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A.l. Format of Article Encoding

<IELEMENT PAPER

<IELEMENT TITLE
<IELEMENT AUTHORS
<IELEMENT AUTHOR
<IELEMENT FILENO

<IELEMENT ANNOTATOR

<IELEMENT DATE
<IELEMENT YEAR
<IELEMENT APPEARED
<IELEMENT EQN
<IATTLIST EQN

C
<IELEMENT CREF
<IATTLIST CREF

C

(TITLE, REFLABEL AUTHORS, FILENO,APPEARED,ANNOTATOR?,DATE?, ABSTRACT,

BODY,REFERENCES?)>

#PCDATA)>

AUTHOR+)>

#PCDATA)>

#PCDATA)>

#PCDATA)>

#PCDATA)>
)
)

—~ e~~~ — —

#PCDATA)>
#PCDATA)>
EMPTY>

—_——

CDATA ‘NP>
EMPTY>

CDATA ‘NP>

<IELEMENT REFERENCESP|REFERENCE)*>
<IELEMENT REFERENCE (#PCDATA|REFLABEL|W|EQN|NAME|SURNAME|DATE|ETAL|REFAUHOR|YEAR*>

<IELEMENT NAME
<IELEMENT SURNAME
<IELEMENT REF
<IATTLIST REF

SELF

C

(#PCDATA|SURNAME|INVERTED)* >

(#PCDATA)>

(#PCDATA)*>

(YESINO)  "NO"
CDATA 'NNP'>

<IELEMENT REFAUTHOR (#PCDATA|SURNAME)*>

<IATTLIST REFAUTHOR

C
<IELEMENT ETAL
<IELEMENT BODY
<IELEMENT DIV
<IATTLIST DIV

DEPTH
<IELEMENT HEADER
<IATTLIST HEADER
<IELEMENT P
<IATTLIST P

TYPE
<IELEMENT IMAGE
<IATTLIST IMAGE

ID

CATEGORY

CDATA ‘NNP™>
(#PCDATA)>
(DIV)+>
(HEADER?, (DIV|P|IMAGE|EXAMPLE)*)>

CDATA #REQUIRED>
(#PCDATA|EQN|REF|REFAUTHOR|CREF|W)*>
ID ID #REQUIRED>
(S|IMAGE|EXAMPLE)*>

(ITEMTXT) "TXT">
EMPTY>

ID #REQUIRED
(AIM|CONTRAST|TEXTUAL|OWN|BACKGROUND|BASIS|OTHER) #IMPLIED>
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<IELEMENT S (#PCDATA|EQN|REF|REFAUTHOR|CREF|FORMULAIC|AGENT|FINITEJW)*>
<IATTLIST S

TYPE (ITEM[TXT) “TXT"

ID ID #REQUIRED

ABSTRACTC CDATA #IMPLIED
CATEGORY (AIM|CONTRAST|TEXTUAL|OWN|BACKGROUNDIBASIS|OTHER) #MPLIED>
<IELEMENT ABSTRACT (A-S)*>

<IELEMENT A-S (#PCDATA|EQN|REF|REFAUTHOR|CREF|FORMULAIC|AGENT|FINTE|W)*>
IATTLIST A-S

ID ID #REQUIRED

TYPE (ITEM[TXT) ~ "TXT"

DOCUMENTC CDATA #IMPLIED

CATEGORY (AIM|CONTRAST|TEXTUAL|OWN|BACKGROUNDIBASIS|OTHER) #MPLIED>
<IELEMENT EXAMPLE  (EX-S)+>
<IATTLIST EXAMPLE

ID ID #REQUIRED
CATEGORY (AIM[CONTRAST|TEXTUAL|OWN|BACKGROUNDI|BASIS|OTHER) #IMPLIED>
<IELEMENT EX-S (#PCDATA|EQN|W)*>
<IELEMENT W (#PCDATA)>
IATTLIST W
c CDATA #MPLIED>

<IELEMENT FINITE_VERB (#PCDATA)>
<IATTLIST FINITE_VERB

ACTION

(AFFECT_ACTION|JARGUMENTATION_ACTION|JAWARE_ACTI(BETTER_SOLUTION ACTION] CHANGE_&TION|
COMPARISON_ACTION|CONTINUE_ACTION|CONTRAST ACN{FUTURE INTEREST ACTIONINTERES T ACTION|
NEED_ACTION|PRESENTATION_ACTION|PROBLEM_ACTIONFESEARCHACTION|SIMILAR_A CTION|
SOLUTION_ACTION|TEXTSTRUCTURE_ACTION|USE_ACTIORIOSSESSDN|COPUIA|0)

s

<IELEMENT FORMULAIC (#PCDATA|EQN|CREF|REF|REFAUTHOR)*>
<IATTLIST FORMULAICTYPE
(US_AGENT|REF_US_AGENT|REF_AGENT|OUR_AIM_AGENT8JPREVIQUS_AGENJTHEM_PRONOUN_ABNT|THEM_AGENT]|
GENERAL_AGENT|PROBLEM_AGENT|SOLUTION_AGENT|THEBRMULAC|US_PREVIOUS_FCRMULAIC]|
TEXTSTRUCTURE_AGENT|NO_TEXTSTRUCTURE_FORMULAICPRDERTO_FORMLAIC|AIM _FORMULK|
TEXTSTRUCTURE_FORMULAIC|METHOD_FORMULAIC|HERRIAOLAIC|CONTINUE FORMULKCISIMIL - ARITY_FORMULAIG
COMPARISON_FORMULAIC|CONTRAST FORMULAIC|GAP_FOIRNC|FU TURE_FORIULAICIAFFECT FGRMULAIG
GOOD_FORMULAIC|BAD_FORMULAIC|0)

s

<IELEMENT AGENT (#PCDATA|EQN|REF|CREF|REFAUTHOR)*>
<IATTLIST AGENT
TYPE
(US_AGENT|THEM_AGENT|THEM_PRONOUN_AGENT|US_PREVIOUEMWREF US_AGENJREF_AGENT|
GENERAL_AGENT|PROBLEM_AGENT|SOLUTION_AGENT|®)">
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0 9405001 ACL94 Similarity-BasedEstimationof Word Cooccurrenc€robabilities |.Dagan,F.PereiralL.Lee 4343 160 7
1 9405002 ACL94 Student TemporalRelations:Referencer DiscourseCoherence? A.Kehler 2320 79 5
2 9405004 COLING94 Syntactic-Head-Dven Generation E.Koenig 3438 116 4
3 9405010 ACL94 CommonTopicsand CoherentSituations:nterpretingEllipsis in the  A.Kehler 5326 156 5

Context of Discoursenference
4 9405013 COLING94 Collaborationon Referenceo Objectsthatarenot Mutually Known PEdmonds 3994 135 5
5 9405022 ACL94 GrammarSpecializatiorthroughEntropy Thresholds C.Samuelsson 4639 170 4
6 9405023 ACL94 Student An IntegratedHeuristicSchemédor Partial ParseEvaluation A.Lavie 2454 102 5
7 9405028 COLING94 Semanticef Complex Sentencem Japanese H.Nakagava S.Nishizava 4700 200 5
8 9405033 ACL94 RelatingComplexity to PracticalPerformanceén Parsingwith Wide-  J.Carroll 5353 121 2
CoverageUni cation Grammars
9 9405035 ACL94 Student Dual-CodingTheoryandConnectionist.exical Selection Y.Wang 1889 90 2
10 9407011 ACL94 DiscourseObligationsin DialogueProcessing D.Traum,J.Allen 6498 233 2
11 9408003 COLING94Resere  TypedFeatureStructuresasDescriptions PKing 2490 167 2
12 9408004 ACL94 Workshop Parsingwith PrinciplesandProbabilities A.FordhamM.Crocker 3645 97 3
13 9408006 COLING94 LHIP: ExtendedDCGsfor Con gurable RohkustParsing A.Ballim, G.Russell 4468 184 2
14 9408011 ACL93 Distributional Clusteringof EnglishWords F.PereiraN.Tishby L.Lee 4778 170 4
15 9408014 ACL94 Workshop Qualitatve andQuantitatve Modelsof Speechlranslation H.Alshawi 7635 296 4
16 9409004 COLING94 An Experimenton Learning Appropriate Selectional Restrictions F.Ribas 4060 179 3
from a ParsedCorpus
17 9410001 ANLP94 Improving LanguageModelsby ClusteringTraining Sentences D.Carter 5372 150 6
18 9410005 ACL87 A CenteringApproachto Pronouns S.BrennanM.Friedman 2494 98 4
C.Pollard
19 9410006 ACL89 EvaluatingDiscourseProcessinghlgorithms M.Walker 7281 258 8
20 9410008 COLING94 RecognizingText Genreswith Simple Metrics Using Discriminant  J.KarlgrenD.Cutting 1952 66 3
Analysis
21 9410009 COLING94 Resere Lexical FunctionsandMachineTranslation D.Heylen, K.Maxwell, 3766 135 2
M.Verhagen
22 9410012 ANLP94 DoesBaum-\Welch Re-estimatiorHelp Taggers? D.Elworthy 4167 1411 0
23 9410022 ACL94SIG AutomatedToneTranscription S.Bird 7139 322 8
24 9410032 COLING94 PlanningArgumentatie Texts X.Huang 3824 183 4
25 9410033 COLING94 Default Handlingin IncrementalGeneration K.Harbusch,G.Kikui, 4224 176 5
A.Kilger
26 9411019 COLING94 Focuson “only” and“not” A.Ramsay 2815 99 2
27 9411021 COLING94 Free-ordere€UG on ChemicalAbstractMachine S.Tojo 2060 86 5
28 9411023 COLING94 AbstractGeneratiorBasedon RhetoricalStructureExtraction K.Ono,K.Sumita S.Miike 2824 112 4
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29 9412005 ACL94SIG Se@mentingSpeechwithout a Lexicon: the Rolesof Phonotacticand  T.Cartwright,M.Brent 5481 166 6
SpeectSource
30 9412008 COLING94 Analysis of Japanes€ompoundNounsusing Collocationalinforma-  Y.Kobayasi,T.Tokunaga, 3459 172 4
tion H.Tanaka
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T.Goetz
33 9502006 EACL95 Rapid Developmentof MorphologicalDescriptionsfor Full Language D.Carter 5292 162 4
Processingystems
34 9502009 EACL95 On LearningMore AppropriateSelectionaRestrictions FRibas 3759 166 4
35 9502014 EACL95 Ellipsis andQuanti cation: A SubstitutionaApproach R.Crouch 5324 230 2
36 9502015 EACL95 The Semanticef ResourceSharingin Lexical-FunctionalGrammar A.Kehler M.Dalrymple 4259 155 3
J.LampingV.Saraswat
37 9502018 EACL95 Algorithmsfor Analysingthe TemporalStructureof Discourse J.HitzemanM.Moens, 3980 137 4
C.Grover
38 9502021 EACL95 A TractableExtensionof LinearIndexed Grammars B.Keller, D.Weir 3963 140 3
39 9502022 EACL95 StochastiHPSG C.Brew 3390 129 3
40 9502023 EACL95 Splitting the ReferenceTime: TemporalAnaphoraand Quanti cation  R.Nelken,N.Francez 4283 149 5
in DRT
41 9502024 EACL95 A RohustParseBasedon Syntacticinformation K.Lee,C.Kweon,J.Seo, 3308 159 7
G.Kim
42 9502031 EACL95 Student Cooperatie Error HandlingandShallav Processing T.Bowden 2443 88 6
43 9502033 EACL95 Student An Algorithm to Co-OrdinateAnaphoraResolutionand PPSDisam- S.Azzam 1301 45 3
biguationProcess
44 9502035 EACL95 Student Incorporating* UnconsciouReanalysis into anIncrementalMono-  PSturt 4352 126 4
tonic Parser
45 9502037 EACL95 Student A State-TansitionGrammarfor Data-OrientedParsing D.Tugwell 3305 116 2
46 9502038 EACL95Workshop Implementationand evaluation of a GermanHMM for POSdisam- H.Feldwey 3625 129 5
biguation
47 9502039 EACL95Workshop  Multilingual SentenceCateyorizationaccordingto Language E.Giguet 2142 93 13
48 9503002 EACL95 ComputationaDialectologyin Irish Gaelic B.Kessler 4576 165 5
49 9503004 EACL95Workshop Creatinga TagsetLexicon andGuessefor a Frenchtagger J.ChanodP.Tapanainen 4690 170 3
50 9503005 EACL95 A Speci cationLanguagédor Lexical FunctionalGrammars P.Blackturn, C.Gardent 4968 218 4
51 9503007 EACL95 The Semanticof Motion P.Sablayrolles 2361 85 3
52 9503009 EACL95 Distributional Part-of-SpeecfTagging H.Schuetze 5014 184 3
53 9503013 COLING95 Incrementalinterpretation:Applications, Theory and Relationshipto  D.Milward,R.Cooper 5676 186 6
DynamicSemantics
54 9503014 COLING94 Non-ConstituenCoordination:TheoryandPractice D.Milward 5278 192 3
55 9503015 EACL95 Incrementalnterpretatiorof Categyorial Grammar D.Milward 4903 165 4
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56 9503017 COLING92 Redundangin Collaboratie Dialogue M.Walker 5255 212 9
57 9503018 COLING94 DiscourseandDeliberation:Testinga Collaboratve Stratgy M.Walker 5331 182 4
58 9503023 EACL95 A FastPartial Parseof NaturalLanguageSentencet)singa Connec-  C.Lyon, B.Dickerson 5027 230 4
tionist Method

59 9503025 COLING94 OccurrenceVectorsfrom Corporavs. DistanceVectorsfrom Dictio-  Y.Niwa, Y.Nitta 2749 110 3
naries

60 9504002 EACL95Workshop TagsetDesignandin ected Languages D.Elworthy 3467 130 3

61 9504006 ACL88 CuesandControlin Expert-ClientDialogues S.Whittaler, P.Stenton 3925 152 4

62 9504007 ACL90 Mixed Initiative in Dialogue:An Investigationinto DiscourseSeg- M.Walker, S.Whittaler 5019 190 9
mentation

63 9504017 ACL95 A Uniform Treatmenbf Pragmatidnferencesn SimpleandComplex  D.Marcu,G.Hirst 3911 132 4
UtterancesaindSequencesf Utterances

64 9504024 ACL95 A Morphographemidlodelfor Error Correctionin Nonconcatenate ~ T.Bowden,G.Kiraz 3171 143 4
Strings

65 9504026 ACL95 Thelntersectiorof Finite StateAutomataandDe nite ClauseGram-  G.vanNoord 3614 151 8
mars

66 9504027 ACL95 An Ef cient GeneratiorAlgorithm for LexicalistMT V.PoznanskiJ.Beaen, 4236 175 3

PWhitelock

67 9504030 ACL95 StatisticalDecision-FeeModelsfor Parsing D.Magerman 4555 188 8

68 9504033 ACL95 CorpusStatisticdMeetthe NounCompoundSomeEmpiricalResults  M.Lauer 4384 191 4

79 9504034 ACL95 BayesianGrammairinductionfor LanguageModeling S.Chen 4581 175 5

70 9505001 ACL95 Respons&eneratiorin Collaboratve Negotiation J.Chu-CarrollS.Carberry 5962 154 5

71 9506004 ACL95 Using HigherOrderLogic Programmingor Semantidnterpretation  S.Kulick 3362 130 4
of CoordinateConstructs

72 9511001 COLING94 CountabilityandNumberin Japanese-to-EnglislachineTranslation F.Bond,K.Ogura 3439 136 2

S.lkehara

73 9511006 ACL95 Workshop DisambiguatingNoun Groupingswith Respecto WordNetSenses PResnik 5970 159 5

74 9601004 EACL93 Similarity betweenWords Computedby SpreadingActivationonan  H.Kozima,T.Furugori 4384 212 4
EnglishDictionary

75 9604019 ACL96 Magic for Filter Optimizationin DynamicBottom-upProcessing G.Minnen 3964 157 3

76 9604022 ACL96 Unsupervised.earningof Word-Catgory GuessindRules A.Mikheey 6138 236 4

77 9605013 COLING96 LearningDependenciebetweerCaseFrameSiots H.Li, N.Abe 4858 170 8

78 9605014 COLING96 ClusteringWordswith the MDL Principle H.Li, N.Abe 4467 167 5

79 9605016 ACL96 Parsingfor SemidirectionaLambekGrammaris NP-Complete J.Doerre 3060 126 4
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Appendix B
Example Paper cmp_lg-9408011

B.1. XML Format

?xml version='1.0"?
IDOCTYPE STRUCT-PAPERSYSTEM"/projects/ltg/u ser s/ simone/s rc /dt d/ st ruc ture. dtd" [
IENTITY S "9408011.p"

STRUCT-PAPER

TITLE  Distributional Clustering  of English Words /TITLE
AUTHORS

AUTHOR Fernando  Pereira /AUTHOR

AUTHOR Naftali ~ Tishby ~/AUTHOR

AUTHOR Lillian Lee /AUTHOR

IAUTHORS

FILENO 9408011 /FILENO

APPEARED ACL93 /APPEARED

ABSTRACT

A-S ID='A-0' DOCUMENTC=S-0;S-B4 We describe and experimentally evaluate a method for automatically clustering words according
to their  distribution in particular syntactic ~ contexts . /A-S

A-S ID='A-1' Deterministic annealing is used to find lowest distortion sets of clusters . /A-S

A-S ID='A-2' As the annealing parameter increases , existing  clusters  become unstable and subdivide , yielding  a hierarchical
soft " clustering of the data . J/A-S

A-S ID='A-3 Clusters are used as the basis for class models of word coocurrence , and the models evaluated with respect to
held-out test data . /A-S

IABSTRACT

BODY

DIV DEPTH=1'

HEADERID="H-0' Introduction /HEADER

P

S ID='S-0'  ABSTRACTC=A-0 Methods for automatically classifying words according to their contexts of use have both scientific and
practical interest . /S

S ID='S-1' The scientific questions  arise in connection  to distributional views of linguistic ( particularly lexical ) structure
and also in relation  to the question of lexical  acquisition both from psychological and computational learning  perspectives . /S
S ID='S-2' From the practical point of view , word classification addresses questions  of data sparseness and generalization in
statistical language models , particularly models for deciding among alternative analyses proposed by a grammar . /S

P

P

S ID='S-3' It is well known that a simple tabulation of frequencies  of certain  words participating in certain  configurations s
for example of frequencies of pairs of a transitive main verb and the head noun of its direct object , cannot be reliably used for
comparing the likelihoods of different alternative configurations . IS

S ID='S-4' The problem is that for large enough corpora the number of possible joint events is much larger than the number of
event occurrences in the corpus , so many events are seen rarely or never , making their frequency counts unreliable estimates  of
their  probabilities .S

P

P

S ID='S-5' REF Hindle 1990 /REF proposed dealing with the sparseness problem by estimating  the likelihood of unseen events
from that of ~ similar " events that have been seen . /S

S ID='S-6' For instance , one may estimate the likelihood of a particular direct object for a verb from the likelihoods of that
direct  object for similar verbs . /S

S ID='S-7" This requires  a reasonable  definition of verb similarity and a similarity estimation ~ method . /S

S ID='s-8' In REFAUTHORHindle /REFAUTH@R 's proposal , words are similar if we have strong statistical evidence that they
tend to participate in the same events . /S

