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Abstract

Inductive logic programmingis an attractive and ex-
pressivgparadigmfor madinelearning A drawbad of in-
ductivelogic programsis their demandingcomputational
requirrments\W\e presentan FPGA-basednulti-processor
architectuie aimedat fastexecutionof suc programs.The
architectuie exploits both coarse-gained parallelism at
the querylevel, and fine-grined parallelismin the unifi-
cation algorithm. Instructionsare not required, and the
componentsre customisedor a hypothesispacerefer
ring only to groundunit clausesn the badkgroundknowl-
edee. It also benefitsfrom a distributed memoryhierar-
chy, with a methodfor including badkgroundknowledg to
eliminateinstructions. The effectivenes®f this architec-
ture is demonstatedusinga large organic chemistrydata
set. The proposedarchitectuie is fasterand smallerthan
our previousdesignbasedon multiple instructionproces-
sors. A single customisedprocessorat 38MHz can run
9 timesfasterthan a Pentium4 processorat 1.8GHz; a
Xilinx XCV2000Edevice canaccommodat@4 processos
runningin parallel.

1 Intr oduction

Inductive logic programming[1] (ILP) is a successful
learning paradigm,with applicationsin a wide rangeof
fields. ILP systemsproducetheoriesin first-orderlogic,
and can also incorporatebackgroundknowledgein this
form. Basedon logic programming,it is highly expres-
sive. However, this expressvenessanhave a detrimental
impacton performanceand methodsfor speedingup se-
guentialimplementation®f ILP aredesirable.

This paper describes an architecture for high-
performance execution of inductive logic programs
in the Progol system. Our main achiezementsare the
following:

e A hardware datapatharchitecturefor a simple and
commonform of inductive logic programs.

e Exploitation of parallelism at multiple levels. A
multi-processorarchitectureexploits coarse-grained
parallelisminherentin Progol, while individual pro-
cessorexploit dataparallelismin unification.

e A cachesystemfor parallellogic processors. The
cachesrespecialisedor theinputdata. A two-level
memoryhierarchyis usedwith memoriesatthe high-
estlevel sharedbetweerprocessors.

e Evaluationof the architectureon a real dataset. We
evaluatethe benefitsof exploiting caching, the ef-
fect of differentlevels of parallelism,andthe conse-
guence®f changingarchitecturaparameters.

Therestof the paperis organisedasfollows. Section2
introducesthe problemdomain. Section3 discusseshe
typesof parallelismwe exploit. Sectiond presentshe pro-
cessingelementsve usein our architecture Section5 dis-
cusseghe cachearchitecture. Section6 presentshe in-
tendeddesignflow for the architecture Section?7 presents
resultsandevaluation. Finally Section8 offers somecon-
cludingremarks.

2 ProblemDomain

Progol [2] is an instanceof inductive logic program-
ming systems. It producestheoriesin first-order logic
basedn domain-specifibackgrouncknowledgeanda set
of positive andnegative examples.Machinelearningsys-
temstendto have a trade-of betweenexpressvenessand
efficiency. Progolandinductivelogic programmindieson
the expressve and computationallyexpensve end of the
scale.

Theinputto Progolconsistof backgroundknowledge,
a setof examples,and userconstrainton the hypothesis
space.Basedon this, the Progol systemconstructsa hy-
pothesisspace andemploys an Ax-like searchthroughit.
The searchheuristicis basedon how well the hypothesis
underconsideratiorexplainsthe givenexamples.The out-
put of the systemis a list of the besthypothesisand the
associatedneasuresf their quality.



active(A) <+ atm(A,B,c,195,C). (rulel)

active(A) «+ atm(A,B,c,10,C), (rule2)
atm(A,D,c,22,E),
bond(A,D,B,1).

active(A) «+ atm(A,B,c,27,C), (rule3)

bond(A,D,E,1),
bond(A,D,B,7).

Figure 1 Exampleof a hypothesisgeneratedrom the
mutagenesidataset.

Much of thecomputationatompleity is dueto hypoth-
esistesting. The hypothesispaceis potentiallylarge,and
eachhypothesimneedso be testedagainsteachof the ex-
amples. Additionally, in orderto minimise the degreeof
overfitting, cross-foldvalidationis used,which increases
the executiontime further. Executiontime canbe tensof
hourson corventionalsequentiamachines.

