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Abstract

Local semartic labels are relevant to the verb meaning in question, while glokal semaric labels are
relevant acrossdi erent verbs and verb meanings. We show that global sematrtic labels from dierent
frameworks are not necessarilycompatible and argue that, therefore, corpora should be annotated with
local semariic labels and that global semaric labels should then be automatically annotated using
framework-speci c lexicons.

1 Intro duction

The dewelopmernt of the Penn Treebank (PTB) (Marcus et al., 1993; Marcus et al., 1994) has
had an immensee ect on the developmen of natural languageprocessing(NLP) by providing
training and testing data for approatesbasedon macdhine learning, including statistical models.
It hasinspired other treebanking e orts in many languages,including the Prague Dependency
Treebank (PDTB) (Bohmova et al., 2001;Hajic et al., 2001). Howewer, sincethe dewelopmert
of the PTB, it has becomeclear that for many NLP applications, parsing to a a level of
represenation is neededthat is \deeper" than the surface-syractic phrase structure of the
PTB. Furthermore, work in generationusing macdine learning cannot usethe PTB becausehe
represenation is too shallow as a starting point for generation. Thus, a more richly annotated
corpus is needed,in particular, a corpus that includes certain semaric notions. Annotation
e orts for languagesother than English have beenable to incorporate this requiremert from
the beginning. For example,the PDTB includesboth the Analytical and the Tectogrammatical
level of represeniation. Howewer, for English, sudc resourceshave beencreated only recertly .
One sud resourceis the PropBank (Kingsbury et al., 2002), which superimposesan annotation
for verbal predicates and their argumerts and adjuncts on the PTB. In the PropBank, the
annotation of the relation betweenverb and dependen is \lo cal", i.e., only relevant to a single
verb meaning. Howewer, for many applications we need a \global" semariic labeling scheme
such asthat provided by the Tectogrammatical Represemation (TR) of the PDTB, with labels
such as ACT (actor) and ORIG(origin) whosemeaningis not speci ¢ to the verb. The question
ariseswhether and how the PropBank can be extendedto re ect global semartic information.
The direct motivation for this paper is the obsenation by Hajicova and Kucerora (2002)
that the global semartics of the Tectogrammatical Represetation (TR) of the Prague sdhool
cannot be derived directly from the local semartics of the PropBank, sinceit doesnot contain
su cien t detail: TR makesdistinctions not madein the PropBank. The authors suggestthat it
may, however, be derivable from the PropBank with the aid of an intermediary represenation
that also usesglobal semartic labels such as Lexical-Conceptual Structure (LCS), or VerbNet
(VN). The proposalis worth investigating: it seemsreasonableto derive TR labels from other
represenations of global semarics. While TR, LCS, and VN usedi erent labels, we expect



there to be someconsistency For example, LCS src should correspond to VerbNet Sourceand
TR ORIG While the three represenations | TR, LCS, VN | arebasedon di erent approaces
to represeiing the meaning of a sertence, all three approachesassumethat there is a sharable
semartic intuition about the meaning of the relation betweena verb and ead of its dependerts
(argument or adjunct). Of course,the semariic labelsthemsehesdier (asin the caseof srg
Source and ORIGQ, and furthermore, often one approad makes ner-grained distinctions than
another, for example VN has one category Time, while TR has many subcategories,including
THL (temporal length) and THWHEN (time point) and soon. Nonetheless,in these casesthe
di erent label setsare compatible in meaning, in the sensethat we can de ne a one-to-mary
mapping betweenlabel setsin the di erent frameworks. More precisely we expect one of three
situations to hold for a given pair of labels from label setsA and B:

A label a in A corresponds to exactly one label b in B, and b corresponds only to a
(bijectiv e case).

A label ain A correspondsto a setof labelsB in B, and eat elemert b of B corresponds
only to a (one-to-mary case).

A label bin B correspondsto a set of labelsA in A, and eat elemert a of A corresponds
only to b (many-to-one case).