S ID='S-9 His notion of similarity seems to agree with our intuitions in many cases , but it is not clear how it can be used
directly to construct  word classes and corresponding  models of association .S

P

277
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p
S ID='S-10' Our research addresses some of the same questions and uses similar raw data , but we investigate how to factor ~ word

association  tendencies into associations ~ of words to certain  hidden senses classes and associations between the classes themselves
IS

S ID='S-11" While it may be worthwhile to base such a model on preexisting sense classes REF Resnik 1992 /REF , in the work
described  here we look at how to derive the classes directly  from distributional data . /S

S ID='S-12' More specifically , we model senses as probabilistic concepts or clusters ¢ with corresponding  cluster  membership
probabilities EQN/ for each word w. /S

S ID='S-13"' Most other class-based  modeling techniques for natural language rely instead on ™ hard " Boolean classes

REF Brown et al. 1990 /REF . /S

S ID='S-14' Class construction is then combinatorially very demanding and depends on frequency counts for joint events involving
particular words , a potentially unreliable source of information as we noted above . /S

S ID='S-15' Our approach avoids both problems . /S

P

DIV DEPTH=?2'

HEADERID="H-1' Problem  Setting /HEADER

P

S ID='S-16' In what follows , we will consider two major word classes , EQN/ and EQN/ , for the verbs and nouns in our
experiments , and a single relation  between them , in our experiments relaton  between a transitive main verb and the head noun of
its direct object . /S

S ID='s-17" Our raw knowledge about the relation  consists of the frequencies EQN/  of occurrence  of particular pairs  (v,n) in
the required  configuration in a training  corpus . /S

S ID='S-18' Some form of text analysis is required to collect such a collection of pairs . /S

S ID='S-19' The corpus used in our first  experiment was derived from newswire text automatically parsed by

REFAUTHORHindle /REFAUTH@R 's parser Fidditch REF Hindle 1993 /REF . /S

S ID='S-20' More recently , we have constructed  similar  tables with the help of a statistical part-of-speech tagger REF Church
1988 /REF and of tools for regular expression pattern matching on tagged corpora REF Yarowsky 1992 /REF . /S

S ID='S-21' We have not yet compared the accuracy and coverage of the two methods , or what systematic  biases they might
introduce , although we took care to filter out certain  systematic  errors , for instance the misparsing of the subject of a
complement clause as the direct object of a main verb for report verbs like T say " 8]

P

P

S ID='S-22' We will  consider here only the problem of classifying nouns according to their distribution as direct objects of
verbs ; the converse problem is formally  similar . /S

S ID='S-23' More generally , the theoretical basis for our method supports the use of clustering to build models for any n-ary
relation in terms of associations between elements in each coordinate  and appropriate hidden units ( cluster  centroids ) and
associations between those hidden wunits . /S

P

P

S ID='s-24' For the noun classification problem , the empirical distribution of a noun nis then given by the conditional
density EQN/ . /S

S ID='S-25' The problem we study is how to use the EQN/ to classify the EQN/ . /S

S ID='S-26' Our classification method will construct a set EQN/ of clusters and cluster —membership probabilities EQN/
IS

S ID='S-27" Each cluster ¢ is associated to a cluster  centroid EQN/ , which is discrete  density over EQN/ obtained by
averaging  appropriately the EQN/ . IS

P

DIV

DIV DEPTH=?2'

HEADERID="H-2' Distributional Similarity /HEADER

P

S ID='S-28' To cluster  nouns n according to their conditional verb distributions EQN/ , we need a measure of similarity
between distributions . IS

S ID='S-29' Weuse for this purpose the relative  entropy or Kullback-Leibler ( KL ) distance between two distributions . IS
P

IMAGE ID="1-0"

P

S ID='S-30" This is a natural choice for a variety of reasons , which we wil just sketch here . /S

P

P

S ID='S-31" First of all , EQN/ is zero just in case p = q, and it increases as the probability decreases that p is the
relative  frequency distribution of a random sample drawn accordng to p . /S

S ID='S-32' More formally , the probability mass given by q to the set of all samples of length n with relative frequency
distribution p is bounded by EQN/ REF Cover and Thomas 1991 /REF . /S

S ID='S-33' Therefore , if we are trying to distinguish among hypotheses EQN/  when p is the relative frequency  distribution
of observations ,  EQN/ gives the relative  weight of evidence in favor of EQN/ . /S

S ID='S-34' Furthermore , a similar  relation holds between  EQN/ for two empirical distributions pand p ' and the probability
that p and p ' are drawn from the same distribution q.

S ID='S-35' We can thus use the relative entropy between the context distributions for two words to measure how likely  they are
to be instances of the same cluster centroid . /S

P

P

S ID='S-36' From an information  theoretic  perspective EQN/  measures how inefficient on average it would be to use a code
based on q to encode a variable  distributed according to p. /S

S ID='S-37" With respect to our problem , EQN/ thus gives us the loss of information in using cluster  centroid EQN/
instead of the actual distribution for word EQN/ when modeling the distributional properties  of n . /S

P

P

S ID='S-38' Finally —, relative  entropy is a natural measure of similarity between distributions for  clustering because its
minimization leads to cluster centroids that are a simple weighted average of member distributions .S

P

P

S ID='S-39' One technical difficulty is that EQN/ is not defined when p'(x) =0 but EQN/ . /S

S ID='S-40' We could sidestep this problem ( as we did initially ) by smoothing zero frequencies  appropriately REF Church and
Gale 1991 /REF . /S

S ID='S-41" However , this is not very satisfactory because one of the goals of our work is precisely to avoid the problems of
data sparseness by grouping words into classes

S ID='S-42' It turns out that the problem is avoided by our clustering technique , since it does not need to compute the KL
distance  between individual word distributions , but only between a word distribution and average distributions , the current

cluster ~ centroids , which are guaranteed to be nonzero whenever the word distributions are . /S
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S ID='S-43' This is a useful advantage of our method compared with agglomerative  clustering techniques  that need to compare
individual objects  being considered  for grouping IS
P
DIV
DIV
DIV DEPTH=1'
HEADERID="H-3' Theoretical Basis  /HEADER
P
S ID='S-44' In general , we are interested on how to organize a set of linguistic objects such as words according to the
contexts in which they occur , for instance grammatical  constructions or n-grams IS
S ID='S-45' We will  show elsewhere that the theoretical analysis  outlined  here applies to that more general problem , but for
now we will only address the more specific  problem in which the objects are nouns and the contexts are verbs that take the nouns as
direct  objects 8]
P
P
S ID='S-46' Our problem can be seen as that of learning a joint  distribution of pairs from a large sample of pairs IS
S ID='S-47' The pair coordinates  come from two large sets EQN/ and EQN/ , with no preexisting topological or metric
structure , and the training data is a sequence S of N independently drawn pairs 8]
P
IMAGE ID="I-1"/
From a learning  perspective  , this problem falls somewhere in between unsupervised and supervised  learning IS
As in unsupervised learmning , the goal is to learn the underlying  distribution of the data IS
S ID='S-50' But in contrast to most unsupervised learning  settings , the objects involved have no internal  structure  or
attributes allowing  them to be compared with each other IS
S ID='S-51"' Instead , the only information about the objects is the statistics of their joint  appearance IS
S ID='S-52' These statistics can thus be seem as a weak form of object labelling analogous to supervision IS
P
DIV DEPTH=?2'
HEADERID="H-4' Distributional Clustering /HEADER
P
S ID='S-53' While clusters  based on distributional similarity are interesting on their own, they can also be profitably seen as
a means of summarizing a joint  distribution S
S ID='S-54' In particular , we would like to find a set of clusters EQN/ such that each conditional distribution EQN/ can
be approximately decomposed as /S
P
IMAGE ID="1-2'/
P
S ID='S-55" where  EQN/ is the membership probability of nin cand EQN/ is v 's conditonal probability given by the
centroid distribution for cluster ¢ . /S
P
P
S ID='S-56"' The above decomposition  can be written in a more symmetric form as /S
P
IMAGE ID="1-3"/
assuming that EQN/ and EQN/ coincide IS
Wewill take  CREF/ as our basic clustering model . /S
S ID='S-59' To determine this decompositon ~ we need to solve the two connected problems of finding find suitable  forms for
the cluster  membership and centroid  distributions EQN/ , and of maximizing the goodness of fit between the model distribution
EQN/ and the observed data 8]
P
P
S ID='S-60' Goodness of fit is determined by the model 's likelihood of the observations IS
The maximum likelihood ( ML) estimation principle  is thus the natural tool to determine the centroid  distributions
S ID='S-62' As for the membership probabilities , they must be determined solely by the relevant measure of object-to-cluste r
similarity , which in the present work is the relatve  entropy between object and cluster  centroid distributions S
S ID='S-63' Since no other information is available , the membership is determined by maximizing the configuration entropy
subject for a fixed average distortion IS
S ID='S-64' With the maximum entropy ( ME) membership distribution , ML estimation  is equivalent to the minimization of the
average distortion of the data IS]
S ID='S-65' The combined entropy maximization  entropy and distortion minimization is carried out by a two-stage iterative
process similar  to the EM method REF Dempster et al. 1977 /REF
S ID='S-66' The first  stage of an iteration is a maximum likelihood , or minimum distortion , estimation  of the cluster
centroids  given fixed membership probabilities IS
S ID='S-67" In the second iteration stage , the entropy of the membership distribution is maximized with a fixed average
distortion . IS
S ID='S-68' This joint  optimization searches for a saddle point in the distortion-entro py parameters , which is equivalent to
minimizing  a linear ~ combination  of the two known as free energy in statistical mechanics IS
S ID='S-69" This analogy with statistical mechanics is not coincidental , and provide us with a better understanding  of the
clustering procedure IS
P
DIV DEPTH='3'
HEADERID="H-5' Maximum Likelihood Cluster ~ Centroids /HEADER
P
S ID='S-70' For the maximum likelihood argument , we start by estimating  the likelihood of the sequence S of N independent
observations  of pairs EQN/ IS
S ID='S-71' Using CREF/ , the sequence 's model log likelihood is IS
P
IMAGE ID="I-4"/
P
S ID='S-72' Fixing the number of clusters ( model size ) EQN/ , we want to maximize EQN/ with respect to the distributions
EQN/ and EQN/ IS
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S ID='S-73' The variation of EQN/ with respect to these distributions is IS

P

IMAGE ID='-5'

P

S ID='S-74' with  EQN/ and EQN/ kept normalized . /S

S ID='S-75' Using Bayes 's formula , we have /S

P

IMAGE ID="-6'/

P

S ID='S-76' o IS

P

IMAGE ID='I-7"/

P

S ID='S-77" for any c , which we substitute into CREF/ to obtain IS

P

IMAGE ID="1-8"/

P

S ID='S-78' since EQN/ . /S

S ID='S-79' This expression is particularly useful when the cluster distributions EQN/ and EQN/ are of exponential form
precisely ~ what will be provided by the MEstep described below . /S

P

P

S ID="S-80' At this point we need to specify the clustering model in more detal . /S

S ID='S-81" In the derivation so far we have treated EQN/ and EQN/ symmetrically , corresponding  to clusters  not of verbs
or nouns but of verb-noun associations . Is

S ID='S-82' In principle such a symmetric model may be more accurate , but in this paper we will concentrate  on asymmetric
models in which cluster — memberships are associated to just one of the components of the joint distribution and the cluster  centroids
are specified only by the other component . /S

S ID='S-83' In particular , the model we use in our experiments has noun clusters  with cluster — memberships determined by EQN/
and centroid  distributions determined by EQN/ . /S

P

P

S ID='S-84' The asymmetric model simplifies the estimation  significantly by dealing with a single component , but it has
the disadvantage that the joint distribution ,  EQN/ has two different and not necessarily consistent ~ expressions  in terms of
asymmetric models for the two coordinates . /S

P

DIV

DIV DEPTH='3'

HEADERID="H-6' Maximum Entropy ~Cluster ~ Membership ~ /HEADER

P

S ID='S-85' While  variations of EQN/ and EQN/ in equation CREF/ are not independent , we can treat them separately
IS

S ID="S-86' First , for fixed average distortion between the cluster centroid distributions EQN/ and the data EQN/
we find the cluster — membership probabilities , which are the Bayes 's inverses of the EQN/ , that maximize the entropy of the
cluster  distributions . IS

S ID='S-87" With the membership distributions thus  obtained
S). Is

S ID='S-88' It turns out that this will also be the values of EQN/ that minimize the average distortion between the
asymmetric  cluster  model and the data . /S

P

, we then look for the EQN/ that maximize the log likelihood I (

P

S ID='S-89' Given any similarity measure  EQN/ between nouns and cluster  centroids , the average cluster distortion is IS
P

IMAGE ID="1-9"/

P

S ID="S-90' If we maximize the cluster — membership entropy IS

P

IMAGE ID="1-107

P

S ID='s-91' subject to normalization of EQN/ and fixed CREF/ , we obtain the following  standard exponential ~ forms for the
class and membership distributions IS

P

IMAGE ID="I-11/

IMAGE ID="I-12'/

P

S ID='S-92' where the normalization sums (partition functions ) are EQN/ and EQN/ . /S

S ID='S-93' Notice that EQN/ does not need to be symmetric for this derivation , as the two distributions are simply related
by Bayes 's rule . /S

P

P

S ID='S-94' Returning  to the log-likelihood variation CREF/ , we can now use CREF/ for EQN/ and the assumption for the
asymmetric model that the cluster ~membership stays fixed as we adjust the centroids , to obtain IS

P

IMAGE ID="1-13/

P

S ID='S-95' where the variation of [EQn] is now included in the variation of EQN/ . /S

P

P

S ID='S-96' For a large enough sample , we may replace the sum over observations in  CREF/ by the average over EQN/ . /S
P

IMAGE ID='1-14

P

S ID='S-97" which , applying Bayes 's rule , becomes /S

P

IMAGE ID="I-15/

P

S ID='S-98' At the log-likelihood maximum , the variation CREF/ must vanish . /S

S ID='S-99' Wewill see below that the use of relative entropy for similarity measure makes EQN/ vanish at the maximum as
well , so the log likelihood can be maximized by minimizing the average distortion with respect to the class centroids  while class
membership is kept fixed IS

P
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IMAGE ID="I-16'/

P

S ID='S-100" or , sufficiently , if each of the inner sums vanish /S

P

IMAGE ID="1-17"/

DIV

DIV DEPTH='3'

HEADERID="H-7' Minimizing ~ the Average KL Distortion /HEADER

P

S ID='S-101' We first ~ show that the minimization of the relative  entropy yields the natural expression for cluster  centroids
IS

P

IMAGE ID="I-18/

P

S ID='S-102' To minimize the average distortion CREF/ , we observe that the variation of the KL distance between noun and
centroid  distributions with respect to the centroid  distribution EQN/ , with each centroid distribution normalized by the
Lagrange multiplier EQN/ , is given by /S

P

IMAGE ID="1-19/

P

S ID='S-103' Substituting this  expression into CREF/ , we obtain IS

P

IMAGE ID="-20"

P

S ID='S-104' Since the EQN/ are now independent , we obtain immediately the desired centroid  expression CREF/ , which is
the desired weighted average of noun distributions . Is

P

P

S ID='S-105' We can now see that the variation EQN/ vanishes for centroid  distributions given by CREF/ , since it follows
from  CREF/ that IS

P

IMAGE ID="I-21/

DIV

DIV DEPTH='3'

HEADERID="H-8' The Free Energy Function /HEADER

P

S ID='S-106' The combined minimum distortion and maximum entropy  optimization is equivalent to the minimization of a single
function , the free energy /S

P

IMAGE ID="1-22'/

P

S ID='S-107' where  EQN/ is the average distortion CREF/ and His the cluster ~membership entropy CREF/ . IS

P

P

S ID='S-108" The free energy determines both the distortion and the membership entropy through IS

P

IMAGE ID="1-23/

P
S ID='S-109' with  temperature EQN/ . /S
P

P

S ID='S-110 The most important  property of the free energy is that its minimum determines the balance between the

disordering " maximum entropy and — ordering " distortion minimization in which the system is most likely to be found . /S
S ID='s-111" In fact the probability to find the system at a given configuration is exponential in F /S

P

IMAGE ID="-24'/

P

S ID='S-112' so a system is most likely to be found in its minimal free energy configuration .S

P

DIV

DIV

DIV DEPTH=2'

HEADERID="H-9' Hierarchical Clustering /HEADER

P

S ID='S-113" The analogy with statistical mechanics  suggests a deterministic annealing  procedure  for clustering REF Rose et
al. 1990 /REF , in which the number of clusters is determined through a sequence of phase transitions by continuously increasing
the parameter EQN/  following an annealing schedule . /S

'S-114' The higher EQN/ , the more local is the influence  of each noun on the definition of centroids . /S

-115' The dissimilarity plays here the role of distortion .S
S ID='S-116' When the scale parameter EQN/ is close to zero , the dissimilarities are almost irrelevant , all words
contribute  about equally to each centroid , and so the lowest average distortion solution  involves  just one cluster  which is the
average of all word densies . /S
S ID='s-117" As EQN/ is slowly increased , a point ( phase transition ) is eventually  reached which the natural solution
involves  two distinct centroids . /S
S ID='S-118' We say then that the original  cluster has split into the two new clusters . /S
P
P
S ID='S-119' In general , if we take any cluster ¢ and a twin ¢ ' of c such that the centroid EQN/ is a small random
pertubation of EQN/ , below the critical EQN/ at which c splits  the membership and centroid  reestimation procedure  given by
equations CREF/ and CREF/ wil make EQN/ and EQN/ converge , that is , c and ¢ ' are really the same cluster . /S
S ID='S-120" But with EQN/ above the critical value for c , the two centroids  will diverge , giving rise to two daughters of
c. Is

Our clustering procedure is thus as follows . /S
Westart with very low EQN/ and a single cluster whose centroid is the average of all noun distributions .S
S ID='S-123' For any given EQN/ , we have a current set of leaf clusters corresponding to the current free energy ( local )

minimum . /S
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S ID='S-124' To refine  such a solution , we search for the lowest EQN/ which is the critical value for some current leaf
cluster  splits . /S

S ID='S-125' Ideally , there is just one split at that critical value , but for practical performance  and numerical ~ accuracy
reasons we may have several splits at the new critical point . /S

S ID='S-126' The splitting procedure can then be repeated to achieve the desired number of clusters or model cross-entropy

IS

P

IMAGE ID="1-25'/

DIV

DIV

DIV DEPTH=1'

HEADERID="H-10' Clustering ~ Examples  /HEADER

P

S Ib='S-127" Al our experiments involve the asymmetric model described in the previous secton . /S

S ID='S-128' As explained there , our clustering procedure yields for each value of EQN/ a set EQN/ of clusters  minimizing
the free energy F , and the asymmetric model for EQN/ estimates the conditional verb distribution for a noun n by /S

P

IMAGE ID="1-26'/

P

S ID='S-129' where  EQN/ also depends on EQN/ . /S

P

P

S ID='S-130' As a first  experiment , we used our method to classify the 64 nouns appearing most frequently  as heads of direct
objects of the verb ™ fire " in one year ( 1988 ) of Associated Press newswire . /S

S ID='S-131" In this corpus , the chosen nouns appear as direct object heads of a total of 2147 distinct ~ verbs , so each noun is
represented by a density over the 2147 verbs . /S

