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2 Clause Level Relationship Analysis

Clause leve relationships are semantic relationships between clauses

within acomplexsentence Syntactic andysis identifi es the type of syntactic
conredion ketween the dauses, the lexcal connedor and syntactic features of the
main verb phrase in each clause. The dause levd relationship andyzer chooses a
relationship amongcanddates competing onthe basis of syntactic verb features
andthe semantics of the relationships.

This chapter is abou clause level relationship analysis (CLRA), the first stage of analysis
in HAIKU. The parse trees that are input to CLRA are more intricae than those for ether
case analysis or nounmodifier relationship analysis. The anphasis is on wsing syntadic
evidenceto guide the asggnment of clause level relationships (CLRS).

2.1 Introduction

This introduction gives badkground onsemantic relations between clauses, reseach in
discourse analysis and reseach on the semantics of verb sequence fedures relevant to
CLRA. In sedion 2.2 | describe the kinds of syntadic information provided by DIPETT
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16 Clause Levé Relationship Analysis

and wsed in assgning CLRs. Definitions and examples of the CLRs appea in sedion 2.3.
Sedion 2.4 describes the @nstruction d the dictionary of mappings from conjunctions
and adverbs to CLRs. Sedion 2.5 contains detail s of the process of assgning CLRs to
clauses; the role of verb sequencefedures, CLR semantics and wser inpu are discussed in
detail. The results of two dfferent kinds of evaluation are given in sedion 2.6. a more
controll ed test of CLRA ontherange of passble inpus, and tests on texts where syntadic
phenomena ae less uniformly distributed. Sedion 2.7 shows an example of typicd
CLRA interadions.

2.1.1 Semantic Relationships

One of the ealier attempts in computational li nguistics to enumerate aset of semantic
relationships between propasitions was an extension to Schank’s Conceptual Dependency
Theory (Schank 1975. Although the original theory only defined primitive ads and the
relationships between ads and their participants, alater refinement to the theory (Schank
& Abelson 1977 introduced Conceptual Relations (including Enable, Result, Reason,
and Initi ate) to capture the semantic rel ationships between ads.

Halliday & Hasan (1976 present severa Conjunctive Relations divided into two planes
of relations. Externa and Internal. The Conjunctive Relations are further divided into
Additive, Adversative, Causal and Temporal relations. Thereisa dose crrespondence of
the External relations within these cdegories to HAIKU’'s Conjunctive, negative Causal,
pasitive Causal and Temporal CLRs (seesedion 2.3.

Reseach onrelationships between clauses (and larger text units) sometimes distinguishes
between semantic relations and pragmatic relations. Semantic relations hold between the
events represented by clauses; pragmatic relations ded with the communicaive function
of the dauses themselves. Van Dijk (1977) gives athorough treament of semantic versus
pragmatic considerations in the study of discourse and presents ts of different kinds of
Conredions. Thekind d Conredions relevant to HAIKU's CLRs are van Dijk’s Semantic
Conredions, which include Conjunction, Digunction, Condtionals (including causal
relations) and Contrastives.

Hobbs (1983 presents a taxonamy of Coherence Relations that includes Enablement,
Cause and Contrast (similar to HAIKU's Detradion). Since Hoblbs was interested in
coherence of discourse, the taxonamy also includes sveral pragmatic relations.

Badklund (19849 identifies 3x types of clauses. Tempora, Concessve, Condtional,
Comparative, Condtional-Concessve and Locdive. These dause types are defined by
their semantic function within the discourse. For ead type, she enumerates a set of
conredives that typicdly introduce dauses of that type. For example, Temporal clauses
are introduwced by the cmnredives when, wheneve, after, as long as, etc. All clauses
introduced by tempora conredives are lumped together as Temporal functions. Since nat
al clauses introduwced by the so-cdled tempora conredives express a temporal
relationship, Badklund further divides the Temporal functions into tempora and non
temporal relations.
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Mann & Thompson's Rhetoricd Structure Theory (RST) offers a list of Rhetoricd
Relations that includes relations roughly correspondng to all of HAIKU’s CLRs (Mann &
Thompson 1986, 1986b, 1988 Aswith Hobbs' Coherence Relations, howvever, Mann &
Thompson's list is aimed at cgpturing both semantic and pragmatic relations. Several
authors have proposed sets of relations based on RST (including Hovy 1993, Lascarides
et al. 1992and Sanders et al. 1992.

Schiffrin (1987 presents a list of Discourse Relations based on a study of the lexicd
items (discourse markers) that signal them. Although many of the markers are unique to
conversational speed (such as oh, well, y’'know, etc.), the resulting set of relations has
much in common with HAIKU'S CLRs, including a division into three c#egories for
Conjunctive, Causal and Tempora relations.

CONJUNCTIVE
Conjunctive Coordinative
Continuative Contrastive

Digunctive

CAUSAL
Cause-Result Warrant-Inference
Motive-Action

TEMPORAL
Reference Time Event Time
Discourse Time

Table 1: Discourse relations from Schiffrin (1987)

Dahlgren (1988 summarizes the work of a number of reseachers (including Cohen, Fox,
Grosz & Sidner, Hirst, Hobbs, Lockman & Klapphdz, Litman & Allen, Mann &
Thompson, Polanyi & Scha aad Reichman). The summary inspires a compaosite list of
twenty Coherence Relations reproduced in Table 2. Many of these relations (such as

Evaluation and Biased Comment) are pragmatic and therefore have no correspondng
CLRsin HAIKU.

Sequence Reported Event
Enablement Cause
Goal Parall el
Contrast Evidence
Elaboration Generali zation
Restatement Qualificaion
Evauation Description
Situation-Activity Situation-Time
Situation-Place Import
Unbiased Comment Biased Comment

Table 2: Coherence relations from Dahlgren (1988)
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Kehler (1993) hints a a set of Coherence Relationships that includes Contrast,
Comparison, Result, etc. In his frame representation for a dause, there is also referenceto
tense, pdarity and modality. The relationships have not been fully enumerated, havever,
and the potential uses of tense, pdarity and modality have not been investigated (Kehler
1993h.

Knott & Dale (1994 describe amethod d motivating a set of rhetoricd relations (based
onthe set of relations defined in Mann & Thompson's RST) through inspedion o alarge
corpus. The process involved scanning a arpus for cue phrases (defined as “phrases
whase function it is to link spans of discourse together”). These aie phrases (similar to
HAIKU'slist of CLR Markers) were then used as a basis for classficaion d relations. The
relations are dasdfied acording to several binary-vaued feaures including source of
coherence (semantic or pragmatic), poarity (negative or positive), modd status
(hypotheticd or adual) among others (Knott & Mellish 1996. For example, the relation
marked by the cnredive only when is ssmantic, negative, actual, causal.

The system described in Gomez (1995 deds with explanatory conredions between two
sentences. These relationships can be purely pragmatic (for example in an elaborative
relationship) or purely semantic (for example in a caisal relationship). The relationships
defined in the paper also cover other explanatory conredions. For example, the seaond d
two sentences may provide an “explanation d the locaions of things’ (why do certain
things happen to be & certain paces?) or a “readion d animate beings to ather animate
beings.” The kinds of explanatory relationships are given in Table 3.

Completion d thematic roles (Agent, Theme, Redpient, etc.)
Causal relation
Effed or Consequence
Enablement
Readion d animate beingsto ather animate beings
Properties
Spedficaion d fuzzy adverbs or adjedives
Explanations of the locations of things

Table 3: Explanatory connections from Gomez (1995)

The system depends on an ortology of world knowledge, and semantic interpretation
rules contain further world knowledge, as the following rule (from Gomez 1995

ill ustrates:
if animate(?x) and at-loc(?x,?z) and lack(?z,0xygen) then die(?x)

2.1.2 Tenseand Modality

Sedion 2.5 describes how HAIKU asdgns CLRs after considering the tense and modality
of a dause together with ather feaures. Reseach ontense and modality was useful in
determining how these feaures relate to the semantics of conreded clauses.
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Hermerén (1978 presents a list of several semantic modaliti es and the particular modal
auxili aries that mark them. The semantic modaliti es are aranged in hierarchies indicaing
“strength”. The modaliti es higher upin the hierarchy logicdly imply the modaliti es below
them. For example, Certainty of a propasition implies Prediction d that propasition;
Prediction d the propasitionimplies Probabilit y; Probability implies Posshility, etc.