Progol usesthe logic programminglanguageProlog
asits descriptionlanguage. The examples,background
knowledgeandthe constructecypothesisall comein this
form. Theexampletestsarequeriesto a Prologprocessar

Progol and other ILP systemshave found mary suc-
cessfulapplicationsin molecularbiology, suchaslearn-
ing rulesfor predictionof proteinfolding [3], mutagenesis
[4], and pharmacophoraiscovery [5]. The background
knowledgein this domaincommonlyconsistf long lists
of groundfacts,suchaslists of propertiesof compounds.
We targetour acceleratiorhardwareto this type of appli-
cationdomain.The simpleform of the backgroundknowl-
edgeenablesisto dowithoutthefull generalityof Prolog,
sothatwe canbuild processorspecialisedor the hypoth-
esisspace.

The rules generatedby Progoltendto display a high
level of temporaland spatiallocality. Testingthe rules
takesthe form of a nestedterationover partsof the back-
groundknowledge. As an example,considerthe hypoth-
esisin Figure 1 which containssomeof the rules pro-
ducedby Progolwhenlearningto predictmutagenesiin
nitroaromaticcompounds;highly mutagenicversionsof
suchcompoundsrebelievedto be capableof causingcan-
cer.

Rule3 from Figurel stateghata compoundA is muta-
genicallyactie if it containsa carbonatomB of type 27,
thattherearetwo atomsD andE connectedy a bond of
typel, andthatD is connectedo B throughabondof type
7. Therulerefersto the predicatesatm/5andbond/4(here
5 and4 refersto the numberof argumentspr arity, of atm
and bond), which are definedby lists of more than 6000

factseach.

Rules,suchasthe onesgivenabove, aretestedagainst
examplessuchasactive(d18)which s partof theinput to
Progol.With Prologsemanticstestingwhethera hypothe-
sisholdsfor rule 3 amountdo first iteratingover thefacts
definingatm/5until the constraintsaaremet. Thenfor each
suchatomiterateoverthefactsdefiningbond/4until asuit-
ablebondis found,andfinally iteratingover bond/4again
until the secondbondis found, at which point the search
succeedslf atonelevel no solutionis found,computation
backtrackdy findinganalternatve solutionattheprevious
level. If no moresolutionscanbe found, the searchfails.
As onewould expect,the executiontime is dominatedby
theinnermostioop, in our examplethelastcall to bond/4

In orderto speedup the searchthrougha large set of
examples,indexing is used,usually basedon the first ar
gument.For theatm/5andthe bond/4predicatesthis par
titions the datasetinto disjunct subsetdor the different
compoundsNotethatfor therule 3 examplethetwo calls
to bond/4referto the samesuchsubset.

Someotherparallelarchitecturegor ILP exist. In [6]
Ohwada et. al presentan ILP enginewhere the search
is distributed dynamically over several processors. The
performancescaleswell for up to 10 processor®n their
benchmarkswhich have asmallsetof backgroundnowl-
edge,but a large hypothesisspace. In [7] Skillicorn and
Wangpresenta parallelversionof Progol,with thewhole
dataset partitionedamongprocessors.Processorgener
atehypothesidasecdbdn their own subsetwhile testinghy-
pothesidasedntheentiresubsetln contraswe focuson
parallelisinghypothesidesting,while the hypothesigen-
erationis handledby a hostmachine.They reportlinearor
supetlinear speedupon their benchmarksunningon 4 or
6 processoshared-memorynachines.

3 Exploiting Parallelism

This sectioncoverstwo forms of parallelism: query-
level parallelismandunificationparallelism.

Query-lesel parallelism,a coarseform of parallelism,
is inherentin the Progol algorithm. At eachnodein the
searchthroughthe hypothesispacethe hypothesisinder
consideratioris testedwith respectto eachof the exam-
ples. Theseexampletestscanbe donein parallel,aswas
donein our previous work [8]. The level of exploitable
parallelismis determinedy the numberof examples.The
achievable speedugs lessthanthe numberof examples,
however, asthe exampletestsrequiredifferentlengthsof
executiontime. Whenthenumberof parallelexampletests
increasesthe executiontime tendsto be dominatecdby the
mosttime-consumingest.



Exploiting this type of parallelismrequiresa numberof
processorgo run in parallel. It is thereforecostly to ex-
ploit in termsof resourcesput the benefitcan be great.
Memory contentionis anissuewhenthereis alarge num-
ber of processorsastheremight be more processorshan
memorybanks.An efficientmemoryhierarchyis therefore

neededn orderto getthefull benefitof all the processors.

