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Abstract

Natural languageparsinghasto be accu-
rateandquick. Explanation-basedLearn-
ing (EBL) is atechniqueto speed-uppars-
ing. Theaccuracy however oftendeclines
with EBL. Thepapershowsthatthisaccu-
racy lossis notdueto theEBL framework
assuch,but to deductive parsing.Abduc-
tive EBL allows extendingthe deductive
closureof the parser. We presenta Chi-
neseparserbasedon abduction. Exper-
iments show improvementsin accuracy
andefficiency.1

1 Intr oduction

Thedifficultiesof naturallanguageparsing,in gen-
eral,andof parsingChinese,in particular, aredueto
local ambiguitiesof wordsandphrases.Extensive
linguistic andnon-linguisticknowledgeis required
for their resolution(Chang,1994;Chen,1996).Dif-
ferentparsingapproachesprovide differenttypesof
knowledge. Example-basedparsingapproachesof-
fer rich syntagmaticcontexts for disambiguation,
richer thanrule-basedapproachesdo (Yuanget al.,
1992). Statistical approachesto parsing acquire
mainly paradigmaticknowledgeand requirelarger
corpora,c.f. (Carl and Langlais, 2003). Statisti-
calapproacheshandleunseeneventsvia smoothing.
Rule-basedapproachesuseabstractcategory labels.

1This researchhas beencarried out within Logos Gaias
project, which integratesNLP technologiesinto a Internet-
basednaturallanguagelearningplatform(Streiteret al., 2003).

Example-basedparsinggeneralizesexamplesdur-
ing compilationtime, e.g. (Bod andKaplan,1998),
or performsa similarity-basedfuzzy matchduring
runtime(Zavrel andDaelemans,1997). Both tech-
niquesmaybecomputationallydemanding,theiref-
fecton parsinghowever is quitedifferent,c.f. (Stre-
iter, 2002a).

Explanation-basedlearning(EBL) is a methodto
speed-uprule-basedparsingvia the cachingof ex-
amples. EBL however tradesspeedfor accuracy.
Formany systems,asmalllossin accuracy is accept-
able if an orderof magnitudelesscomputingtime
is required. Apart from speed,one generallyrec-
ognizesthatEBL acquiressomekind of knowledge
from texts. However, what is this knowledge like
if it doesnot helpwith parsing?Couldn’t a system
improve by learningits own output? Cana system
learnto parseChineseby parsingChinese?Thepa-
per setsout to tacklethesequestionsin theoryand
practice.

1.1 Explanation-basedLearning (EBL)

Explanation-basedlearningtechniquestransforma
generalproblemsolver (PS)into a specificandop-
erationalPS(Mitchel et al., 1986). The cachingof
the generalPS’s output accountsfor this transfor-
mation.ThePSgenerates,besidestheoutput,adoc-
umentationof the reasoningstepsinvolved (theex-
planation).Thisdetermineswhichoutputthesystem
will cache.

The utility problem questions the claim of
speeding-upapplications(Minton, 1990): Retriev-
ing cachedsolutionsin additionto regular process-
ing requiresextra time. If retrieval is slow and



cachedsolutionsarerarely re-used,thecost-benefit
ratio is negative.

The accuracy of the derived PS is generallybe-
low that of the generalPS.This may be dueto the
EBL framework as such or the deductive baseof
thePS.Researchin abductive EBL (A-EBL) seems
to suggestthe latter: A-EBL has the potential to
acquire new knowledge (Dimopoulos and Kakas,
1996). The relationbetweenknowledgeandaccu-
racy however is not a direct and logical one. The
U-shapedlanguagelearningcurves in childrenex-
emplifiestheindirect relation(Marcuset al., 1992).
Wrong regular word forms supplantcorrectirregu-
lar formswhenrulesarelearned.We thereforecan-
not simply equateautomaticknowledgeacquisition
and accuracy improvement, in particular for com-
plex languagetasks.