Palmer (1979 considers modality only as marked by the English modals. He identifies
two degrees of modality: Necessty and Possbility, which roughly correspond to the
modaliti es expressed by the stronger and weaker modalsin HAIKU.

Coates (1983 lists the semantic modaliti es expressed by eath o the English modals.
These modalities express modal “strength” in the labels de gives them (e.g. Strong
Obligation vs. We& Obligation; Confident Inference vs. Tentative Inference etc.). The
mapping from the modals to these modaliti es implies a strong/we& classficaion d the
modals themselves. Quirk et al. (1985 give asimilar mapping between modal auxili aries
and semantic modaliti es. That work also makes note of how tense dfeds modality. For
example, the past tenses of modals often expressa hypotheticd reading of the modaliti es.

2.2 Input Structures

The inpu to CLR analysis consists of the clausal parse trees and the logical clausal
structure.

2.2.1 Verb Sequence Features

The dausal parse trees are DIPETT parses correspondng to ead clause in a sentence The
parse treefor afinite dause mntains detail ed syntadic information abou the dause, and
particularly abou the main verb sequence Syntadic verb sequence information includes
detall s abou the tense, modality and pdarity (positive/negative) of the verb sequence
These fedures will be useful when assgning CLRs to inpu sentences, as described in
detall in sedion 2.5.

2.2.2 Clausal Organization

There ae three variations on the organization d clausal parse trees correspondng to
different syntadic configurations of conreded clauses. Each format consists of a
conredive (the lexicd item joining clauses) and two or more dause identifiers. In
formats where there is more than ore cordinator and/or subardinator linking the dauses,
the onredive used in CLR anaysis will be the wncaenation d the individua
conreding words (for example, if-then).

Coordination or Subordination

[ argumentl, conredive argument2]
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The mnredive linking the two arguments can be ather a wordinate cnjunction (such as
and) or a subardinator (such as until). Each argument can be ather a dause identifier
(used as a poainter to the crrespondng clausal parse treg or an embedded clausa
structure. Sentence (7) is an example of two clauses—main and subadinate—linked by a
subardinator. Foll owing the exampleisthe LCS for the sentence

) The printer will print until the paper tray is empty.
[ *statementl1*, subordinator(until), *statement2* ]
Correlative Coordination

[ [ coordinatorl, argumentl], [ coordinator2, argument2] ]

This gructure is produced for a sentence with two clauses linked by a @rrelative such as
either-or. Although both-and and neither-nor are dso valid correlatives, they canna be
used to correlate whale finite dauses (see Quirk et al. 1985 13.35, 37. Again, eah
argument can refer to a dause or an embedded logicd clausal structure. Sentence (8) isan
example of correlative aordination.

(8) Either the printer isundugged o the paper tray is empty.
[ [ coord(either), *statementl1* ], [ coord(or), *statement2* ] ]

Subordinator/Conjunct Correlation
[ coordinator, [ argumentl, subardinator, argument2] ]

This third format corresponds to clauses linked by a two-part subardinator (such as if-
then; seeQuirk et al. 1985 8.145.

9) If the paper tray is empty, then the printer will not print.
[ coord(if), [ *statementl1*, subordinator(then), *statement2* | |

2.3 TheClause Level Relationships

For eath pair of clausesin agivenlogicd clausal structure, HAIKU must assgn a CLR that
captures the semantic relationship between the dauses. Table 4 lists the CLRs with their
abbreviations.

Earlier versions of the set of CLRs were refined by comparing them to lists of semantic
relationships previously presented in linguistics and computational li nguistics—usually,
in discourse analysis. Traditional discourse relations ded not only with the semantic
relationships between the events represented by clauses, bu aso with the rhetoricd
functions of the dauses themselves. The CLRs presented here only ded with semantic
relationships, sincediscourse anaysisisnat part of HAIKU.
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CAUSAL
Causation (CAUS) Enablement (ENAB)
Detradion (DETR) Entallment (ENTL)
Prevention (PREV)

TEMPORAL
Co-occurrence (CTMP) Precalence (PREC)

CONJUNCTIVE
Conjunction (CONJ) Digunction (DISJ)

Table 4: The clause level relationships (with abbreviations)

The CLRs are divided into three groups acmrding to the type of relationship they
represent. causal, temporal and conjunctive. This division corresponds to a ranking: the
causal CLRsimply atemporal ordering (a caise temporally precalesits effed) and also a
conjunctive relationship (Prevention implies Digunction; the other causal CLRs imply
Conjunction). Similarly, the temporal CLRs imply Conjunction. In the &sence of any
other information, this ranking can be used as a default to prefer one CLR over ancther.
For example, when trying to dedde whether to assgn Causation a Precalenceto a given
sentence the system could confidently assgn Precadence Since Causation implies
Precalence, Precadencewould na be wrong, even if Causation would have been better. |
refer to this as conservative CLR assgnment.

Alternatively, the system could be aggessve and assgn Causation. Since Causation
implies Precalence Causation is more informative. A comparative evaluation o
aggressve and conservative CLR assgnment appeasin sedion 2.6.2.

The caisal CLRs are dl binary. The temporal and conjunctive CLRs can have more than
two arguments, bu the only conredives that can mark these n-ary CLRs (n > 2) are the
coordinators and and or. Of these two, or unambiguowsly marks Disunction when
conreding more than two clauses, while and can mark Conjunction, Co-occurrence or
Precadence The binary CLRs present more difficult disambiguation problems.

Most of the CLRs are direded relationships: the order of the dauses invalved in the
relationship is relevant. This order does not always correspondto the surfaceorder of the
clauses in the sentence (see sedion 2.4). The paraphrases in the following sedion show
the agument ordering for ead of the CLRs for which the order is relevant.

IO

Implementation Note

Aggressive/conservative is a parameter that can be set in user profiles for HAIKU. The user can
choose from multiple profiles at the start of a session. If CLR assignment is set aggressive the
system will prefer temporal CLRs over conjunctive and causal CLRs over temporal in the absence
of other evidence for preference. The user can switch from aggressive to conservative (or vice
versa) at any time during a HAIKU session.
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2.3.1 CLR Glossary

In the CLR definitions and paraphrases in this ®dion, E1 and E2 refer to events (as
defined in sedion 1.1.2 or states expressed by clauses. They correspondto the first and
seoond arguments of direded CLRs. Where the distinction is relevant, arguments are
enclosed in square bradkets with subscripts identifying E1 and E2. The n-ary CLRs may
involve more events, which | have identified as E3... in the paraphrases.

Causal CLRs
Causation (CAUS)

The Causation relationship represents the situation when El causes E2
E1 makes E2 occur or exist. E1 is sufficient to cause E2
and the occurrenceor existenceof E1 isrequired.

(10) [Thefileprinted g;] because [the programissued a gint comnmandg;].  (CAUS)

Detraction (DETR)

The Detradion relationship represents the situation when E1 detracts from E2
E1 detrads from or oppases E2 bu is insufficient to
prevent E2 from occurring or existing.

(1) Although[the server was very busy g1], [the programrang;] . (DETR)
Enadement (ENAB)
The Enablement relationship represents the situation El enadesE2

when E1 makes E2 passble. El is necessary to enable
E2 bu isnot sufficient.

(120 [Theprinter can grint go] if [the paper tray contains paper g1] . (ENAB)

Entail ment (ENTL)

For the Entailment relationship, if E1 exists or occurs El entailsE2
then E2 must also exist or occur. Unlike Causation,
however, E1 is nat necessarily known to exist or occur.

(13) [Theprinter will print ] if [a print commandisissued g1] . (ENTL)
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Prevaition (PREV)

A Prevention relationship exists when E1 is meant to El prevents E2
keegp E2 from occurring or existing. E1 is sufficient to

prevent E2.

(14) [Thefileswerenot copied 2] since[the hard dsk aashed g1] . (PREV

Temporal CLRs
Co-ocaurrence (CTMP)

Co-occurrence represents the relationship in which E1 co-occurs with E2
events occur or exist at the same time. The time may be a co-occurs with E3...
single paint onthe time line or it may have extent.

