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Abstract

Naturallanguageparsinghasto be accu-
rateandquick. Explanation-basetearn-
ing (EBL) is atechniqueo speed-uppars-
ing. Theaccurag however oftendeclines
with EBL. Thepapershavsthatthisaccu-
ragy lossis notdueto the EBL frameawork

assuch,but to deductve parsing.Abduc-
tive EBL allows extendingthe deductve

closureof the parser We presenta Chi-

neseparserbasedon abduction. Exper

iments shav improvementsin accurag

andefficiengy.!

1 Intr oduction

Thedifficulties of naturallanguageparsing,in gen-
eral,andof parsingChinesejn particular aredueto
local ambiguitiesof wordsand phrases.Extensve
linguistic and non-linguisticknowledgeis required
for theirresolution(Chang,1994;Chen,1996). Dif-
ferentparsingapproachegrovide differenttypesof
knowledge. Example-basegarsingapproachesf-
fer rich syntagmaticcontets for disambiguation,
richerthanrule-basedapproacheslo (Yuanget al.,
1992). Statistical approachedo parsingacquire
mainly paradigmaticknowvledge and requirelarger
corpora,c.f. (Carl and Langlais, 2003). Statisti-
cal approachebandleunseereventsvia smoothing.
Rule-basedpproachesiseabstractateyory labels.
1This researchhas been carried out within Logos Gaias

project, which integratesNLP technologiesinto a Internet-
basechaturallanguagdearningplatform(Streiteretal., 2003).

Example-basegarsing generalizesexamplesdur
ing compilationtime, e.g. (Bod andKaplan,1998),
or performsa similarity-basedfuzzy matchduring
runtime (Zavrel and Daelemans1997). Both tech-
niguesmaybe computationallyfdemandingtheir ef-
fecton parsinghoweveris quitedifferent,c.f. (Stre-
iter, 2002a).

Explanation-baseltkarning(EBL) is a methodto
speed-upule-basedarsingvia the cachingof ex-
amples. EBL however tradesspeedfor accuray.
For mary systemsasmalllossin accurag is accept-
ableif anorderof magnitudelesscomputingtime
is required. Apart from speed,one generallyrec-
ognizesthatEBL acquiressomekind of knowledge
from texts. However, what is this knowledgelike
if it doesnot helpwith parsing?Couldnt a system
improve by learningits own output? Cana system
learnto parseChineseby parsingChinese?The pa-
per setsout to tacklethesequestiondn theoryand
practice.

1.1 Explanation-basedLearning (EBL)

Explanation-basetearningtechniquedransforma
generalproblemsolhver (PS)into a specificand op-
erationalPS (Mitchel et al., 1986). The cachingof
the generalPS’s output accountsfor this transfor
mation. ThePSgeneratesyesideghe output,adoc-
umentationof the reasoningstepsinvolved (the ex-
planation).Thisdeterminesvhichoutputthesystem
will cache.

The utility problem questionsthe claim of
speeding-uppplications(Minton, 1990): Retriev-
ing cachedsolutionsin additionto regular process-
ing requiresextra time. If retrieval is slov and



cachedsolutionsarerarely re-usedthe cost-benefit
ratiois negative.

The accurag of the derived PSis generallybe-
low that of the generalPS. This may be dueto the
EBL framevork as suchor the deductve baseof
the PS.Researclin abductve EBL (A-EBL) seems
to suggestthe latter: A-EBL hasthe potentialto
acquire nev knowledge (Dimopoulos and Kakas,
1996). The relation betweenknowledgeand accu-
ragy however is not a direct andlogical one. The
U-shapedianguag€dearningcurvesin children ex-
emplifiestheindirectrelation(Marcusetal., 1992).
Wrong regular word forms supplantcorrectirregu-
lar formswhenrulesarelearned.We thereforecan-
not simply equateautomaticknovledgeacquisition
and accurag improvement,in particularfor com-
plex languageasks.

