thex86architectureis interesting
becauseit includesalias-equivalent16-bit and32-bit accumulator
registersthatalsoaliaswith pairsof byteregisters.In addition,the
architectureincludestwo alias-equivalentclassesof 16-and32-bit
index registersthat cannotbe usedeverywherethe 16- and 32-
bit accumulatorregisterscanbe used.As illustratedin Figure4,
we thushave two registerclasses—theaccumulatorregistersand
theindex registers—thatarealias-containedin thecompletesetof
integerregisters.

In Figure5,weevaluatetheimpactoncompiletimeof usingour
generalizedalgorithm with the registermodel illustratedin Fig-
ure4. To helpanalyzethecomponentsof allocationtime,we also
show two othertimings. The�rst (Trad-ideal) usesthetraditional
graph-coloringformulationand targetsan x86-like machinethat
hasa singleideal registerclasscontainingsix 32-bit registersthat
are interchangeableand independent.The second(Gen-noalias)
usesour generalizedformulationandthesamesetof x86 register
classesshown in Figure4 but without any aliasingof their mem-
bers. The third (Gen-real) usesthe generalizedformulation for
the real x86 target, including aliasing. The allocationtimes are
reported,for eachbenchmark,relative to the allocationtime of
the (Trad-ideal) case. For theseexperiments,we measureonly
thecostof the�rst iterationof coloring,sincethealgorithmsmay
iteratedifferent numbersof times given the different hardware-
resourceconstraints.Also, becausethe x86 doesnot have allo-
cable�oating-point registers,we reportallocationtimesfor only
the integer benchmarks.The times are averagesover � ve runs,
with all standarddeviationswell below 1%. Eachbarin thegraph
breaksthetotal allocationtime into thetimespentbuilding thein-
terferencegraph,timedevotedto coalescingcopy instructions,and

Registerclassesfor x86:

CE X : f eax; ebx;ecx;edxg
CX : f ax; bx; cx; dxg

CLH : f al ; ah; bl; bh;cl; ch; dl; dhg
CE I : f esi; edig

CI : f si; dig
CE X I : CE X [ CE I

CX I : CX [ CI

Classtree:

CE X I ; CX I

CE X ; CX ; CLH CE I ; C I

Figure 4. Classde�nitions and classtree for x86. Many of the
classesare alias-equivalent,e.g., the classCE X , containingthe
32-bit accumulatorclasses,is alias-equivalentwith CX , contain-
ing the16-bit accumulators, andCLH , containingthe8-bit accu-
mulators.
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Figure 5. Thecostof our approach whenregisters aren't inter-
changeableand independent.Thetarget machine is an x86. Al-
location timesare presentedfor the traditional approach (Trad-
ideal) usinga singleidealizedregisterclass(with interchangeable
and independentregisters), and for our approach using the real
setof x86registerclasses(Gen-real) andusingthesamesetof x86
register classesbut without any aliasing of their members (Gen-
noalias). Theresultsare scaledfor each benchmarkto thealloca-
tion timeof thetraditionalapproach.

time for otherallocationactivities (classifyingoperands,inserting
spill instructions,rewriting codeto replaceregistercandidateswith
their assignedregisters,etc.).

Theresultsin Figure5 show thatour generalizedapproachin-
creasesallocationtimesby lessthan30%for all benchmarksand
lessthan15%for all but perlbmk. By comparingthenumbersfor
Gen-realagainstGen-noalias, wecanquantifythecostof aliasing,
andby comparingGen-noaliasagainstTrad-ideal, we canquan-
tify thecostof classtrees.

Increasesin thecostto build an interferencegraphcomefrom
several sources. When registersalias, the generalizedallocator
must performan interferencechecknot just for the register de-
�ned at a de�nition point, but also for eachaliasof the de�ned
register. This repeatedwork in the inner loop of building the in-
terferencegraphaccountsfor muchof thedifferencein allocation
time betweenGen-noaliasandGen-real. Most of the restof the
extra time to build the interferencegraphis dueto an increasein
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thenumberof edgesinsertedinto theinterferencegraphwhenreg-
ister classesalias. This resultingincreasein register contention
alsoaccountsfor increasesin the time to completetheallocation
tasksin theCoalescingandOthercategories.