Individual piecesof the backgrounddata,uponwhich the
individual processor®@perateoften referto only one ex-
ample.Whenthisis thecaseeachprocessowill only refer
to asmallwell-definedsubsebf thedata,somethingvhich
canbeexploitedby the memoryhierarchy

Parallelismcanalsobe exploited at a finer level, in the
unification. During a unificationtwo literals andtheir ar-
gumentsarematchedIn parallelunification,severalargu-
mentsareunifiedin parallel. The speedugttainablén this
way is boundedoy thearity of the predicatebeingunified:
for instancdwo 5-arypredicatesanbeunifiedatmostfive
timesasfastby usingparallelunification.

The simple datastructuresve considerleadto simpler
unificationthanin a more generalProlog setting, where
the argumentscanbe nestedstructures Whenall the data
in the backgroundknowledgeare in the form of simple
ground (non-variable)terms, unification can be achieved
in asinglestep,involving eitheraregisterassignmentr a
comparison.

In orderto take advantageof unification parallelism,
severalargumentamustbe fetchedin parallel,thusrequir
ing a higher memory bandwidththan sequentialunifica-
tion. Assumingn argumentsare unified in parallel, the
bandwidthcanincreaseby afactorsmallerthann. For se-
guentialunification,the memorybus mustbewide enough
to accommodatehe widestargument. With n aguments
fetchedin parallel,thebusmustbewide enoughto contain
all the agumentsput someof thesemay be smallerthan
the widestargument. The increasein resourceusagefor
unificationhardwareis proportionato thenumberof argu-
mentsfetchedsimultaneouslyas eachargumentneedsits
own setof resources.

If only oneword canbe fetchedfrom memoryin a sin-
glecycle, parallelunificationrequiresithermemorybanks
thatcanbe accessedh parallel,or thatthe amgumentsare
pacledinto memorywords.

4 HypothesisEvaluation Hardware

Our proposedarchitecturas basedon hypothesisval-
uators.Thesearespecialisedinificationprocessorsinify-
ing the literalsin the hypothesisunderconsideratiorwith
theappropriatesectionof the backgroundcknowledge.The
processorsconsistof hypothesisdata registers, a back-
ground memory a unifier unit, and an variable register
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Figure2 Architectureof a hypothesisvaluationproces-
sor.

file. Thesecomponentsare customisedor the particular
hypothesispaceunderconsideration.The architectureof
asingleprocessois shavn in Figure2.

Thehypothesiglataregistersspecifythetypesof literals
occurringin the currenthypothesis.For eachargumentof
theseliterals, thereis a register containingits type anda
registercontainingits data(constantor variablenumber).
The numberof hypothesiddataregistersis limited by the
numberof literalsthatcanoccurin thehypothesisaswell
asthemaximalarity of literalsin thehypothesisThewidth
of the registersis dictatedby the datain the background
knowledge.

The backgroundmemory gives accessto the back-
groundknowledge. This memoryis organisedin a two-
level hierarchy with a small on-chip cacheand a large
sharedoff-chip memory Issuesegardingthe memoryar-
chitectures discussedurtherin Section5.

The unifier unit operateson datafrom the hypothesis
dataregisters,backgroundnemoryandfrom the variable
registerfile. Theargumentsof literalsfoundin thehypoth-
esisdataregisterscan be of four differenttypes: output
variable,input variable,void variable,and constant. The
operatiorof theunifieris determinedy thetype of thear-
gumentin the hypothesisfound at compile-time,andcan
take oneof thefollowing forms:

1. Outputvariablesare variableswhich are unboundat
thetimethey areused.An outputvariableis boundby
writing theargumentfrom backgroundnemoryto the
registerassociatedvith the variable. This unification
alwayssucceeds.

2. Input variablesare variable which are boundat the
time they areused. Their value canbe found in the
appropriateegisterin thevariableregisterfile. Unifi-
cationsucceed# the argumentfrom theregisterfile



is equalto the agumentfrom backgroundnemory

3. Void variablesarevariablesoccurringonly oncein a
clause.Thevalueof avoid variablewill notbeneeded
againandsincetheit is unboundt matchesanything.

No actionneeddo betakenandunificationsucceeds.