1.2 EBL and Natural LanguageParsing

PreviousresearchasappliedEBL for the speed-up
of large andslow grammars.Sentencesre parsed.
Thenthe parsetreesare filtered and cached. Sub-
sequentparsing usesthe cachedtrees. A com-
plex HPSG-grammatransformsnto tree-structures
with instantiatedvalues (Neumann,1994). One
hashtablelookupof POS-sequencesplacesyped-
featureunification. Experimentsonductedn EBL-
augmentedparsing consistentlyreport a speed-up
of the parseranda drop in accurag (Raynerand
Samuelsson 994;SrinivasandJoshi,1995).

A lossof informationmay explain thedrop of ac-

curay. Contetual information,taken into account
by the original parser may be unavailable in the
new operationaformat (Sima’an,1997),especially
if partial, context-dependensolutionsareretrieved.
In addition,the setof cachedparsetrees,judgedto
be "sure to cache”, is necessarilybiased(Streiter
2002b). Most cachedree structuresare shortnoun
phrasesParsingfrom biasedexampleswill biasthe
parsing.
A further reasonfor the lossin accurag areincor
rectparsesvhichleakinto thecache A stricterfilter
doesnot solve the problem. It increaseghe biasin
thecachereduceshesizeof the cache andevokes
theutility problem.

EBL actuallycanimprove parsingaccurag (Stre-
iter, 2002b) if the grammardoes not derive the
parsego becachedvia deductionbut via abduction.

The deductve closuré which cannotincreasewith
EBL from deductve parsingmay increasewith ab-
ductive parsing.

2 A Formal View on Parsing and Learning

We usethefollowing notationthroughouthe paper:
p — (y) = z (function x appliedto y yields x),

p— (y) = z (relationy appliedto y yieldsx).

< ... > and{...} representuplesandsetsrespec-
tively. The # prefix denoteghe cardinalityof a col-

lection,e.g.#{o01,02} = 2.

Uppercasevariables stand for collections and
lowercasevariablesfor elements. Collectionsmay
containthe anorymousvariablee (the variable_ in
PROLOG). Over-bracesor underbracesshouldfa-
cilitatereading:1 + 1 =2 % 1.

— =~

2

A theoryT is <2 A,T,R > whereR is asetof
rulesr. A andZ aretwo disjoint setsof attributes
a andi (e.g. A = {"noun”,’verd”,..};7 =
{"Bob”,”hill”,...}). A ruleis written asr =<
o,a > orr — (o) = a. A rule specifiesthe rela-
tion betweeranobserablefacto andanattribute a
assignedo it. O is the setof obserable datawith
eacho € O beingatupleo =< a,i >.2

C is the setof dataclassifiedaccordingto 7, with
¢ =< 0,a >. 0, 1 anda mayhave aninternalstruc-
turein theform of orderedor unorderectollections
of moreelementary, i anda respectiely.

Transferringthis notationto the descriptionof
parsing,7 is a syntacticformalismandR a gram-
mar. A is the union of syntaxtreesand morpho-
syntactictags. O is a corpustaggedwith A. 7 cor
respondgo alist of words,phrase®r sentenceghe
surfacestrings). C is a treebank,a cacheof parse
trees,or ahistory of explanations.

(1)

Cparse =<< Gpos; llegeme > Qtree >

2.1 Parsing: m — (0) = {crew}

A parser definesa relation between® and(C (c.f.
2). Parsing is arelationbetweerv anda subsebf C
(c.f. 3).

e (0)=C )

2The deductie closureof the setof axiomsX is the setS
which canbe provedfrom it.
3Theformalizationfollows (DimopoulosandKakas,1996).



7> (0) = {cnew} 3)

Simplifying, we canassumehat = is definedas
the setof rules,i.e. 7 =< O, >= R. A spe-
cific parserr is derivedby theapplicationof 8 to the
trainingmaterial(e.g.C): 6 — (C) = w. Thesetof
possiblerelationsd is ©. Elementf © arecaching
(no generalization)induction(hypothesisafter data
inspectionyandabduction(hypothesigluringclassi-
fication). Equation(5) describeghe cycle of gram-
marlearningandgrammarapplication.