(15 Ajobcanrunin the backgroundwhil e other jobs runin the foreground. (CTMP)

Precalence (PREC)

Precalence represents the relationship in which E1 E1 temporally precedes E2
occurs or exists (or beginsto occur or exist) before E2.

(16) [Printouts werefaint g;] until [I changed the toner cartridge g . (PREC)

Conjunctive CLRs
Conjunction (CONJ)

A Conjunction reationship exists between events or  Elisin conjunctionwith E2
states about which no more can be said than that they isin conjunctionwith E3...
bath ocaur or exist.

(17) The computer runs apgications andthe printer prints documents. (CONJ)

Disjunction (DISJ)

A Digunction relationship exists between events or Elisin dgunctionwith E2
states abou which nomore can be said than that one or isin dgunctionwith E3...
bath ocaur or exist.

(18) Theprogram may terminate or it may hangindefinitely. (DISJ)
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24 TheCLR Marker Dictionary

When asdgning a CLR to a pair of clauses HAIKU must chocse from among the nine
relationships in Table 4. Knowing which CLRs are asciated with the conredive
between the dauses all ows the system to narrow down the set of candidate relationships.
The CLR marker dictionary enumerates the CLRs that are assciated with eadh
conredive, or CLR marker.

The first step in constructing the CLR marker dictionary was to find all possble CLR
markers. Acoording to DIPETT, valid conredives are the cmnjunctions and some alverbial
conjuncts (for example consequently). The list of markers was taken from DIPETT'S
dictionary and augmented with conjunctions found in orine wordlists and lists of
discourse markers (such asthelist in Knott & Dale 1994).

The next step was to map eadr marker sense to the gpropriate CLRs. These
marker — CLR mappings were determined by studying the mnventional dictionary® senses
of ead conredive to lean what semantic relationships they represent. For ead sense, an
entry was added to the dictionary mapping the marker to the gopropriate CLR. Appendix |
gives asample of the entries in the CLR marker dictionary.

Although the marker dictionary has been constructed carefully, it is posgble that it is
incomplete. If there is a CLR misgng for a known conredive, the CLR analyzer will not
consider that CLR as a candidate and the user will have to supgy it. If the system
encourters an unknavn conredive, al of the CLRs are candidates, and again the user
will have to supdy the @rred one. The system does have mechanisms to recver from
these deficiencies © that the user does not have to ke entering the same information
(seesedion 2.5.5.

Mapping the senses to CLRs uncovered a mnsistent diredion for ead conredive. As
stated in 2.3, for most of the CLRs the order of the aguments is relevant. For example,
for Entailment, ore dause is the antecedent and the other is the consequent. With some
conredives, the dause introduced by the conredive is the axtecalent, as in (19). With
other conredives the dause introduced by the mwnredive is the cnsequent, as in (20).
This corresponcence between the syntadic paositions of the dauses and the ordering of
semantic aguments of the CLR is consistent for ead conredive/CLR pair. The diredion

IO

Implementation Note

The CLR marker dictionary is compiled with HAIKU. CLRs assigned by the user at run time are
stored with the marker and accessible to future CLR interactions. Adding new entries and new
mappings to existing entries in the CLR marker dictionary is a simple matter of adding Prolog
facts to the dictionary in the form shown in Appendix I. New mappings resulting from a HAIKU
session can simply be copied straight from the session script to the CLR marker dictionary.

1| used COBUILD (Sinclair 1991), the unabridged Randan House (Stein 1983, LDOCE (Summers
1987 and Quirk et al. (1989 to find marker senses.
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is gored with ead marker - CLR mapping in the CLR marker dictionary so that CLR
analysis can determine automaticaly the corred ordering of semantic arlguments, given
the order of the syntadic aguments.

(19) [Thefilewill print consequend if [the programworks arecatent] -

(200  [The programworks antecaient] SO [the file printed consequent] -

25 Assigning CLRs

CLR analysis asdgns a relationship to a pair of arguments. Each argument is either a
clausal parse tree or an embedded CLR structure. For embedded structures, analysis
begins with the innermost nested pairs (or sequences for n-ary CLRS) of clauses and
procedls to the outermost relationships. Consider sentence (21) and its correspondng
logicd clausal structure.

(2) Theprinter can grint if the programisaues the print command kefore the system
shuts down.

[*statementl*, subordinator(if),
[*statement2*, subordinator(before), *statement3*] |

The dause identifier *statementl*  refers to the subtree for the printer can pint;
*statement2* to the subtree for the program issues the print command and
*statement3*  to the system shuts down. CLRA first assgns a CLR to the relationship
between *statement2*  and *statement3*  resulting in CLR structure S CLRA then
assgns aCLR to therelationship between *statement1* and S

The first step in asggning a relationship to a pair of arguments is to consult the CLR
marker dictionary for the CLRs marked by the aurrent conredive. From these candidates,
CLRA chooses one or more best CLRs for the relationship after considering the syntadic
feaures described below. The system then submits the best CLRs to the user for
approval. The user can accet one of the suggested CLRs or rged the suggestions and
enter any other CLR. Since the user may enter any CLR, including one not known to be
marked by the aurrent conredive, HAIKU shoud ke a record of user assgnments to
avoid making the same mistakes and forcing the user to enter information already entered.
Sedion 2.5.5 dscribes the storage and recdl of user input to asgst CLR assgnment.

25.1 Verb PhrasePolarity and Connective Polarity

The pdarity (pasitive or negative) of the verb phrasein a dause can be used to determine
whether a positive causal CLR (Causation, Enablement, Entallment) or a negative caisal
CLR (Detradion, Prevention) is more gpropriate for a given inpu sentence For
example, often the second semantic agument (E2) has a postive verb phrase for
Entallment but a negative verb phrase for Prevention:
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(22) [Thedocument will not print g7] if the paper tray is empty. (PREV)

(23)  [Thedocument will print go] if the printer is ready. (ENTL)

With certain conredives verb phrase pdarity has the oppasite dfed in determining the
CLR. That is, for some mnredives a positive E2 implies Prevention and a negative E2
implies apositive caisal CLR:

(24)  [Thedocument will print go] unlessthe paper tray is empty. (PREV

(25  [Thedocument will not print g5] unlessthe printer is ready. (ENAB)

| use the term conredive pdlarity to refer to the feaure of a cnredive that affeds how
verb phrase pdarity determines the CLR. Conredives such as unless that reverse the
effed of verb phrase padarity in determining the CLR will be cdl ed negative conredives.
This termindogy is not meant to suggest that the conredive itself is inherently positive
or negative. Rather, it refleds the cnredive's relationship to verb plrase pdarity in
determining whether the CLR is positive or negative. Other negative mnredives include
although but, either-or, except, only, or, savethat, urtil, yet.

The examples aso ill ustrate the need for care in produwcing CLRA output. For sentence
(22), CLRA output shoud be

the paper tray is empty prevents  the document will print

with the negation operator (not) deleted. The negation shoud aso be removed from
sentence (25):

the printer is ready enables the document will print

The following polarity revesal rule formalizes the required adion for producing CLRA
output:

For causal CLRs revese the pdarity of the sesand CLR argument in CLRA output
wheneve thereisa:

a) negative CLR marked by a pasitive onredive or

b) positive CLR marked by a negative onredive

Note that pdarity is often implicit in ore of a dause’s elements. Compare dauses (26),
(27) and (28):

(26) theprogramwill not succeal
(27)  theprogramwill fail

(28) the programwill experiencefailure
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In clause (26), the pdarity is explicit and can be used to assst CLR analysis. Clause (27)
has an implicitly negative verb while dause (28) has an implicitly negative complement.
Identifying these dauses as negative for CLR analysis would require the semantic
knowledge that fail and failure areimplicitly negative. HAIKU does not have accesto this
kind d information. The dsence of such lexicd knowledge, however, will not result in
an incorred interpretation:

(29) Theprogramwill fail to terminate if there are bugs.

Sentence (29) will beinterpreted as
therearebugsentails  the programwill fail to terminate

Thisinterpretationisvalid, if not as elegant as
there are bugs prevents  the programwill terminate

2.5.2 Verb Phrase Tense and Modality

In a purely surfacesyntadic analysis of a dause, it is often imposgble to dstinguish
modals from auxili aries infleded for tense. For example, in sentence (30), the word could
is used as the past tense of the modal of ability can, whereas in (31), could is used as a
condtional auxili ary.