1.2 EBL and Natural LanguageParsing

PreviousresearchhasappliedEBL for thespeed-up
of large andslow grammars.Sentencesareparsed.
Then the parsetreesarefiltered andcached.Sub-
sequentparsing uses the cachedtrees. A com-
plex HPSG-grammartransformsinto tree-structures
with instantiatedvalues (Neumann,1994). One
hashtablelookupof POS-sequencesreplacestyped-
featureunification.Experimentsconductedin EBL-
augmentedparsingconsistentlyreport a speed-up
of the parserand a drop in accuracy (Raynerand
Samuelsson,1994;SrinivasandJoshi,1995).

A lossof informationmayexplain thedropof ac-
curacy. Contextual information,taken into account
by the original parser, may be unavailable in the
new operationalformat (Sima’an,1997),especially
if partial,context-dependentsolutionsareretrieved.
In addition,thesetof cachedparsetrees,judgedto
be ”sure to cache”, is necessarilybiased(Streiter,
2002b). Most cachedtreestructuresareshortnoun
phrases.Parsingfrom biasedexampleswill biasthe
parsing.
A further reasonfor the lossin accuracy areincor-
rectparseswhichleakinto thecache.A stricterfilter
doesnot solve theproblem. It increasesthebiasin
thecache,reducesthesizeof thecache,andevokes
theutility problem.

EBL actuallycanimproveparsingaccuracy (Stre-
iter, 2002b) if the grammardoes not derive the
parsesto becachedvia deductionbut via abduction.

The deductive closure2 which cannotincreasewith
EBL from deductive parsingmay increasewith ab-
ductive parsing.

2 A Formal View on Parsing and Learning

Weusethefollowing notationthroughoutthepaper:��� �����	��
 (function � appliedto � yields x),�
�����������
 (relation � appliedto � yieldsx).��������� and � ������� representtuplesandsetsrespec-
tively. The � prefixdenotesthecardinalityof acol-
lection,e.g. �������! "�$# � �&% .

Uppercasevariables stand for collections and
lowercasevariablesfor elements.Collectionsmay
containtheanonymousvariable ' (thevariable_ in
PROLOG). Over-bracesor under-bracesshouldfa-
cilitate reading: (*)+(, -/. 0#

�1%32 (, -/. 0#
.

A theory 4 is �65  879 ;: � where : is a setof
rules < . 5 and 7 aretwo disjoint setsof attributes= and > (e.g. 5 � ��?$@A�CBD@A?E "?$FHG!<JIK?E �������JL 7 �
��?NMO�NIK?E "?JP�>RQSQS?E ������� ). A rule is written as < � �
�H = � or < �� � � �T�U= . A rule specifiesthe rela-
tion betweenanobservablefact � andanattribute =
assignedto it. V is the setof observabledatawith
each�TWXV beinga tuple � � � =  ;> � .3Y

is thesetof dataclassifiedaccordingto 4 , withZ3� � �H = � . � , > and = mayhave aninternalstruc-
turein theform of orderedor unorderedcollections
of moreelementary� , > and = respectively.

Transferringthis notation to the descriptionof
parsing,4 is a syntacticformalismand : a gram-
mar. 5 is the union of syntaxtreesand morpho-
syntactictags. V is a corpustaggedwith 5 . 7 cor-
respondsto a list of words,phrasesor sentences(the
surfacestrings).

Y
is a treebank,a cacheof parse

trees,or ahistoryof explanations.

Z\[!]"^"_a`b� �c� =d[!e;_  ;>Rf `ag!`Rhb` �  =ji�^;`a` � (1)

2.1 Parsing: k ��l� � ��� � ZKm$`an �
A parser definesa relationbetweenV and

Y
(c.f.

2). Parsing is arelationbetween� andasubsetof
Y

(c.f. 3).

k ��l� V ��� Y (2)
2The deductive closureof the setof axioms o is the set p

whichcanbeprovedfrom it.
3Theformalizationfollows (DimopoulosandKakas,1996).



k ���� � ��� � ZqmC`an � (3)

Simplifying, we canassumethat k is definedas
the set of rules, i.e. k � � Vr Y � � : . A spe-
cific parserk is derivedby theapplicationof s to the
trainingmaterial(e.g.

