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Abstract

Partial evaluationis anautomaticprogramtransformationthatop-
timizesprogramsby specialization.Wespeedupthespecialization
processby utilizing thenaturalcoarse-grainedparallelisminherent
in thepartialevaluationprocess.Wehavesupplementedanexisting
partial evaluationsystemfor the Schemeprogramminglanguage
by a farm-of-workersmodelfor parallelpartialevaluationin a net-
work of looselycoupledworkstations.Our implementationspeeds
upspecializationby a factorof 2–3on6 processors.

Keywords functionalprogramming,automaticprogramtransfor-
mation,partialevaluation

1 Intr oduction

Partial evaluationis a powerful program-specializationtechnique
basedon constantpropagation. Given the static (known) param-
etersof a sourceprogram,partial evaluationconstructsa residual
program—anoptimized,specializedversionof theprogram,which
on applicationto the remainingdynamic parametersproducesthe
sameresultastheoriginalprogramappliedto all parameters.

Partial evaluation has a numberof applicationsin computer
graphics,scienti£ccomputation,operatingsystems,andmetapro-
gramming.In particular, partialevaluationcanautomaticallygen-
erateef£cientparsergeneratorsfrom generalparsers[23] aswell
ascompilersfrom interpreters[15,25]. For typicalapplicationsthe
speedupachievedby partialevaluationrangesbetween2 and10.

It is importantto improve thespeedof partialevaluatorsfor the
following reasons:

1. Partial evaluation enablesthe constructionof generaland
highly parameterizedsoftware systemswithout sacri£cing
ef£ciency. Specializationturnsthegeneralsysteminto aspe-
cialized,ef£cientonefor speci£cparametersetting.

2. Automatic compiler generationis a particularly promising
applicationof partial application. The idea is to specialize
a languagede£nitionin the form of an interpreterwith re-
spectto a programto becompiled.Thespecializedprogram
canthenbe regardedasa compiledprogram. Speedingup
(andparallelizing)partialevaluationthereforeimpliesspeed-
ing up (andparallelizing)compilation.

3. Specializationcan be performedon demand(yielding run-
time codegeneration[3]) so parallelizedpartial evaluation
amountsto parallelizedjust-in-timecompilation.In thisarea
speedis of tantamountimportance.

Buildingonanexistingpartialevaluationsystemfor theScheme
language[13,22] by oneof theauthors[27,28],wepresentamodel
for parallelizingpartial evaluation,alongwith an implementation
of the model in a looselycoupleddistributedenvironment. Even
in this situation,the parallelizationpaysoff sincethe parallelism
is rathercoarse-grained.Theonly sharedresourceis a centralspe-
cializationcache.

In our preliminaryexperiments,typical speed-upsrunningon
Ethernetnetworksof 6 Unix machinesrangebetween2 and3.

Overview Thenext sectionprovidessometechnicalbackground
on partial evaluation. Section3 outlinesour approachin general
termsandSection4 describessomespecificsof our implementa-
tion. In Section5 we assessthe performanceof the implementa-
tion. Finally, we discussrelatedwork (Section6) and conclude
(Section7).

2 Partial Evaluation

Thissectionprovidessomebackgroundonthestandardpartialeval-
uationtechniquesrelevantto thepresentwork. Thefocusis on off-
line partial evaluation, the prevailing methodsto performpartial
evaluation.

2.1 Of¤ine Partial Evaluation

Of¤ine partial evaluation[8, 15] consistsof two phases,binding-
time analysis (BTA) andspecialization. Thebinding time of anex-
pressiondescribesatwhattimeits valueis available.Thetwo basic
binding times are static and dynamic. The partial evaluatorcan
computethevaluesof all staticexpressionsin a programwhereas
it hasto produceresidualcodefor thedynamicones—theirvalues
areonly availablewhentheresidualprogramruns.

Thebinding-timeanalysisautomaticallyprovidesbinding-time
annotationsfor all expressionsin a program,basedon the bind-
ing timesof its input parameters.This simpli£esthesecondphase
to mereinterpretationof annotatedprograms. It appliesthe pro-
gramto thestaticinput, evaluatingstaticexpressionsandbuilding
a residualprogramfrom thedynamicones.