In the cost to build an interferencegraph,the differencesbe-
tweenTrad-idealandGen-noaliasaredueto the costof running
squeezeChange. This routineis run twice(oncefor eachendpoint)
whenaddinganedgeto theinterferencegraphunderGen-noalias.
The routineis alsorun whennodesareremoved from the graph,
explainingthesmallchangein portionsof theallocationtimesla-
belledOther.

6.2 Costof increasedregisterpressure

We now presentanexampleof how thecompile-timecostsof our
generalizedalgorithmscaleasregistersbecomescarce.We focus
on architectureswith aliasedregistersbecause,as shown in the
previousexperiment,aliasinghasanoticeableimpactonallocation
time.

We de�ne an imaginary family of targets basedon the Al-
pha architecture,identical except for the sizesof their �oating-
point register�les. Our primary target in this sectionis onethat
createsdouble-precisionregistersout of alignedpairs of single-
precisionregisters.To verify thatour algorithmcansuccessfully
exploit the single-precisionregisterpairs,we alsode�ne a base-
line machinemodelwith only double-precisionregisters—sothat
a single-precisionvalueconsumesanentiredouble-precisionreg-
ister.

For this experiment,we choseto usethe benchmarkGSM, a
speech-compressionprogramfrom the MediaBenchsuite [Lee,
Potkonjak, and Mangione-Smith1997]. This programcontains
a goodmix of single-anddouble-precision�oating-point register
candidates.All run-timeresultsfor GSMweregeneratedusingits
“clinton ” input.

Sincewe would like to compileGSM undera rangeof regis-
ter pressures,we mustidentify a proxy for registerpressure.The
proxy we use is the percentageof spill instructions(loads and
stores)executed.Usingthismeasure,Figure6 showsthatouralgo-
rithm encountersnearlynoregisterpressurewhencompilingGSM
for a target with 12 double-precisionregisters(with pairs). The
numberof executedspill instructions(andthusregisterpressure)
increasessteadilyaswe reducethe numberof available�oating-
point registers.

Figure 6 also reportsthe percentageof spill instructionsexe-
cutedby GSMwhencompiledfor atargetwithoutsingle-precision
pairs. As expected,an aliasing-awareallocatoris able to reduce
spilling by exploiting thesingle-precisionregisterpairs.

Figure 7 resumesour focus on the targetswith aliasedpairs.
It shows the total time spentin allocationfor all proceduresin
GSM. As registersbecomescarceandregisterpressureincreases
(readingthebarsright to left), total allocationtime alsoincreases.
Interestingly, asFigure7 illustrates,thechangein allocationtime
comesin steps. The reasonis that whenspilling occurs,the al-
locatoris forcedto rebuild the interferencegraphandto launcha
new coloring attempt. As registerpressureincreases,the alloca-
tor mustdiscardandrebuild theinterferencegraphmoreoften. In
thisexperiment,thetargetswith 10and12double-precisionregis-
tersrequiredthesamenumberof iterationsof thebuild-graph-and-
color loop; the targetswith 6 and8 double-precisionregistersre-
quiredanextra two iterationsdueto spilling; andthetargetwith 4
double-precisionregistersrequiredyetanothertwo rounds.Hence
thestepsup in time.