P

P

S ID='S-132 Figure CREF/ shows the five words most similar to the each cluster centroid for the four clusters  resulting from
the first  two cluster splits . /S

S ID='S-133" It can be seen that first split separates the objects corresponding to the weaponry sense of — fire “* ( cluster 1
) from the ones corresponding to the personnel action ( cluster 2 ) . /S

S ID='S-134' The second split then further refines the weaponry sense into a projectile sense ( cluster 3 ) and a gun sense (
cluster 4) . IS

S ID='S-135' That split is somewhat less sharp , possibly because not enough distinguishing contexts occur in the corpus . /S

P

IMAGE ID="1-27'/

P

S ID='S-136' Figure ~ CREF/ shows the four closest nouns to the centroid of each of a set of hierarchical clusters  derived  from
verb-object pairs involving  the 1000 most frequent nouns in the June 1991 electronic version of Grolier 's Encyclopedia (10 million
words ) . /S

P

DIV

DIV DEPTH=1'

HEADERID="H-11' Model Evaluation IHEADER

P

S ID='S-137" The preceding qualitative discussion  provides  some indication of what aspects of distributional relationships may
be discovered by clustering . IS

S ID='S-138" However , we also need to evaluate clustering more rigorously as a basis for models of distributional relationships

S
S ID='S-139 So, far , we have looked at two kinds of measurements of model qualty : /S

S ID='S-140'  TYPE='ITEM' relative entropy between held-out data and the asymmetric model , and /S
S ID='S-141'  TYPE='ITEM' performance  on the task of deciding which of two verbs is more likely to take a given noun as direct

object when the data relating one of the verbs to the noun has been witheld from the training data . /S

P

P

S ID='S-142' The evaluation  described below was performed on the largest data set we have worked with so far , extracted from 44
million  words of 1988 Associated Press newswire with the pattern matching techniques mentioned earlier . /S

S ID='S-143' This  collection process yielded 1112041 verb-object pairs . /S

S ID='S-144' We selected  then the subset involving  the 1000 most frequent nouns in the corpus for clustering , and randomly
divided it into a training set of 756721 pairs and a test set of 81240 pairs . /S

P

DIV DEPTH=?2'

HEADERID="H-12" Relative  Entropy IHEADER

IMAGE ID="I-28/

P

S ID='S-145' Figure CREF/ plots the average relative entropy of several data sets to asymmetric clustered models of different
sizes , given by /S

P

IMAGE ID=-29"/

P

S ID='S-146' where EQN/ is the relative  frequency distribution of verbs taking n as direct object in the test set . /S
S ID='S-147" For each critical value of EQN/ , we show the relative  entropy with respect to the asymmetric model based

on EQN/ of the training set ( set train ) , of randomly selected held-out test set ( set test ) , and of held-out data for a
further 1000 nouns that were not clustered ( set new) . /S

S ID='S-148' Unsurprisingly , the training  set relative  entropy decreases monotonically . Is

S ID='S-149' The test set relative  entropy decreases to a minimum at 206 clusters , and then starts increasing , suggesting that
larger models are overtraned . /S

P

P

S ID='S-150" The new noun test set is intended to test whether clusters based on the 1000 most frequent nouns are useful
classifiers for the selectional properties of nouns in general . /S

S ID='S-151" As the figure shows , the cluster model provides over one bit of information about the selectional properties  of
the new nouns , but the overtraining effect is even sharper than for the held-out data involving  the 1000 clustered nouns . /S
P

DIV

DIV DEPTH=?2'

HEADERID="H-13" Decision Task /HEADER

IMAGE ID="1-30/

P

S ID='S-152' We also evaluated asymmetric cluster ~ models on a verb decision task closer to possible applications to

disambiguation in language analysis . /S
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S ID='S-153" The task consists judging which of two verbs v and v ' is more likely to take a given noun n as object , when all
occurrences  of (v, n) in the training set were deliberately deleted . /S

S ID='S-154' Thus this test evaluates how well the models reconstruct missing data in the verb distribution for n from the
cluster ~ centroids close to n. /S

P

P

S ID='S-155' The data for this test was built from the training data for the previous one in the following way , based on a
suggestion by REF Dagan et al. 1993 /REF . /S

S ID='S-156' A small number ( 104 ) of ( v, n) pairs with a fairly frequent verb ( between 500 and 5000 occurrences ) was
randomly picked , and all occurrences of each pair in the training set were deleted . /S

S ID='S-157 The resulting training set was used to build a sequence of cluster models as before . /S

S ID='S-158" Each model was used to decide which of two verbs v and v ' are more likely to appear with a noun n where the ( v ,

n ) data was deleted from the training set , and the decisions compared with the corresponding  ones derived from the original event
frequencies  in the initial data set . /S

S ID='S-159' More specifically , for each deleted pair ( v, n) and each verb v ' that occurred with n in the initial data
either at least twice as frequently or at most half as frequently as v, we compared the sign of EQN/ with that of EQN/ for
the initial data set

S ID='S-160' The error rate for each model is simply the proportion  of sign disagreements in the selected (v, n, v')
triples . /S
S ID='S-161' Figure CREF/ shows the error rates for each model for all the selected (v, n, v' ) (al ) and for just

those exceptional  ftriples  in which the log frequency ratio of ( n, v) and ( n, v ' ) differs from the log marginal frequency
raio of vandv' . /S

S ID='S-162' In other words , the exceptional cases are those in which predictions based just on the marginal frequencies
which the initial one-cluster model represents , would be consistently wrong . /S

P

P

S ID='S-163' Here too we see some overtraining for the largest ~models considered , although not for the exceptional  verbs
IS

P

DIV

DIV

DIV DEPTH=1'

HEADERID="H-14" Conclusions /HEADER

P

S ID='S-164' ABSTRACTC=A-0 We have demonstrated that a general divisive clustering procedure  for probability distributions can
be used to group words according to their participation in particular grammatical  relations with other words . /S

S ID='S-165' The resulting  clusters  are intuitively informative , and can be used to construct class-based  word coocurrence
models with  substantial predictive power . /S

P

P

S ID='S-166' While the clusters  derived by the proposed method seem in many cases semantically significant , this intuition
needs to be grounded in a more rigorous assessment . /S

S ID='S-167" In additon  to predictive power evaluations  of the kind we have already carried out
automatically-de  riv ed clusters  with human judgements in a suitable  experimental  setting . /S

P

P

S ID='S-168" Moving further  in the direction of class-based language models , we plan to consider additional distributional

relations ( for instance , adjective-noun ) and apply the results of clustering to the grouping of lexical  associations in
lexicalized grammar frameworks such as stochastic lexicalized tree-adjoining grammars ~ REF Schabes 1992 /REF . /S

P

DIV

DIV DEPTH=1'

HEADERID='H-15' Acknowledgments /HEADER

P

S ID='S-169' Wewould like to thank Don Hindle for making available  the 1988 Associated Press verb-object data set , the
Fidditch ~ parser and a verb-object structure  filter , Mats Rooth for selecting the objects of ™ fire " data set and many
discussions , David Yarowsky for help with his stemming and concordancing tools , and Ido Dagan for suggesting ways of testing
cluster models . /S

P

DIV
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B.3. RDP

1. SOLUTION IDENTIFIER —

2. SPECIFIC AIM/SCOPE

164
10
44
11
46
22

45

to groupwordsaccordingo their participationin particulargrammaticatelationswith other
words

how to factorword associationendencieito associationsf wordsto certainhiddensenses
classesandassociationbetweertheclasseshemseles

how to organizea setof linguistic objectssuchaswordsaccordingto the contextsin which
they occur, for instancegrammaticatonstruction®r n-grams.

how to derive the classedlirectly from distributionaldata

learningajoint distribution of pairsfrom alarge sampleof pairs.

we will considethereonly the problemof classifyingnounsaccordingto their distribution
asdirectobjectsof verbs

we will only addresshe more speci ¢ problemin which the objectsare nounsand the
contets areverbsthattake the nounsasdirectobjects.

3. BACKGROUND

AIM

PrROBLEM/PHENOMENON

1 automaticallyclassify- 4  The problemis that for large enoughcorporathe numberof
ing words possiblgoint eventsis muchlargerthanthe numberof eventoccur

rencesn thecorpussomary eventsareseerrarelyor never, making
their frequeng countsunreliableestimate®f their probabilities.

4. SOLUTION/INVENTIVE STEP

164
12

ageneraldivisive clusteringprocedurdor probabilitydistributionscanbeused...
we modelsensegsprobabilisticconceptor clustersc with correspondinglustermember
shipprobabilities EQN for eachword w.

5. CLAIM/CONCLUSION

165

Theresultingclustersareintuitively informative, andcanbe usedto constructclass-based
word coocurrencenodelswith substantiapredictive power.

6. RIVAL/CONTRAST

REFERENCE SOLUTION ID  TYPE OF CONTRAST

5 [Hindle 1990] 9 itisnotclearhow it canbeuseddirectlyto construct

word classesndcorrespondingnodelsof association.

13[Brownetal. 1992] 13 other 13 Classconstructionis then combinatoriallyvery

class-based demandingand dependson frequeng countsfor joint
modeling eventsinvolving particularwords, a potentially unreli-
techniques ablesourceof information.
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6. RIVAL/CONTRAST (CT'D)

REFERENCE SOLUTION ID TYPE OF CONTRAST

11[Resnik1992] 11 pre«isting senseclassegResnik)vs. we

derive the classedirectly from distributional
data.
43 agglomera- 43 needto compareindividual objectsbe-
tive  clustering ing consideredor grouping.(advantageof our
techniques method)

40[ChurchandGale1991] 40  smoothing 41 However, this is not very satishctory as

zero frequencies our goal is to avoid the problemsof data
appropriately sparsenedsy clusteringwordstogether

7. BASIS/ICONTINUATION

REFERENCE SOLUTION ID TYPE OF CONTINUATION

113[Roseetal. 1990] 113 deterministic 113 The analogy with statistical mechanics

annealing suggestsa deterministicannealingprocedure
for clustering[Roseetal. 1990]...

155[Daganetal. 1993] 155 basednasuggestiorby

29 Kullback-Leibler 29 used
(KL) distance

19[Hindle 1993] 19 automaticallyparsedby Hindle's parser

20[Church1988] 20  with the help of a statistical part-of-
speechagger

20[Yarownsky 1992] 20 [with thehelpof] toolsfor regularexpres-

sionpatternmatchingon taggedcorpora

EXTERNAL STRUCTURE

HEADLINES 8. TEXTUAL STRUCTURE
1. Introduction
1.1  ProblemSetting
1.2  Distributional Similarity
2. TheoreticaBasis
2.1  Distributional Clustering
2.1.1. MaximumLikelihoodClusterCentroids
2.1.2. MaximumEntropy ClusterMembership
2.1.3. Minimizing the AverageKL Distortion
2.1.4. TheFreeEnegy Function
2.2.  HierarchicalClustering
3. ClusteringeExamples 127 All ourexperimentsnvolvetheasymmetric
modeldescribedn the previoussection.
4. Model Evaluation
4.1. Relatve Entropy
4.2. DecisionTask
5. Conclusions
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B.4. RDP SentencaVaterial

SPECIFIC AIM/SCOPE

10 Ourresearcladdressesomeof the samequestionsandusessimilar raw data,but we inves-
tigatehow to factorword associatiortendenciesnto associationsf wordsto certainhidden
senseglasseandassociationbetweerthe classethemseles.

11  While it maybeworthwhileto basesuchamodelon preeisting senseclasse$Resnik1992],
in the work describecherewe look at how to derive the classeddirectly from distributional
data.

22 We will considerhereonly the problemof classifyingnounsaccordingto their distribution
asdirectobjectsof verbs;the corverseproblemis formally similar.

44 In general,we are interestedon how to organizea setof linguistic objectssuchaswords
accordingto the contets in which they occur, for instancegrammaticalconstructionsor n-
grams.

45 Wewill shav elsevherethatthetheoreticabnalysisoutlinedhereappliesto thatmoregeneral
problembut for now wewill only addresshe morespeci c problemin whichtheobjectsare
nounsandthe contexts areverbsthattake the nounsasdirectobjects.

46 Our problemcanbe seenasthatof learninga joint distribution of pairsfrom alarge sample
of pairs.

164 We have demonstratedhat a generaldivisive clusteringprocedurefor probability distribu-
tions canbe usedto groupwordsaccordingto their participationin particulargrammatical
relationswith otherwords.

BACKGROUND (AIM)
1 Methodsfor automaticallyclassifyingwords accordingto their contexts of use have both
scienti ¢c andpracticalinterest.

BACKGROUND (PROBLEM/PHENOMENON)
4  The problemis that for large enoughcorporathe numberof possiblejoint eventsis much
largerthanthe numberof eventoccurrence# the corpus,so mary eventsareseenrarelyor
never, makingtheir frequeng countsunreliableestimate®f their probabilities.

SOLUTION/INVENTIVE STEP
12 Morespeci cally, we modelsenseasprobabilisticconceptor clustersc with corresponding
clustermembershiprobabilities EQN for eachwordw.

164 We have demonstratedhat a generaldivisive clusteringprocedurefor probability distribu-
tions canbe usedto groupwordsaccordingto their participationin particulargrammatical
relationswith otherwords.

CLAIM/CONCLUSION
165 The resultingclustersareintuitively informative, and canbe usedto constructclass-based
word coocurrencenodelswith substantiapredictive power.

RIVAL/CONTRAST

5 [Hindle 1990]proposediealingwith the sparsenesgroblemby estimatingthe lik elihoodof
unseereventsfrom thatof “similar” eventsthathave beenseen.

9 His notionof similarity seemgo agreewith ourintuitionsin mary casesbut is notclearhow
it canbe useddirectly to constructword classesndcorrespondingnodelsof association.

11  While it maybeworthwhileto basesuchamodelon preeisting senseclasse$Resnik1992],

in thework describecherewe look at how to derive the classeddirectly from distributional
data.
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13

14

40

41

43

Most other class-basednodeling techniquesfor naturallanguagerely insteadon “hard”
Booleanclasse$Brown etal. 1990].

Classconstructioris thencombinatoriallywery demandinganddepend®n frequeng counts
for joint eventsinvolving particularwords,a potentiallyunreliablesourceof informationas
we notedabove.

We couldsidestephis problem(aswe did initially) by smoothingzerofrequenciesppropri-
ately[ChurchandGale1991].

However, thisis not very satishictoryasour goalis to avoid the problemsof datasparseness
by clusteringwordstogether

Thisis ausefuladvantageof our methodcomparedvith agglomeratie clusteringtechniques
thatneedto compardandividual objectsbeingconsideredor grouping.

BASIS/ICONTINUATION

19

20

29

113

155

Thecorpususedin our rst experimentwasderivedfrom newswiretext automaticallyparsed
by Hindle's parseiridditch [Hindle 1993].

More recently we have constructedgimilar tableswith the helpof a statisticalpart-of-speech
tagger{Church1988]andof toolsfor regularexpressiorpatternmatchingon taggedcorpora
[Yarowsky 1992]

We usefor this purposetherelative entropy or Kullback-Leibler(KL) distancebetweerntwo
distributions.

Theanalogywith statisticaimechanicsuggestadeterministiannealingprocedurdor clus-
tering[Roseetal. 1990],in whichthenumberof clusterds determinedhrougha sequencef
phasetransitionsby continuouslyincreasinghe parameter EQN following anannealing
schedule.

The datafor this testwasbuilt from the training datafor the previous onein the following
way, basecbn asuggestiorby [Daganetal. 1993].

TEXTUAL STRUCTURE

127

All our experimentdgnvolve theasymmetrianodeldescribedn the previoussection.



298 AppendixB. ExamplePapercmp.lg-9408011

B.5. Human Annotation (Annotator A)

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for Our research addresses some of the same questions and
automatically clustering words according to their distriuses similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain
annealing is used to find lowest distortion sets of clusteitklen senses classes and associations between the classes|
As the annealing parameter increases, existing clustefisemselves. While it may be worthwhile to base such a mode
"ggfiprcrllgsltjgrsi%blﬁ 31“ed dsaﬁgdglﬂgiéfgr'ggugergeggrtﬂgc@” preexisting sense classes (Resnik, 1992), in the work desgri
basis for class models of word occurrence, and the 39“ _hen_a we look at how to dgr_we the classes directly from
models evaluated with respect to held-out data. |str|bu_t|_or_1al data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster|
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding

. . . and depends on frequency counts for joint events involving
bietinens or erfnusiicellyy el et SErer ey articular words, a potentially unreliable source of inform-

their COFIIEXFS OT IS hav_e both _scigntific and _practial_int_ tion, as we noted above. Our approach avoids both problems.
rest. The scientific questions arise in connection to distri-

butional views of linguistic (particularly lexical) structure

and also in relation to the question of lexical acquisition .

both from psychological and computational learning Problem Settlng

perspectives. From the practical point of view, word

classification addresses questions of data sparseness and

generalization in statistical language models, particularlyn What follows, we will consider two major word classes,

models for deciding among alternative analyses proposetEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single relation between a transitive main verb

It is well known that a simple tabulation of frequenci d the head noun of its direct object. Our raw knowledge

of certain words participating in certain configurations, fot2out the relation consists of the frequencies <EQN/> of
example the frequencies of pairs of transitive main verp Oceurrence of particular pairs <EQN/> in the required con-

and the head of its direct object, cannot be reliably used figurati_on in a training corpus. Som_e form O.f text analysis
for comparing the likelihoods of different alternative confit> req!.ured 2 collect S.UCh a collectlo_n BRERIrs. The gPus
gurations. The problem is that in large enough corpora, t ed in our first experiment wals derived fron} newswire text
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,

number of event occurrences in the corpus, so many evehi@3). More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts Jith the help of a statistical part-of-speech tagger (Church,
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

Hindle (1990) proposed dealing with the sparsenessOn tagged corpora (varowsky, p SN

Lo L compared the accuracy and coverage of the two methods,
problem by estimating the likelihood of unseen events fr%rﬂ/vhat systematic biases they might introduce, although
that of "similar" events that have been seen. For instan .

. S A ) fve took care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct 0b-gtance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object fogg the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle’s fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventgyenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in

in many cases, but it is not clear how it can be used diretgfms of associations between elements in each coordinate
ly to construct classes and corresponding models of ass@od appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.
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B.6. Human Annotation (Annotator B)

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for OUr research addresses some of the same questions and

automatically clustering words according to their distriuses similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain

annealing is used to find lowest distortion sets of clustsitzlen senses classes and associations between the classes
As the annealing parameter increases, existing clustefsemselves. While it may be worthwhile to base such a model
_become unstable and subdivide, yielding a hierarchicgly preexisting sense classes (Resnik, 1992), in the work desd
B g A Sers are 42 85I bed here we look at how 1o derve the classes directy fom
models evaluated with respect to held-out data. d|str|bu_t|_or)al data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding
) o . and depends on frequency counts for joint events involvin
Me_thods o sumzel classn‘y!ng y\(ords accordmg 9 articull?a\r words, a [?otentiélly unreliabjle source of im‘orm-g
their COMEXFS of s havg both _Sc'e_m'f'c and _practlal‘lnt_ ation, as we noted above. Our approach avoids both problems.
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition .
both from psychological and computational learning Problem Setting
perspectives. From the practical point of view, word
classification addresses questions of data sparseness and . . .
generalization in statistical language models, particularlyi? What follows, we will consider two major word classes,

models for deciding among alternative analyses proposedEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single relation between a transitive main verb

It is well known that a simple tabulation of frequenci d the head noun of its direct object. Our raw knowledge

of certain words participating in certain configurations, fgtoout the relation consists of the frequencies <EQN/> of
example the frequencies of pairs of transitive main verb 2¢currence of particular pairs <EQN/> in the required con-

and the head of its direct object, cannot be reliably used figuration in a training corpus. Some form of text analysis

for comparing the likelihoods of different alternative confis "éduired to collect such a collection of pairs. The corpus
gurations. The problem is that in large enough corpora, thiged in our first experiment was derived from newswire text

number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,

number of event occurrences in the corpus, so many eveht$93)- More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts (it the help of a statistical part-of-speech tagger (Church,
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

on tagged corpora (Yarowsky, p.c.). We have not yet

At P compared the accuracy and coverage of the two methods,
problem by estimating the likelihood of unseen events fr%’n’\/vhat systematic biases they might introduce, although

that of "similar” events that have been seen. For instancgq 150k care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct 0b-giance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object fogg the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventsgyenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in

in many cases, but it is not clear how it can be used diret&fms of associations between elements in each coordinate
ly to construct classes and corresponding models of assabid appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.