0 (C)=m
(0 = (Cold)) = (0) = Cnew
—_——

™

(4)
(5)

2.1.1 Memory-basedParsing

7 is basecbnmemonyif (0 — (c)) =< ¢,¢c >=<
r,r >. -« in (6) is the trivial formalization of
caching. Parsing proceedsvia recalling p defined
in (7). The cycle of grammarlearningand parsing
p — (v) is definedin (8): Thetraining materialc,,
yieldsthe parsingoutputc,,.*

T (< 0py Gy >) = < 0yy Gy > (©)
p
p > (oy) =< 0y,ay > (7
parsingo,
g Iearningp erm c )
] S ®)

——
(v = (< oy, au >)) = (0y) =
< Oy, Qyy >
N ——
Cw
2.1.2 Deduction-basedParsing

Let delete be a function which replacesone or
more elementsof a collectionby a namedvariable
or e. = is a deductve inferenceif r is obtained
from aninduction(areductionof o with the help of
delete). Thefollowing expressionglefineinduction
¢t (9), deductioné (10) andthe inductive-deductie
cycled — (¢) (11):

“We usesubscriptdo indicatethe identity of variables.The
samesubscripbf two variablesmpliestheidentity of bothvari-
ables. Differentsubscriptamply nothing. The variablesmay

beidenticalor notidentical.In memory-baseg@arsinglearning
materialandparsingoutputareidentical.

L H(§< Aoy by >, Ay >) =

Cy

< delete = (< uyiw >),a0 > (9)
<a:ur,e>
rU:r:tS
0 (< ay, iy >) =<< Gy, iz >,ay > (10)
N ——

Ow

parsingo,
”~ c,u Y

A
- ~

(L= (K< Ayt >,y >) = (< Gy iz >)) =
<< oy g >,y >

(11)
2.1.3 Abduction-basedParsing

—_—
Abduction,definedas(y — (c)) — (o) isarun-
time generalizationwhich is triggeredby a concrete
o to be classified.We separate) and « for presen-
tation purposeonly.® Therelationo may expressa
similarity, atemporalor causatelation.(12) andthe
cycleof a — (¢) (13) defineabduction.

P (c)=a—(c)=r (12)

parsingo,

learninga from ¢ oy

A
7~ ~ - ~

(P = (<< agyiz >, 00 >)) = (< ay,iy >) =
< < ay,ty >,ar >
N e

Oy
(13)

Abduction subsumeseasoningoy analogy Ab-
ductionis an analogy if o describesa similarity.
Reasoningrom rain to snawv is a typical analogy
Reasoningrom wet streetto rain is an abductve
reasoningFor a parsingapproacthasecn analogy
c.f. (Lepage1999).

SAbductionis a procesf hypothesisgeneration. Deduc-
tion andabductiormaywork conjointlywhene&erdeductve in-
ferenceencountegaps.A deductve inferencestopsin front of
agapbetweerthe premisesanda possibleconclusion.Abduc-

tion createsa nev hypothesiswhich allows to bridgethe gap
andto continuetheinference.



2.2 Learning: CU ((0 — (C)) = (0))

In this sectionwe formalizeEBL. We mechanically
substituted in the definition of EBL by v, d, a to
shaw theirlearningpotentials.

A learningsystemchangesnternal stateswhich
influencethe performance.The internalstatesof 7
aredeterminedby C and®. We assumehat, for a
givenm, © remainsidenticalbeforeandafterlearn-
ing. Thereforethe comparisorof C (beforelearn-
ing) with C U ¢,e (after learning)revealsthe ac-
quiredknowledge.

We defineEBL in (14). (0 — (C)) is the parser
beforelearning. This parserappliesto o andyields
Cnew, fOormalizedas (0 — (C)) — (o). The new
parseris the applicationof © to the union of C and

Cnew-

Tnew = 0+ (C U ((9 = (C)) = (0)))

Told

{enew}

(14)

From two otherwiseidentical parsersthe parser
with ¢ =<< a,,€ >, a, > notpresenin the other
hasa greaterdeductve closure. The cardinality of
<< @q,€ >,a. >€ C reflectsan empiricalknowl-
edge. The empirical knowledge doesnot allow to
concludesomethingnew, but to resole ambigui-
ties in accordancewith obsered data, e.g. for a
sub-languagasshowvn in (RaynerandSamuelsson,
1994). Both learningtechniquesave the potential
of improving theaccurag.