It may seemodd that the times tend to be so even within the
steps.Thereasonthe“10pairs” caseresembles“12pairs” is sim-
ply that,for theGSMbenchmark,spilling doesn't changebetween
the two. But that's not true for the transitionbetween6 and 8
pairs.To understandtheeffectof thisdifference,considerthetime
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Figure 6. Dynamicspill-codefractionsfor theGSMbenchmark.
TargetslabelledWith pairscreatedouble-precision�oating-point
registers fromalignedpairs of single-precisionregisters. Targets
labelled Without pairs store all �oating-point valuesin double-
precisionregisters. Theverticalaxisshowsthefractionof dynamic
instructionsthatare spills.
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Figure 7. Register-allocation timesfor the GSMbenchmark, as
compiledfor an imaginary Alphafamily with �oating-point regis-
terpairs. Thehorizontalaxisshowsthenumberofsingle-precision
pairscomprisingthe�oating-point registerpool. Theverticalaxis
showsthetotal numberof secondsrequiredfor registerallocation
of theentire GSMbenchmark.

requiredto build aninterferencegraph.For a givenprocedure,the
�rst graphtakesaslong to build for onetargetasfor another. But
whenspilling forcesa secondor subsequentiterationof thebuild-
and-colorloop, two kinds of changesaffect graph-building time.
Theadditionof spill instructionsto theprogrammeansthat there
aremoreinstructionsto bescannedwhile creatingtheinterference
graph. However, the removal (by spilling) of highly constrained
registercandidatesmeansthat therearefewer interference-graph
edgesto becreated.Thetimecostof graphbuilding is verynearly
alinearcombinationof thenumberof instructionsscannedandthe
numberof edgescreated.For allocationswith 6 and8 pairs,the
two termscounterbalanceeachotheralmostexactly.

The costof copy coalescingalsodependsheavily on the edge
density of the graph, becausethe heuristic that avoids over-
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Figure 8. Thecostof our generalization whenit isn't necessary.
Thetarget is an Alpha.Allocationtimesare presentedfor thetra-
ditional approach (Trad-sep), our approach usingseparate allo-
cationsfor each registerclass(Gen-sep), andour approach using
a singlecombinedallocationpassfor all classes(Gen-comb). The
resultsare scaledfor each benchmarkto theallocationtimeof the
traditionalapproach.

coalescingrequiresvisiting the neighborsof potentialcoalesced
nodes.However, theheuristicalsoentailsmorebookkeepingwhen
the numberof overconstrainedneighborsof a coalescednodeis
higher, which becomesmorelikely asregisterpressuregrows. So
like interference-graphbuilding time,thetimefor copy coalescing
staysaboutlevel astheregisterpool dropsfrom 8 pairsto 6 pairs,
becausethe lower edgedensityon secondandsubsequentcolor-
ing iterationsis counterbalancedby ahigherrelativepopulationof
overconstrainedcandidatenodes.

The effect of increasedspilling on the “Other” time costsof
registerallocationis smaller, becausetheextra time to insertload
and store instructionsand to createshort-lived temporariesis a
relatively smallfractionof thework in thiscatchallcategory.

In summary, theallocation-timeperformanceof ourgeneralized
algorithmincreasesslowly andin a predictablemannerasregister
pressureincreases.Partof theappealof traditionalgraphcoloring
is that its cost is commensuratein practicewith the work it gets
done,andourgeneralizationretainsthatappealingproperty.

6.3 Costof alwaysdoing allocation right

Our last experimentmeasuresthe cost of allocating the integer
and �oating-point registersfor a real Alpha target. The Alpha
architectureis interestingbecauseif we allocateAlpha's integer
and �oating-point registersseparately, our generalizationis not
needed—wecanusethetraditionalformulationof graphcoloring.
Figure8 comparesallocationtimesfor thetraditionalformulation;
for ourformulation,butusingseparateallocationpassesfor integer
and�oating-point registers;andfor our formulationusinga single
combinedallocationpassfor all registers.Sincewe're interested
in compilationinvolving multiple registerclasses,this sectionin-
cludesresultsfor only theSPEC�oating-point benchmarks.

As the �gure illustrates,the allocationtimesfor our approach
with separateallocationsof theintegerand�oating-point registers
arewithin 5% of the timesof the traditionalapproach.Whenwe
run the allocationof integer and�oating-point registerstogether,
however, youcanagainseethecostsof allocatingmultipleregister
classessimultaneously, whichwerehighlightedin Section6.1.