4. For constantsoundin thehypothesisunificationsuc-
ceedsif the constantis equalto the argumentfrom
backgroundnemory

As describedabove, the unification of the aguments
canbedonein sequencer in parallel. Theunifiermatches
data, or writes datato a register In the sequentialcase
this is doneoneafterthe other In the parallelcasethisis
donein parallelfor anumberof argumentswhichrequires
parallelaccesso bothhypothesisnemoryandthevariable
registerfile.

Following Prolog semanticsthe processomperformsa
failure-driven loop over the backgroundknowledge. The
hypothesismemory containsdatafor eachliteral in the
body of the hypothesis. The processoffirst attemptsa
matchfor thefirst literal in the hypothesis.If this search
fails thenthe hypothesisioesnot explain theexample,and
the computatiorends.If matchingdataarefound,the pro-
cessormoveson to the next literal in the hypothesisand
pusheghe next addresgo bereadfrom datamemoryon a
smallstack.Thevariablebindingsfrom thefirst literal are
foundin thevariableregisterfile. If the seconditeral suc-
ceedsthe processocontinueswith the third literal in the
samemanneyandso on until thereareno moreliteralsin
thehypothesislf aliteral fails,whenno matchingdatacan
befound,executionbacktrackgo the previousliteral. Data
arereadfrom theaddresghatis poppedrom the stackand
areattemptedinifiedwith the previousliteral.

As anexample,considerthe call of thefirst instanceof
bond/4from rule 3 in Figurel. Thetypesof the four ar-
gumentsare respectiely: input variable,outputvariable,
void variable,andconstant.Whenthe literal is called,the
first variableis alreadyinstantiatecandits valueis found
in thefirst variableregister Datamemorynow passeslata
from the appropriatesectionof backgroundknowledge,
suchasbond(11020,28,2). Theunifiercompareshefirst
variableregisterwith the first algumentfrom background
memory It thenwritesthe value20 to the secondvariable
register It ignoresthethird argument.Finally it compares
thefourth argumentwith the constanfoundin the hypoth-
esisdataregisters. If thetwo comparisongre successful,
the call succeedandtheunifier moveson to thenext bond
literal. At this time the boundvalueof the outputvariable
is foundin thevariableregisterfile.

In orderto exploit query-level parallelism,we propose
an architecturgFigure 3) containinga numberof proces-
sors operatingin parallel. Each processorhasits own
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Figure 3 Architectureof a multi-processosystemcon-
taining eight processorglabelled P) and four external
memory banks,accessedy RAM controllerssharedby
two processors.The main control block links the Progol
systemto the individual processors. To avoid the main
control unit becominga bottleneck,it canbe arrangedo
beatreeof controllers.

cache but it may have to shareexternalmemory depend-
ing onthenumberof processorandthenumberof external
memoryblocks. The architecturehasa single main con-
troller which interfacesto the main Progol host system.
The controller receives hypothesisdata from the Progol
systemon the hostmachineand passest on to the indi-
vidual processors.The processorseadbackgrounddata
fromtheexternalmemoryonewordatatime. WhereRAM
blocks are sharedby more than one processaraccesss
controlledusinga semaphorén the RAM control unit.

5 Caching

Adding a cacheto the hypothesisevaluationprocessor
hastwo effects. Firstly it shortenghe executiontime, as
accesgime to externalmemoryis longerthanthatto on-
chip memory Secondlyit enablesnore processorso run
in parallel,asthe numberof accesseto externalmemory
drops.

The effectivenessof the cachedependson the amount
of temporalandspatiallocality in the backgrounddata. A
hypothesigestconsistsof calling the hypothesidhody lit-
eralsin turn. Body literalsreferringto differentpredicates
alsoreferto differentpartsof thedata. Theentrypointinto
the datafor a particularliteral is determinedoy its index,



typically its first agument. The call to the literal iterates
overall thedatawith thesameindex. Spatiallocality is en-
suredby groupingthedataaccordingo theindex. A literal
is likely to becalledseveraltimes.If acall fails, execution
backtracksif analternatve solutionis found for a previ-
ousbodyliteral, thefailedliteral is calledagain.Temporal
locality is availablewherethe literal is called againwith
thesameindex.