(30) Victor could stand on ls head when he was sven.

(31) Roy oould dothat if he wanted to.

Similar tense/modality ambiguities exist with may, will and ahers? These ambiguities
suggest that CLRA shoud consider tense and modality together.

The tenses and modaliti es of the dauses in a sentence often hdd clues to the semantic
relationships between clauses. The diff erence between many of the caisal CLRs is the
degree of certainty of the @nsequent (E2). For example, the difference between
Entallment and Enablement is that Entailment implies a high degreeof certainty that the
consequent will occur; Enablement, a much wegker certainty.

Reseach on the English modals has identified the cncept of modd strength. Palmer
(1979, Coates (1983 and Quirk et al. (1985 divide the modals into two broad
caegories: those denating some degreeof necessty (stronger modals) and those denating
some degreeof passhility (weger modals). Hermerén (1978 goes further to suggest that
the modals represent distinct degrees of modaity. He offers the ranking
cetainty - prediction - proballity - posshility. The definition o HAIKU'S causal

2 Lyons (1995 discusses the overlap between futurity and modality, noting that in English and other

langueges, many uses of future tense ae modal rather than temporal.
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relationships as sufficient or insufficient suggests that a binary division into stronger
modals and wesker modalsis appropriate for disambiguating the CLRs.

Table 5 shows the modals reagnized by DIPETT, divided into stronger and wedker
modals. Some notes onthe divisionarein order.

STRONGER MODALS WEAKER MODALS
canna can
dare not could
must may
need might
shall nead nd
will ought
would shoud

Table 5: Strength of the modals

Absence of Modals

Since modal's represent some degreeof uncertainty, a dause with nomodal auxili ary will
aways be onsidered stronger than a dause with amodal.

Modalsin Negative Verb Phrases

Some modals in negative verb phrases sgnal an oppaite semantic modality to that
expresed by the same modal in pasitive verb phrases (seeHermerén 1978. For example,
the modal can represents posshility when appeaing in pasitive verb phrases (32) but
represents necessty in negative verb phrases (33):

(320 Theprogramcan pint.
(33) Theprogramcannd print.

On the stronger/wegker scde, can would be aweger modal while cannd would be a
stronger modal.

The modal may is unusua with resped to negative verb phrases. May ony bemmes a
stronger modal when appeaing in a negative verb plrase with a second person subjed
where it sometimes beacomes amodal of permisson.

(349 Youmay not leave
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Sentence (34) is unambiguous between a stronger sense of permisson and aweker sense
of intention: language users do nd tend to make a<ertions about an addreseess intent.’
Therefore, may not with a second person subjed is a stronger modal. In technicd texts,
however, the use of the second person as a generic pronounis common.

(35 If network traffic is heavy, you may not get a line.

Example (35) shows the seand person with a negated may as a weaker moda of
posshility. Becaise the use of may nat as a stronger modal of permisson is
inconsistent—espedally in technicd text—it does not appea with the stronger modalsin
Table 5. The strength o the remaining modals does nat change when they are negated.

Marginal Modals

The margina modals in Table 5 are dare, need and ough. Margina modas are
considered similar to central modalsin function, bu they usually appea in petterns where
they more dosely resemble main verbs than auxili aries (seeQuirk et al. 1985 3.40-43).

Dare as a moda only occurs in modern English in negation (see Pamer 1979 27). The
negated dare in sentence (36) is a stronger modal, as suppated by its paraphrase in (37).

(36) I darenatgo.

(37) Itiscertainthat | will not go.

Any remaining forms of dare as amodal in the paositive, such as | dare say have become
idiomatic andwould occur rarely (if ever) intechnicd texts.

Similar to dare, nead as amodal usually only occurs in modern English in negation. The
negated need in sentence (38) is a wedker modal as suppated by the paraphrase in (39).
In the rare situation where need occursin the positive—as in (40)—it is a stronger modal.

(38) | ned na go.
(39) Itisuncertainthat | will (not) go.

(40) Only software enginees need appy.

Should as a Past Tense of Shall

The modal shoud can be interpreted as the past tense of shall, suggesting that it is a
stronger modal (asin example (41) taken from Quirk et al. 1985 4.58).

It is posgble to imagine a onversational usage of may with a second person subjed marking a weaker
intention modality: Michad: | won't be able to help if | goto Moaose Jaw; Michele: Yes, but you might
be able to help because you may not be leaving urtil Friday. Such a usage is unlikely to appea in
dedarative technicd texts.
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(41 | felt surethat we shoud med agan.

Shoud as a past tense of shall israre and its use is restricted to indired speed. The more
common interpretation o shoud is the tentative, wegker modal use in example (42).

(42) The program shoud make backups automatically.

2.5.3 Using Argument Featuresto Choose CLRs

When trying to find the most appropriate CLR among candidates, the system will perform
many pairwise comparisons of CLRs. For ead pair of CLRs, the pdarity, tense and
modality fedaures of the dauses will determine if one CLR is more gpropriate for the
given inpu than ancther.

Inthis dion| look at all possble pairs of CLRs (36 such pairsfor 9 CLRS) to determine
how they relate to pdarity, tense and modadlity. The result is a set of preference rules for
distinguishing CLRs, based onthe syntadic feaures of the dauses. Using these rules, the
system will suggest a CLR asdggnment to the user, who can accet or reged the

suggestion.

For CLRs that seemed pdentially ambiguous but had nocommon conredive, | revisited
the CLR marker dictionary to seeif there were missng entries. Several such hdesin the
marker li st were discovered and entries added.

For some pairs of CLRs, the syntadic fedures of the aguments are naot consistently
different enough to allow disambiguation. These anbiguous pairs have an effed on the
outcome of CLR competitions, described in sedion 2.5.4 Moreover, for many of the
pairs there ae no conredives known to mark bath. If the user ever asggns one CLR from
such a pair to a onredive that marks the other CLR, the rules will not be ale to
disambiguate between them in future processng. This drawbadk uncderlines the
importance of recrding user assgnments to assst future processng (seesedion 2.5.5.
Table 6 lists the pairs of CLRs that share no markers. These pairs are omitted from the
pair-by-pair discussons that foll ow.

Causation and Conjunction Entallment and Digunction
Causation and Disjunction Prevention and Conjunction
Detradion and Conjunction Prevention and Precalence
Detradion and Digunction Co-ocaurrence and Precalence
Detradion and Precalence Co-ocaurrence and Digjunction
Enablement and Conjunction Precalence and Digunction
Enablement and Digunction Conjunction and Digunction

Entailment and Conjunction

Table 6: Pairs of CLRs that share no markers in the CLR marker dictionary
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Of the pairs of CLRs that do share markers, some pose difficult disambiguation problems.
For example, it is difficult in general to dstinguish the caisal and temporal CLRs when
marked by the same @mnredive:

(43) Don'scar has galled sinceit waslow on gas. (CAUS

(44) Bob has dept sincethe game started. (PREC)

The presence of modals might signal a preference for the causal CLRs, bu some caisal
CLRs (like Causation) are distinguished by an absence of modas. Moreover, the
ambiguity between modal auxili aries and tense indicaors makes a distinction even more
difficult.

Ladking a compelli ng theoreticd argument for distinguishing these types of CLRs, it may
be useful to consider a pradicd argument. Any modue that makes use of HAIKU output
could probably infer more from causal CLRs than from temporal or conjunctive CLRs.*
This performance preference for choasing causa CLRs corresponds to the gygressve
CLR assgnment defined in sedion 2.3 Of course, since the CLR analyzer is smi-
automatic, the user will aways have the option d rejeding inappropriate suggestions.
Table 7 shows pairs of CLRs that canna be disambiguated using verb plrase feaures. If
CLR asggnment is st aggressve, HAIKU will prefer the caisal CLRs over the temporal
Ones.