Hindle (1990) proposed dealing with the sparseness
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B.7. Agentand Action Recognition

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for Our research addresses some of the same questions and
automatically clustering words according to their distriuses similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain
annealing is used to find lowest distortion sets of clustsitkien senses classes and associations between the classes|
As the annealing parameter increases, existing clustefigemselves. While it may be worthwhile to base such a model

6 12
7 13

become unstable and subdivide, yielding a hierarchicg), preexisting sense classes (Resnik, 1992), in thé work desdri® 14

"soft" clustering of the data. Clusters are used as the
basis for class models of word occurrence, and the
models evaluated with respect to held-out data.

bed here we look at how to derive the classes directly from
distributional data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster|
membership probabilities <EQN/> for each word w. Most

. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding

) o . and depends on frequency counts for joint events involving
Methods for automatically classifying words according tq articular words, a potentially unreliable source of inform-

their contexts of use hav_e both _scigntific and practial_inté;tion’ as we noted above. Our approach avoids both problem
rest. The scientific questions arise in connection to distri-

butional views of linguistic (particularly lexical) structure

and also in relation to the question of lexical acquisition .

both from psychological and computational learning Problem Setting

perspectives. From the practical point of view, word

classification addresses questions of data sparseness and

generalization in statistical language models, particulariyin what follows, we will consider two major word classes,

models for deciding among alternative analyses proposetEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single relation between a transitive main verb

It is well known that a simple tabulation of frequenci d the head noun of its direct object. Our raw knowledge

of certain words participating in certain configurations, fgtPout the relation consists of the frequencies <EQN/> of
example the frequencies of pairs of transitive main verb 2¢currence of particular pairs <EQN/> in the required con-
and the head of its direct object, cannot be reliably used _flguratlpn In a training corpus. Som_e form o_f text analysis
for comparing the likelihoods of different alternative confil>.reduired to collect such a collection of pairs. The corpus
gurations. The problem is that in large enough corpora, tH§€d in our first experiment was derived from newswire text
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,
number of event occurrences in the corpus, so many eveht§3). More recently, we have constructed similar tables
are seen rarely or never, making their frequéncy counts Jjth the help of a statistical part-of-speech tagger (Church,
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching
Hindle (1990) proposed dealing with the sparsenessOn tagged corpora (Yarowsky, piijil We have not yet
roblem by estimating the likelihood of unseen events frcompared the accuracy and coverage of the two methods,
p - Y " 9 . W what systematic biases they might introduce, although
that of S|m|I.ar events _tha‘t have been seen. For_ INStaNCge 160k care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct ob-giance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object fogg he direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventggenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in
in many cases, but it is not clear how it.can be used diretgrms of associations between elements in each coordinate
ly to construct classes and corresponding models of assa6id appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.
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B.7. AgentandAction Recognition

Actions (blue)

301
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POSSESSION_ACTION
PROBLEM_ACTION
SOLUTION_ACTION (POS-error)
negateduSE_ACTION (passie)
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RESEARCH_ACTION (POS-error)
PRESENTATION_ACTION
RESEARCH_ACTION
NEED_ACTION
POSSESSION_ACTION
USE_ACTION (passie)
INTEREST_ACTION
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FigureB.1: AgentandAction Typesfor the Text on p. 300
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B.8. Automatic Annotation (Naive Bayes)

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for |OUr research addresses some of the same questions and
automatically clustering words according to their distriiSes similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain
annealing is used to find lowest distortion sets of clusteithlen senses classes and associations between the classes|
As the annealing parameter increases, existing clustefisemselves. While it may be worthwhile to base such a mode
become unstable and subdivide, yielding a hierarchicgly preexisting sense classes (Resnik, 1992), in the work desdri
ng;i Scf'gftjggg %fotgg Sg}mgysggéﬁr%% éj:egn%sﬂt]ge bed here we look at how to derive the classes directly from
models evaluated with respect to held-out data. distributional data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster|
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding
. s . and depends on frequency counts for joint events involving
chzitrhggstg;rts?foSgitE:\I/lZ glc?tisgz;ggt;\ilgr:s da;:::crsgl]?ntto _e_\rticular words, a potentially unreliable source of inform-
o ) SV ! . “ation, as we noted abave. Our approach avoids both problems.
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition .
both from psychological and computational learning Problem Settlng
perspectives. From the practical point of view, word
classification addresses questions of data sparseness and ) ) :
generalization in statistical language models, particularlyn What follows, we will consider two major word classes,

models for deciding among alternative analyses proposetEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single relation between a transitive main verb

It is well known that a simple tabulation of frequencie%Ed the head noun of its direct object. Our raw knowledge
of certain words participating in certain configurations, fgieout the relation consists of the frequencies <EQN/> of
example the frequencies of pairs of transitive main verb Oceurrence of particular pairs <EQN/> in the required con-
and the head of its direct object, cannot be reliably used _f|gurat|_on 1 & WA @aLs: Som_e form °.f text analysis
for comparing the likelihoods of different alternative confils.reduired to collect such a collection of pairs. The corpus
gurations. The problem is that in large enough corpora, ed in our first experiment was derived from newswire text
number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,
number of event occurrences in the corpus, so many eveht93). More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts Jyth the help of a statistical part-of-spt_eech tagger (Ch“FCh'
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

Hindle (1990) proposed dealing with the sparsenessOn EHACAPE SNSRI C.)- We have not yet

L L compared the accuracy and coverage of the two methods,
problem by estimating the likelihood of unseen events fr%m/vhat systematic biases they might introduce, although

that of S|m|I_ar events _tha? have been R For_ INStanCcEye ook care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct ob-gtance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object fogg the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventggenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in

in many cases, but it is not clear how it can be used diretgfms of associations between elements in each coordinate
ly to construct classes and corresponding models of ass@6id appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.
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B.9. Automatic Annotation (N-Gram)

Distributional Clustering of English Words

Fernando Pereira Naftali Tishby Lillian Lee

Abstract

We describe and experimentally evaluate a method for |OUr research addresses some of the same questions and
automatically clustering words according to their distriuses similar raw data, but we investigate how to factor word
bution in particular syntactic contexts. Deterministic association tendencies into associations of words to certain
annealing is used to find lowest distortion sets of clusteitlen senses classes and associations between the classes
As the annealing parameter increases, existing clustefigemselves. While it may be worthwhile to base such a ffode
,,ggf‘i?mﬁslt‘gﬁ;%bg? Sﬁr:ad ds;tgfjgllﬂgfeyrfgrlggugetgegsartﬂgC%'n preexisting sense classes (Resnik, 1992), in the work desg
basis for class models of word occurrence, and the b?d .her.e we look at how to dg(lve the classes directly from
models evaluated with respect to held-out data. distributional data. More specifically, we model senses as
probabilistic concepts or clusters ¢ with corresponding cluster|
membership probabilities <EQN/> for each word w. Most
. other class-based modeling techniques for natural language
Introduction rely instead on "hard" Boolean classes (Brown et al., 1990).
Class construction is then combinatorically very demanding
. . . and depends on frequency counts for joint events involving
chgingﬁtgtsz?Eznﬁzx Elciisgélilggt;inc)r:: da;f;crtci‘;;?ntto _a_lrticular words, a potentially unreliable source of inform-
D . S L . ation, as we noted above. Our approach avoids both problem
rest. The scientific questions arise in connection to distri-
butional views of linguistic (particularly lexical) structure
and also in relation to the question of lexical acquisition .
both from psychological and computational learning Problem Settlng
perspectives. From the practical point of view, word
classification addresses questions of data sparseness and . . .
generalization in statistical language models, particularlyn What follows, we will consider two major word classes,

models for deciding among alternative analyses proposetEQN/> and <EQN/>, for the verbs and nouns in our exper-
by a grammar. iments, and a single relation between a transitive main verb

It is well known that a simple tabulation of frequenci d the head noun of its direct object. Our raw knowledge

of certain words participating in certain configurations, fot2out the relation consists of the frequencies <EQN/> of

example the frequencies of pairs of transitive main verb 9ceurrence of particular pairs <EQN/> in the required con-

and the head of its direct object, cannot be reliably used flguratl_on 1) & WG EEIpLe: Some form O.f text analysis
' is required to collect such a collection of pairs. The corpus

for comparing the likelihoods of different alternative confi= : - - - -
gurations. The problem is that in large enough corpora, t ed in our first experiment was derived from newswire text

number of possible joint events is much larger than the automatically parsed by Hindle's parser Fidditch (Hindle,

number of event occurrences in the corpus, so many evehi@3). More recently, we have constructed similar tables
are seen rarely or never, making their frequency counts Jith the help of a statistical part-of-speech tagger (Church,
reliable estimates of their probabilties. 1988) and of tools for regular expression pattern matching

Hindle (1990) proposed dealing with the sparsenessOn IECNECOIPOISNNSIORISREI C.)- We have notyet

roblem by estimating the likelihood of unseen events frcompared i accuracy a2 coverage GRS (700 (T T
p - Y . 9 . BMwhat systematic biases they might introduce, although
that of "similar” events that have been seen. For instancgyq 1o care to filter out certain systematic errors, for in-
one may estimate the likelihood of a particular direct 0b-giance the misparsing of the subject of a complement clause
ject for a verb from the likelihoods of that direct object fogg the direct object of a main verb for report verbs like "say".
similar verbs. This requires a reasonable definition of verb We will consider here only the problem of classi-
similarity and a similarity estimation method. In Hindle's fying nouns according to their distribution as direct objects
proposal, words are similar if we have strong statistical of verbs; the converse problem is formally similar. More
evidence that they tend to participate in the same eventgyenerally, the theoretical basis for our method supports the
His notion of similarity seems to agree with our intuitionsuse of clustering to build models for any n-ary relation in
in many cases, but it is not clear how it can be used diretgfms of associations between elements in each coordinate
ly to construct classes and corresponding models of ass@bd appropriate hidden units (cluster controids) and associ-
ation. ations between these hidden units.

5.






Appendix C

Annotation Materials

C.1. Study l: Guidelinesfor Human Annotation of Basic
Scheme

Principles of annotation

Thesegguidelinesdescribea classi cationschemdor scienti ¢ paperswvhichannotates
the ownesship of scienti ¢ ideas.Segmentationof ownershipidenti es segmentsin
the paperwhereauthorsdescribegeneraktatementsaboutthe eld, otherresearches
work andtheir own work, cf. C.1.

BACKGROUND  Generallyacceptedackgrouncknowledge
OTHER Speci ¢ otherwork

OWN Ownwork: method results futurework. . .

FigureC.1: Overview of annotatiorscheme

Eachof the classess associatedavith a colour, andthesecoloursarematched
with marker pens.Pleaseusetheseto mark your judgementon the printout of the
papers.

Annotatefrom theauthors perspectie andtheir opinionaboutwhatis general,
speci ¢ andtheir own claim, evenif you might not agreewith the portrayalof the
situationaspresentedhn the paper

305
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The unit of annotationis alwaysthe whole sentenceAnnotationis mutually
exclusiveandproceedsentencdy sentenceonceyou have decidedo assigracertain
classyoucanimmediatelygoto thenext sentenceasasentenceannothase morethan
oneclass.

Pleaseannotatell sentences theabstractandall sentences thedocument
exceptacknavledgemensentences.

Description of classes

BACKGROUND

| BACKGROUND | knowledgemarkssentencewhich arepresentecisuncontraersial

in the eld. In suchsentencegheresearcttontet is establishedThis includesstate-
mentsof generaktapacityof the eld, generaproblemsyesearciyoals,methodologies
andgeneralsolutions(“In recentyears, there hasbeena growinginterestin the eld
of X in the subjectof Y”). The most prototypical use of | BACKGROUND | is in the
beginningof the paper

Exampledor generabproblems:

Oneof thedif cult problemsin madinetranslationfromJapanesedo English
or otherEuropeanlanguayesis thetreatmenof articlesandnumbes.

Complicationsarisein spellingrule applicationfromthe fact that, at compile
time neitherthelexical nor the surfaceform of theroot, nor evenits length,is
known.

Collocationspresentspeci ¢ problemsan translation,bothin humanandauto-
matic contets.

Exampledor generallyaccepted/oldolutionsor claims:

Tagging by meansof a HiddenMarkov Model (HMM) is widelyrecaynisedas
an effectivetechniquefor assigningpartsof speeb to a corpusin a robustand
efcient manner

Currentreseach in lexical aquisitionis eminentlyknowledg-based.

Literature in psydiology hasamplydemonstatedthat childrendo notacquire

[ ]
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In linguistics papersmark the descriptionof the linguistic phenomendeing

coveredas| BACKGROUND . Thisincludesexamplesentencesn contrasttheanalysis

of thephenomenaretypically eitherown or otherwork.

It may bethatthereis a| BACKGROUND | sgmentsomevherein the middle of
the paper It maythennotbeeasyto decideif it is| BACKGROUND \or\ OWN \ Usethe
following test:if you think thatthis segmentcould have beenusedasanintroductory
text atthebeginningof the paper andif it doesnot containmaterialthatis individual-
izedto theauthorshemseles,thenit shouldbe marked as| BACKGROUND |

Referencego “pioneers”in the eld are also|BACKGROUND | material—
sentencesvhich describeotherwork in an introductoryway without ary criticism.
Theseareusuallyolderreferences.

Sometimeshereis no || BACKGROUND | sggment,namelyif the authorsstart

directly by describingonespeci c individualizedapproach.

OTHER

Thedifferencebetween BACKGROUND | and| OTHER |is only in degreeof speci city.

aredescriptionf otherwork whichis describedpeci cally enough
to contrastthe own work to it, to criticize it or to mentionthat it provides support
for own idea.For somework to be consideredspeci ¢ otherwork, it mustbe clearly
attributableto someotherresearchersptherwiseit might be too generalto countas
speci c otherwork. Oftensuchsegmentsarestartedoy markersof speci ¢ work, cita-
tions:

REF arguesthat childrendon't acquire grammarframesuntil they havea
lexicon[ ]

REF 'ssolutionsolvesthe problemof data-spaseness.
REF 'sformalismallowsthetreatmenbf coodinatedstructuies.

Thebilingual dual-codingtheory REF partially answes the above ques-
tions.

REF introducedthe notion of tempoal anaphog, to accountfor waysin
which tempoal expressiongdependon surroundingelementsn the discouise
for their semanticcontributionto the discouse

Namedsolutionscanalsocountasspeci city markersfor otherwork:
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Similarity-basednodelssuggestan appealingapproad for dealingwith data
sparseness.

The distinction betweer| BACKGROUND | and| OTHER | might be dif cult to
male. Stopmarkingas BACK GROUND |whenyoureachapointwhereideas solutions,
or tasksareclearlybeingindividualized,.e. attributedto researcherns suchawaythat
they cangetcriticized. Often the breakingpoint looks like this: “  Generl problem
description Recently somereseachers havetried to tadle this by doing More
speci c descriptionwith refelences ” In thatcasetheborderis before*Recently”.

Whenauthorsgive speci ¢ informationaboutresearchbut expressno stance
towardsthatwork, particularlyif it happensn the beginning,they seemto imply the
statementsregenerallyacceptedn the eld. Youmightin this casedecideto markit
as| BACKGROUND |.

OWN

Own work in the context of this papermeanswork presentedas performedby the
authorsn thegivenpaper, i.e. asnew researchThisincludesadescriptionof the own
solution,results discussionlimitationsandfuture work.

Previousown researchi.e. researcldoneby the authorsbeforeandpublished
elsavhere,doesnot countasown work. Sometimeghe factthat previouswork is dis-
cusseds speci cally marked (“wehavepreviously’), sometimest canonly beinferred
becausehereis a referencandicatingthe authors name.Checkthe referencdist to
make surethatthe string“etal.” in acitation (cited paper)doesnot “hide” oneof the
authorsof the currentpaper Unfortunately authorstendto talk aboutprevious own
work in muchthe sameway asthey do aboutthe current(own) work. This might con-
stitutea problemhere.lIt is your job to decideif certainstatementare presentedsif
they werethe contribution of thepaper Thereis oneexception:PhDor MSctheseglo
not countaspublishedwork (otherwise someentirepaperswvould have to be marked
asotherwork if thepaperis ashortversionof a PhD or MScthesis).

Sometimesshort descriptionsof own work (statementf opinion) appear
within sectionstalking aboutotherwork (backgroundor speci c). For example,an
authormight describea generalproblem,thenindividualize the presentresearchy
settingthe scopewithin the currentwork (“We will here only beinterestedn VP gap-
pingasopposedo NP gapping), thencontinuedescribinggenerakpeci c to VP gap-
ping. Thesescopedeclarationshouldbe considerecas own work becausehey talk
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aboutthe givenwork/opinions.Thegrammaticakubjectin asentenceloesnotalways
tell you whetherit's own work or not. Sometimeshe criticism of otherwork might
look like own opinion (“However, we are corvincedthat this is wrong[ ]7). Cases
lik e this shouldnot be consideregsown work, but asa descriptionof theweaknesses
of otherwork, i.e. it shouldbe markedas| OTHER].

In particular watchout for the rst mentionof the own work, typically two
thirdsdown in theintroduction.Most of the informationunderthe Summaryor Con-
clusionsectionis normally own work. Sometimesindividual sentences the conclu-
sionsectionmake directcomparisonsvith otherwork, e.g.detailingadvantage®f the
approachOnly marktheseas if theotherwork is describedgain,usingmore
thanonesentencef descriptionglsemarkas/ OwN |

When it getsdif cult

Thereareseveralreasonsvhy the annotatiorschememight not work well for a given
paper Thewriting stylein somepaperganight make it dif cult to seethetrisectionac-
cordingto intellectualownership.In somepapershowever, the schemes assumptions
thatresearclwith differentownership(own/other/backgroundy indeedpresentedn
separatsggmentsn the paperareviolated:

Our modelassumeshatthe authorpercevesa clearseparatiorbetweenown

work andwork outsidethe scopeof the paper and presentswvork according
to that separationHowever, if the paperdescribessomeminute detail of a
previous,largerwork of the author thenthis separatiormight not be given.

A specializedcaseof this,andanotherexampleof apotentialbreakdevn of the

simplemodelis for evaluationpapersespeciallywherethe authorscompare
severalof their own solutionswith eachother or if they compareheir solution

to somebodyelses.