Y
): s ��t� Y �u� k . Thesetof

possiblerelationss is v . Elementsof v arecaching
(no generalization),induction(hypothesisafterdata
inspection)andabduction(hypothesisduringclassi-
fication). Equation(5) describesthecycle of gram-
marlearningandgrammarapplication.

s ��l� Y ��� k (4)

� s ���� Y e fxw �;�, -y. 0z
��l� V ��� Y mC`an (5)

2.1.1 Memory-basedParsing

k is basedonmemoryif � s ����SZ!�;�{� � Z  Z � � �
<C ;< � . | in (6) is the trivial formalization of
caching. Parsingproceedsvia recalling } defined
in (7). The cycle of grammarlearningandparsing
} �� � | � is definedin (8): Thetrainingmaterial Zqn
yieldstheparsingoutput Z n .4

| ���� � �d~� =�n � ��� � �C~J =jn �, -y. 0� (6)

} ���� �C~ ��� � �d~� =�n � (7)

parsing� ~. 0/, -
learning} from Z. 0y, -
� | ����

���. 0y, -� �C~J =jn � �;����l� �d~ ���� � ~  = n �, -y. 0���

(8)

2.1.2 Deduction-basedParsing

Let �jG!Q8G!�\G be a function which replacesone or
moreelementsof a collectionby a namedvariable
or ' . k is a deductive inferenceif < is obtained
from an induction(a reductionof � with thehelpof
�jG�Q8G/�;G ). Thefollowing expressionsdefineinduction� (9), deduction� (10) andthe inductive-deductive
cycle � ��l���R� (11):

4We usesubscriptsto indicatetheidentityof variables.The
samesubscriptof two variablesimpliestheidentityof bothvari-
ables. Differentsubscriptsimply nothing. The variablesmay
beidenticalor not identical.In memory-basedparsing,learning
materialandparsingoutputareidentical.

����+� �c� =�n  ;> n �  = ~ �, -/. 0���
���

� �jG!Q8G!�\G �l� � =jn  ;> n � �, -y. 0� ] ��� �a�
 = ~ �

, -/. 0^ ���"���
(9)

� ��l� � =jn  ;> g �, -y. 0e �
��� ��� =�n  ;> g �  = ~ � (10)

parsing�$�. 0/, -
������

� �. 0y, -� ��� =�n  ;> n �  = ~ � ������ � =jn  ;> g � �;����c� =�n  ;> g �  = ~ �
(11)

2.1.3 Abduction-basedParsing

Abduction,definedas

�. 0/, -������l�SZ!�;�u���� � � is a run-
time generalizationwhich is triggeredby a concrete
� to beclassified.We separate� and � for presen-
tationpurposeonly.5 The relation � may expressa
similarity, atemporalor causalrelation.(12)andthe
cycleof � ��l���u� (13) defineabduction.

����l�SZ/�{� � ����SZ!��� < (12)

parsing�C�. 0/, -
learning � from Z. 0y, -�������� ��� = g  ;> g �  = � � �;����

e\�. 0y, -� � = �  ;> � � ������ = �� ;>�� �, -y. 0e �  =j^ �

(13)
Abductionsubsumesreasoningby analogy. Ab-

duction is an analogy, if � describesa similarity.
Reasoningfrom rain to snow is a typical analogy.
Reasoningfrom wet streetto rain is an abductive
reasoning.For aparsingapproachbasedonanalogy
c.f. (Lepage,1999).

5Abduction is a processof hypothesisgeneration.Deduc-
tion andabductionmaywork conjointlywheneverdeductive in-
ferencesencountergaps.A deductive inferencestopsin front of
a gapbetweenthepremisesanda possibleconclusion.Abduc-
tion createsa new hypothesis,which allows to bridgethe gap
andto continuetheinference.



2.2 Learning:
Yr  �;� s ���� Y �;������ � �;�

In thissection,weformalizeEBL. Wemechanically
substitutes in the definition of EBL by |¡ ¢�� ¢� to
show their learningpotentials.