As anillustrationof thebehaiour of thecacheconsider
rule 2 in Figurel. This hastwo callsto atm/5 followedby
acall to bond/4 All the body literals usethe sameindex.
Dataarefirst fetchedfrom the sectionof the atm-datare-
ferredto by theindex A. Dataarefetcheduntil amatching
atomis found. At this point the cacheis partially filled up
with atmrdata.Whena matchis found,atmis calledagain
with differentarguments.Sincethis call usesthe samein-
dex andthereforethe samedata,theinitial fetchescanbe
madefrom thecacheratherthanfrom theexternalmemory
If the secondatm-call finds a match,bondis called. The
literal bond refersto differentdatathanthe two previous
calls,andthe behaiour of the memorysystemdepend®n
whetherthereis a separateachefor bondor not. In the
first casethe bond-cachewill fill up. If thereis afailure,
oneof theatm-callsis likely to provide analternatve solu-
tion. Whenbondis re-enteredt canstill usetheold con-
tentsof the cache sincetheindex hasnotchanged|f there
isonecachepondwill overwritethevalueof theatm-data.
Uponbacktrackingatmis likely to missthecache andre-
enteringbond may alsocausesomemisses.Sincethe call
to bond forms the inner loop, the cachewill endup with
theconstantlyre-usedond-data.

The size of the cachecan be predictedfrom the na-
ture of the backgrouncknowledge. Assumingmosttime
is spenton the inner loop wherethe samedataarerepeat-
edly reused the cacheshouldbe large enoughto contain
all datareferredto by the sameindex. For the mutagenesis
dataset,boththe bond/4andatm/5predicatesaredefined
by some6000clause®ach but nomorethan44 entriesare
referredto by a singleindex. The dataentriesthemseles
require23 and 58 bits respectiely, with a 32-bit floating
pointnumberin atm/5

The block placementstratgyy also needsto be ad-
dressed.A directly mappedcachecanbe usedwhenall
the backgrounddataare accessedby a processotin con-
secutve memorywords,or whencachesizeis dictatedby
the maximumnumberof entriesaccessedby a processar
This hasthe advantageof reducedhardware usagecom-
paredwith associatie cachesA directmappedcachewill
resultin someconflict missesas calls to different predi-
catesoverwrite datawhich may be neededater, asin the
exampleabove. Associatingeachpredicatewhich canbe
calledin a hypothesiswith a separatecachereducesthe

conflict misses;indeedit can eliminatethem entirely; if
eachcall to the samepredicateusesthe sameindex.

Cachearchitecturegypically have multiple levels. We
consideronly one level of off-chip RAM in addition to
the embeddedRAMs. Thesememoriescanbe organised
into atwo-level hierarchywith level oneon-chipandlevel
two off-chip. Alternatively, severallevels of cachecanbe
built from the on-chipRAMs. With eachprocessohav-
ing its own cache addinga second-lgel cachereduceghe
numberof processorsvhich canbe put on the chip. The
speedumainedby addingthe secondevel musttherefore
offset the effect of this lost parallelism. In the two-level
cache thefirst level containsthe entire active setfor the
innerloop. A secondevel betweenthis andthe external
memorycanreducethe numberof conflict missesoccur
ring in a hypothesidik e the exampleabove, wherea call
to atmafterfailurein bondwill find its own dataoverwrit-
ten.In orderto guarante¢hattheatm-dataarefoundin the
second-lgel cacheatthetime of backtrackingthesecond-
level cacheneeddo betwice aslargeasthefirst level. This
increasesnemoryusageby a factorof three,but doesnot
reduceaccesgime to thefirst level. The speedumained
by reducingconflict misseswill notbesignificant,asmost
timeis spenton theinnerloop which hasall its datain the
first-level cacheafteraninitial streakof cold-startmisses.

The accessego the external memory can be either
demand-drren or basedon prefetching. The demand-
driven approachreducesthe numberof accesseso ex-
ternalmemory asonly whatis neededs fetched. Since
thedataaccessearepredominantlysequentialyholesec-
tions of datacanbe prefetched.This is especiallyattrac-
tivefor externalRAM optimisedfor burstaccessWith the
dual-portecembeddedR AMs foundon someFPGAchips,
the cachecontrollercanwrite datafrom externalmemory
while the processousegthe existing data.

6 Compilation Flow

Therearethreestagesn the compilationflow.