The schemealsoassumeshatthereis really somenew contritution described
in thepaperThisis notthe casewith positionor review articles.

Pleasekeepa noteof all dif culties thatyou encountewith determiningndi-
vidualizedseggmentsandwrite down your reasongor nding it dif cult (i.e.in which
way thegivenpapemadeit hardfor our modelto describevhatwasgoingon).



A Robust Parser Based on Syntactic Information

Kong Joo Lee  Cheol Jung Kweon  Jungyun Seo  Gil Chang Kim

ing the excessive number of rules will become inefficient
and impractical. Therefore, extragrammatical sentences
should be handled by some recovery mechanism(s) rather
than by a set of additional rules.

Many researchers have attempted several techniques to
deal with extragrammatical sentences such as Augmentel
Transition Networks (ATN) (Kwasny and Sondheimer,
1981), network-based semantic grammar (Hendrix, 1977),
partial pattern matching (Hayes and Mouradian, 1981),
conceptual case frame (Schank et al, 1980), and multiple
cooperative methods (Hayes and Carbonell, 1981). Above
mentioned techniques take into account various semantic
factors depending on specific domains on question in
recovering extragrammatical sentences. Whereas they can
provide even better solutions intrinsically, they are usually
ad-hoc and are lack of extensibility. Therefore, it is imp-
ortant to recover extragrammatical sentences using syntacti
factors only, which are independent of any particular system
and any particular domain.

Mellish (Mellish, 1989) introduced some chart-based
techniques using only syntactic information for extragram-
matical sentences. This technique has an advantage that the
is no repeating work for the chart to prevent the parser from
generating the same edge as the previously existed edge. Al
because the recovery process runs when a normal parser
terminates unsuccessfully, the performance of the normal
parser does not decrease in case of handling grammatical
sentences. However, his experiment was not based on the
errors in running texts but on artificial ones which were
randomly generated by human. Moreover, only one word
Extragrammatical sentences include patently ungram-  €rfor was considered though several word errors can occur
matical constructions as well as utterances that may be Simultaneously in the running text. »
grammtically acceptable but are beyond the syntactic A general algorithm for least-errors recognition (Lyon,
coverage of the parser, and any other difficult ones that 1974) proposed by G.Lyon, is to find out the least number
are encountered in parsi@arbonell and Hayes, 1983) ' of errors necessary to sucessful parsing and recover them.
Because this algorithm is also syntactically oriented and
based on a chart, it has the same advantage as Mellish's
parser. When the original parsing algorithm terminates un-
successfully, the algorithm begins to assume errors of
insertion, deletion and mutation of a word. For any input,
this al?orithm can generate the resultant parse tree. At the
Above examples show that people are used to write sameCOSt of the complefe robustness, however, this algorithm
meaningful sentence differently. In addition, people are  degrades the efficiency of parsing, and generates many inte
prone to mistakes in writing sentences. So, the bulk of ~ mediate edges. )
written sentences are open to the extragrammaticaligy_ In this paper, we present a robust parser with a recovery
In the Penn treebank tree-tagged corpus (Marcus, 1991), mechanism. We extend the general algorithm for least-error
for instance, about 80 percents of the rules are concernedecognition to adopt it as the recovery mechanism in our
with peculiar sentences which include inversive, robust parser. Because our robust parser handle extragram-|
elliptic, paranthetic, or emphatic phrases. For matical sentences with this syntactic information oriented
example, we can drive a rule VP -> vb NP comma recovery mechanism, it can be independent of a particular s,
rb comma PP from the following sentence. or particular domain. Also, we present the heuristics to redud
. . the number of edges so that we can upgrade the performang
The same jealousy can breed ‘cor!fuslqn, hpwever, our parser.

in the absence of any authorization bill this year. ;rhl‘:? ﬁapfe' ils organized as fOllO_V_VS: vyr?] first review a. gehner
A robust parser is one that can analyze these extra- algorithm for least-errors recognition. Then we present the e:
grammatical sentences without faliue. However, if we | tension of this algorithm, and the heuristics adopted by the
iry to preserve robustness by adding such rules wheneverfobust parser. Next, we describe the implementation of the

Abstract

An extragrammatical sentence is what a
normal parser fails to analyzeis imp-
ortant to recover it using only syntactic
information although results of recovery
are better if semantic factors are consid-
ered. A general algorithm for least-errors
recognition, which'is based only on syn-
tactic information, was proposed by G.
Lyon to deal with the extragrammaticality.
We extend this algorithm to recover extra-
grammatical sentence into grammatical _
one in runmn%te)gt. Our robust parser with
recovery mechanism - extended general
algorithm for least errors recognition -

can be easily scaled up and modified be-
cause it utilize only syntactic information.
To upgrade this robust parser we proposed
heuristics through the analysis of the Penn
treebank corpus. The experimental result
shows 68% ~ 78% accuracy in error re-
covery.

1 Introduction

| am sure this is what he means.
This, | am sure, what he means.

The progress of machine does not stop even a day.
Not even a day does the progress of machine stop.

@

@

e

4 Conclusion

In this paper, we have presented the robust parser with
the extended least-errors recognition algorithm as the
recovery mechanism. This robust J)arser can easily be
scaled up and applied to various domains because this
parser depends only on syntactic factors. To enhance the
performance of the robust parser for extragrammatical
sentences, we proposed several heuristics. The heuristics
assign the error values to each error-hypothesis edge, and
edges which has less error are processed first. So, not all
the generated edges are processed by the robust parser, but
the most plausible parse trees can be generated first. The
accuracy of the recovery of our robust parser is about 68%
~ 77 %. Hence, this parser is suitable for systems in real
apglication areas.

ur short term goal is to propose an automatic method
that can learn parameter values of heuristics by analyzing
the corpus. We expect that automatically learned values of
parameters can upgrade the performance of our parser.
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Splitting the reference tim

Abstract

This paper presents an analysis of temporal
anaphora in sentences which contain quan-
tification over events, within the frame-
work of Discourse Representation Theory.
The analysis in (Partree, 1984) of quantified
sentences, introduced by a temporal con-
nective, gives the wrong truth-conditions
when the temporal connective in the subor-
dinate clause is before or after. This prob-
lem has been previously analyzed in (de
Swart, 1991) as an instance of the propor-
tion problem, and given a solution from a
Generalized Quanitifier approach. By using
a careful distinction between the different
notions of reference time, based on (Kamp
and Reyle, 1993), we propose a solution

to this problem, within the framework of
DRT. We show some applications of this
solution to additional temporal anaphora
phenomena in quantified sentences.

1 Introduction

The analysis of temporal expressions in natural lan-
guage discourse provides a challenge for contempo-
rary semantics theorie¢Partree, 1973) introduced
the notion of temporal anaphora, to account for ways
in which temporal expressions depend on surround-
ing elements in the discourse for their semantic con-
tribution to the discourse. In this paper, we discuss
the interaction of temporal anaphora and quantifi-
cation over eventualities. Such interaction, while in-
teresting in its own right, is also a good test-bed for
theories of the semantic interpretation of temporal
expressions. We discuss cases such as:

(1) Before John makes a phone call, he always
lights up a cigarette (Partree, 1984).

Quantification in DRT

Rani Nelken
Nissim Francez

e: Temporal Anaphora and

(2) Often, when Anne came home late, Paul had
already prepared dinner. (de Swart, 1991)

(3) When he came home, he always switched on the
TV. He took a beer and sat down in his armchair
to forget the day. (de Swart, 1991)

(4) When John is at the beach, he always squints
when the sun is shining. (de Swart, 1991)

The analysis of sentences such as (1) in (Partree,
1984), within the framework of Discourse Represen-
tation Theory (DRT) (Kamp, 1981) gives the wrong
thruth-conditions, when the temporal connective in
the sentence is before or after. In DRT, such sen-
tences trigger box-splitting with the eventuality of

the subordinate clause and an updated refernece time
in the antecedent box, and the eventuality of the main
clause in the consequent box, causing undesirable
universal quantification over the reference time.

This problem is analyzed in (de Swart, 1991) as an
instance of the proportion problem and given a solution
from a Generalized Quanifier approach. We were led to
seek a solution for this problem within DRT, because
of DRT's advantages as a general theory of discourse,
and its choice as the underlying formalism in another
research project of ours, which deals with sentences
such as 1-4, in the context of natural language specific-
ations of computerized systems. In this paper, we propose
such a solution based on a careful distinction between
different roles of Reichenbach's reference time (Reichen-
bach, 1947), adapted from (Kamp and Reyle, 1993). Fig-
ure 1 shows a 'minimal pair' of DRS's for sentence 1,
one according to Partee's (1984) analysis and one accord-
ing to ours.

2 Background

An analysis of the mechanism of temporal anaphoric
reference hinges upon an understanding of the onto-
logical and logical foundations of temporal reference.
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C.2. Study II: Guidelinesfor Human Annotation of Full
Scheme

Theseguidelinesdescribea classi cation schemefor scienti ¢ papersfor ownership
of ideas relationto otherwork andinternalpaperstructure Theclassi cationscheme
is displayedn FigureC.2.

Eachof the classess associatedvith a colour, andthesecoloursarematched
with marker pens.Pleaseusetheseto mark your judgementon the printout of the
papers.

BACKGROUND  Generallyacceptedackgroundnowledge
OTHER Speci c otherwork

OWN Ownwork: method results futurework. . .

AlM Speci c researclyoal

TEXTUAL Textual sectionstructure

CONTRAST Contrastcomparisonyeaknes®f othersolution
BASIS Otherwork providesbasisfor own work

FigureC.2: Overview of annotatiorscheme

Annotation procedure

Before annotation

Skim-readthe papereforeannotationThisis important,asin somepaperstheinter-
pretationof certainsentences the context of theoverallalgumentatioronly becomes
apparentafter one hasan overviev of the whole paper Don't try to understandhe
solutionin detail—youcanjump over the partsof the paperwhereyou think the own
solutionis describedn details.Rathertry to understandhe structureof the scienti ¢
argumentation Concentrateon thosepartsof the paperwherethe connectionto the
subject eld andthe connectionto otherwork is describedIn particular skim-read
theabstracttheintroduction,the conclusiongif it is summary-style)andsectionge-
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viewing otherresearchoften after introductionor beforeconclusionsthey could be
marked sectionswith headlinedik e “Relationto otherwork”, “Prior research”;’X in
theliterature”etc.).

Annotation procedure

Annotationproceedsentencdy sentenceandis mutually exclusive: Eachsentence
canhave only onecateyory. The main decisionprocedurds givenin FigureC.3. For
eachsentencethe following questiondave to beanswered.

Does this sentence refer to own
1 work (excluding previous work

of the same author)?

YE NO
2 Doaes this sentence contain material 4  Does the sentence describe general
that describes the specific aim background, including phenomena
of the paper? to be explained or linguistic example sentences?
YES NO YES NO
Daes this sentence make 5 Does it describe a negative aspect
AIM 3 reference to the external BACKGROUND of the other work, or a(i;contras .
structure of the paper? or comparison of the own work to it?
YES NO YES NO
_ OWN CONTRAST 6 Does this sentence mention

the other work as basis of
or support for own work?

YES NO

OTHER

FigureC.3: Decisionprocess

Therefore,if thereis a con ict, the “higher” classesn the decisiontree (the
onesthatyoureach rst) will win overthe“lower” classesTheseguidelineswill give
detailsaboutthe questions.

Wheninterpretingthe role of a sentenceyou shouldtreatthe sentencen the
way in which you think the author intendedit in their agumentation Context and
locationof a sentencareimportant.

Question1: Doesthis sentencealk about own work?
If youranswelis 'yes', proceedo Question2.
If youranswelis 'no’, proceedo Questiord.
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Question2: Doesit contain a goal statement?
If youransweis 'yes', assignclassAM andmove to next sentence.
If youranswertis 'no’, proceedo Question3.

Question3: Doesit contain a textual overview?
If youranswelis 'yes', assigntag TEXTUALT andmove to the next sentence.
If youranswelis 'no’, assigntag ©WN andmove to the next sentence.

Question4: Doesit describebackground?

If your answeris 'yes', assigntag BACKGROUND  andmove to the next sen-
tence.

If youranswetis 'no’, proceedo Questions.

Question5: Is the other work describedin a contrastive way?
If youranswelis 'yes', assigntag €ONTRAST gndmove to next sentence.
If youransweliis 'no’, proceedo Questiornb.

Question6: Is the own work basedon other work?
If youranswelis 'yes', assigntag BASIS |
If youranswetis 'no’, assigntag ©THER

You canmark consecutre sentencesvith the samecateyory if they together

fulll thecriteriaof the category. E.g. you could marktwo sentenceas if they
togetherdescribethe speci ¢ goal of a paperwell. If you cannotassigna cateyory,
pleasemarkthe sentencandtake a notedescribingthedif culties.

As soonasyou have reached leaf, assignthe correspondingategory to the

sentencePleaseannotateall sentences the abstractandall sentence# the docu-
mentexceptacknaviedgemensentencesAlso mark (linguistic) examplesentences.

After annotation

Checka few things,andrectify your annotationif necessary:

Theremustbe at leastone| Aim | sentencelf this is not the case reclassify
someothercandidatesentencesyntil you have foundatleastonesentencehat
representghe speci ¢ aim of thegivenpaper
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Theremustnotbe morethan5 sentenceperpaper Theonly exception
is if eachof themis a straighthit, i.e. they areindisputablygoal statements,
particularlyif thesentenceareparaphrasesf eachother

If you have to eliminate] Aim | sentencegjo thefollowing:

— Prefer explicit statements(prefer 'direct’ goal statementsand
‘functionality-provided' to 'solved' andothertypes).

- Prefer sentencegowards the periphery (e.g. at the beginning
of summarizingconclusions),and in the border areawith or

Backgroundsegments;

— If all fails, pick the onesyou think aremostrelevantin the context of dis-
tinguishingthis pieceof researchrom others.

The questions

Question1: Doesthis sentencealk about own work?

Own work in the context of this papermeanswork presentedhs performedby the
authordn thegivenpaper, i.e. asnew research.

Descriptionof own work shouldmake up a large partof the paperit includes
descriptionsof the own solution, method,results,discussionJimitations and future
work.

Previousown researchi.e. researctdoneby the authorsbeforeandpublished
elsavhere,doesnot countasown work. Sometimeghefactthatpreviouswork is dis-
cusseds speci cally marked (“wehavepreviously’), sometimest canonly beinferred
becausehereis a referencandicatingthe authors name.Checkthe referencdist to
make surethatthe string“etal.” in acitation (cited paper)doesnot “hide” oneof the
authorsof the currentpaper Unfortunately authorstendto talk aboutprevious own
work in muchthe sameway asthey do aboutthe current(own) work. This might con-
stitutea problemhere.lt is your job to decideif certainstatementare presentedsif
they werethe contribution of the paper Thereis oneexception:PhDor MSctheseslo
not countaspublishedwork (otherwise someentirepaperswvould have to be marked
asotherwork if the paperis a shortversionof a PhD or MSc thesis).In that case,
the sentencerst citing the thesisis to be marked as[Basis]. In all othercontexts,
referencdo thethesis/researcis to be consideregsown.
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Sometimesshort descriptionsof own work (statementf opinion) appear
within sectionstalking aboutotherwork (backgroundor speci c). For example,an
authormight describea generalproblem,thenindividualize the presentresearcltby
settingthe scopewithin the currentwork (“WWe will here only beinterestedn VP gap-
ping as opposedio NP gapping), then continuedescribinggeneralspeci c to VP
gapping.Thesescopedeclarationsshouldbe consideredas own work becausehey
talk aboutthe given work/opinions.The grammaticalsubjectin a sentencedoesnot
alwaystell you whetherit's own work or not. Sometimeghe criticism of otherwork
might look like own opinion (“However, we are corvincedthat thisis wrong[ 7).
Casedik ethisshouldnotbeconsideregsown work, but asweaknessesf otherwork,
.e.[OTHER].

In particular watch out for the rst mentionof the own work, typically two
thirdsdown in theintroduction.Most of the informationunderthe Summaryor Con-
clusionsectionis normally own work. Sometimesindividual sentences the conclu-
sionsectionmake directcomparisonsvith otherwork, e.g.detailingadvantage®f the
approachOnly marktheseas] OTHER |if theotherwork is describedgain usingmore
thanonesentencef descriptionglsemarkas.

Question2: Doesthis sentencecontain a goal statement?
Two kindsof sentencesountasgoalstatements:
Goalstatement$i.e. descriptionof researclgoal)
Scopestatementi.e. delimitationof researclgoal: whatthe goalis not)

If the sentenceadescribesa generalgoal in the eld, e.g.“machine translation”, it
shouldnotbemarked as. sentencedescribeparticular goalsof thepaper
Therearedifferentwaysof expressinghe particulargoal of the paper

A primelocationof sentencess aroundthe rst 2/3 of theintroduction,
whentheauthorsarementionedor the rst time.

Dir ectaim/goal description:
Our aimin thispaperisto[ ]
V\g, in contrast,aim at de ning categoriesthathelpus[ ]

Also descriptionsof phenomenaglus the statementhat currentwork tries to
explainthem,e.g.:
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Weaimto nd a methodof inducinggrammarrules.
Our goal, howerer, is to developa medanismfor [ ]
We will introducePHENOMENONX that we seekto explain

| showhowgrammarrulescanbeinduced.

Functionality provided: Anotherway of expressingheresearctyoalis to saythat
onehasaccomplishedloinga certaintask.

Thispapergivesa syntactic-head-drivegenemtion algorithmwhich includes
awell-de nedtreatmenbf movedconstituents.

We havepresentean analysisof the datasparsenesgroblem
| havepresentedin analysisof PHENOMENONX

We havepresentedn analysisof whychildrencannotf ] (PHENOMENON)
Hypothesis: In experimentapaperghegoal might be expressedsa hypothesis:

Thehypothesisnvestigatedn this paperis that childrencanacquire[ ]
Goal asfocus: Thedeclaratiorof aresearclinterestcancountasan[Aim |

Thispaperfocuseninducinggrammarrules.

This paper concernsthe formal de nitions underlying syndironous tree-
adjoininggrammas.

In this paper we focuson the application of the developedtechniquesin the
contet of thecompaatively neglectedareaof HPSGgeneation.

Thispaperwill focuson[ ] our analysisof narrative progressionyhetorical
structure, perfectsandtempoal expressions.
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Solutionhood: Sometimesa sentencestatesthatthe own solutionworks, i.e. solves
a particularresearchask. Suchsentencesanundercertaincircumstancese[Aim s,
but they ares of alower quality. You mustbe surethatthe announcemerndf the
successfuproblem-solvingprocesss indeedimportantenoughto cover the goal of
thewhole paper andyou mustbe surethatthe sentenceefersto the highestlevel of
problemsolving.If it talksabouta sulproblem,don't considerthe sentencean .
Oftensuchstatementaredressedsa claim.
Examples:

[we presentan analysis]which automaticallygivestheright resultsfor quan-
ti er scopeambiguitiesandinteractionswith boundanaphos.

In this paperwe presentech new modelthat implementghe similarity-based
approad to provideestimategor the conditionalprobabilitiesof unseerword
cooccurences

Our techniquesggmentontinuouspeeb into wordsusingonly distributional
and phonotactianformation

TheSpolenLanguage Translator(SLT) is a prototypesystenthattranslatesir
travel (ATIS) queriesfromspolen Englishto spolen Swedistandto Frendh.