A learningsystemchangesinternalstates,which
influencetheperformance.The internalstatesof k
aredeterminedby

Y
and v . We assumethat, for a

given k , v remainsidenticalbeforeandafter learn-
ing. Therefore,the comparisonof

Y
(beforelearn-

ing) with
Y£  Zqm$`Rn (after learning)revealsthe ac-

quiredknowledge.
We defineEBL in (14). � s �� � Y �;� is the parser

beforelearning. This parserappliesto � andyieldsZqmC`an , formalizedas � s �� � Y �;�¤�� � � � . The new
parseris theapplicationof v to theunionof

Y
andZ mC`an .

k m$`Rn¥� s ���� Yr  �;� s ��l� Y �;�, -y. 0z!¦R§ ¨
���� � �

, -y. 0© ��ªq« �­¬

�;�
(14)

From two otherwiseidenticalparsers,the parser
with Z®� ��� =je  ¢' �  = � � not presentin theother
hasa greaterdeductive closure. The cardinalityof��� =je  ¢' �  = � � W Y reflectsan empiricalknowl-
edge. The empirical knowledgedoesnot allow to
concludesomethingnew, but to resolve ambigui-
ties in accordancewith observed data, e.g. for a
sub-languageasshown in (RaynerandSamuelsson,
1994). Both learningtechniqueshave the potential
of improving theaccuracy.

2.2.1 Learning thr ough Parsing

A substitutionof v with |¡ ¢�� ¢� revealsthetrans-
formationof Z e f¯w to ZqmC`an . Westartwith cachingand
recalling(Equation15).

k mC`an°� | ���� � Zq± �   � | ����SZq±��;�, -y. 0�
���� � ±8�

, -y. 0��²

� (15)

Parsing � ± with thecacheof Z ± yields Z ± . Thede-
ductive closureis not enlarged. Quantitative rela-
tionswith respectto � changein

Y
. If Zq± isnotcached

twice,memory-basedEBL is idempotent.6

6Idempotenceis thepropertyof anoperationthat resultsin
thesamestatenomatterhow many timesit is executed.

EBL with induction and deductionis shown in
(16). Here the subscriptsmerit specialattention:
� � � =jg  ;>�� � is parsedfrom Z³� ��� =�g  ;> g �
 = ~ � . This yields ZqmC`an´� ��� =�g  ;>�� �  = ~ � . In-
tegrating Z mC`an into C changestheempiricalknowl-
edge with respectto = and > . If the empirical
knowledge doesnot influence � , D-EBL is idem-
potent. The deductive closuredoesnot increaseas��� =jg  ¢' �  = ~ � W Y .

k m$`anµ�&������ � � =jg  ;> g �  = ~ �¶�  �;���¡��·� ��� =jg  ;> g �  = ~ �, -y. 0�
�;������ � =�g  ;>�� � �;�

, -y. 0�¸� ]¢¹ � ± � �¸� ] �/�

�

(16)
Abductive EBL (A-EBL) is shown in (17). A-

EBL acquiresempiricalknowledgesimilarly to D-
EBL. In addition,a new ��� = �� ¢' �  =�^ � is ac-
quired. This ZKm$`an maydiffer from Z e f¯w with respect
to = � and/or =�^ . In the experimentsin A-EBL we
reportedbelow, = �rº�1= g and = ^ �1= � holds.

k m$`anµ�������� � � =jg  ;> g �  = � �¶�  �;���»���� ��� =jg  ;> g �  = � �, -y. 0�
�

, -y. 0
learning�

����l� � = �J ;>�� �, -y. 0e\�
�;�

, -y. 0�¸� ] � � ± � �¸� ]K¼ �

�

(17)

2.2.2 Recursive Rule Application

Parsingis a classificationtaskin which = W 5 is
assignedto �TW
V . Differentlyfrom typical classifi-
cation tasksin machinelearning,natural language
parsingrequiresan openset 5 . This is obtained
via the recursive application of : , which unlike
non-recursive stylesof analysis(SrinivasandJoshi,
1999) yields 5 (syntax trees)of any complexity.
Then �HG!Q8G/�;G is appliedto 5 so that �jG!Q8G!�\G �� �S½¾�
can be matchedby further rules (c.f. 18). With-
outthisreduction,recursiveparsingcouldnotgobe-
yondmemory-basedparsing.

< h+� ���+� =jh  ;> h �  � �HG!Q8G/�;G ��l� < [¿���� � [��;�  ;> [ �c�  � =jm  � =jh  ;< [c���� � [j� �����
(18)



Figure1: An explanationproducedby OCTOPUS.At thetop, thefinal parseobtainedvia deductive substi-
tutions.Abductive termidentificationbridgesgapsin thededuction(X À Y). Themarker ’?’ is a graphical
shortcutfor thesetof lexemes�!> � in Z .