A simpleexamplefor partialevaluationis aprocedurefor com-
putingthe * th powerof anumber+ , specializedto astaticexponent* . Thebinding-timeanalysisproducesanannotatedprogram:
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In this listing, underliningis the annotationfor “dynamic”—

thoseexpressionsof the programthat will endup in the residual
program. Specializingthe above programwith respectto a value
yieldsa residualprogramlike thefollowing (for

�=<?>
):
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As demonstratedin theexample,thespecializerunfoldsproce-

durecalls by default. This approachworks in the example,since
a static

���
controlstherecursionof

��!.-����
. However, unfoldingis

not alwaysdesirableasit may leadto in£nite specialization.It is
often necessaryto producerecursive residualprogramsfor recur-
sionunderdynamiccontrol. To this end,thebinding-timeanalysis
(or theuser)markscertainproceduresasspecialization functions.
Specializationfunctionsareneverunfolded,but thespecializergen-
eratesspecializedresidualproceduresfrom them. Thespecializer
keepstrackof (memoizes)theresidualprocedures(specializations)
alreadycreated.Consequently, the specializergeneratesonly one
residualprocedurefor eachsetof equivalentcalls to a specializa-
tion function. Specializationfunctionstypically enclosedynamic
conditionalsor dynamicabstractions,astheseconstructsmaygive
riseto dynamicrecursion.

As anexample,consider
��!.-����

, again,but this timewith static+ andunknown * . Thecorrespondingannotatedprogramindicates
thatthespecializercannotevaluatethe

���
:

, )��
� ����� , ��!.-����/� 0�2, ��� ,43 � 5 27 ,98 0 , ��!.-���� , & � 7 2;0�2�2�2�2
Specializingthis programfor

0 3 7�D
yields a recursive pro-

gramthat exhibits a structurealmostidenticalto the original pro-
gram.
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The specializermaintainsa specialization cache in order to

identify equivalent calls to a specializationfunction. The cache
is necessaryto ensurethat specialization£nished.The cacheis a
mappingfrom specializationfunctionsandthestaticpartsof their
argumentlists to residualfunctionnames.

The specializationcacheworks as follows: Supposethe spe-
cializerentersa specializationfunction F with argumentsG . First,
thespecializerextractsthestatic skeleton H andthe dynamic partsI

(determinedby the BTA) from G . Then,the specializerchecks
whetherthe cachealreadycontainsF J . If that is not the case,the
specializerentersF J into thecacheandspecializesF ’sbody. In any
case,thespecializergeneratesa residualfunctioncall F J9K IEL . The
combinationof a specializationfunction andan appropriatestatic
skeletonis calleda static con£guration, sincethat is whatthespe-
cializerneedsto createaspecialization.

Thisschemeiscalleddepth-£rst specialization becauseit amounts
to a depth-£rsttraversalof thedynamiccall graphof a specializa-
tion process.As soonasthespecializerencountersaspecialization
function, it descendsinto a new specializationunlessthe special-
izationcachealreadycontainsamatchingstaticcon£guration.

For effectiveparallelization,theearlierbreadth-£rstspecializa-
tion strategy [16] is more convenient. In this scheme,the spe-
cializationof a function’s body is completedbeforeany new spe-
cializationstarts. The specializationcacheconsistsof two parts,
a pending list anda done cache. The pendinglist containsstatic
con£gurationsfor which no specializationshave beencreatedyet
while thedonecachecontainscallswhosespecializationhasbeen
completed.Checkingthecache—asin theprecedingdescription—
meanscheckingfor anentryin bothlists.

2.2 Typical Applications

Typical applicationsthat bene£tfrom partial evaluation(andgain
fromparallelization)aretheautomaticgenerationof ef£cientparsers
from generalparsers,andcompilation. Thus,our work pavesthe
roadto automaticgenerationof parallelparsergeneratorsandcom-
pilers.

2.2.1 Parser Generation

Conceptually, a parseris a function that acceptsas argumentsa
grammarandan input string andreturnssomeby-productof the
constructionof aderivationof theinputstring. It is straightforward
to write suchgeneralparsersboth for the LL andLR method[9,
19,20,24]. Partially evaluatinga generalparserwith respectto a
staticgrammaryieldshighly ef£cientresidualparserswith perfor-
manceon par with hand-tunedparsergeneratorssuchasyaccor
Bison[24].