Separate Combined
Benchmark Procedures Trad Gen Gen

ammp 179 402 402 218
mesa 1106 2329 2329 1216
apsi 98 256 256 157

mgrid 13 29 29 16
art 26 53 53 27

sixtrack 147 322 322 172
equake 27 55 55 28
swim 7 14 14 7

wupwise 22 50 50 28

Table1. Numberof procedurescompiledper benchmarkand to-
tal numberof coloring iterationsrequired during registeralloca-
tion under the traditional (Trad) and our generalized (Gen) ap-
proaches.

Totaledges Edges/node
Benchmark out in out in

ammp 1880.1 2107.7 2.4 3.0
mesa 1958.5 2090.3 1.2 1.6
apsi 8819.6 9339.5 7.3 8.4

mgrid 10163.4 10440.4 9.0 9.7
art 775.6 888.5 1.3 1.6

sixtrack 27413.6 28294.2 3.6 4.2
equake 2419.5 2592.3 1.5 1.7
swim 2755.6 2887.6 3.0 3.3

wupwise 5962.2 6385.1 3.6 4.6

Table 2. Increasein the numberof edgesper interferencegraph
andtheaveragenumberofedgespernodein aninterferencegraph
whencompilingwithout(out) andwith (in) specialregisternodes
in the interferencegraph. Thesenumbers are averages over all
interferencegraphsproducedduring each benchmark's compila-
tion; theedges-to-nodesratio wascomputedasa geometricmean.

Table 1 may help to explain the consistentnatureof the in-
creasesin Figure8. Thetablelists thenumberof procedurescom-
piled andthe total numberof coloring iterationsrequiredfor reg-
ister allocation. Notice that thereare always slightly more than
half asmany iterationsrequiredin the combinedcase.This is a
resultof the fact thatspilling in oneclassrequiresreallocationof
all classes.Thisextracost,plusthenon-linearcostof interference-
graphbuilding with largersetsof livecandidatesandgreaternum-
bersof relevant candidate-de�nitionpoints,accountsfor the ma-
jority of the increasein allocationtime. Overall, thesecompile-
timecostsshouldbeconsideredwheninvestigatingnew optimiza-
tionsthatrequirethesimultaneousallocationof registerclasses,as
discussedin theintroduction.

Using the Alpha con�guration, we also investigatedthe time
andspaceeffectsof including specialregisternodesin the inter-
ferencegraph. In this experiment,we con�gure our generalized
algorithmso that it allocatesall registerclassesin a singlepass.
We don't presentthetime effectsin detailbecausetherewasvery
little differencebetweentheallocationtimes(all within 2%). With
respectto spacesavings,Table2 reportson thechangein theav-
eragenumberof edgesper interferencegraphandtheaveragera-
tio of edges-to-nodesper interferencegraph. We found thathan-
dling registerexclusionswithoutintroducingspecialregisternodes
eliminatesabout6%,onaverage,of theedgesin eachinterference
graph.
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7 RelatedWork

Startingwith Chaitinetal. [1981],thereis alargebodyof work on
globalregisterallocationby graphcoloring.But only ahandfulof
authorsdescribealgorithmsthatextendgraph-coloringallocation
beyondtheassumptionsthat registersareinterchangeableandin-
dependent.3 As we explain below, noneof thesealgorithmsis as
completeasolutionasours.

Briggs describesan algorithm for coloring aligned and un-
alignedregisterpairs[Briggs 1992;Briggs,Cooper, andTorczon
1992]. This algorithm requiresthat a node's degreeaccurately
re�ect its colorability. To make a node's degreere�ect its col-
orability evenin thepresenceof aliasing,Briggsadds“additional”
edgesto theinterferencegraphin anattemptto modelthealiasing
constraints.Unfortunately, thisedge-focusedapproachsometimes
reportsthat a nodeis trivially colorablewhen it is not, and it is
not easyto seehow theapproachcouldbeextendedto handlethe
simultaneousallocationof multiple,overlappingregisterclasses.