The function �HG!Q8G/�;G definesan inductionandre-
cursiveparsingis thusadeduction.Combinationsof
memory-basedanddeduction-basedparsingarede-
ductions,combinationsof abduction-basedparsing
with any anotherparsingareabductions.

Macro Learningis thecommontermfor thecom-
bination of EBL with recursive deduction(Tade-
palli, 1991). A macro < hb] � ^;e is a rule which
yields the sameresult as a set of rules :ÂÁ with
�Ã:rÁÅÄ % and < h*] � ^\eÇÆW�:ÂÁ does. In terms of
a grammar, such macroscorrespondto redundant
phrases,i.e. phrasesthatareobtainedby composing
smallerphrasesof : . Macrosrepresentshortcuts
for theparserand,possibly, improvedlikelihoodes-
timate of the composedstructurecomparedto the
estimatesunder independency assumption(Abney,
1996). Whenthe usageof macrosexcludescertain
typesof analysis,e.g. by trying to find longest/best
matcheswecanspeakof pruning.This is thecontri-
bution of D-EBL for parsing.

3 Experiments in EBL

3.1 Experimental purposeand setup

Theaimof theexperimentsis to verify whethernew
knowledgeis acquiredin A-EBL andD-EBL. Sec-
ondly, we want to testthe influenceof new knowl-
edgeon parsingaccuracy andspeed.

Thegeneralsetupof theexperimentis thefollow-
ing. We usea sectionof a treebankasseed-corpus
(
Y _R`È` w ). We train theseed-corpusto a corpus-based

parser. Usinga test-corpuswe establishtheparsing

Figure 2: The main parsingalgorithm of OCTO-
PUS.Theparserinterleavesmemory-based,deduc-
tive, andabductive parsingstrategies in five steps:
Recalling, non-recursive deduction,deductionvia
chunksubstitution,first with lexemes,thenwithout
lexemesandfinally abduction.

É¾Ê6ËSÌÂÍJÎSÏDÐ¡ÑÓÒ
# 1 recalling fr om POS(a) and lexeme(i)
RETURN Ô IF ( Ô�Õ�Ö Ê6ËSÌÂÍJÎSÏDÐ¡Ñ )
# 2 deduction on the basisof POS(a)
RETURN Ô IF ( Ô�ÕØ× ËSÌÂÍNÎ�Ù¸Ð¡Ñ )
# 3deductive,recursiveparsing with POSand lexeme
# Substitutionsaredefinedasin TAGs(Joshi,2003)IF
( ËSÌrÍ!ÚSÛ"Ü ªyÝ Î�ÏÞÚ8Û;Ü ªyÝ Ð�Î\ÌÂÍ ¼ « ¨ ÜNÎSÏ ¼ « ¨ ÜuÐ¡Ñ Õß\à¢áÈâ Ô\ãCäCåjæ ÊçËSÌÂÍNÎ8Ï­Ð¡Ñ ) Ò

RETURN
á ä ß;áÈâ Ï â ä â ÏÞè å ÊçË # deductionÉ¾Ê6ËSÌÂÍ�ÚSÛ;Ü ªqÝ Î8ÏÞÚ8Û;Ü ªyÝ Î;Ð¡ÑaÎÉ¾Ê6ËSÌÂÍ ¼ « ¨ ÜCÎ�Ï ¼ « ¨ Ü�Ñ�Ð ) é

# 4adeductive recursive parsing with lexeme,
# 4b compared to abductiveparsing
IF ( ËSÌrÍ ÚSÛ"Ü ªyÝ Î8Ï Ú8Û;Ü ªyÝ Ð�ÎÈÌÂÍ ¼ « ¨ Ü ÎSÏ ¼ « ¨ Ü Ð¡Ñ Õß\à¢áÈâ Ô\ãCäCåjæ ÊçËSÌÂÍNÎ�Ù�Ð¡Ñ ) Ò