2.2.1 Learning through Parsing

A substitutionof © with «, §, o revealsthetrans-
formationof c,;q t0 cpeqy. We startwith cachingand
recalling(Equationl5b).

Tpew = Y ({Cl} U (’Y = (CZ)) = (O’L)) (15)
—_——

p

~ J
~~

Cg

Parsingo; with the cacheof ¢; yields¢;. Thede-
ductive closureis not enlaged. Quantitatve rela-
tionswith respectoo changen C. If ¢; isnotcached
twice, memory-base@&BL is idempoten®.

6ldempotencés the propertyof an operationthatresultsin
the samestateno matterhowv mary timesit is executed.

EBL with induction and deductionis shavn in
(16). Here the subscriptsmerit special attention:
0 =< ag,iy > is parsedfrom ¢ =<< ag,i; >
yay >. Thisyields ey =<< ag,iy >,a, >. IN-
tegratingc,,, into C changeghe empiricalknowl-
edge with respectto a and i. If the empirical
knowledge doesnot influence., D-EBL is idem-
potent. The deductve closuredoesnot increaseas
<< ag,€>,a, >€C.

Tnew = L+ ({< ag, iy >,a, >}U
(L= (K< agyiz > a0 >)) = (< ag, iy >)))

~~

c

~ J

<<Lag ,iy >0y >

(16)
Abductve EBL (A-EBL) is shovn in (17). A-
EBL acquiresempirical knovledgesimilarly to D-
EBL. In addition,a nev << ay,e >,a, > is ac-
quired. This ¢, maydiffer from ¢4 With respect
to ay and/ora,. In the experimentsin A-EBL we
reportedbelow, a, # a; anda, = a. holds.

Tnew = ")b = ({< Qgz,lg >, 0 >}U
(Y = (K< ag,ig >, a0 >)) = (< ay, iy >)))
< g . ,

-~

N ¢ . oy
learninga

~ J
~~

<<Lay,iy>,ar>
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2.2.2 Recursive Rule Application

Parsingis a classificationtaskin whicha € A is
assignedo o € O. Differentlyfrom typical classifi-
cationtasksin machinelearning, naturallanguage
parsingrequiresan openset.A. This is obtained
via the recursve applicationof R, which unlike
non-recursie stylesof analysis(SrinivasandJoshi,
1999) yields A (syntaxtrees)of ary compleity.
Thendelete is appliedto A sothatdelete — (A)
can be matchedby further rules (c.f. 18). With-
outthisreduction recursve parsingcouldnotgobe-
yond memory-basegarsing.

T =<< < Gy im >,
< delete — (rp — (0p)),ip >>, (18)
< G, < G, Tp > (0p) >>>



Figurel: An explanationproducedoy OCTOPUS At thetop, thefinal parseobtainedvia deductve substi-
tutions. Abductive termidentificationbridgesgapsin thededuction(X ~ Y). Themarker’?’ is agraphical

shortcutfor the setof lexemes{:} in c.
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The function delete definesaninductionandre-
cursive parsingis thusa deduction.Combination®f
memory-basednddeduction-basegdarsingarede-
ductions,combinationsof abduction-basegarsing
with ary anotheparsingareabductions.

Macro Learningis thecommontermfor thecom-
bination of EBL with recursve deduction(Tade-
palli, 1991). A macro rmacro iS a rule which
yields the sameresult as a set of rules R’ with
#R' > 2 and rpecro ¢ R’ does. In termsof
a grammay such macroscorrespondo redundant
phrasesi.e. phraseshatareobtainedoy composing
smallerphrasesf R. Macrosrepresenshortcuts
for the parserand,possibly improvedlikelihoodes-
timate of the composedstructurecomparedto the
estimatesunderindependenc assumptionAbney,
1996). Whenthe usageof macrosexcludescertain
typesof analysise.g. by trying to find longest/best
matchesve canspeakof pruning. Thisis thecontri-
bution of D-EBL for parsing.