Additionally, thesamepartialevaluationtechnologyautomati-
cally yieldsef£cientparsergenerators[1,15,27].

2.2.2 Compilation

Interpretersfor realisticprogramminglanguagesaretypically eas-
ier to write than ef£cient compilers. Furthermore,an interpreter
can be viewed as a semanticsde£nitionfor a programminglan-
guage. Partial evaluationcangeneratea compiler from an inter-
preter: Sincean interpreteris (simply put) a function from a pro-
gramandits input to an output,a partial evaluatorcanspecialize
an interpreterwith respectto a staticprogramandtherebygener-
atea residualcompiledprogramwith all interpretive overheadre-
moved [15]. This semantics-directedmethodcanleadto ef£cient
andhighly optimizingcompilersfor realisticlanguages[17,25].

2.3 Concrete Conte xt

The presentwork builds on Thiemann’s PGG system[27,28], a
partialevaluationsystemfor thefull Schemelanguage.Oneof its
distinguishingfeaturesis its ability to performstaticcomputations
that involve sideeffects. Theuseof sideeffectsis completelyor-
thogonalto parallelization.

3 Distrib uted Partial Evaluation

Wepresentabasicmodelfor distributedpartialevaluation,extend-
ing it stepwiseto getreasonableperformanceby minimizing com-
municationoverhead.Our£rstapproachstill usesonesynchronous
messageperspecializationto coordinatethespecializationprocess,
usingessentiallyRPC[2]. Wealsopresentanasynchronousmodel.
The synchronousmethodnever performswork twice whereasthe
asynchronousmethodspeculatively startsaspecializationthatmay
alreadybeperformedelsewherein thenetwork.



3.1 Basic Concepts

The basicideabehindmakingpartial evaluationamenableto par-
allelizationis simple:Every singlespecializationonly dependson
its staticcon£guration.It may generatenew requestsfor special-
ization in the form of static con£gurations,but it is independent
from every otherspecialization.Therefore,it is naturalto consider
distributingthework of creatingthespecializationsto distinctcom-
putationalagentscalledspecialization servers. Eachspecialization
server can perform work on an arbitrary specialization,given its
staticcon£guration.

Asspecializationproducesmoreandmorestaticcon£gurations,
it isnecessarytodistributetheworkamongthespecializationservers
presentin thescenario.This is only possiblecentrally, asthecon-
£gurationsgeneratedby thedifferentserversmayoverlapin unpre-
dictableways.Hence,a designatedcomputationalagent,themem-
oization master, keepsa centralmemoizationcacheanda pending
list. It administersthesedatastructuresandkeepsthe specializa-
tion serversbusy. Thismodelbearssomesimilarity to thefarm-of-
workersmodel[12,29].

Thesoletaskof thememoizationmasteris to serve asa mon-
itor for thecentralspecializationcache.Thespecializationservers
specializeaway andstorethe specializationsto be collectedafter
completion.

Thespecializationserversunderstandthreebasicmessages:

initialize This messagedirectsthe specializationserver to com-
mencework, that is, to initialize its residualprogramstore
andto startaskingthememoizationmasterfor work.

specialize con£g Specializestartingat somestatic con£guration
con£g providedalongwith thespecialize message.Storethe
resultingresidualprocedurelocally.

yield-residual-program Returnall specializationscollectedsince
thelastinitialize message.

Thememoizationmasterinitially acceptstwo kindsof message
from thespecializationservers:

server-is-idle A server sendsthis messagewhenit hascompleted
work onaspecialization.

register-static-con£g con£g A server sendsthis messagewhenit
hasencountereda call to a specializationfunction. Thecor-
respondingstaticcon£gurationcon£g is partof themessage.
Themastersimplyaddsthestaticcon£gurationto its pending
list unlessit hasprocessedthestaticcon£gurationbefore.