De nition of adesiredproperty or asnecessity: Thegoalcanbegivenby describing
a hypothetical desiredmechanisnor a desiredoutcome.This is not a typical way to

describeéhepapers , but the context canstill make thisthe“best around”.
Examples:

A robustNatural Language ProcessingNLP) systemmustbe able to process
sentencethat containwords unknownto its lexicon.

The importanceof a methodfor SPECIFIC-RASK grows as the coverage of
[ ] improves.

and| demonstatetheimportanceof havinga Y tool which allowsfor X.

Advantage of a solution: Sometimeghe descriptionof an advantageof a solution

canprovide anacceptabl@Aim |

Our methodyieldspolynomialcompleity in an elegantway:.

Our methodavoidsproblemsof non-determinacy



C.2. Studyll: Guidelinesfor HumanAnnotationof Full Scheme 319

First, it is in certainrespectsimpler in that it requiresno postulationof oth-
erwiseunmotivatecambiguitiesin the sourceclause

Thetraditional problemsof training timesdo not arise

Scopestatement: Thesesentencede ne thegoalaspart of previousgoal,e.g.“here
wewill look only at relativepronouns’, excludingsomeother, similar goals.

Indir ectaim/goal description: In somecasesif you nd nothingbetter youcanalso
look for moreindirectwaysof expressingvhatthe goalmight have been.

In this paperwe addresstwo issuesrelating to the application of prefeence
functions.

[ ] andmale a speci c proposalconcerningtheinterfacebetweertheseand
the syntacticand semantiaepresentationshey utilize.

In addition,we havetakena few stepsowardsdeterminingtherelativeimpor-
tanceof differentfactors to the successfubperation of discousemodules.

Question3: Doesthis sentencecontain a textual overview?

All statementsvhoseprimaryfunctionit is to give usanoverview of thesectionstruc-
ture(“in thenext sectionwewill [ ]”). Severalsuchsentencesftenoccurattheend
of theintroduction.

Mark alsobackward looking pointersat the beginning of a section( rst sen-
tence)(“In the previoussectionwe haveimplemente& model”) or beforethe endof
the section(“in the next section,we will turn our attentionto[ ] ”. Someauthors
give anoverview of the sectionat the beginning of the section(“in this sectionl will
[dots]”), or summarizeaftereachsection(“in this sectionl have[dots]” or “this con-
cludesmydiscussiorof X”.

Caveat: Sentenceseferringto gures or tablesarenot meanthere(“ gur e 3
showq ]!

Sentencesummingup main conclusionsrom previous sectionsare also not
meanthere:

“In chapter3, wehaveseenhat childrencannotreliably form genealizations
about[ .
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Question4: Doesthis sentencedescribebackground?

| BACKGROUND | knowledgemarkssentenceshich arepresentecisuncontraersial
in the eld. In suchsentencegheresearcttontet is establishedThis includesstate-
mentsof generaktapacityof the eld, generaproblemsyesearciyoals,methodologies
andgeneralsolutions(“In recentyears, there hasbeena growinginterestin the eld
of X in the subjectof Y”). The most prototypical use of | BACKGROUND | is in the
beginningof the paper

Exampledor generabproblems:

Oneof thedif cult problemsin madinetranslationfrom Japaneseo English
or otherEuropeanlanguayesis thetreatmenof articlesandnumbes.

Complicationsarisein spellingrule applicationfromthefact that, at compile
time neitherthelexical nor the surfaceform of theroot, nor evenits length,is
known.

Collocationspresentspeci ¢ problemsan translation,bothin humanandauto-
matic contets.

Exampledor generallyaccepted/oldolutionsor claims:

Tagging by meansof a HiddenMarkov Model (HMM) is widelyrecaynisedas
an effectivetechniquefor assigningpartsof speeb to a corpusin a robustand
efcient manner

Currentreseach in lexical aquisitionis eminentlyknowledg-based.

Literature in psydiology hasamplydemonstatedthat childrendo not acquire

[ ]

In linguistics papersmark the descriptionof the linguistic phenomendoeing
coveredas| BACKGROUND |. Thisincludesexamplesentencesdn contrasttheanalysis
of the phenomenaretypically eitherown or otherwork.

It maybethatthereis a| BACK GROUND | segmentsomevherein the middle of

the paper It maythennotbeeasyto decideif it is| BACKGROUND \or\ OWN \ Usethe
following test:if you think thatthis segmentcould have beenusedasanintroductory
text atthebeginningof the paperandif it doesnot containmaterialthatis individual-
izedto theauthorsthemseles,thenit shouldbe marked as| BACK GROUND |.
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Referencedo “pioneers” in the eld are also|BACKGROUND | material—
sentencesvhich describeotherwork in an introductoryway without ary criticism.
Theseareusuallyolderreferences.

Sometimeshereis no || BACKGROUND | segment,namelyif the authorsstart
directly by describingonespeci c individualizedapproach.

The differencebetween BACKGROUND | and| OTHER | is only in degree of
speci city.

aredescription®f otherwork whichis describedspeci cally enough
to contrastthe own work to it, to criticize it or to mentionthatit providessupportfor
own idea.For somework to be consideredspeci ¢ otherwork, it mustbe clearly at-

tributableto someother researchersptherwiseit might be too generalto countas
speci c otherwork. Oftensuchsegmentsarestartecby markersof speci ¢ work, cita-
tions:

REF arguesthat childrendon't acquire grammarframesuntil they havea
lexicon[ ]

REF 'ssolutionsolvesthe problemof data-spaseness.
REF 'sformalismallowsthetreatmenbf coodinatedstructuies.

Thebilingual dual-codingtheory REF partially answes the above ques-
tions.

REF introducedthe notion of tempoal anaphog, to accountfor waysin
which tempoal expressionslependon surroundingelementsn the discouse
for their semanticcontribution to thediscouse

Namedsolutionscanalsocountasspeci city markersfor otherwork:

Similarity-basednodelssuggestan appealingapproad for dealingwith data
sparseness.

The distinction betweer| BACKGROUND | and| OTHER | might be dif cult to
male.Stopmarkingas\ BACKGROUND \whenyou reachapointwhereideassolutions,
or tasksareclearlybeingindividualized,.e. attributedto researchens suchaway that
they cangetcriticized. Often the breakingpoint looks like this: * Generl problem
description Recently somereseachers havetried to tackle this by doing More
speci c descriptionwith refelences ” In thatcasetheborderis before*Recently”.
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Whenauthorsgive speci ¢ informationaboutresearchbut expressno stance
towardsthatwork, particularlyif it happensn the beginning,they seemto imply the
statementaregenerallyacceptedn the eld. Youmightin this casedecideto markit
as| BACKGROUND |.

Question5: Is the other work describedin a contrastive way?

Thesesentencesnake onetype of connectionbetweenspeci ¢ otherwork andown
work. Comparatre sentencesnight occurwithin segmentsdescribingotherwork or
own work (e.g.in conclusions).

Mark sentencewhich containmentionsof:

Weaknessesf otherpeoples solutions
Theabsenc®f a solutionfor agivenproblem
Differencein approach/solution
Superiorityof own solution

Statement®f direct comparisonswith other work or betweenseveral other
approachegtheseappeamostlyin evaluationpapers)

Incompatibility betweerown andotherclaimsor results
Weaknessesf other solutions:
REF 'ssolutionis problematicfor several reasons.

Theresultssuggestthata completelyunconstainedinitial modeldoesnot pro-
ducegoodquality results.

Here, wewill produceexperimentakvidencesuggestingthatthis simplemodel
leadsto seriousoverestimate®f systenerror rates.

Theanalysisof sentencesuchas CREF in  REF , within theframeavork
of Discourse RepesentationTheory (DRT) REF givesthe wrong truth-
conditions,whenthe tempoal connectivan the sentences “before” or “af-
ter”.

Alimiting factor of thismethods the potentiallylarge numberof distinctparse
trees.
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Absenceof a solution:

Whileweknowof previousworkwhich associatescoreswith featue structues
REF we are notaware of any previoustreatmentwhich malesexplicit the
link to classicalprobability theory

Fir st,althoughmud work hasbeendoneon howagentsrequestlari cations,
or respondo sud requestslittle attentionhasbeenpaid to the collaborative
aspectof clari cation discouse

Differ encein approach/solution:
In contrastto standad approades,we usea statisticalmodel.

In this paper we proposean alternativeapprad in which a performance-
oriented (behaviourbased) perspectiveis taken instead of a competence-
oriented(knowledg-basedpne

Namelysinceweusesemantic/pagmaticrolesinsteadof grammaticalrolesin
constaints[ ]

Superiority of own solution:
Our modeloutperformssimplepattern-matbing modelsby 25%.

Our resultsindicatethat our full integratedheuristicschemefor selectingthe
bestparseout-performshesimpleheuristic[ ]

We havealsoarguedthatan architectute that usesobligationsprovidesa mud
simplerimplementatiorthanthe strongplan-basedpproadces.

Directcomparisonswith other work:

In thispaperwewill compaetwotaggingalgorithms,onebasedon classifying
word types,andonebasedon classifyingwords-plus-contet.

[ ] anda comparisorwith manualscalingin section CREF .

The performanceof both implementationss evaluatedand compaed on a
range of arti cial andrealdata.
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Incompatibility betweenown and other claimsor results:

This result challenges the claims of recent discouse theories ( REF ,
REF ) which arguefor athecloserelationbetweercuewordsanddiscouise
structue.

It is implausiblethat childrenlearngrammaronthe y.

Thereis acon ict betweenAimM |and CONTRAST |whengoalsareintroduced

contrastvely, asin thefollowing examplesThesesentencewould normallybetagged

[Aim], unlesstherearetoo mary betterf Aim | sentencearound.

Until now reseach hasfocusedndemonstationsofinfants' sensitivityto var-
loussources;wehavebgyunto providequantitativemeasuesof theusefulness
of thosesoures.

However our objectiveis not to proposea fasteralgorithm, but is to showthe
possibilityof distributedprocessingf natural languages.

Thisarticle proposesa methodfor automatically nding the appropriatetree-
cuttingcriteria in the EBG stchemeratherthanhavingto hand-codehem.

If the sentencexpressesio sententialcontentotherthanthe fact that there
is a contrast(“however, our approad is quite different”) mark this sentenceonly as
if youdon't nd abetterone.

If authorscomparetheir own work contrastvely to somebodyelses (e.g.a
linguistic analysis)}o explain in which aspectgheir own work is superior you might
be undecidedasto whetherto mark it as| CONTRAST | or |OwN | (or even|AIM], in
somecases!)Assign only if theauthorsspeci cally saythatthey did something
differentlyin orderto achieve a (different?)goal. Assign| CONTRAST | if you believe
thatthemainfunctionof thesentencés to mentionanegative aspecof theotherwork.
Assign if thefocusis ontheir own work ratherthanon the otherwork.

Question6: Is the own work basedon other work?

Thereare5 differentclasse®f how work couldbe basedor positively related:
DirectBased

Adaptation
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Consisteng
Similarity
Quality

Consisteng, Similarity and Quality casesshouldbe marked only if the ap-
proachesareimportantto the paperi.e. if somemore discussioraboutthat work is
givenin the paper

Direct Based: It is explicitly statedthatthe own solutionbuilds on anothersolution
(intellectualancestry).

We baseour modelon REF 'sbadkupmodel.
Our approadisin thespirit of REF 'sapproad

We chooseto useLink Grammar REF

The last example describesa describingintellectual ancestrywith
morethanoneotherapproach.

Adaptation: Theauthorshave adaptech solution,contributedby somebodyelse.As
the solutionwas not initially inventedfor the currentresearchask,and needsto be
adapted.

Themainaimis to showhowexistingtext planningtedhniquescanbe adapted
for this particular application.

We extendthe modelfor doing X by allowingit to doY, too.

We havesugestedsomewaysin which LFs can be enrichedwith lexical se-
manticinformationto improvetranslationquality.

Thismodeldrawsupon REF , but adaptsit to thecollaborative situation.

In our work, we havetaken REF 's descriptivemodeland recastit into a
computationabne[ ]

Consistency: Statementsabout consisteng with anothertheoreticalframevork or
other peoples resultscanbe|[BAsIs], evenif the own solutionis not directly based
onit:

Ouraccount ] ts withinageneal framavorkfor[ |
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Similarity: Statementgaboutsimilaritiesbetweenthe own andotherapproachesan
bea|BAsIs] if thesesimilaritiesarenot“cancelled’laterby mentioninga contrasting
property

The analysispresentedhere has strong similarities to analysesof the same
phenomenaliscusseddy REF and REF .

Themethodwhidhis relatedto thatof REF
In this sectionwede ne agrammarsimilarto REF 's r stgrammar

Quality of other approach: If you think thatan approachprovidesa basis,andis
importantenoughto be markedup asa|BAsis|, but you can nd no explicit sentence
expressingt, you canmarkup statementaboutthe quality of the approach.

We discusgheadvantajesof REF 'smodel.
[ ]thesucces®fanabstactmodelsudias REF 's[ ]

[ ] thusdemonstating the computationalfeasibility of their work and its
compatibilitywith currentpracticesin arti cial intelligence

Earley deductionis a very attractiveframevork for natural language process-
ing becauset hasthefollowing propertiesandapplications.
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A Robust Parser Based on Syntactic Information

Kong Joo Lee

Abstract

An extragrammatical sentence is what a
normal parser fails to analyzeis imp-
ortant to recover it using only syntactic
information although results of recovery
are better if semantic factors are consid-
ered. A general algorithm for least-errors
recognition, which'is based only on syn-
tactic information, was proposed by G.
Lyon to deal with the extragrammaticality.
We extend this algorithm to recover extra-
grammatical sentence into grammatical .
one in running text. Our robust parser with
recovery mechanism - extended general
algorithm for least errors recognition -

can be easily scaled up and modified be-
cause it utilize only syntactic information.
To upgrade this robust parser we proposed
heuristics through the analysis of the Penn
treebank corpus. The experimental result
shows 68% ~ 78% accuracy in error re-
covery.

Introduction

Cheol Jung Kweon

Extragrammatical sentences include patently ungram- L 2
matical constructions as well as utterances that may be| simultaneously in the running text.
grammtically acceptable but are beyond the syntactic 1 «
coverage of the parser, and any other difficult'ones that 1974) proposed by G.Lyon, is to find out the least number
are encountered in parsi(@arbonell and Hayes, 1983)

| am sure this is what he means.
This, | am sure, what he means.

The progress of machine does not stop even a day.
Not even a day does the progress of machine stop.

Jungyun Seo  Gil Chang Kim

ing the excessive number of rules will become inefficient
and impractical. Therefore, extragrammatical sentences
should be handled by some recovery mechanism(s) rather
than by a set of additional rules.

Many researchers have attempted several techniques to
deal with extragrammatical sentences such as Augmentel
Transition Networks (ATN) (Kwasny and Sondheimer,
1981), network-based semantic grammar (Hendrix, 1977),
partial pattern matching (Hayes and Mouradian, 1981),
conceptual case frame (Schank et al, 1980), and multiple
cooperative methods (Hayes and Carbonell, 1981). Above
mentioned techniques take into account various semantic
factors depending on specific domains on question in
recovering extragrammatical sentences. Whereas they can
provide even better solutions intrinsically, they are usually
ad-hoc and are lack of extensibility. Therefore, it is imp-
ortant to recover extragrammatical sentences using syntacti
factors only, which are independent of any particular system
and any particular domain.

Mellish (Mellish, 1989) introduced some chart-based
techniques using only syntactic information for extragram-
matical sentences. This technique has an advantage that the
is no repeating work for the chart to prevent the parser from
generating the same edge as the previously existed edge. Al
because the recovery process runs when a normal parser
terminates unsuccessfully, the performance of the normal
parser does not decrease in case of handling grammatical
sentences. However, his experiment was not based on the
errors in running texts but on artificial ones which were
randomly generated by human. Moreover, only one word
error was considered though several word errors can occur

A general algorithm for least-errors recognition (Lyon,

of errors necessary to sucessful parsing and recover them.
Because this algorithm is also syntactically oriented and
based on a chart, it has the same advantage as Mellish's
parser. When the original parsing algorithm terminates un-

insertion, deletion and mutation of a word. For any input,
this algorithm can generate the resultant parse tree. At the

Above examples show that people are used to write sameCoSt of the complefe robustness, however, this algorithm
meaningful sentence differently. In addition, people are
prone to mistakes in writing sentences. So, the bulk of
written sentences are open to the extragrammaticali
In the Penn treebank tree-tagged corpus (Marcus, 1

g1

degrades the efficiency of parsing, and generates many inte
mediate edges.
In this paper, we present a robust parser with a recovery
), mechanism. We extend the general algorithm for least-error

for instance, about 80 percents of the rules are concernedecognition to adopt it as the recovery mechanism in our
with peculiar sentences which include inversive, robust parser. Because our robust parser handle extragram-|
elliptic, paranthetic, or emphatic phrases. For matical sentences with this syntactic information oriented
example, we can drive a rule VP -> vb NP comma recovery mechanism, it can be independent of a particular s\
rb comma PP from the following sentence. or particular domain. Also, we present the heuristics to redu

The same jealousy can breed confusion, however,

in the absence of any authorization bill this year. QULDALSEL,

;I'hls ﬁap?r ils organized as follows: “4?1 first review a gehner
A robust parser is one that can analyze these extra- S ol [SERTHETEIS (e, VIR We [l
gramman%al sentences without failu)r,e. However, ifwe  tension of this algorithm, and the heuristics adopted by the

fry to preserve robustness by adding such rules wheneveffoRUSt parser. Next, we describe the implementation of the

the number of edges so that we can upgrade the performang:

SO

st

@

e

4 Conclusion

In this paper, we have presented the robust parser with
the extended least-errors recognition algorithm as the
recovery mechanism. This robust c})a\rser can easily be
scaled up and applied to various domains because this
parser depends only on syntactic factors. To enhance the
performance of the robust parser for extragrammatical
sentences, we proposed several heuristics. The heuristics
assign the error values to each error-hypothesis edge, and
edges which has less error are processed first. So, not all
the generated edges are processed by the robust parser, but
the most plausible parse trees can be generated first. The
accuracy of the recovery of our robust parser is about 68%
~ 77 %. Hence, this parser is suitable for systems in real
apglication areas.

ur short term goal is to propose an automatic method
that can learn parameter values of heuristics by analyzing
the corpus. We expect that automatically learned values of
parameters can upgrade the performance of our parser.
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Splitting the reference tim

e: Temporal Anaphora and

Quantification in DRT

Rani Nelken
Nissim Francez

Abstract

This paper presents an analysis of temporal
anaphora in sentences which contain quan-
tification over events, within the frame-
work of Discourse Representation Theory.
The analysis in (Partree, 1984) of quantified
sentences, introduced by a temporal con-
nective, gives the wrong truth-conditions
when the temporal connective in the subor-
dinate clause is before or after. This prob-
lem has been previously analyzed in (de
Swart, 1991) as an instance of the propor-
tion problem, and given a solution from a
Generalized Quanitifier approach. By using
a careful distinction between the different
notions of reference time, based on (Kamp
and Reyle, 1993), we propose a solution

to this problem, within the framework of
DRT. We show some applications of this
solution to additional temporal anaphora
phenomena in quantified sentences.