3 Experimentsin EBL

3.1 Experimental purposeand setup

Theaim of theexperimentds to verify whethemew
knowledgeis acquiredin A-EBL andD-EBL. Sec-
ondly, we wantto testthe influenceof nev knowl-
edgeon parsingaccurag andspeed.
Thegeneraketupof the experimentis thefollow-
ing. We usea sectionof a treebankasseed-corpus
(Cseeq).- We train the seed-corpuso a corpus-based
parser Using a test-corpusve establishthe parsing

Figure 2: The main parsingalgorithm of OCTO-
PUS.The parserinterleares memory-basedjeduc-
tive, and abductve parsingstratgiesin five steps:
Recalling, non-recursie deduction,deductionvia
chunksubstitution first with lexemes thenwithout
lexemesandfinally abduction.

= (<a,i>){

# 1 recalling from POS (a) and lexeme(i)
RETURNc IF (¢ = p = (< a,i >))

# 2 deduction on the basisof POS (a)
RETURNc IF (¢ = §(< a, e >))

# 3 deductive, recursive parsing with POSand lexeme
# Substitutions are definedasin TAGs (Joshi, 2003)IF

((< Achunk ichunk >a < Aredu, iredu >) =
best_chunk — (< a,i >)){

RETURN substitution — ( # deduction

™ — (< Achunk Lchunk; >),
™ — (< Qredu, Z‘redu) >)}

# 4adeductive recursive parsing with lexeme,
# 4b compared to abductive parsing
IF ((< QAchunk, 7:chunk >7 < QAredu, iredu >) =
best_chunk — (< a,e >)){
RETURNargmaz —(
a — (< a,i >), #abduction
substitution — ( #deduction
™ (achunky ichunk)y
™ — (aredu: z.7"(»:du)))}

# 5 abduction asrobust parsing solution
RETURNa — (< a,i >) }



Figure3: Abductive parsingwith k-nn retrieval and
adaptatiorof retrieved examples.

a—(<a,i>){

RETURN adaptation —
(k.nn.retrieval — (< a,i >)))}

(viterbi.align — —

accuray and speedof the parser(evaluate(mr +—
(Orest)) =(recall,precision,f-sae,time)). Then,we
parsea large corpus(r — (O) = {cpew})- A
filter criterion that works on the explanation ap-
plies. We train those treeswhich passthe filter
to the parser(@ — ( Cseeq U {Crew}) = Tnew))-
Then the parsing accurag and speedis tested
againsthesametrainingcorpus(evaluate(mpey —
(Otest)) =(recall,precision,f-scertime).
Sectionsof the ChineseSinica TreebankHuang
etal.,2000)areusedasseed-treebankndgold stan-
dardfor parsingevaluation. Seed-corporaangebe-
tween 1.000 and 20.000trees. We train them to
the parserOCTOPUS(Streiter 2002a). This parser

integratesmemory-deduction-andabduction-based

parsingin a hierarchyof preferencesstartingfrom
1 memory-basegarsing,2 non-recursie deductve
parsing,3 recursve deductve parsingand5 finally
abductve parsing(Fig. 2).

Learningthe seedcorpora(@ — (c1000 - - -20.000))
results in 1900 - - - 720.000- For each 7 €
{m1000 - - - 20,000}, @ POS taggedcorpus O with
#O = 200.000 is parsed,producingthe corpora
Co1000 - - - Cosp.000- The corpususedis a subsetof
the5 Million word SinicaCorpus(HuangandChen,
1992).

For every o € O the parserproducesone parse-
treec =< o,a > andanexplanation The expla-
nationhastheform of aderivationtreein TAGs,c.f
(Joshi,2003). Thedeductiorandabductiorstepsare
visible in the explanation. Filters apply on the ex-
planationandcreatesub-corporahatbelongto one
inferencetype.

Thefirst filter requiresthe explanationto contain
only one non-recursie deduction,i.e. only pars-
ing step2. As deductve parsingis attemptedafter
memory-baseg@arsing(1), i, # i, holds.