Nickerson[1990] presentsan algorithm that handlesregister
candidatesrequiringtwo or moreadjacent,alignedregisters.Can-
didatesrequiringtwo or moreregistersarecalled “clusters” and
the individual registersof a clusterarecalled“cluster-mates”. In
Nickerson's approach,an interference-graphnoderepresentsan
individual registerof a cluster. Nickersonpointsout that it is not
alwayspossibleto usethe traditionalcolorability criterionevery-
wherein his interferencegraph,evenafteridentifyingandremov-
ing implicit edgeswhoseinterferencerelationis subsumedby an
edgeof a cluster-mate.For thesecases,Nickersoninventsanarti-
�cial k to make hismodelwork.

Runesonand Nyström [2003] describea designfor a retar-
getablegraph-coloringallocatorfor irregulararchitectures.Their
work goespart of the way alongthe pathto a generalizedcolor-
ing criterion.Whenoverlappingaliassetsarealias-equivalent,our
generalizedcolorabilitycriterionsimpli�es to theirhp;qi test.Our
independentlydiscoveredresults,however, go quite a bit farther.
We show how nestedregister classescan lead the hp; qi test to
identify candidatesasmoresqueezedthanthey truly are,andwe
show how to avoid this inaccuracy by usingsaturationbounds.

Koseki,Komatsu,andNakatani[2002]describea techniquefor
modifying the selectionphaseof graph-coloringallocationto in-
creasethelikelihoodthatcandidatesaregiventheir preferredreg-
isters. Preference-directedgraphcoloring is relatedto our work
in that it handlesmultiple register classes. However, while we
useclassinformationto helpdeterminewhencandidatenodesare
trivially colorable,Kosekiet al. useclassinformationonly during
registerselection(i.e.,registerclassesappearonly in theirregister-
preferencegraph,not in their interferencegraph).Their approach
hasno notionof saturationandcanincorrectlyassumethatanin-
terferencenodeis not trivially colorablewhenit actually is. Fi-
nally, their algorithm doesnot seemto supportarchitecturesin
which registersalias.

A number of researchershave cast register allocation as a
mathematical-programmingproblem,ratherthanagraph-coloring
problem[GoodwinandWilken1996;KongandWilken1998;Ap-
pel andGeorge 2001;Fu andWilken 2002;ScholzandEckstein
2002;Hirnschrott,Krall, andScholz2003].Theseapproachescan
handlea wide varietyof architecturalirregularities,but theseben-
e�ts comeat thecostof signi�cant increasesin compiletime.

8 Conclusions

Despitedecadesof researchon compiler construction,reusable
compilercomponentsremainall toorare.Chaitin'sgraph-coloring

3Clearly, many othershave implementedallocatorsthat go beyond
theseassumptions,but here,we avoid discussingwhat would be catego-
rizedasªworkaroundsº.

formulationof registerallocationhasbeenremarkablyrobust,but
to make it usablefor realtargets,practitionershave almostalways
hadto augmentit in unstructuredways.We maintainthestructure
andef�ciency of theoriginalalgorithmwhile makingit extremely
simpleto targetnew machinesandretro�t existingallocators.

One of our key insights is that coloring constraintson each
interference-graphnodeshouldbe expressedin termsof the set
of registersavailableto it. With this insightwe producea gener-
alizationthathandlessimultaneousallocationof multiple register
classesandaccommodatesregisteraliasingin anelegantway. Be-
causeallocatorsusingourapproachknow aboutthesetof registers
availableto eachnode,they canrecognizewhenoverlapbetween
suchsetswould introduceinaccuraciesin the criterion for col-
orability, andtherebyavoid the overcountinginherentin simpler
formulations.
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