Data preprocessing In order to optimise the data and
gatherinformationto guidehardwarecompilation,we
performthefollowing steps:

1. Groupdataaccordingto their predicate.

2. For eachpredicate groupdataaccordingto the
firstagument.

3. Determinethe maximum required size of the
cache by finding the largestnumberof clauses
with the samefirst argument.

4. Map constantg¢o numericalvaluesand do bit-
width analysis.



5. Define a packing schemefor each predicate
basedn the bit-widths of its arguments.

6. Generatean indexing table for eachpredicate,
mappingall the possiblefirst argumentsto the
offsetinto the datafor thatpredicate.

We currentlyhave toolsto estimatehe cachesize,do
bit-width analysis,datapacking,and producethein-
dex table.

To illustrate data preprocessingconsiderthe back-
groundknowledgein the mutagenesisiataset con-

sistingof 12 000factsdefiningthe predicatesatmand
bond After sorting the backgroundknowledgethe

numberof occurrence®of every predicateis found,

andthemaximum(44) dictatesghedepthof thecache.
Constanvalues.e.g.c andh aremappedo numerical
values. After this mapping,we determinethe maxi-

mum numberof bits requiredfor eachargument.For

the bond predicatethisis 8, 6, 6, and 3 bits respec-
tively. Giventhe depthof the cacheandthe width of

the embeddedRAMs, we find thatall agumentscan
fit in a singleword. Whenthe pacled dataare out-

put, eachfirst occurrenceof theindexing argumentis

recordedn theindex table.

Compilation. Basedon informationfrom the preprocess-
ing stageand usersuppliedinformation, the proces-
sorsaregeneratedProgolrequiresghe userto specify
theelementdrom which hypothesisanbegenerated,
and the maximum length of hypothesisedcclauses.
Fromthesewe find the parametergor the control of
theunifier unit andthe numberof registersin the vari-
able register file and hypothesisdatamemory Al-
thoughit is hardto estimatethe size of the placed
androuteddesignbeforecompilation,we candeter
mineanupperlimit imposedby the cachesThetotal
numberof processorsnust be small enoughfor the
combinedsize of the cachesnot to exceedthe total
availableembeddedanemory

Run time. At run time, Progol generateshypothesisto
test. Eachhypothesisis encodedand passedo the
maincontrollerwhichin turn passedt onto theindi-
vidual processors.

7 Results

We have testeddifferentversionsof the proposedarchi-
tecture. Our evaluationimplementationdhave a variable
numberof processorsThe architecturesre designedus-
ing the Handel-Chardware descriptionlanguageandare

simulatedusingthe DK Handel-Csimulator Fromthis the
cycle countsfor our benchmarksrefound.

The cachehasa latengy of two cycles and cacheac-
cessis not pipelined. The externalmemoryis estimated
to have alateng of six cycles,includingaccesarbitration
for sharedoff-chip RAMs. Accessego externalmemory
from differentprocessorare pipelined,so the maximum
throughputs onedataword percycle.

We usethe mutagenesislatasetfor benchmarking.n
testingthe effect of caching,we usethe nine final rules
generatedby Progol(1692queries)while theotherresults
arebasedon rule 3 from Figure 1 only (188 queries).Six
of theninerulescontainasinglebodyliteral, onerule con-
tainstwo body literals, while the lasttwo rules(including
rule 3) containthreebodyliterals.

We target the RC1000 platform with a Xilinx
XCV2000E chip. Tools from Xilinx estimatethe clock
speedand areausage. For benchmarkingwe use an
architecturewithout hypothesisdata memory clocked at
38MHz. A single-processoarchitecturewith hypothesis
datamemoryandsequentialinificationcanbe clocked at
34MHz, andrequires1000slicesout of a total of 19200.
The XCV2000Echip canaccommodat@4 processors)s-
ing 46 out of 160available4Kb BlockRAMs.

7.1 Singleprocessorcaching

The effect of addinga cachedependson the rulesin
the nine-rulebenchmark. The shorterrules benefitlittle,
sincethereis lesstemporalocality. In anuncachedingle-
processoarchitecturghe externalmemoryutilisation lies
betweerD.16and0.19. With afive cycle penaltyon cache
misses the utilisation of the external RAM decreasedy
afactorof tenfor rule 3. For rules2 and4 the utilisation
decreaseby a factorof two, while therestareone-literal
ruleswhich shav noimprovement.