During startup,themasterinitializes thespecializationservers
by sendinginitialize messages,putsthemainfunctionandits static
parametersas an initial static con£gurationentry in the pending
list, processesregister-static-con£g messages,andanswerseach
incomingserver-is-idle messageby a specialize messagebackto
therespective specializationserver. This happensasynchronously;
several threadsmay be active simultaneouslyon the memoization
masteraccessingthecache.Whenall serversareidle andthepend-
ing list is empty, specializationhascompleted;the memoization
mastersendsyield-residual-program messagesto all specializa-
tion serversandcombinesthereturnedprogramfragmentsto yield
acompleteresidualprogram.

A specializationserver, afterhaving receivedaninitialize mes-
sage,sendsaserver-is-idle messageto themasterandwaitsfor fur-
ther instructions—specialize messageswhich it processes,storing
thespecializations.Hence,aserverhasatmostoneactive threadat
any giventime.

Figure2 illustratesthebasicprotocolasdescribedabove. The
dashedlinesindicateasynchronousmessages.However, thecausal
relationshipbetweenthe messagesentailswhat is effectively syn-
chronouscommunication.

3.2 Localizing Information

The above modelworks in principle, but is too simplistic for re-
alistic usage. It doesnot take into accountthat, on realisticnet-
works,messagepassingis typically moreexpensive thancomputa-
tion. Unfortunately, computinga specializationin thebasicmodel
alwaysinvolvesonesynchronouscommunication:apairof aserver-
is-idle messagefrom aserver to thememoizationmasterandaspe-
cialize messagebackto the server. A server considersitself idle
immediatelyafter£nishingonespecialization.Thismakesfor poor
performance.

At worst,thebasicmodelinvolvessendingstaticcon£gurations
backandforthbetweenspecializationserverandmemoizationmas-
ter: thespecializationserver workson a specialization,registersa
staticcon£guration,£nishes,sendstheserver-is-idle message,and
may get the samestaticcon£gurationback. Sendinga specialize
messageinvolvestransmittingastaticcon£guration,andthusapo-
tentially largestaticdatastructure.

A £rst remedyfor this problemis to keepspecializationaslo-
calaspossibleonthespecializationservers:A specializationserver
now managesalocalpendinglist andspecializationcache.It keeps
trackof all staticcon£gurationsencounteredby theserver andas-
signsashort,uniquelocal identi£er(local id) to eachof them.With
thespecialize message,theserver informsthememoizationmaster
not only of the staticcon£guration,but alsoof the local id it has
assignedto it. Then,wheneveraserverbecomesidle, it canreferto
its own pendinglist for morework. However, it mayhappenthata
differentspecializationserver hasencounteredanequivalentstatic
con£gurationin the meantime. Therefore,the server still needs
to checkbackwith thememoizationmasterif it shouldcommence
work onagivenstaticcon£guration.Fortunately, thisonly involves
transmittingthe(short)local id.

Consequently, thememoizationmasternow understandsa new
message:

can-server-work-on local-id A local identi£erlocal-id accompa-
nies the message.The server, whensendingthis message,
waitsfor abooleananswerspecifyingwhetherit shouldcom-
mencework on the static con£gurationthat belongsto the
local identi£er.

Also, the register-static-con£g messageis extendedto also
carrya local identi£erasanadditionalcomponent.

Hence,a server only sendsa server-is-idle messagewhenits
local pendinglist becomesempty. Otherwise,it considersentries
from thependinglist until it encountersonewherethememoization
masterpositively acknowledgesa can-server-work-on message.

3.3 Preempting Work

Whenthe memoizationmasterassignsa staticcon£gurationto a
server different from the one that generatedthe con£guration,it
can inform all servers that have equivalent static con£gurations
in the pendinglist. This information preventsthe overheadof a
can-server-work-on messagelateron. Naively, thiswould involve
sendinganasynchronousmessagefrom thememoizationmasterto
the respective serversof the form kill-local-id alongwith a local
id.

Unfortunately, this alsoinvolvessendingonemessagefor each
of the local ids to be killed—thussaving only the time difference
betweena synchronousandanasynchronousmessage.For a spe-
ci£cspecializationserver, theinformationaboutlocal idsthatother
servers have processedbecomesonly relevant when it sendsthe
(synchronous)can-server-work-on messageto the master. Thus,
it iseasytoextendthereturnvalueof thecan-server-work-on mes-
sageto alsoincludea list of local ids whosestaticcon£gurations
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Figure2: BasicSynchronousSpecializationProtocol

themasterhasassignedto otherserverssincethe lastcan-server-
work-on message.Themastermerelyneedsto keeptrackof these
staticcon£gurations.