RETURN Í!ê¢ëqì�í ¹ Ê (î ÊçËSÌÂÍNÎSÏDÐ¡Ñ , #abductioná ä ß;áÈâ Ï â ä â ÏÞè å ÊçË #deductionÉ¾Ê6Ë�Í!Ú8Û;Ü ªqÝ Î8ÏÞÚSÛ"Ü ªyÝ ÑaÎÉ¾Ê6Ë�Í ¼ « ¨ Ü$Î8Ï ¼ « ¨ ÜdÑ )) é
# 5 abduction asrobust parsing solution
RETURN î ÊçËSÌÂÍNÎ8Ï�Ð¡Ñ é



Figure3: Abductive parsingwith k-nn retrieval and
adaptationof retrievedexamples.

î ÊçËSÌÂÍNÎSÏDÐ¡ÑEÒ
RETURN Í�ï/Í"ð â Í â ÏÞè å Ê Ë�ñ/Ï âSà ê ß Ï8ò Í�óôÏ�ë å ÊË æ ò åJå ò ê à\â ê¢Ï à ñ/Í�óJÊ6ËSÌrÍNÎ8ÏDÐ¡Ñ8Ñ8Ñ é

accuracy and speedof the parser( G!F = QõB = �;G � k ��
��ö9iÞ`È_Ria�;��� (recall,precision,f-score,time)). Then,we
parsea large corpus( k �� ��öc�»� � Z mC`an � ). A
filter criterion that works on the explanation ap-
plies. We train those treeswhich passthe filter
to the parser( s �� ��÷ _R`È` w   � ZqmC`an � �µ� k m$`Rn�� ).
Then the parsing accuracy and speed is tested
againstthesametrainingcorpus( G!F = Q�B = �\G � k m$`Rn£����ö9iÞ`È_Ria�;��� (recall,precision,f-score,time)).

Sectionsof theChineseSinicaTreebank(Huang
etal.,2000)areusedasseed-treebankandgoldstan-
dardfor parsingevaluation.Seed-corporarangebe-
tween 1.000 and 20.000 trees. We train them to
theparserOCTOPUS(Streiter, 2002a).This parser
integratesmemory-deduction-andabduction-based
parsingin a hierarchyof preferences,startingfrom
1 memory-basedparsing,2 non-recursive deductive
parsing,3 recursive deductive parsingand5 finally
abductive parsing(Fig. 2).

Learningtheseedcorpora( s ��ø�SZ �Rù;ù;ù �/�/� #;ùqú ù;ù;ù � )
results in k �Rù;ù;ù �/�/� k #;ùqú ù;ù;ù . For each k W
��k �Rù;ù;ù �/�/� k #;ùqú ù;ù;ù � , a POS taggedcorpus V with
�®V �ø%$ûNû � ûNûNû is parsed,producingthe corporaY e¢üþý8ý8ý �/�/� Y e;ÿSý�� ý8ý8ý . The corpususedis a subsetof
the5 Million wordSinicaCorpus(HuangandChen,
1992).

For every � W+V the parserproducesoneparse-
tree ZX� � �H = � andan explanation. The expla-
nationhastheform of a derivationtreein TAGs,c.f
(Joshi,2003).Thedeductionandabductionstepsare
visible in the explanation. Filters apply on the ex-
planationandcreatesub-corporathatbelongto one
inferencetype.

Thefirst filter requirestheexplanationto contain
only one non-recursive deduction,i.e. only pars-
ing step2. As deductive parsingis attemptedafter
memory-basedparsing(1), > g º� >�~ holds.

A secondfilter extracts thosestructures,which

are obtainedby parsingstep 4a or 5 where only
one POS-labelsmay be different in the last char-
acters(e.g. � �� � ? � = Iq? � � ? � =HZ ? ). The re-
sulting corporaare

Y eKüþý8ý8ý ¨ « ¨ Ü¢Ú�� �/�/� Y e;ÿSý�� ý8ý8ý ¨ « ¨ Ü"Ú�� andY e¢üþý8ý8ý í�� ¨ Ü"Ú�� �/�/� Y e;ÿSý�� ý8ý8ý í�� ¨ Ü"Ú�� .
3.2 The Acquir ed Knowledge

Wewantto know whetheror notnew knowledgehas
beenacquiredandwhat the natureof this acquired
knowledgeis. As parsingwasnot recursive, we can
approachtheclosureby thetypesof POS-sequences
from all treesandtheirsubtreesin acorpus.Wecon-
trastthiswith to thetypesof lexeme-sequences.The
datashow that only A-EBL increasesthe closure.
But even when looking at lexemes,i.e. empirical
knowledge,the A-EBL acquiresricher information
thanD-EBL does.