The costof missesalsoaffectsthe speedughatcanbe
attainedby usinga cache.Figure4 shaws the speedugor
thenineruleswherethe cacheaccesostis onecycle and
thecachemisscostis upto 30 cycles. Thethick line shavs
the combinedeffect for the nine rules, while the top line
shows theeffectfor rule 3.

The above discussiorindicatesthat the overall perfor
manceof the systemdependson the type of generated
hypothesis. Shortrulesresultin low cacheperformance
whichin turn limits the amountof query-lesel parallelism
which canbe extracted,asmemoryaccesdecomes bot-
tleneck. The rules we use, however, are the final rules
producedby Progol. During the hypothesisearchwe ex-
pectthatlongerruleswill dominate pecaussuchrulesare
alundantin the hypothesisspace.Furthertestingon run-
time datais neededo confirmthis expectation.
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cachedversion.The x-axisshavs the costof cachemisses
in cycles,while the y-axis shows the speedup The dotted
linesdisplayresultsfor individual rulesin our benchmark,
while thethick solid line shavs the aggreyateresult.

The limited size of our benchmarkhasto be noted. It
coversa single hypothesis but we expect similar results
to hold for a larger setof hypothesis. The full hypothe-
sis spaceconsistsof rules of differentlengths. Someof
theserules containonly a singleliteral in the body. For
theserulescachingwill have little effect, aseachpieceof
datais only usedonce. At the sametime the shorterrules
take shortertime, asthereis only one passover the data.
Cachingwill have strongereffect on ruleswherethereare
repeatedaallsto thesamepredicateasmostof thememory
accessefom the secondnstancewill be cachehits.

7.2 Query parallelism

We carry out hardware simulationsfor architectures
containingupto 64 processorsAll processorsharea sin-
gle externalmemorybank. Theresultsare shovn in Fig-
ure5 with the speedupelative to a single-processaarchi-
tecture. This showvs a good speedugnitially, which then
dropsoff somavhat. At 32 processorshe speedugs 17
while at 64 processorshe speedups 19. This simulation
providessimilar resultsto our previouswork, which shavs
diminishingreturnsof addingprocessorsincelong com-
putationsdominate.All processorsrededicatedo a sin-
gle hypothesisatatime, andthe queriesvaryin thelength
of time they run for. Therefore,asthe numberof proces-
sorsapproachethenumberof exampleso betestedsome
processorvill beidle while the moredemandingxample
testsarecarriedout on otherprocessors.
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Figure 5 The effect of coarse-lgel parallelism on
speedup. The x-axis shavs the numberof processors,
while the y-axis shawvs the speeduprelatve to a 1-
processoarchitecturewith parallelunification. Both par
allel andsequentiaunificationarchitecturegareshown.

7.3 Unification parallelism

We have benchmarkdarchitecturesontainingbothse-
guentialandparallelunificationprocessorsParallel unifi-
cationis onaverage3.6timesfasterin termsof thenumber
of cycles. Eachunificationis speededip by a factor at
mostequalto its arity. In our benchmarkthe bondpredi-
catedominategheruntime. This predicatehasanarity of
four.

Note that for this predicateall the datafor a single
clausecouldfit into onememoryword, sounificationcould
be donein onecycle ratherthanfour. For otherprograms
the datamay not be so compact. Either wider dataor a
higherarity canresultin theclauserequiringseveralmem-
ory words,sothe effect of parallelunificationis smaller

7.4 Comparisonwith software

Our architecturecomparesfavourably with software
runningon a microprocessorsA Pentium4 1.8GHzcom-
puterrunningour benchmarkusingProgol’s built-in Pro-
log evaluator completeour benchmarkn 0.095seconds.
At 38MHz a one-processoimplementationwith parallel
unificationcompleteghe benchmarkn 0.0102seconds9
timesfaster A 32-processoimplementatiorcancomplete
it 160 timesfasterthanthe Pentiumiif it runsat 38MHz.
This benchmarkis a subsetof a full run of the mutagen-
esisproblem. The exact run-timefor this dependon the
search-spacgarametersandis measuredn hours.