1 Introduction

The analysis of temporal expressions in natural lan-
guage discourse provides a challenge for contempo-
rary semantics theorie¢Partree, 1973) introduced
the notion of temporal anaphora, to account for ways
in which temporal expressions depend on surround-
ing elements in the discourse for their semantic con-
tribution to the discourse. In this paper, we discuss
the interaction of temporal anaphora and quantifi-
cation over eventualities. Such interaction, while in-
teresting in its own right, is also a good test-bed for
theories of the semantic interpretation of temporal
expressions. We discuss cases such as:

(1) Before John makes a phone call, he always
lights up a cigarette (Partree, 1984).

(2) Often, when Anne came home late, Paul had
already prepared dinner. (de Swart, 1991)

(3) When he came home, he always switched on the
TV. He took a beer and sat down in his armchair
to forget the day. (de Swart, 1991)

(4) When John is at the beach, he always squints
when the sun is shining. (de Swart, 1991)

The analysis of sentences such as (1) in (Partree,
1984), within the framework of Discourse Represen-
tation Theory (DRT) (Kamp, 1981) gives the wrong
thruth-conditions, when the temporal connective in
the sentence is before or after. In DRT, such sen-
tences trigger box-splitting with the eventuality of

the subordinate clause and an updated refernece time
in the antecedent box, and the eventuality of the main
clause in the consequent box, causing undesirable
universal quantification over the reference time.

This problem is analyzed in (de Swart, 1991) as an
instance of the proportion problem and given a solution
from a Generalized Quanifier approach. We were led to
seek a solution for this problem within DRT, because
of DRT's advantages as a general theory of discourse,
and its choice as the underlying formalism in another
research project of ours, which deals with sentences
such as 1-4, in the context of natural language specific-
ations of computerized systems. In this paper, we propos
such a solution based on a careful distinction between
different roles of Reichenbach's reference time (Reichen-
bach, 1947), adapted from (Kamp and Reyle, 1993). Fig-
ure 1 shows a 'minimal pair' of DRS's for sentence 1,
one according to Partee's (1984) analysis and one accor
ing to ours.

2 Background

An analysis of the mechanism of temporal anaphoric
reference hinges upon an understanding of the onto-
logical and logical foundations of temporal reference.

-
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C.3. Study lll:  Short Instructions for Human Annota-
tion

This coding schemeis aboutthe ownershipof ideasin scienti ¢ papersand about
authors stancetowardsotherwork. Your intuitions aboutthe structureof this paper
will beusefulinputto helpbuild bettertoolsfor informationextractionfrom scienti c
paperswhichin turnwill improve automatidoibliographicsearch.
Readthecompletepaperrst to getasensef whatit is about.Youdo nothave
to understandhe detailsof the paper Then,working from the beginning, markeach

sentencen themainbody

sentencen theabstract

captionof a gure or atable

gure, table,equationin runningtext
examplesentencéin linguisticspapers)

as one and only one of the seven cateyories, using the decisiontree on the
other sideto make your choice.Try not to leave anything uncodedIf you feel that
more thanone cateyory appliesto one entity, thenchoosethe rst oneyou cometo
in the decisiontree. You shouldlook at the surroundingcontext when makingyour
choice.Try to annotatefrom the authors perspectie, evenif you do not agreewith
their portrayalof the situation.

Whenyouaredonewith coding,pleasgutastarnext to theonesinglesentence
in the main body of the text (not in the abstract!that bestexpressesvhat the paper
wasabout.

Somerulesof thumbfor assigninghe cateyories:

Not all papershave all cateyories.

OwN, OTHER, BACKGROUND often comein chunksandthereare mary of
them.

CONTRAST, BAsIs, AIMm, TEXTUAL oftencomesingly andthey arerarer



1 \ Does this sentence contain material that describes the specific aim of the|paper?

YES

Our aim was to provide... AIM 2
In this paper we propose...
We present a classifiction method/theory for XXX

YES

However, their method fails to... CTR
We compared our analysis to XX's
To my knowledge, no algorithm for ...

OWN OTHER
BACKGROUND
4 | Does this sentence make 5 | Does this sentence mention
reference to the structure the other work as basis of
of the paper? BKG or support for own work?
YE NO For many years in CL now... vES NO
Traditionally, these problems are

- solved by an application of... - OTH

We base our work on XXX's Their method relies on...
" In section 3 we will introduce... |Our method concentrates on... ' We extend XXX's algorithm XXX has applied...

NO

Does it describe a negative aspect of other
work, or a contrast of the own work to if?

3 | Does it describe own work (i.e. work presented in the paper), general

NO

background, or other work (including previous work of the same author)?

0o€ge

S[euayeyuoneIoulyY “Oxipuaddy
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GENERAL_FORMULAIC

THEM_FORMULAIC

US_PREVIOUS_FORMULAIC

in @TRADITION_ADJ JJ @WORK_NOUN

in @TRADITION_ADJ used @WORK_NOUN

in @TRADITION_ADJ @WORK_NOUN
in @MANY JJ @WORK_NOUN

in @MANY @WORK_NOUN

in @BEFOREADJ JJ @WORK_NOUN
in @BEFOREADJ @WORK_NOUN
in otherJJ @WORK_NOUN

in other @WORK_NOUN

in such @WORK_NOUN

accordingo CITE

alongthe linesof CITE

likeCITE

CITE style

ala CITE

CITE- style

@SELENOM have previously
@SELENOM have earlier
@SELENOM have elsavhere
@SELENOM elsavhere
@SELENOM previously
@SELFENOM earlier
elsavhere@SELFENOM

elswhere@ SELENOM

elsavhere, @ SELENOM

elswhere @SELENOM

presented elswhere

presented elsavhere

@SELENOM haveshovn elsavhere
@SELENOM haveargued elsavhere
@SELENOM haveshovn elswhereNOM
@SELFENOM haveargued elswhereNOM
@SELFENOM will shav elsavhere
@SELENOM will shov elswhere

331



332

TEXTSTRUCTURE_-FORMULAIC

HERE_FORMULAIC

METHOD_FORMULAIC

AppendixD. Lexical Resources

@SELENOM will ague elsavhere
@SELENOM will argue elswhere
elsavhereSELFCITE
elswhereSELFCITE
ina @BEFOREADJ @PRESENATION_NOUN
in anearlier @PRESENATION_NOUN
another @PRESENATION_NOUN
then@SELFENOM describe
then, @SELENOM describe
next @SELFENOM describe
next, @SELENOM describe
nally @SELFENOM describe
nally , @SELENOM describe
then@SELFENOM present
then, @SELENOM present
next @SELFENOM present
next, @SELENOM present
nally @SELENOM present
nally , @SELFENOM present
brie y describe
brie y introduce
briey present
briey discuss
in this @PRESENATION_NOUN
thepresent @PRESENATION_NOUN
@SELENOM here
here@SELENOM
here, @SELENOM
@GIVEN here
@SELENOM now
now @SELFENOM
now , @SELENOM
@GIVEN now
herein
anev @WORK_NOUN
anovel @WORK_NOUN
a @WORK_NOUN of
an @WORK_NOUN of
aJJ @WORK_NOUN of
anJJ @WORK_NOUN of
aNN @WORK_NOUN of
anNN @WORK_NOUN of
aJINN @WORK_NOUN of
anJJNN @WORK_NOUN of
a @WORK_NOUN for
an @WORK_NOUN for
aJ) @WORK_NOUN for
anJJ @WORK_NOUN for
aNN @WORK_NOUN for
anNN @WORK_NOUN for
aJJNN @WORK_NOUN for
anJJNN @WORK_NOUN for
@WORK_NOUN designedo VV
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@WORK_NOUN intendedfor
@WORK_NOUN for VV_ING
@WORK_NOUN for theNN
@WORK_NOUN designedo VV
@WORK_NOUN to theNN
@WORK_NOUN to NN
@WORK_NOUNto VV_ING
@WORK_NOUN for JJVV _ING
@WORK_NOUN for the JINN
@WORK_NOUN to the JJNN
@WORK_NOUNto JJVV _ING
the problemof RB VV _ING
the problemof VV _ING
the problemof how to
CONTINUE_FORMULAIC following CITE
following the @WORK_NOUN of CITE
following the @WORK_NOUN givenin CITE
following the @ WORK_NOUN presentedn CITE
following the @ WORK_NOUN proposedn CITE
following the @WORK_NOUN discussedn CITE
adoptCITE 's
startingpoint for @REFERENTIAL@WORK_NOUN
startingpointfor @ SELFPOSS@WORK_NOUN
asa startingpoint
as startingpoint
useCITE's
base@SELFPOSS
supports@SELFPOSS
supports@OTHERS POSS
support@OTHERS POSS
SUpport@SELFPOSS
lends supporto @SELFEPOSS
lends supporto @OTHERS POSS
CONTRAST_FORMULAIC however, neverthelessnonethelesgynfortunatelyyet, although
GAP_FORMULAIC asfaras@SELFENOM know
to @SELEPOSS knowledge
to thebestof @SELFPOSS knowledge
FUTURE_FORMULAIC in the future
in thenear future
@FUTUREADJ @WORK_NOUN
@FUTUREADJ @AIM_NOUN
@FUTUREADJ development
needs further
requires further
beyondthe scope
avenuefor improvement
avenuedor improvement
avenuedor @FUTUREADJ improvement
areafor @FUTUREADJ improvement
areador improvement
avenuef @FUTUREADJ research
promising avenue
promising avenues
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SIMILARITY_FORMULAIC

AppendixD. Lexical Resources

alongthesame lines

ina similarvein

asin @SELFPOSS

asin CITE

as didCITE

likein CITE
likeCITE's

similarity with CITE

similarity with @SELFPOSS

similarity with  @OTHERSPOSS
similarity with @ TRADITION_ADJ
similarity with @MANY
similarity with @BEFOREADJ

in analogyto CITE

in analogyto @SELFPOSS

in analogyto @OTHERSPOSS

in analogyto @ TRADITION_ADJ

in analogyto @MANY

in analogyto @BEFOREADJ
similarto thatdescribechere
similarto thatof
similarto thoseof
similarto CITE
similarto @SELFEACC
similarto @SELFEPOSS
similarto @OTHERSACC
similarto @ TRADITION_ADJ
similarto @MANY
similarto @BEFOREADJ
similarto @OTHERS POSS
similarto CITE

a similar NN to @SELFEPOSS

a similarNN to @OTHERS POSS

a similarNN to CITE
analogougo thatdescribechere
analogougo CITE
analogouso @SELFACC
analogouso @SELFPOSS
analogouso @OTHERSACC
analogouso @TRADITION_ADJ
analogouso @MANY
analogouso @BEFOREADJ
analogouso @OTHERS POSS
analogougo CITE

the sameNN as@SELFEPOSS

the sameNN as@OTHERSPOSS

the sameNN asCITE

the sameas@SELFEPOSS

the sameas@OTHERSPOSS

the sameasCITE

in commonwith @OTHERS POSS

in commonwith @SELEPOSS

in  commonwith @TRADITION_ADJ
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COMPARISON_FORMULAIC
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in  commonwith @MANY
in  commonwith @BEFOREADJ
most relevantto @SELFPOSS
againsiCITE
againstdSELEACC
againstdSELFEPOSS
against&d OTHERS ACC
againstd OTHERS POSS
against&d BEFOREADJ @WORK_NOUN
againstdaMANY @WORK_NOUN
against@ TRADITION_ADJ @WORK_NOUN
thanCITE
than@SELFEACC
than@SELFEPOSS
than@OTHERSACC
than@OTHERS POSS
than@TRADITION_ADJ @WORK_NOUN
than@BEFOREADJ @WORK_NOUN
than@MANY @WORK_NOUN
pointof departurdrom @SELFPOSS
pointsof departurdrom @OTHERSPOSS
adwantageover @OTHERSACC
advantageover @ TRADITION_ADJ
advantageover @MANY @WORK_NOUN
advantageover @BEFOREADJ @WORK_NOUN
adwantageover @OTHERS POSS
adwantageover CITE
adwantageo @OTHERSACC
advantagego @OTHERSPOSS
adwantageto CITE
advantagego @ TRADITION_ADJ
adwantaggo @MANY @WORK_NOUN
advantageo @BEFOREADJ @WORK_NOUN
advantagesver @OTHERSACC
advantagesver @ TRADITION_ADJ
adwantagesver @MANY @WORK_NOUN
adwantagesver @BEFOREADJ @WORK_NOUN
adwantagesver @OTHERS POSS
adwantagesver CITE
adwantageso @OTHERSACC
adwantageso @OTHERS POSS
adwantagego CITE
adwantageso @ TRADITION_ADJ
adwantageso @MANY @WORK_NOUN
advantageso @BEFOREADJ @WORK_NOUN
bene t over @OTHERSACC
bene t over @ OTHERS POSS
bene toverCITE
bene t over @ TRADITION_ADJ
bene t over @MANY @WORK_NOUN
bene t over @BEFOREADJ @WORK_NOUN
differenceto CITE
differenceto @ TRADITION_ADJ
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differenceto CITE
differenceéo @ TRADITION_ADJ
differenceéo @MANY @WORK_NOUN
differenceéo @BEFOREADJ @WORK_NOUN
differenceo @OTHERSACC
differenceo @OTHERS POSS
differenceo @SELFACC
differenceo @SELFPOSS
differencedo CITE
differenceso @ TRADITION_ADJ
differenceso @MANY @WORK_NOUN
differenceso @BEFOREADJ @WORK_NOUN
differenceso @OTHERSACC
differenceso @OTHERS POSS
differenceso @SELFACC
differenceso @SELFEPOSS
differencebetweernCITE
differencebetween@ TRADITION_ADJ
differencebetween@MANY @WORK_NOUN
differencebetween@ BEFOREADJ @ WORK_NOUN
differencebetween@ OTHERS ACC
differencebetween@ OTHERS POSS
differencebetween@SELFACC
differencebetween@SELFEPOSS
differencesetweerCITE
differencedetween@ TRADITION_ADJ
differencedbetween@ MANY @WORK_NOUN
differenceetween@BEFOREADJ @WORK_NOUN
differenceetween@ OTHERSACC
differencepetween@ OTHERS POSS
differencedetween@ SELFACC
differencedetween@ SELEPOSS
contraswith CITE
contraswith @ TRADITION_ADJ
contraswith @MANY @WORK_NOUN
contraswith @BEFOREADJ @WORK_NOUN
contrastwith @OTHERSACC
contraswith @OTHERS POSS
contrastwith @SELFEACC
contraswith @SELEPOSS
unlike @SELEACC
unlike @SELFPOSS
unlike CITE
unlike @ TRADITION_ADJ
unlike @BEFOREADJ @WORK_NOUN
unlike @MANY @WORK_NOUN
unlike @OTHERSACC
unlike @OTHERS POSS

in contrasto @SELFACC

in contrasto @SELFPOSS

in contrasto CITE

in contrasto @ TRADITION_ADJ

in contrasto @MANY @WORK_NOUN
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AFFECT_FORMULAIC
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in contrasto @BEFOREADJ @WORK_NOUN
in contrasto @OTHERSACC
in contrasto @OTHERS POSS
as opposedo @SELFACC
as opposedo @SELFPOSS
as opposedo CITE
as opposedo @TRADITION_ADJ
as opposedo @MANY @WORK_NOUN
as opposedo @BEFOREADJ @WORK_NOUN
as opposedo @OTHERSACC
as opposedo @OTHERS POSS
contraryto @SELFACC
contraryto @SELFPOSS
contraryto CITE
contraryto @ TRADITION_ADJ
contraryto @MANY @WORK_NOUN
contraryto @BEFOREADJ @WORK_NOUN
contraryto @OTHERS ACC
contraryto @OTHERS POSS
whereas®@ SELEACC
whereas® SELEPOSS
whereaCITE
whereas@ TRADITION_ADJ
whereas@®@ BEFOREADJ @WORK_NOUN
whereas@®@ MANY @WORK_NOUN
whereas@ OTHERSACC
whereas@®@ OTHERS POSS
comparedo @SELFACC
comparedo @SELFPOSS
comparedo CITE
comparedo @TRADITION_ADJ
comparedo @BEFOREADJ @WORK_NOUN
comparedo @MANY @WORK_NOUN
comparedo @OTHERSACC
comparedo @OTHERS POSS
in comparisorio @SELFACC
in comparisorto @SELFPOSS
in comparisorto CITE
in comparisorio @TRADITION_ADJ
in comparisorno @MANY @WORK_NOUN
in comparisono @BEFOREADJ @WORK_NOUN
in comparisorto @OTHERSACC
in comparisorto @OTHERS POSS
while @SELENOM
while @SELFEPOSS
while CITE
while @ TRADITION_ADJ
while @BEFOREADJ @ WORK_NOUN
while @MANY @WORK_NOUN
while @OTHERS NOM
while @OTHERS POSS
hopefully
thankfully
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GOOD_FORMULAIC
BAD_FORMULAIC
TRADITION_FORMULAIC
IN_ORDER_TO_FORMULAIC
DETAIL_FORMULAIC

NO_TEXTSTRUCTURE_FORMULAIC

AppendixD. Lexical Resources

fortunately

unfortunately

@POSADJ

@NEGADJ

@TRADITIONAL _ADJ

in orderto

@SELENOM have also

@SELENOM also

this @PRESENATION_NOUN also

this @PRESENATION_NOUN has also

( TXT_NOUN CREF)

asexplainedin @ TXT_NOUN CREF
asexplainedin the @BEFOREADJ @TXT_NOUN
as @GIVEN earlierin this @ TXT_NOUN

as @GIVEN belowv

as@GIVENIn @TXT_NOUN CREF
as@GIVENin the @BEFOREADJ @TXT_NOUN
as@GIVENin thenext @TXT_NOUN