Figure4: Thenumberof typesof POS-sequencesas
approximationof theclosurewith ÷ _R`È` w , A-EBL and
D-EBL. Below the numberof type of LEXEME-
sequences.
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Therepresentativesof thecachedparsesis gauged
by thepercentageof topNPsandVPs(includingSs)
astop-nodes.Fig 5 shows thebiasof cachedparses
which is more pronouncedwith D-EBL than with
A-EBL.



Figure5: Theproportionof top-NPsandtop-VP(S)
in abducedanddeducedcorpora.
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3.3 Evaluating Parsing

The experiments consist in evaluating
the parsing accuracy and speed for eachY _R`È` w  ÂY eKüþý8ý8ý ¨ « ¨ Ü¢Ú�� �/�/� Y _a`a` w  rY e;ÿSý�� ý8ý8ý í�� ¨ Ü"Ú�� .

Figure6: Theparsingaccuracy with abductive EBL
( ÷ _a`a` w{) ÷�� ) anddeductive EBL ( ÷ _a`a` w{) ÷�� ).
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Wetesttheparsingaccuracy on300untrainedand
randomlyselectedsentencesusingthef-scoreonun-
labeleddependency relations.Fig. 6 shows parsing
accuracy dependingon the sizeof the seed-corpus.
Thegraphsshow sidebrancheswherewe introduce
theEBL-derivedtrainingmaterial.Thisallowscom-
paringtheeffectof A-EBL, D-EBL andhand-coded
trees(thebaseline).Fig. 7 shows theparsingspeed
in words per second(Processor:1000MHz, Mem-
ory:128MB) for thesameexperiments.Risinglines
indicateaspeed-upin parsing.Wehave interpolated
andsmoothedthecurves.

Figure 7: The parsingtime with A-EBL ( ÷ _a`È` w¾)÷ � ) andD-EBL ( ÷ _R`È` w{) ÷ � ).

0
�

5000
�

10000
�

15000
�

20000
�

25000
�

size of seed corpus�
44.00

46.00

48.00

50.00

52.00

54.00

w
or

ds
 p

er
 s

ec
on

d

�

parsing speed with C_seed�
parsing speed with C_seed + C_A�
parsing speed with C_seed + C_D�

Theexperimentalresultsconfirmthedropin pars-
ing accuracy with D-EBL. This fact is consistent
acrossall experiments.With A-EBL, theparsingac-
curacy increasesbeyondthelevel of departure.

The dataalsoshow a speed-upin parsing. This
speed-upis morepronouncedandlessdata-hungry
with A-EBL. Improving accuracy andefficiency are
thusnotmutuallyexclusive,at leastfor A-EBL.

4 Conclusions

Explanation-basedLearninghasbeenusedto speed-
up natural languageparsing. We show that the
lossin accuracy resultsfrom thedeductive basisof
parsers,not the EBL framework. D-EBL doesnot
extendthedeductive closureandacquiresonly em-
pirical (disambiguation)knowledge. The accuracy
declinesdueto cachederrors,thestatisticalbiasthe
filters introduceandtheusageof shortcutswith lim-
itedcontextual information.

Alternatively, if theparserusesabduction,thede-
ductive closureof the parserenlarges. This makes
accuracy improvementspossible- nota logicalcon-
sequence.In practice,the extendeddeductive clo-
surecompensatesfor negative factorssuchaswrong
parsesor unbalanceddistributionsin thecache.

Onamoreabstractlevel, thepapertreatstheprob-
lem of automaticknowledge acquisition for Chi-
neseNLP. Theoryandpracticeshow thatabduction-
basedNLP applicationsacquirenew knowledgeand
increaseaccuracy and speed. Futureresearchwill
maximizethegains.
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