7.5 Comparisonwith instruction processor

The architecturepresentedn this paperis basedon a
direct datapathimplementation.In a previousimplemen-
tation [8], we adoptan instructionprocessomlpproacho
speedup Progol. A singleinstructionprocessotakes13
million cyclesto completeour benchmark. Our current
architecturetakes 390 000 cycles (33 times fewer) using
parallelunificationand 1.4 million cycles(9 timesfewer)
using sequentialunification. The clock speedsare simi-
lar, 35MHz and38MHz respectiely. Our currentsizeesti-
matesindicatethatasingleprocessowith sequentialinifi-
cationrequiresarounda quarterof thespaceof theinstruc-
tion processar

The datapatharchitecturébenefitsfrom usinga simpler
unification. This resultsin lower hardware usage which
canbeexploitedby having moreparallelprocessorsAlso,
the datapatharchitecturedoesnot needthe control struc-
turesof theinstructionprocessarTheseresultin a higher
memoryusage.An adwantageof theinstructionprocessor
is thatit canhandlea wider rangeof data,asit is not con-
strainedo ahypothesispaceaeferringonly to groundunit
clausesn thebackgrouncknowledge.

8 Conclusionsand Futur e Work

We have demonstrate@n architecturecapableof exe-
cuting inductive logic programsat high speed.The archi-
tectureperformswell bothwhencomparedwith inductive
logic programmingsoftware executingon a modernmi-
croprocessqandwith anearlierarchitecturd8] basedn
multiple instructionprocessorargetingthe sameproblem
domain.To recapitulatehe mainpoints:

e The architectures basedon a direct mappingof the
datapath. This hasa greatspeedadwantageover in-
structionprocessosystemsandis alsoshavn to have
goodresourcautilisation.

e Parallelismis exploited at several levels. This leads

to amulti-processoarchitecturevith goodspeedups.

Preprocessintheinputdataenablesisto exploit uni-
ficationparallelismin all theprocessordpr auniform
speedup.

e By usinga cachesystem,we reduceaccesdime to
memory and more importantly we reducememory
contentionsharply This allows more processorso
run effectively in parallel. The sizesof the cachesare
foundby analysisof theinput data.

Currentandfuturework consistof thefollowing. First,
improve the interfacebetweerthe main controllerandthe

processors thecurrentinterfacecanresultin longconnec-
tions and a large fanoutwhenmary processorsare used.
This problemcanbe overcomeby pipelining the connec-
tionsanddecomposinghe main controllerinto atreenet-
work of controllers. Secondexplore stratgiesfor paral-
lelising communicatiorbetweenthe cacheandthe exter-

nal memory Third, evaluateour architectureusinga wide

rangeof Progolapplications.

Acknowledgements. The supportof Celoxica Limited,
Xilinx, Inc.,the UK ORSAward Schemeandthe UK En-
gineeringand PhysicalScienceResearciCouncil (Grant
numberGR/N 66599, GR/R 31409and GR/R 55931)is
gratefullyacknavledged.

References

[1] S.MuggletonandL. De Raedt.Inductive logic program-
ming: theoryandmethodsJournal of Logic Programming
19,20:629-6791994.

[2] S.Muggleton.InverseentailmentandProgol.New Gener
ation Computing 13:245-2861995.

[3] M. Turcotte,S. MuggletonandM. Sternbeg. Proteinfold
recognition.Proc. 8" International Workshopon Induc-
tive Logic Programming(ILP-98), LNAI 1446, Springer
Verlag,pp.53—-64,1998.

[4] A. Srinivasan,S. Muggleton, R. King and M. Sternbeg.
Mutagenesis:ILP experimentsin a non-determinatéio-
logical domain.In S. Wrobel, editor, Proceedingof the
Fourth International Inductive Logic ProgrammingWork-
shop Gesellschaftur Mathematikund Daterverarbeitung
MBH, GMD-StudienNr 237,1994.

[5] P.Finn,S.Muggleton,D. PageandA. SrinivasanPharma-
cophorediscovery using the inductive logic programming
systemProgol.Machine Learning 30:241-271,1998.

[6] H. Ohwada,H. NishiyamaiandF. Mizoguchi. Concurrent
executionof optimal hypothesissearchfor inverseentail-
ment. Proceedingsof the Tenth International Confeence
on InductiveLogic Programming pp. 165-1732000.

[7] D. Skillicorn and Y. Wang. Parallel and sequentialalgo-
rithms for datamining using inductive logic. Knowledg
andInformationSystems3:405-4212001.

[8] A. Fidjeland,W. Luk andS. Muggleton.Scalableaccelera-
tion of inductie logic programsProc. Int. Conf on Field-
ProgrammableTechnolagy (FPT'02), IEEE, 2002.