Causation and Co-occurrence
Causation and Precalence
Enablement and Co-occurrence
Enablement and Precealence
Entailment and Co-occurrence
Entailment and Precalence
Prevention and Co-occurrence

Table 7: Pairs of CLRs that cannot be disambiguated using verb phrase features

CLR Preference Rules

This sdion contains rules for using verb phrase feaures to choose between the
remaining pairs of CLRs. As usua, where there is a distinction ketween the first and
second CLR arguments (correspondng to E1 and E2 in sedion 2.3.7), the aguments are
bradketed and identified with subscripts.

*  For example, a module atempting to lean from CLR structures could construct a rule from causal

CLRs. Given a onjunctive CLR, it may only be &le to assert the CLR arguments as unrelated fads.
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Causationvs. Detraction

For Causation, the occurrence of the mnsequent is required. Logicdly, Causation is an
implication where the antecedent is known to have occurred. For this reason, modals are
unlikely to appea in either E1 or E2 (since modals, by definition, express a degree of
uncertainty; seeQuirk et al. 1985 4.49.

For Detradion, the occurrence of the mnsequent is uncertain, and E2 is more likely to
contain modals—usually we&ker modals. The paarity of E2 may also be used as a
distinguishing feaure (as with Causation \s. Prevention). Although a negative cnsequent
iIsnot arequired feaure for Detradion, it is unlikely to appea with Causation.

(45 [Theprogramworked g;] becuse there was sifficient memory. (CAUYS

(46) [Theprogram may not work g;] because memory islow. (DETR)

Causation vs. Enaldement

For Enablement, the occurrence of E2 is uncetain, since the enabling clause is
insufficient to guarantee E2. Wegker modals are expeded in E2 for Enablement while no
modals are expeded for Causation.

(47) [Theprogram stopped g;] becuse the machine was out of memory. (CAUYS

(48) [Theprogramshoud rungy] because the machine has enoughmemory. (ENAB)

Causation vs. Entail ment

Again, the occurrence of the mnsequent is required for Causation. For Entaillment, the
consequent is contingent on the truth of the propasition represented by E1. Modals (in
particular stronger modals) may be common in E2 for Entailment, bu shoud na appea
if the relationship is Causation.

(49) Theprogramfailed, therefore [the system crashed g;] . (CAUS

(50) Theprogramfailed, therefore [the systemwill crash g . (ENTL)

Causation vs. Prevaition

When Causation and Prevention are marked by the same mnredive, E2 has a positive
poarity for Causation whereas for Prevention the polarity of E2 is negative. Note that

IO

Implementation Note

Since it is possible to add marker — CLR mappings to the CLR marker dictionary (and conceivable
to add CLRs), the set of preference rules may be incomplete. The implementation of the CLR
competition module (section 2.5.4) does not require that the preference rules be complete. In the
absence of a preference rule for a given pair of CLRs, the system gives each equal weight in
determining the most appropriate CLR. Other factors, such as previous user input and preference
rules with other CLRs will also affect the ultimate choice of CLR.
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only condtion a) of the pdarity reversal rule will apply since Causation is never marked
by anegative mnredive.

(5) [Weadourned the medingg;] asit was getting late. (CAUS

(520 [We muld na continue the meding g;] asit was getting late. (PREV

Detraction vs. Enald ement

By definition, Enablement is an insufficient positive caisal CLR and Detradion is an
insufficient negative caisal CLR. Both CLRs are likely to have weger modalsin E2. For
agiven sentence, if E1 and E2 have different polarities with a positive conredive or the
same polarities with a negative wnredive, Detradion shoud be chosen. Otherwise, verb
phrase feaures do nd distinguish Detradion and Enablement.

(53) If thedisplay does nat work, [the printer canstill print filesg,)] . (DETR)

(54) If the power ison,[the printer can qucKy print files g)] . (ENAB)

Detraction vs. Entail ment

Entallment tends to have stronger modalsin E2, Detradion tends to have wegker modals.
(55 If the systemisunresporsive [the mmputer may still be working g;] . (DETR)

(56) If the systemresponds, [the computer must be functioning 7] . (ENTL)

Detractionvs. Prevaition

The mnsequent of Prevention must be negative (perhaps implicitly) when marked by a
positive wnredive; the cmnsequent of Detradion read nd be negative. If the consequent
IS negative with a positive mnredive (or positive with a negative conredive) or if the
required negationisimplicit, the verb phrase feaures do nd distinguish these two CLRs.

(57) If the systemisunresporsive [the computer will still work g;] . (DETR)

(58) If the systemis hung,[the computer will not work g;] . (PREV)

Detraction vs. Co-occurr ence

The only marker marking both Detradion and Co-occurrence is whil e, which seems more
commonly temporal. Co-occurrence shoud be preferred (overriding the agressve
preferencefor causal CLRs over tempora CLRS).

(59) The program suggests one inter pretation whil e the user prefers anaher. (DETR)

(60) The backup continues while normal processng takes place (CTMP)
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EnaHement vs. Entail ment

For Enablement E2 tends to have wedker modals whereas for Entallment E2 is likely to
contain stronger modals.

(61) If the power ison,[the computer canwork g;] . (ENAB)

(62) If the program responds, [the computer must be working g;] . (ENTL)

EnadHement vs. Preveition

These two CLRs differ bath in strength of modal in E2 (Enablement—wedker modal;
Prevention—stronger modal) and in the pdarity of E2 and the conredive.

(63) If the power ison,[the printer can ke used g] . (ENAB)

(64) If the power isoff, [the printer will not print g;]. (PREV

Entail ment vs. Prevaition

Although Entailment and Prevention are both sufficient causal CLRs, they differ in
polarity. With a positive mnredive Entailment shoud have apositive consequent and
Prevention shoud have anegative mnsequent. If the mnredive is negative, Entallment
shoud have anegative consequent and Prevention shoud have apasitive mnsequent.
The pdarity reversal rule gpliesin al cases.

(65) If the printer has paper, [thefile will print g] . (+E2, +connt ENTL)
(66) If the printer isout of paper, [the filewill nat print g] . (-E2, +conn PREV)
(67) Unlessthe printer has paper, [the file will nat print g]. (-E2, -conmt ENTL)

(68) Unlessthe printer isout of paper, [thefilewill print g] . (+E2, -connt PREV)

After applicaion d the pdarity reversal rule, the desired CLR interpretation for (65) and
(67) will be:

the printer has paper entails  thefilewill print

The interpretation for (66) and (68) will be:

the printer is out of paper prevents thefile will print

Preveaition vs. Digunction

The only conredives that mark bath Prevention and Disunction are or and either-or.
Since there ae no sufficient syntadic distinctions between their respedive aguments, a
pragmatic choice may be made. Since Digunction is only marked by or and either-or
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(whereas Prevention is marked by severa other markers), Disunction will be preferred
over Prevention.

(69) Theprogram rrust terminate or the systemwill crash. (PREV

(70)  The programwill terminate or it will fail to terminate. (DISJ)

Co-ocaurrence \s. Conjunction

Thereis littl e syntadic information to dstinguish Co-occurrence and Conjunction. Since
Conjunctionisrelatively bland, Co-occurrencewill be the preferred suggestion.

(7) Theprogramran andthe user waited. (CTMP)

(720 Theprogramran andthe printer printed. (CONJ)

Precalence \s. Conjunction

The only marker Precedence and Conjunction have in common is and which is less
commonly used for Precadence. Conjunction shoud be preferred.

(73) The program computed the value andit terminated. (PREC)

(74 Theprogramran andthe printer printed. (CONJ)

254 CLR Competitions

To choose asingle CLR from a set of candidates HAIKU uses the preferencerules from the
previous dion. Ead of those rulesis implemented as a heuristic for chocsing between
agiven pair of CLRs. If there ae more than two candidates, the rules must be gplied to
individual pairs within the set of candidates. Since the rules do nd aways distinguish
CLRs, the system must also all ow for ties.

The CLR analyzer gathers the candidate CLRs from the CLR marker dictionary. Each
candidate CLR competes against al other candidates. Each time the preference rules
prefer one candidate over another, the winner colleds two pants, whil e the loser colleds
no pants. If the rules do nd prefer one candidate over ancther, the competition is
dedared atie and eat candidate receves asingle paint. Once dl competitions have been
held, the CLR with the most paints is presented to the user for approval as the most
appropriate CLR for the given inpu.