NN @GIVENiIn @TXT_NOUN CREF

NN @GIVEN in the @BEFOREADJ @TXT_NOUN
NN @GIVENin thenext @TXT_NOUN

NN @GIVEN below

cf. @TXT_.NOUN CREF

cf. @TXT_NOUN belown

cf. the @TXT_NOUN belov

cf. the @BEFOREADJ @TXT_NOUN

cf. @TXT_NOUN above

cf. the @TXT_NOUN above

e.g., @TXT_NOUN CREF

e.g, @TXT_NOUN CREF

e.g. @TXT_NOUN CREF

e.g @TXT_NOUN CREF

compare @TXT_NOUN CREF

compare @TXT_NOUN belov

comparghe @TXT_NOUN below

comparehe @BEFOREADJ @TXT_NOUN
compare @TXT_NOUN above

comparghe @TXT_NOUN above

see @TXT_NOUN CREF

seethe @BEFOREADJ @TXT_NOUN
recallfrom the @BEFOREADJ @TXT_NOUN
recallfromthe @TXT_NOUN above

recallfrom @TXT_NOUN CREF
@SELENOM shallsee below

@SELENOM will see belov

@SELENOM shallseein the next @ TXT_NOUN
@SELENOM will seeinthe next @ TXT_NOUN
@SELFENOM shallseein @TXT_NOUN CREF
@SELENOM will seein @TXT_NOUN CREF
examplein @TXT_NOUN CREF
exampleCREFin @TXT_NOUN CREF
examplesCREFandCREFin @TXT_NOUN CREF
examplesn @TXT_NOUN CREF
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US_AGENT @SELENOM
@SELFPOSS]) @WORK_.NOUN
@SELFPOSS)) @PRESENATION_NOUN
@SELEPOSSI) @ARGUMENTATION_NOUN
@SELEPOSS]) @SOLUTIONNOUN
@SELEPOSS)) @RESUIO_NOUN
@SELFPOSS @WORK_NOUN
@SELFPOSS @PRESENATION_NOUN
@SELFPOSS @ARGUMENTATION_NOUN
@SELFEPOSS @SOLUTIONNOUN
@SELEPOSS @RESUIO_NOUN
@WORK_NOUN @GIVEN here
@WORK_NOUN @GIVEN below
@WORK_NOUN @GIVEN in this @PRESENATION_NOUN
@WORK.NOUN @GIVEN in @SELEPOSS @PRESENA-
TION_NOUN
the @SOLUTIONNOUN @GIVEN here
the @SOLUTIONNOUN @GIVEN in this @PRESENATION_NOUN
the rst author
thesecond author
thethird author
oneof the authors
oneof us
REF_US_AGENT this @PRESENATION_NOUN
thepresent @PRESENATION_NOUN
thecurrent @PRESENATION_NOUN
thepresentl) @PRESENATION_NOUN
thecurrentJJ @PRESENATION_NOUN
the @WORK_.NOUN @GIVEN
OUR_AIM_AGENT @SELEPOSS @AIM_NOUN
thepointof this @PRESENATION_NOUN
the @AIM_NOUN of this @PRESENATION_NOUN
the @AIM_NOUN of the @GIVEN @WORK_NOUN
the @AIM_NOUN of @SELFPOSS@WORK_NOUN
the @AIM_NOUN of @SELFPOSS@PRESENATION_NOUN
themostimportantfeatureof @SELFPOSS@WORK_NOUN
contribution of this @PRESENATION_NOUN
contributionof the @GIVEN @WORK_NOUN
contributionof @SELEPOSS@WORK_NOUN
thequestion@GIVEN in this PRESENATION_NOUN
thequestion@GIVEN here
@SELEPOSS@MAIN @AIM_NOUN
@SELFEPOSS @AIM_NOUN in this @PRESENATION_NOUN
@SELFEPOSS @AIM_NOUN here
theJJpointof this @PRESENATION_NOUN
theJJpurposeof this @PRESENATION_NOUN
theJJ @AIM_NOUN of this @PRESENATION_NOUN
theJJ @AIM_NOUN of the @GIVEN @WORK_NOUN
theJJ @AIM_NOUN of @SELEPOSS@WORK_NOUN
theJJ @AIM_NOUN of @SELFPOSS@PRESENATION_NOUN
theJJquestion@GIVEN in this PRESENATION_NOUN
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AIM_REF_AGENT

US_PREVIOUS_AGENT

REF_AGENT

THEM_PRONOUN_AGENT
THEM_AGENT

GAP_AGENT

AppendixD. Lexical Resources

theJJquestion@GIVEN here

its @AIM_NOUN

itsJJ @AIM_NOUN

@REFERENTIALJ) @AIM_NOUN
contribution of this @WORK_NOUN
themostimportantfeatureof this @WORK_NOUN
featureof this @WORK_NOUN

the @AIM_NOUN

theJJ @AIM_NOUN

SELFCITE

this @BEFOREADJ @PRESENATION_NOUN
@SELFPOSS@BEFOREADJ @PRESENATION_NOUN
@SELFPOSS@BEFOREADJ @WORK_NOUN
in SELFCITE, @SELENOM

in SELFCITE@SELENOM

the @WORK_NOUN @GIVENin SELFCITE
@REFERENTIALJ) @WORK_NOUN
@REFERENTIAL @WORK_NOUN

thissortof @WORK_NOUN

thiskind of @WORK_NOUN

thistypeof @WORK_NOUN

thecurrentJJ @WORK_NOUN

thecurrent @WORK_NOUN

the @WORK_NOUN

the @PRESENATION_NOUN

the author

the authors

@OTHERS.NOM

CITE

CITE'sNN

CITE's @PRESENATION_NOUN

CITE's @WORK_NOUN

CITE's @ARGUMENTATION_NOUN
CITE'sJJ @PRESENATION_NOUN
CITE'sJJ @WORK_NOUN

CITE'sJJ @ARGUMENTATION_NOUN
theCITE @WORK_NOUN

the @WORK_NOUN @GIVENIin CITE

the @WORK_NOUN of CITE
@OTHERSPOSS @PRESENATION_NOUN
@OTHERSPOSS @WORK_NOUN
@OTHERSPOSS @RESUIT_NOUN
@OTHERS POSS @ARGUMENTATION_NOUN
@OTHERSPOSS @SOLUTION.NOUN
@OTHERSPOSSI) @PRESENATION_NOUN
@OTHERSPOSSIJ) @WORK_NOUN
@OTHERSPOSSIJ @RESUIT_NOUN
@OTHERSPOSSI) @ARGUMENTATION_NOUN
@OTHERSPOSS]) @SOLUTION.NOUN
noneof these @WORK_NOUN

noneof those @WORK_NOUN

no @WORK_NOUN

noJJ @WORK_NOUN



D.2. AgentPatterns 341

noneof these @PRESENATION_NOUN
noneof those @PRESENATION_NOUN
no @PRESENATION_NOUN
noJJ @PRESENATION_NOUN
GENERAL_AGENT @TRADITION_ADJ JJ @WORK_NOUN
@TRADITION_ADJ used @WORK_NOUN
@TRADITION_.ADJ @WORK_NOUN
@MANY JJ @WORK_NOUN
@MANY @WORK_NOUN
@BEFOREADJJJ @WORK_NOUN
@BEFOREADJ @WORK_NOUN
@BEFOREADJ JJ @PRESENATION_NOUN
@BEFOREADJ @PRESENATION_NOUN
otherdJ @WORK_NOUN
other @WORK_NOUN
such @WORK_NOUN
theselJ @PRESENATION_NOUN
these @PRESENATION_NOUN
thoselJJ @PRESENATION_NOUN
those @PRESENATION_NOUN
@REFERENTIAL authors
@MANY authors
researchersn @DISCIPLINE
@PROFESSIOML _NOUN
PROBLEM _AGENT @REFERENTIALJ) @PROBLEM_NOUN
@REFERENTIAL @PROBLEM_NOUN
the @PROBLEM_NOUN
SOLUTION_AGENT @REFERENTIALJ) @SOLUTION.NOUN
@REFERENTIAL @SOLUTION.NOUN
the @SOLUTION.NOUN
theJJ @SOLUTIONNOUN
TEXTSTRUCTURE_AGENT @TXT_NOUN CREF
@TXT_NOUN CREFandCREF
this @TXT_NOUN
next @TXT_NOUN
next CD @TXT_NOUN
concluding @TXT_-NOUN
@BEFOREADJ @TXT_NOUN
@TXT_NOUN above
@TXT_NOUN below
following @TXT_NOUN
remaining @TXT_NOUN
subsequent@TXT_NOUN
followingCD @TXT_NOUN
remainingCD @TXT_NOUN
subsequentD @TXT_NOUN
@TXT_NOUN thatfollow
restof this @PRESENATION_NOUN
remaindeof this @PRESENATION_NOUN
in @TXT_NOUN CREF, @SELENOM
inthis @TXT_NOUN, @SELENOM
inthenext @TXT_NOUN, @SELFENOM
in @BEFOREADJ @TXT_NOUN, @SELENOM
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in the @BEFOREADJ @TXT_NOUN, @SELENOM

inthe @TXT_NOUN above, @SELENOM

inthe @TXT_NOUN belov , @SELENOM

in thefollowing @TXT_NOUN, @SELENOM

in theremaining @TXT_-NOUN, @SELENOM

in thesubsequent@TXT_NOUN , @SELENOM

inthe @TXT_NOUN thatfollow , @ SELENOM

in therestof this @PRESENATION_NOUN , @SELENOM

in theremaindeof this @PRESENATION_NOUN , @SELENOM
belov , @SELENOM

the @AIM_NOUN of this @ TXT_NOUN
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D.3. Action Lexicon

AFFECT

ARGUMENTATION

AWARE

BETTER_SOLUTION

CHANGE

COMPARISON

CONTINUE

CONTRAST

FUTURE_INTEREST

INTEREST

NEED

PRESENTATION

PROBLEM

RESEARCH

afford, believe, decide feel, hope,imagine,regard,trust,think

agree,accept,adwocate,argue, claim, conclude,comment,defend,embrace,
hypothesizeimply, insist,posit,postulatereasonrecommendspeculatestip-
ulate,suspect

beunavare,befamiliar with, be aware,be not aware ,know of

boost,enhancedefeat,improve, go beyond, performbetter outperform,out-
weigh, surpass

adapt,adjust,augmentcombine changedecreaseglaborateexpand,extend,
derive, incorporate jncrease manipulate modify, optimize, optimise,re ne,
renderreplacerevise,substitutetailor, upgrade

comparecompetegvaluate test

adopt,agreewith CITE, base be basedon, be derivedfrom, be originatedin,
beinspiredby, borrow, build on,follow CITE, originatefrom, originatein, side
with

bedifferentfrom, bedistinctfrom, con ict, contrastclash,differ from, distin-
guish@RFX, differentiatedisagreedisagreeingdissentoppose

planon, planto, expectto, intendto

aim,ask@SELFRFX, ask@OTHERS RFX, addressattemptbe concerned,
beinterestedbe motivated,concernconcern@SELFEACC, concern@OT H-
ERSACC, considey concentrat®n, explore, focus,intendto, like to, look at
how, motivate @SELFACC, motivate @ OTHERS ACC, pursue seek,study
try, target,want,wish, wonder

bedependenon, berelianton,dependn, lack, need necessitateequire rely
on

describe,discuss,give, introduce, note, notice, point out, present,propose,
putforward,recapitulateremark,report,say shav, sketch,state suggesttalk
about

abound,aggraate,arise,be cursed,be incapableof, be forcedto, be limited
to, be problematic perestrictedo, betroubled,be unableto, contradictdam-
age,degrade,degeneratefail, fall prey, fall short,force @ SELFACC, force
@OTHERS ACC, hinder, impair, impede,inhibit, misclassify misjudge mis-
take, misuse,neglect, obscure,overestimate pver-estimate,over t, over-t,
overgeneralizepver-generalizepvergeneralisepver-generalisepvergenerate,
over-generatepverlook, pose,plague preclude prevent,remain,resortto, re-
strain, run into, settlefor, spoil, suffer from, threaten thwart, underestimate,
underestimateundegenerateyundergenerateyiolate, waste worsen

apply, analyze,analyse build, calculate,cateyorize, cateyorise,characterize,
characteriseghoosecheck classify collect,composecomputeconduct,con-
rm, construct,count, de ne, delineate,detect,determine equate estimate,
examine,expect,formalize,formalise formulate gatheridentify, implement,
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SIMILAR

SOLUTION

TEXTSTRUCTURE

USE
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indicate,inspect,integrate,interpret,investigate jsolate, maximize,maximise,
measureminimize, minimise,obsene, predict,realizerealise recon rm, simu-
late, select,specify test,verify

bearcomparisonbeanalogougo, bealike, berelatedto, becloselyrelatedto, be
reminiscenbf, bethe sameas,be similar to, bein a similar vein to, have much
in commonwith, have alot in commonwith, patternwith, resemble

accomplish,accountfor, achieve, apply to, answey alleviate, allow for, allow
@SELFACC, allow @OTHERSACC, avoid, bene t, capture clarify, circum-
vent,contribute,copewith, cover, cure,dealwith, demonstrategevelop,devise,
discover, elucidate,escapegxplain, x, gain, go a long way, guaranteehan-
dle, help, implement,justify, lend itself, make progressmanagemend, miti-
gate,model,obtain,offer, overcome perform,presere, prove, provide, realize,
realise,rectify, refrain from, remedy resol\e, reveal, scaleup, sidestepsolwe,
succeedtackle,take careof, take into accounttreat,warrant,work well, yield

begin by, illustrate, concludeby, organize,organise,outline, returnto, review,
startby, structure summarizesummariseturnto

apply, employ, use,make use,utilize
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NEGATION no, not, nor, non, neither none,never, arent, cant, cannot,hadnt,
hasnt, haven't, isn't, didn't, don't, doesnt, n't, wasnt, werent, noth-
ing, nobody less,least little, scant,scarcelyrarely, hardly, few, rare,
unlikely

3RD PERSON PRONOUN (NOM) they, he,she theirs,hers,his

3RD PERSON PRONOUN (AcC)  her, him, them

3RD POSS PRONOUN their, his, her

3RD PERSON REFLEXIVE themseles,himself,herself

1ST PERSON PRONOUN (NOM)  we,i, ours,mine

1ST PERSON PRONOUN (ACC)  us,me

1ST POSS PRONOUN my, our

1ST PERSON REFLEXIVE oursehes,myself

REFERENTIAL this, that,those these

REFLEXIVE itself oursehes,myself,themseles,himself, herself

QUESTION ?,how, why, whetherwonder

GIVEN noted,mentioned addressed]|lustrated,describeddiscussedgiven,
outlined,presentedproposedreportedshovn, taken

PROFESSIONALS collegues,community computerscientists,computationalinguists,

discourseanalystsgexpert, investigators|inguists, logicians,philoso-
phers,psycholinguistspsychologistsresearchersscholars semanti-
cists,scientists

DISCIPLINE computersciencegomputetinguistics,computationalinguistics,dis-
courseanalysisjogics,linguistics,psychologypsycholinguisticsphi-
losophy semanticsseveraldisciplines variousdisciplines

TEXT_NOUN paragraphsection,subsectionchapter

SIMILAR_NOUN analogy similarity

COMPARISON_NOUN accurag, baseline,comparison,competition,evaluation,inferiority,
measuremeasuremenperformanceprecision,optimum,recall, su-
periority

CONTRAST_NOUN contrastcon ict, clash,clashesdifference point of departure

AIM_NOUN aim, goal,intention,objectve, purposetask,theme topic

ARGUMENTATION_NOUN assumptionbelief, hypothesishypotheses;laim, conclusiongcon r-
mation,opinion,recommendatiorstipulation,view

PROBLEM _NOUN Achilles heel,caveat,challengecomplication contradictiondamage,

dangerdeadlockdefect,detrimentdif culty , dilemma,disadwantage,
disregard,doubt,downside,drawvback, error, failure, fault, foil, aw,

handicap hindrance hurdle, ill, in e xibility, impediment,imperfec-
tion, intractability, inef ciency, inadequay, inability, lapse,limita-

tion, malheurmishapmischancemistale, obstaclepversight pitfall,

problem,shortcomingthreat,trouble, vulnerability, absencedearth,
depriation,lack, loss,fraught,proliferation,spate

QUESTION_NOUN question,conundrum,enigma, paradox, phenomenaphenomenon,
puzzle riddle
SOLUTION_NOUN answey accomplishmentachievement, advantage,bene t, break-

through,contribution, explanationjdea,improvementjnnovation,in-
sight, justi cation, proposal,proof, remedy solution, successt{ri-
umph,veri cation, victory
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INTEREST_NOUN attention,quest
RESEARCH_NOUN evidence experiment, nding, progresspbsenation,outcomeyesult
CHANGE_NOUN alternatve, adaptationgxtension,development,modi cation, re nement,

version,variant,variation

PRESENTATION_NOUN article,draft, paper project,report,study

NEED_NOUN necessitymotivation

WORK_NOUN accountalgorithm,analysis,analysesapproachapproachesapplication,
architecturecharacterizationcharacterisationgomponentdesign,exten-
sion,formalism,formalization formalisation framework, implementation,
investigation,machinery method,methodology model, module, moduls,
processprocedureprogram prototype researchresearchestratay, sys-
tem,techniquetheory tool, treatmentwork

TRADITION_NOUN acceptancezommunity corvention,disciples,disciplines folklore, litera-
ture,mainstreamschool tradition, textbook

CHANGE_ADJ alternatealternative

GOOD_ADJ adequateadwantageousappealingappropriateattractve, automaticben-

e cial, capable,cheerful, clean, clear compact, compelling, competi-
tive, comprehensie, consistentcorvenient,corvincing, constructe, cor-
rect, desirabledistinctive, ef cient, elegant,encouragingexact, faultless,
favourable,feasible, awless, good, helpful, impeccable,jnnovative, in-
sightful, intensive, meaningful,neat, perfect, plausible,positive, polyno-
mial, powerful, practical,preferable precise principled, promising,pure,
realistic,reasonablegliable,right, robust,satisfictory simple,sound suc-
cessful,sufcient, systematictractable,usable,useful, valid, unlimited,
well workedout, well, enough

BAD_ADJ absentad-hoc,adhoc,ad hoc, anng/ing, ambiguousarbitrary awkward,
bad, brittle, brute-force, brute force, careless,confounding, contradic-
tory, defect,defunct,disturbing, elusive, erraneousgxpensve, exponen-
tial, false,fallacious frustrating,haphazardill-de ned, imperfect,impos-
sible,impractical,imprecisejnaccurateinadequateinappropriateincom-
plete,incomprehensibleinconclusve, incorrect,inelegant,inef cient, in-
exact, infeasible, infelicitous, in e xible, implausible,inpracticable,im-
proper insufcient, intractable nvalid, irrelevant,labourintensie, labor
intensive, labourintensve, labor intensve, limited-coverage limited cov-
eragelimited, limiting, meaninglessnodestmisguided misleadingnon-
existent, NP-hard, NP-complete,NP hard, NP complete,questionable,
pathological,poor, prone, protracted,restricted,scarce,simplistic, sus-
pect.time-consumingtime consumingtoy, unacceptablejnaccountefbr,
unaccounted-foruunaccountedynattractve, unavailable,unavoidable,un-
clear uncomfortableunexplained,undecidableundesirableunfortunate,
uninnovative, uninterpretableunjusti ed, unmotivated,unnatural,unnec-
essary unorthodox,unpleasantunpractical,unprincipled,unreliable,un-
satishctory unsound,unsuccessfulunsuited,unsystematicuntractable,
unwanted,unwelcomepselessyulnerableweak,wrong,too, overly, only

BEFORE_ADJ earlier past,previous,prior
CONTRAST_ADJ different,distinguishingcontrary competingyival
TRADITION_ADJ better known, betterknown, cited, classic,common, corventional, cur-

rent, customaryestablishedexisting, extant, available,favourite, fashion-
able, general,obvious, long-standingmainstreammodern,naive, ortho-

dox, popular prevailing, prevalent, published,quoted,seminal,standard,
textbook,traditional,trivial, typical, well-establishedywell-known, widely-

assumedynanimoususual
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MANY a numberof, a body of, a substantiahumberof, a substantiabody of, most,
mary, several,various

COMPARISON_ADJ evaluative, superior inferior, optimal, better best,worse,worst, greater larger,
fasterwealer, stronger

PROBLEM_ADJ demandingdif cult, hard,non-trivial, nontrivial

RESEARCH_ADJ empirical,experimental exploratory ongoing,quantitatve, qualitative, prelimi-
nary, statistical,undervay

AWARE_ADJ unnoticedunderstoodynexplored

NEED_ADJ necessary

NEW_ADJ new, novel,state-of-the-arstateof theart, leading-edgdeadingedge enhanced

FUTURE_ADJ further, future

MAIN_ADJ main, key, basic,central,crucial, essentialgventual fundamentalgreat,impor-

tant, key, largest,main, major, overall, primary, principle, serious,substantial,
ultimate
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