A secondfilter extractsthose structures,which

are obtainedby parsingstep 4a or 5 where only
one POS-labelamay be differentin the last char
acters(e.g. ¢ — ("Nab”) = "Nac”). There-

sulting corporaare C -+ Cos.0004,4,,, @N
C C

. OZO'OOOabduct '

010004 dy.ct

Oloooabduct :
3.2 The Acquired Knowledge

We wantto know whetheror notnewv knowvledgehas
beenacquiredand what the natureof this acquired
knowledgeis. As parsingwasnotrecursve, we can
approachhe closureby thetypesof POS-sequences
from all treesandtheir subtreesn acorpus.Wecon-
trastthis with to thetypesof lexeme-sequenceghe
datashav that only A-EBL increaseghe closure.
But even when looking at lexemes,i.e. empirical
knowledge,the A-EBL acquiresricherinformation
thanD-EBL does.

Figure4: Thenumberof typesof POS-sequences
approximatiorof theclosurewith C,..4, A-EBL and
D-EBL. Below the numberof type of LEXEME-
sequences.
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Therepresentatesof thecachedarsess gauged
by thepercentagef top NPsandVPs(includingSs)
astop-nodesFig 5 shaws the biasof cachedbarses
which is more pronouncedwith D-EBL than with
A-EBL.



Figure5: The proportionof top-NPsandtop-VP(S)
in abducedanddeducedcorpora.
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3.3 Evaluating Parsing
The experiments consist in  evaluating

the parsing accurag and speed for each

Cseed U Colooodeduct T Cseed U COQO'OOOabduct '

Figure6: The parsingaccurag with abductve EBL
(Cseeq + C4) anddeductve EBL (Cseeq + Cp).

0.74

0.73 //)K\\\\ -
/—/ 2

0.72
® K
N Y/
¢
f 0.71 ®— parsing accuracy with C_seed
g parsing accuracy with C_seed + C_A
g ---- parsing accuracy with C_seed + C_p~
o
° 0.70

0.69 \ —

0.68

0 5000 10000 15000 20000 25000

size of seed corpus

Wetesttheparsingaccurag on 300untrainedand
randomlyselectedentencessingthef-scoreonun-
labeleddependengrelations. Fig. 6 shavs parsing
accurag dependingon the size of the seed-corpus.
Thegraphsshaw sidebranchesvherewe introduce
theEBL-derivedtrainingmaterial. Thisallows com-
paringtheeffect of A-EBL, D-EBL andhand-coded
trees(the baseline).Fig. 7 shaws the parsingspeed
in words per second(Processor:1000MHz, Mem-
ory:128MB) for the sameexperimentsRisinglines
indicateaspeed-upn parsing.We have interpolated
andsmoothedhe curves.

Figure 7: The parsingtime with A-EBL (Cseeq +
C4) andD-EBL (Cyeeq + Ch).
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Theexperimentatesultsconfirmthedropin pars-
ing accurag with D-EBL. This fact is consistent
acrosall experimentsWith A-EBL, theparsingac-
curay increasebeyondthelevel of departure.

The dataalsoshav a speed-ugn parsing. This
speed-ugds more pronouncedandlessdata-hungry
with A-EBL. Improving accurag andefficiengy are
thusnot mutually exclusie, atleastfor A-EBL.

4 Conclusions

Explanation-basetdearninghasbeenusedto speed-
up natural languageparsing. We shov that the
lossin accurag resultsfrom the deductve basisof
parsershot the EBL framavork. D-EBL doesnot
extendthe deductve closureandacquiresonly em-
pirical (disambiguationknowledge. The accurayg
declinesdueto cachecderrors,the statisticalbiasthe
filtersintroduceandthe usageof shortcutswith lim-
ited contectual information.

Alternatiely, if the parsemsesabductionthede-
ductive closureof the parserenlages. This makes
accurag improvementgpossible- notalogical con-
sequence.ln practice,the extendeddeductve clo-
surecompensatef®or nggative factorssuchaswrong
parseor unbalancedlistributionsin the cache.

Onamoreabstractevel, thepaperreatstheprob-
lem of automaticknowledge acquisitionfor Chi-
neseNLP. Theoryandpracticeshav thatabduction-
based\LP applicationsacquirenen knowledgeand
increaseaccurag and speed. Futureresearchwill
maximizethegains.
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