Example (75) will ill ustrate the CLR competition model:

(75  Since[micrometers can measure so accurately gq]
[they @n ke used to deted the dlightest wear on engine parts g;]

The positive mnredive since is listed in the CLR marker dictionary mapped to five
CLRs: Causation, Enablement, Entailment, Prevention and Precalence HAIKU hdds ten
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CLR1 CLR2 Winner Reason

Causation | Enablement | Enablement the modal canappeasin E2

Causation Entallment Entallment the modal canappeasin E2

Causation Prevention Causation the polarity of E2 is positive

Causation Precalence | Causation aggressve biastoward causal CLRs
Enablement | Entalment | Enablement the wedker modal can appeasin E2
Enablement | Prevention | Enablement | E2ispositive and has awegker modal
Enablement | Precalence | Enablement aggressve biastoward causal CLRs
Entallment Prevention | Entallment paositive mnredive with pasitive E2
Entalment | Precadence | Entalment aggressve biastoward causal CLRs
Prevention | Precalence | Prevention aggressve bias toward causal CLRs

Table 8: Outcomes of individual CLR competitions for (75)

competitions between these candidate CLRs. The outcomes of ead competition are
shown in Table 8 along with brief explanations of why the winner won. The final victor
suggested to the user is Enablement, which scored eight paints (the maximum for five
competitors). The points acawmulated by ead CLR are shown in Table 9.

wins losses ties points
Causation 2 2 0 4
Enalkement 4 0 0 8
Entail ment 3 1 0 6
Precalence 0 4 0 0
Prevention 1 3 0 2

Table 9: Points accumulated by each CLR in competitions for (75)

255 Using User Assignmentsto Choose CLRs

The CLR analyzer performs reasonably well (see sedion 2.6) using only the syntadic
feaures described abowve to guide asdgnment. When the system makes incorred
suggestions, the user is expeded to suppdy the mrred assgnment. HAIKU records the
user’'s assgnment to avoid making the same incorred suggestions the next time it sees the
same (or asimilar) inpu.

CLR Assignment Attributes

Asxciated with every CLR assgnment are a onredive, two clauses and a CLR. Each
clause has two syntadic fedures. tense/modality and pdarity. The @nredive, the
syntadic dausal feaures and the CLR together make up a pattern of attributes of a CLR
assgnment:

| Conredive | T1 | P1| T2 | P2 [ CLR]

Conrediveis the CLR marker. T1 and T2 are the tense/modality values for the first and
seoond clausal CLR arguments, E1 and E2. P1 and P2 are the polarity values for E1 and
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E2. CLRisone of the nine CLRs. The CLR analysis problem isto assgn avalue to CLR,
given the values of the other five dements of the pattern. | will refer to the pattern as an
attribute pattern.

After the user has approved a CLR assgnment, HAIKU stores an instance of the dtribute
pattern with the assgned CLR. The system can then use matching attributes from stored
patterns as an aternative to using the preference rules and competiti ons.

For example, using the competition model, the system would suggest Enablement for (76)
because of the week modal may and the bias for causal CLRs over temporal.

(76) [The exaust port may still be open g;] when [the piston urcovers the intake
pOft El] .

For this sntence however, the user shoud supdy Co-occurrence & more gpropriate.

The resulting attribute pattern would be stored with the Co-occurrence CLR:

present_simple/ may_present/
no_modal weak _modal

when pos pos | ctmp

If the system then encourters ancther sentence with the same dtribute values, it can
suggest Co-occurrence based onthe stored pattern for (76).

When to Use User Assignments

For a given inpu, any or al of the dtributes may be relevant to the dhoice of a CLR. If
the system requires perfed matches with previous attributes, it assumes that all attributes
were relevant in the previous assgnment and are relevant to the airrent assgnment.” In
this ®dion | describe an algorithm that allows partiad matching of previous CLR
assgnments to guide CLR analysis. Sedion 2.6.3 evaluates the implementation d these
tediniquesin HAIKU'S CLRA modue.

The dgorithm has two parts: one part that stores attribute patterns for future analyses, and
one part that matches attribute values of the aurrent input to those in stored peatterns.

Soring Attribute Patterns

When the user accets one of the system’s suggestions for a given inpu, that inpu’s
attribute pattern is gored with the acceted CLR. If the user rgeded the system’'s
suggestions and supdied the CLR, the pattern is dored as a user assgnment of the
supfied CLR. When storing user assgnments of a CLR, the system chedks all previous
stored peatterns having the same @wnredive and CLR. HAIKU then stores a least-general

On the other hand, if the system allows partial matches, it may overgeneralize and ignore relevant
attributes, resulting in incorred suggestions. A large experiment could provide statisticd evidence of
correlation between feaures and CLR asdgnments, thereby identifying relevant fedures. The
sparsenessof CLR data (seesedion 2.6) suggests that thousands more parses of complex sentences are
needed before such an experiment could be done.
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generalization (defined below) of the airrent pattern with ead of the most closely
matching stored petterns.

Assgning CLRs Based on Sored Attribute Patterns

For anew inpu, the system gathers all stored attribute patterns that have dl five dtributes
matching the input.® It then builds a list of the CLRs assciated with the stored petterns
and choases the most frequent CLRs as most likely appropriate for the sentence If there
are no perfedly matching stored patterns, HAIKU proceals with the preferencebased
competitions from sedion 2.5.4.

Cheding stored attribute patterns before runnng competitions is a bias in favour of
previous analyses over the preferencerules. Since patterns are dso stored for assgnments
resulting from succesdul CLR competitions, however, the preference rule knowledge is
not lost. The preference rules resulting in corred CLR assgnments for the text persist in
the form of stored attribute patterns (seesedion 5.1.4.

Least-General Generalization of Attribute Patterns

Let V be the dtribute pattern to be stored for the most recent CLR assgnment. HAIKU
stores V as-is with its assgned CLR. If V's CLR assgnment was user-supgdied, the
system finds a set of stored attribute patterns Spax with the same @wnredive and same
assgned CLR. Each pettern in Syax has a maximum number of matching attributes—that
IS, for eath pattern V' in Spax, there is no stored pattern ouside of Spax that has more
matching attributes with V than V'.

The least-general generalization (Igg) of V and V' is an éttribute pattern V,qq defined as
follows: for ead attribute A in V, if the wrrespondng attribute A" in V' is equal to A,
then attribute Aigg in Vigg is equal to A. If A and A" are different, then A4 is a variable
that will match any value of A in future patterns.

HAIKU computes the Igg of V with ead V' in Spa individually and stores the resulting
generali zed patterns for future analyses.

For example, assume the system has aready stored the foll owing attribute patterns:
present_simple/ present_simple/

1| when no_modal pos no_modal pos ctmp
present_simple/ future_simple/
2 | when no_modal pos strong_modal pos ent

Suppcse now that the user has just made a CLR assgnment resulting in the atribute
pattern:

present_simple/
no_modal

may_present/

3| when weak _modal

pos pos ctmp

®  Generalized attributes perfealy match any value.
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This pattern will be stored as-is for future processng. HAIKU will then find stored patterns
with the maximum number of matching attributes and the same CLR. Both attribute
patterns 1 and 2 match onthe conredive and three of the other four attributes. Only
pattern 1 however has the same assdgned CLR. HAIKU computes the Igg of patterns 1 and
3, and adds the resulting pattern 4 to the set of stored patterns, containing X as a variable

for the seoondtense/modality attribute.

present_simple/
no_modal

4| when pos X | pos ctmp

Subsequent CLR interadions may match pettern 4 perfedly, even if they have adifferent
valuefor T2.

Avoiding Overgeneralization

Taking the Igg of the aurrent attribute pattern with al stored petterns would be too
permissgve in matching patterns during analysis. To keep the proliferation d generalized
patterns in chedk, | have placeal the foll owing restrictions on generali zation.

* Generdlize only attribute patterns with the maximum number of matching fields.
If V matches ome of the stored petterns on threefeaures (S3) and some on only
two (S,), store only thelggof V and petternsin Ss.

* Do na generdlize on attribute patterns that match onConredive and CLR and no
other feaures. The resulting generali zations would be maximally general.