Figure3 shows themoredevelopedmodelfor distributedpar-
tial evaluation. The solid pair of lines describesthe synchronous
messagepassingnecessaryfor can-server-work-on messages.

Figure4 illustratestheprotocoloutlinedabove with onemem-
oizationmasterandtwo specializationservers.

3.4 Caching Static Skeletons

Both of the applicationsmentionedin Sec.2.2 sharethe fact that
one data structurestaysconstantthroughoutthe specializations:
The genericparseralwayspassesaroundthe grammar;the inter-
preterneedsto keeptrackof theentiresourceprogram.Neverthe-
less,the currentspecializationmodelpassesthesedatastructures
anew with eachspecialize and eachregister-static-con£g mes-
sage.

In compilation,this is especiallyundesirableasthesourcepro-
gramcangetlarge;theproblemamountsto retransmittingthesource

programeachtime a specializationserver registersand receives
new work from thememoizationmaster.

Hence,it is necessaryto cachetheelementsof astaticskeleton
bothon thememoizationmaster(to avoid retransmissionwith spe-
cialize messages)and the specializationserver (to avoid retrans-
missionwith register-static-con£g messages).Since thesedata
structuresare typically valuesof top-level variablesin the static
skeleton,asimplecachingmechanismsuf£ces.

3.5 Choosing Work

In orderto keepcomputationaslocalaspossible,thememoization
masterandthespecializationserverskeeptrackof a preferred spe-
cializationfunction which eachspecializationserver will exhaust
beforestartingwork on otherspecializationfunctions.Conversely,
thememoizationmasterwill tries to avoid assigningstaticcon£g-
urationsto serverswhich belongto a specializationfunction pre-
ferredby aadifferentserver.
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Figure3: Synchronousmodelfor distributedpartialevaluation

3.6 Speculative Specialization

An obviousweakpoint in theabovemodelis thesynchronouscom-
municationneededuntil aservercancommencework onaspecial-
ization. It is possible,however, to alsoconvert this into an asyn-
chronouscommunication:Theserver still selectsanentryfrom its
local pendinglist but alsosendsa messageserver-works-on with
thatentryandtheserver’s id to themasterwithout waiting for the
result. Themasterconsultstheglobalcacheandeitherremovesthe
entryfrom thependinglist or (if someotherclient is alreadywork-
ing onthatparticularspecialization)it triesto kill thespecialization
on thespecializationserver.

In both caseswhen a specializationhasterminated(success-
fully or dueto a kill message)the specializationserver continues
with thenext entryfrom thependinglist or sendsserver-is-idle to
themasterif thependinglist is empty.

Unfortunately, speculative specializationdoesnot yield theex-
pectedgains,asourexperimentsin Sec.5 show.

3.7 Sizes of Messages

Theonly sizeablemessagesare:

± specialize specializationrequestsfrom themasterand

± � ��'����.����� &B�.� ������²�&B²�!�� ���.'
staticcon£gurationmessagesfrom

thespecializationserver to themaster.

Both messagesinvolve the transmissionof entirestaticcon£gura-
tions,which may becomearbitrarily large. The messagesserver-
works-on and can-server-work-on only senduniqueids, which
areestablishedwith register-static-con£g messages.Thesizesof
the large messagesaredecreasedusingthe techniquesoutlinedin
Section3.4. Theresultis that largedatastructuresareonly trans-
mittedonce,afterwardsonly a globally uniqueid is transmittedin
their place.

3.8 Detecting Termination

Thememoizationmasterkeepstrackof thenumberof specializa-
tion serversthathavebeenstartedandof thenumberof specializa-
tion serversthat arecurrentlyidle. As soonasthesenumbersare
equalthecomputationhasbeencompleted.

4 Implementation

Our implementationof thedistributedmodelbuilds on Kali [6], a
distributedimplementationof theSchemeprogramminglanguage.
This sectiongivesan overview of Kali’s distributedenvironment,
andthenbrie¤ydescribeshow thePGGsystemmakesuseof it.