2.6 Evaluation

This ®dion summarizes veral CLR anayzer experiments on threetexts: buil ding code,
clouds and small engines. The results of al experiments are presented as the number of
eat o the threekinds of user adion described in sedion 1.4.3 The first user adion is
accept: HAIKU presented the user with ore single CLR and that CLR was corred. The
seoond knd d adionis choose: HAIKU presented multiple CLRs and the arred CLR was
among them. The third adion is suppdy: the corred CLR was not among HAIKU'S
suggestions 0 the user had to supgy the rred relationship.

2.6.1 Diagnostic Evaluation

The first experiment applied CLRA to 100sentences from the building code. In arder to
exercise the preference rules and the competition model, | chose sentences containing
clauses conreded by a variety of conredives known to mark two or more CLRs (from
the CLR marker dictionary). Apart from this restriction, the sentences were daosen
randamly from the entire text. Forcing the system to hande avariety of ambiguous
conredives provided good exercise for the preference rules, bu the distribution o
syntadic phenomenain this data set is not representative of their distribution in complete
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texts. This experiment, therefore, is more of a diagnostic evaluation (see sedion 1.4) of
the system than the performance evaluations described in sedion 2.6.2and 2.6.3.

For eat of the 100 sentences, DIPETT provided the tense, modality and pdarity feaures
of ead clause. The CLR analyzer then held competitions to determine the most
appropriate CLR based onthese feaures and the preference rules. CLR attribute patterns
were not stored. The percentages of ead kind d user adion appea in Table 10 along
with the number of sentences for which the user had to reverse the CLR arguments
becaise HAIKU ordered them incorredly.

accept choose supply reorder
| 9% | 4% | 2% ] 2 ]

Table 10: CLRA user actions required in the building code experiment

The high successrate for the buil ding code experiment suggests that the syntadic feaures
contain enough information for the system to choose asingle CLR for most of the
sentences. Furthermore, for the majority of sentences, the rules chaose the wrred CLR. No
new CLRs were needed to acourt for the test sentences.

2.6.2 Performance Evaluation

The experiments described in this sdion applied CLRA to al of the parse trees in the
clouds text and small engines text. Sentences were nat chosen spedficdly to refled a
variety of syntadic phenomena.

System Performance

The clouds experiment tested the CLR anayzer on the 512 sentences in that text. 51 d
the sentences contained multi ple dauses suitable for CLR analysis. Also measured in this
experiment were user onuws ratings as described in sedion 1.4.4 For 50 d the 51
sentences, CLRA interadion was smple (user onus 0), requiring only a few seconds of
thought to arrive & the wrred dedsion. Only one sentencerequired a few extra moments
of refledion and consultation d the CLR definitions (user onus 1). Again, no rew CLRs
were nealed to acourt for the relationshipsin the test text.

The propation d corred analyses in the clouds experiment was 69%, considerably lower
than the crrespondng number in the buil ding code experiment. The experiment reveded
cetain shortcomings of the CLR anayzer. First, CLRA’s treament of sentence-initial
coordinators resulted in a misinterpretation d sentences (77) and (78) as containing two-
part correlative @nredives (see sedion 2.2.2 andif and but-when. The lealing
conjunctions are inter-sentential conredives that shoud na be used for CLR analysis.

(77)  Andif eveythingisjust right, youmay seea rainbow.

(78) Butit’snofunfor the farmer when hal hits hiscrops.
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The poarer performance of the CLR analyzer in the clouds experiment may also be due to
the relative infrequency of complex verb feaures in the text, which uses smple tenses
and few or nomodals. To compoundthe problem, where modality is expressd, it is often
expressed using nontauxili ary modal forms, such as the aljedive apt in sentence (79) and
the alverb usually in (80).

(79)  Asclouds changg, the weather is apt to change.
(80) Whenlightning strikes, it usually hits the high panted oljeds.

Finally, CLRA did na attempt to determine the crred order of the CLR arguments for
user-suppied CLRs. The ordering heuristic, howvever, depends only onthe mnredive and
the CLR. Once the user has entered the gpropriate CLR, the system has enough
information to determine the @rrea argument order by cheding the mapping from the
given conredive to the supgdied CLR in the CLR marker dictionary. If there is no such
mapping (e.g., if the user enters a CLR not in the marker dictionary for the given
conredive), the system can guess at a diredion by looking at the wmnredive- CLR
mappings for CLRs that do appea in the marker dictionary for the given conredive.

The results from the clouds experiment inspired the foll owing modifications:
* Sentenceinitial coordinators (discourse markers) are ignored by CLRA.
e Automatic agument ordering is attempted even for user-suppied CLRs.

The modified system was then tested twice on the same 51 sentences from clouds: once
with aggressve CLR asdgnment (as in the origina experiment) and orce with
conservative adgnment. The retests $owed a dlight improvement when kegoing
aggressve asdgnment. With conservative CLR assgnment the number of corred
analyses dropped significantly. Finaly, al instances of user-supdied CLRs were
corredly ordered automaticdly. Results of the clouds experiment (with the two retests)
appea in Table 11.

accept choose supply reorder
original (aggessve) experiment | 35 (69%) 2 (4%) 14 (27%) 7
aggessveretest | 37 (73%) 2 (4%) 12 (23%) 0
conservativeretest | 23 (45%) 2 (4%) 26 (51%) 0

Table 11: CLRA user actions required in the clouds experiment

The more complex syntax in the small engines text meant that only 21 CLRs were
assgned; parse tree erors prevented ancother 55 pairs of clauses from recaving CLR
anaysis. Of the 21 interadions in the experiment, 17 were simple (onus 0) while 4
required some refledion (onus 1). Once more, the existing nine CLRs were sufficient to
acourt for the semantic rel ationships between clauses in the text.

In order to get a better evaluation d CLRA, | retested the small engines text suppying
CLRA with corred parse information for al 76 sentences containing multiple dauses.



42 Clause Levé Relationship Analysis

Interestingly, performancewas smilar to the origina experiment. Results from the small
engines experiment and the cmplete retest appea in Table 12. No manual argument
reordering was necessry.

accept choose supply
original experiment (21 CLRs) | 14 (67%) 2 (10%) 5 (24%)
complete retest (76 CLRs) | 47 (62%) 10 (13%) 19 (25%)

Table 12: CLRA user actions required in the small engines experiment

Coverage

CLRA is the HAIKU modue most affeded by parse erors. In oder to make an
assgnment, CLRA needs a complete and corred parse & the top-most level. A second
problem with CLR analysis is the sparseness of CLR data: every sentence usually has
several noun phases and at least one finite dause, bu relatively few have multiple
conreded finite dauses.

In the clouds experiment, there were 76 conreded clauses requiring CLR assgnments,
67% of which recaved analysis. For the small engines text, only 28% of the 76 clause
pairs recéved analysis.” The small number of CLRs acually captured by HAIKU for the
small engines text is a dired result of the aror rate in parsing structurally complex
sentences.

2.6.3 Can CLRA Learn?

A result not refleded in the tables in the previous fdionsis the fad that CLRA tends to
repea its mistakes and canna recver from missng marker - CLR mappings or unknown
conredives. To remedy these problems HAIKU'S CLR analyzer has been extended to
include the techniques for partial matching on stored assgnments to guide CLR analysis,
as described in sedion 2.5.5.

In this sdion | give the results of retesting the extended CLR analyzer on clouds and
small engines. A comparison d the original tests and the retests appeasin Table 138

For the clouds experiment, the number of CLRs corredly determined by the system
adualy deaeased when alowing suggestions based on stored assgnments. As alrealy
observed, most of the dauses in the clouds text are present tense and modals are rare. In
the small engines text there is much greaer variety in tense and modality, which may
acourt for the dight improvement in performance Again, the number of examplesistoo

It is purely coincidental that both the clouds text and small engines text contained 76 sentences with
multiple dauses suitable for CLR analysis.

The numbers for the clouds experiment from Table 13 do not quite match those from the seaond row of
Table 11. The extra accept adion is the result of an addition to the CLR Marker dictionary since the
original clouds experiment from Barker & Delisle (1996).



Clause Levé Relationship Analysis 43

accept choose supply
clouds CLRpreferencerulesonly | 38 (75%) 2 (4%) 11 (22%)
CLRA+ stored assgnments | 36 (71%) 2 (4%) 13 (25%)

small CLR preferencerulesonly | 47 (62%) 10(13%) 19 (25%)
engines CLRA+ stored assgnments | 51 (67%) 9 (12%) 16 (21%)

Table 13: CLRA user actions required with partial matching on stored assignments

small to draw general conclusions abou the performance of the extended CLR analyzer.
Nonetheless the extension alows HAIKU to adapt to user assgnments and move beyond
the static marker — CLR mappings and preferencerules, making it a patentially significant
improvement in CLRA.

2.7 AnExample

This sdaion shows the CLRA interadions for three example sentences. In order to
illustrate the dfeds of stored attribute patterns, al three eamples have the same
conredive (if) and expressthe same CLR (Enablement).

(81) If the end gays of the pistonrings are aligned, al may leak.

(82) Itispaosshbletorepair the cyinder with acylinder hore if scuffing damageis
light.

(83) If the owner caresfor the engine, it will probaly serve himfor years.

Since (81) is the first sentence there ae no stored attribute patterns. CLRA holds
competitions between the three CLRs in the CLR marker dictionary for if: Enablement,
Entalment and Prevention (see Figure 1). Enablement wins the mpetition against
Entailment because of the wes modal (may) in E2.° Enablement wins the mmpetition
against Prevention because the polarity of E2 is positive. Entallment also wins against
Prevention kecause E2 is positive. The system suggests Enablement to the user, who

accetsthe CLR. The following attribute pattern is gored for future assgnments.

if present_simple/ may_present/
no_modal weak_modal

pos

pos enab

®  Recdl that for the marker if the first syntadic argument (main clause) is the second CLR argument (see

sedion 2.4).
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String (81) If the end gaps of the piston rings are aligned, oil may
leak.

HAIKU: Clause Level Relationship Analysis of current input ...

There is a Clause-Level Relationship marked by 'if":
'oil may leak'
Iifl
'the end gaps of the piston rings are aligned'

CLR competition between enab and entl... enab wins.
CLR competition between enab and prev... enab wins.
CLR competition between entl and prev... entl wins.

Results (maximum is 4):
enab entl prev
B — B — S — +

4 2 0

The CLR Analyzer's best suggestion(s) for this input:
(1) Enablement (enab)

> Please enter a number between 1 and 1
or enter a valid CLR for this relationship (a to abort):

[

Your CLR assignment will be stored as:
‘the end gaps of the piston rings are aligned'
<enables>
‘'oil may leak'

> Do you accept this assignment
(enter r to reverse the arguments, a to abort) [Y/n/r/a]?

<

Figure 1: CLRA interaction for (81)

The tense/modality feaure for E2 in (82) is present_simple/no_modal . The only stored
attribute pattern has an E2 tense/modality of may_present/weak_modal , which is not a
perfed match and canna be used for (82). HAIKU once more proceals with CLR
competitions for the CLRs marked by if (seeFigure 2). Entaillment wins over Enablement,
becaise there is no modal auxiliary in E2 and HAIKU has no knavledge of modal
constructions such as it is possble.... Enablement canna be preferred over Prevention
sincethere is no modal in E2. Prevention canna be preferred over Enablement since the
polarity of E2 is positive. So Enablement and Prevention tie. Entalment wins over
Prevention since E2 is positive and if is a positive @wnredive. The user rgeds the
system’s suggestion d Entailment. The atribute pattern for this assgnment will be stored
as-is, bu sincethisis a user-suppied CLR, HAIKU will also store the Igg of this pattern
and any stored petterns with the same @nredive and CLR. The pattern from the
interadion for (81) qualifies, resulting in the storage of two new attribute patterns.

. present_simple/ may_present/

i no_modal pos weak_modal pos enab
. present_simple/

if no_modal pos X pos enab
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String (82) It is possible to repair the cylinder with a cylinder hone
if scuffing damage is light.

HAIKU: Clause-Level Relationship Analysis of current input ...

There is a Clause-Level Relationship marked by 'if":
it is possible to repair the cylinder with a cylinder hone'
Iifl
'scuffing damage is light'

CLR competition between enab and entl... entl wins.
CLR competition between enab and prev... tie.
CLR competition between entl and prev... entl wins.

Results (maximum is 4):
enab entl prev
B — B — S — +

1 4 1

The CLR Analyzer's best suggestion(s) for this input:
(1) Entailment (entl)

> Please enter a number between 1 and 1
or enter a valid CLR for this relationship (a to abort): enab

Your CLR assignment will be stored as:
'scuffing damage is light'
<enables>
it is possible to repair the cylinder with a cylinder hone'

> Do you accept this assignment
(enter r to reverse the arguments, a to abort) [Y/n/r/a]?

<

Figure 2: CLRA interaction for (82)

Example (83) aso has wedker moddity expressed by something other than a modal
auxiliary (the averb probally). The tense/modality attribute for E2 in (83) is
future_simple/strong_modal . The atributes match ore of the stored patterns (the Igg
of patterns correspondng to (81) and (82)). HAIKU suggests the CLR associated with the
matching stored pettern: Enablement.*® The user accepts the CLR, resulting in the storage

of asingle dtribute pattern orly.
if present_simple/
no_modal

future_simple/

0S
P no_modal

pos enab

19 Preference rule ampetitions would have favoured Entail ment for (83) because the strong modal and

positive polarity in E2.
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String (83) If the owner cares for the engine, it will probably serve
him for years.

HAIKU: Clause-Level Relationship Analysis of current input ...

There is a Clause-Level Relationship marked by 'if":
'the engine will probably serve the owner for years'
Iifl
'the owner cares for the engine’

The CLR Analyzer's best suggestion(s) for this input:
(1) Enablement (enab)

> Please enter a number between 1 and 1
or enter a valid CLR for this relationship (a to abort):

[

Your CLR assignment will be stored as:
‘the owner cares for the engine’
<enables>
‘the engine will probably serve the owner for years'

> Do you accept this assignment
(enter r to reverse the arguments, a to abort) [Y/n/r/a]?

<

Figure 3: CLRA interaction for (83)

2.8 Chapter Summary

HAIKU'S clause level relationship analyzer assgns CLRs to clauses in coordinate,
subardinate and correlative syntadic relationships. CLRA looks up the dausal conredive
in the CLR marker dictionary to find a subset of candidate CLRs. These candidates
compete using preference rules that choose one CLR over ancther depending on the
polarity of the mnredive and the tense, modality and pdarity of the verb phrasesin the
clauses. The CLR with the most competition pantsis suggested to the user for approval.

Since the CLR marker dictionary and preference rules do nd change during the analysis
of atext, HAIKU risks repeding incorred analyses. To avoid this behaviour, for ead CLR
assgnment the system stores an attribute pattern containing the conredive, the syntadic
verb phrase fedures of ead clause and the CLR assgned. Patterns that result from user
assgnments (indicaing incorred system suggestions) are cmpared to existing stored
patterns with the same conredive and CLR. Where atribute values are different, a new
pattern with variable dtribute values is gored in an attempt to isolate relevant attributes.
HAIKU consults the stored petternsto find CLRs during future analyses.

Diagnostic evauation hes $own that the marker dictionary and preference rules are
acarate when presented with a variety of verb phrase feaures. Performance evaluation
has diown that in complete texts smpler tenses and modaliti es are more common and
that modality is often expressed with adverbs or other constructions instead of modal
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auxiliaries. Experiments have dso undxlined CLRA’s snsitivity to parse erors,
resulting in low coverage of test texts. This low coverage dong with the relative
infrequency of complex sentences make it difficult to bese mnclusive daims abou
performance on these experiments.

The CLR anayzer did nd place alarge burden on the user for either the clouds
experiment or the small engines experiment: the average onus rating for CLR interadions
over both experiments was 0.07.No new CLRs were nealed to cover the relationships in
either text.

The CLRA extensionto lean from user assgnments has 9 far shown noimprovement in
the number of corred system CLR assgnments, though it does make fewer repeaed
errors, which are particularly frustrating for the user.

This chapter described the assgnment of semantic relationships between clauses within a
complex sentence In the nexX chaper | go inside the dauses to investigate the
relationships between averb andits g/ntactic arguments. cases.