4.1 Kali

Kali is an extensionof the Scheme48 system[18], an advanced
byte-codeimplementationof Scheme.Scheme48alreadyprovides
asequentialimplementationof preemptive threads.

Kali callsacomputationalagentin adistributedcomputingen-
vironmentanaddress space. Eachaddressspacecorrespondsto a
Kali processwhichmayresideanywherein anetwork. All address
spacesarepairwiseconnectedby TCP/IPstreamconnections.

Addressspacesare£rst-classobjectsin Kali andmay thusbe
boundto variables,passedto procedures,andreturnedfrom pro-
cedurecalls. Oneaddressspacemay senda messageto another
addressspacesimply by calling a procedureon theremoteaddress
space.Kali providesa

� ����!�� ��&���$��´³
operationwhichstartsa pro-

cedure
��� !B²

onarguments
� 7(µ�µ�µ ���

onanarbitraryaddressspace�B�����B²��
:

, � ����!�����&��
$��´³¶�B�����B²��«��� !B²·� 7 "�"�"¸���h2
Thetransmissionof boththecodeof theprocedureandtheval-

uesof the argumentsis completelytransparent.Most valuesare
simply copiedto the remoteaddressspace. Sharingis respected
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Figure4: SynchronousSpecializationProtocol

within a single message,but not acrossdifferent messages(as it
would be the case,e.g., in Linda’s tuple space[4, 5,14]). Some
specialvaluesareassignedglobaluniqueidenti£cations(uids)and
aretransferredonly once.Amongtheseare

procedures: thecompiledcodeof a procedureis only transmitted
oncewhile theenvironmentpart(containingthevaluesof the
freevariables)is transmittedevery time.

proxies: a proxy is conceptuallya distributed array which is in-
dexedby addressspaces.A proxy hasa local valuefor each
addressspace,but it alsoholds information identifying the
addressspacethatcreatedtheproxy. Theprocedures

��� !�0�Ò &���!B²�����&�� �
�
and

��� !�0�Ò &B².� ����� !��
provideaccessto thisinformation.Prox-

iesarealsotransmittedusinguniqueuid’s.

Furthermore,the threadsystemprovides placeholders which
serve assemaphoresandalso the necessarylocking primitives to
grantexclusive accessrights locally. On top of theseabstractions,
theKali systemprovidesremoteprocedurecallswith

� ����!�� ��&B��������Ò
,

threadmigration,user-speci£edload-balancing,andmore[6].

4.2 Adapting the PGG

The changesin the PGGsystemboil down to replacingthe serial
implementationof memoization[28] by the distributed one out-
lined above. Due to themodulardesignof thesystem(takingad-
vantageof Scheme48’smodulesystem[21]) only thememoization
modulehasto bereplaced,everythingelseremainsunchanged.

All messagesaresimplyasynchronous(
� ����!�� ��&��
$��´³

) or syn-
chronous(

� ����!�� ��&���������Ò
) procedurecalls.Forcachingstaticskele-

tons,proxiesprovideastraightforwardmechanism.

4.3 Implementation Problems

A problematicissueis symbolgeneration.In the courseof each
specializationmany new identi£ersaregeneratedfor boundvari-
ablesin theresidualprogram.TheimplementationlanguageScheme
usessymbolsfor variablesandthe standardsolutionis to provide
a symbolgeneratorthatcreatesnew symbolson the¤y. However,
in the currentimplementationof Kali, locally createdsymbolsdo
not have a globally uniqueidentity. Hence,our systemreplaces
symbolsby “hand-made”globally uniquenumbers. The master
convertsthesenumbersinto symbolsuponcollectingthe residual
program.

5 Performance

We have run benchmarkson a cluster of six RS/6000worksta-
tions running AIX connectedby an Ethernetlocal areanetwork.
Speci£cally, we have run an LR(1) parsergenerator[24] andper-
formed compilation of a large automaticallygeneratedMixwell
program[16].

# processors runtime CPUtime speedup
seq 24.88 24.48
1 24.06 6.57 1.0
2 10.88 6.16 2.2
3 10.78 6.61 2.2
4 8.56 7.09 2.8
5 8.17 6.78 2.9
6 8.72 7.39 2.8

Table1: Parsergenerationonaclusterof RS/6000workstations

# processors runtime CPUtime speedup
seq 6.19 6.22
1 7.44 0.49 1.0
2 4.49 1.00 1.7
3 4.12 1.44 1.8
4 3.46 1.77 2.2
5 4.08 1.83 1.8
6 3.82 1.89 1.9

Table2: Compilationonaclusterof RS/6000workstations

Tables1 and 2 show the run times of parsergenerationand
therespective speed-ups.The“CPU time” columnshows theCPU
time on the memoizationmaster. Note that the tablesonly show
up to six processors—theseventhis thememoizationmaster. It is
not clearwhetherthe tablesindicateany saturationon the part of
themaster—moresuf£cientlysimilar machineswerenot available
to us. The£rst line of eachtableshows the timings for thepurely
sequentialversionof the system. Obviously, the initial message
overheadof theparallelversionis alreadyoffsetby thework divi-
sionbetweenthememoizationmasterandthesinglespecialization



server in the one-processorcase. Note alsothat the CPU utiliza-
tion ofÓ themasterdoesnotultimatelychangesigni£cantlywith the
additionof morespecializationservers. It does,however, present
a lower boundfor therun time of thespecialization.This is anin-
dicationthatsomeoptimizationonour (currentlyfairly straightfor-
ward)memoizationmastermayyield highermaximumspeedups.

All of thesebenchmarksuse the synchronousmodel. Even
thoughwe expectedmuchsmallerimprovementsdueto the high
costsof synchronouscommunication,the resultshereweremuch
betterthanwith speculative specialization,whereour currentim-
plementationonly yieldsnegligible speed-ups.Here,thehighcom-
municationlatenciesusuallypreventkill messagesfrom themaster
to reachtheserver in time to stopany super¤uouswork done.The
time gainedby avoiding synchronouscommunicationis offset by
thetimespentonduplicatework.

6 Related Work

The notion of partial evaluationand its applicationto automatic
programgenerationstemsfrom Futamura’s work [10]. Sincethen,
compilergenerationhasbeenamongthemain£eldsof interestfor
researchersin partial evaluation. This led to the discovery of off-
line partial evaluationand the constructionof practicalcompiler
generators[16].

ConselandDanvy [7] have implementeda self-applicablepar-
tial evaluatorfor thepurelyfunctionalsubsetof Schemeonashared
memorymulti-processormachine.Their implementationexploits
featuresof Mul-T, adialectof Schemewith futures[11]. Morepre-
cisely, they assignonededicatedsemaphoreto eachspecialization
function. Thereforethe speedupof their methodis limited by the
numberof specializationfunctionsin theprogram.However, in a
shared-memorymachinethereis no needto transmitstaticcon£g-
urationsandto assignuniqueidenti£ersaswedo.

Our approachto parallelizingthePGGis inspiredby thefarm-
of-workers model [12, 29]. Our implementationbene£tsfunda-
mentally from Kali’s approachto a distributed higher-order lan-
guage[6].

7 Conc lusions and Future Work

Wehavedemonstratedthatpartialevaluationhassomepotentialfor
effective parallelization,giving rise to numerousapplications.We
intendto extendoursystemin thefollowing directions:

± Recently, oneof theauthorshasdevelopeda sequentialim-
plementationof incrementalspecializationand specializa-
tion on demand[28]. This implementationhasan intrinsic
potentialfor parallelism:whereasthesequentialimplemen-
tationinterleavesspecializationwith runningthespecialized
program,a parallel implementationcould continuespecial-
izationduringexecutionof thespecializedprogram.A com-
binationwith run-timecodegenerationwhich is alsoalready
partof thePGGsystem[26] canleadto just-in-timecompi-
lation.

± Webelievethatoneof thelimiting factorsis thelackof glob-
ally shareddatastructuresin theKali Schemesystem.This
lackgivesriseto a largecommunicationoverheadif thespe-
cializerdealswith largedatathatchangesduringspecializa-
tion. It would be interestingto performsimilar experiments
with asystemlikeTS/Scheme[14].

± It is not clearwhetherour strategy is alsosuitedto shared-
memorymulti-processors.We would like to conducta com-
parisonbetweenour methodand the methodproposedby
ConselandDanvy [7].
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