The casein which there are overlapping meanings,with a; from A corresponding to b; and
b, from B, and a, from A corresponding to b, and by from B, should be excluded.

There are two positions one may take. Given that global semariic labels expressrelation-
shipswhich are meaningful acrossverbs, and assumingthat researdersin di erent frameworks
share certain semairic intuitions, we may claim that labels are (possibly) compatible across
frameworks. On the other hand, we may claim that in such dicult semaric issues,it is
unreasonableto expect di erent frameworks to have corverged on label setswith compatible
meanings. The issueis not just one of academicinterest | it is also of great practical interest.
If the usefulnessof parsing is to be increasedby deweloping semartically annotated corpora
(a very costly process),it is important to know whether an annotation in, for example, LCS
will allow us to automatically derive a corpus annotated in TR. If not, the value of a corpus
of LCS labels will be reduced, sinceit will be relevant to a smaller comnunity of researters
(those working in the framework of LCS). While to somereseardersthe answer to the question
of inter-framework compatibility of labels may be intuitiv ely obvious, we are not aware of any
serious empirical study of this question. Sud a study must necessarilybe corpus-basedor
experimental, as only the data will reveal how the frameworks use their labels (as opposedto
de ning them), which is what this question is about.

In this paper, we preser the results of investigating the relationship between PropBank,
TR, LCS, and VN labels based on an annotated corpus. The conclusion we put forward is
that global semariic labels are not only framework-specic, but also lexically idiosyncratic
within ead framework. This meansthat labels are not compatible between frameworks, and
do not necessarilyexpressthe samesemartic intuition. (It of coursedoesnot meanthat these
labels are usedinconsistertly within any one framework.) As a result, we argue that corpora
should not be annotated in terms of global semattic labels (such as TR, LCS, or VN). Instead,
we argue that corpora should be annotated with local semariic labels (as has already been
done in the PropBank), and global semartic labels should be generated automatically using
framework-speci ¢ lexicons (i.e., verb-specic lists of label mappings for argumerts). Sud
lexiconsrepresen an important resourcein their own right.

This paper is structured asfollows. We start by intro ducing a vocabulary to talk about types
of resourcesin generalin Section 2. We then preser four di erent ways of labeling corpora



loads loaded

subj obj prepobj prepobj subj prepobj fw
Jo|hn h:|;1y in|to b|y hz|iy in|t0 i|s
co|mp co|mp co|mp
trul:ks Jo|hn tru|cks
John loads hay into trucks Hay is loadedinto trucks by John

Figure 1: Surfacesyntactic represenation for the sertencesin (1)

with semaric information: PropBank in Section 3, TR in Section 4, VerbNet in Section 5,
and LCS in Section 6.1 While these approaded are part of larger theories of syntax and
lexical semartics, we are for the purposeof this paper only interested in the label set they use
to annotate the relation between a verbal predicate and its argumerts and adjuncts; we will
therefore refer to thesetheoriesin a reductive manner as\lab eling schemes". We then compare
the global-sematic labeling schemesto ead other in Section7 and nd labeling to be lexically
idiosyncratic and framework-speci c. In Section8 we return to the original question of Hajicova
and Kucerova (2002) and report on experiments using macdiine learning to derive rule setsfor
annotating a corpuswith TR labels. Theseresults con rm the conclusionsof Section 7.

2 Typesof Corpus Labels

Surface syntax re ects the relation betweenwords at the surfacelevel. Considerthe following
pair of sertences,whosestructure is shovn in Figure 1:

(1) a. John loads hay into trucks
b. Hay is loadedinto trucks by John

In this example,where two sertencesdi er only in the voice of the verb, the rst two argu-
merts of the verb, John and hay, have di erent rolesdepending on voice. The (dependencyrep-
reseration recoverable from the) PTB has a surface-synactic labeling scheme,though deeper
labels can be inferred from tags and traces.

Deep syntax normalizes syntactically productive alternations (those that apply to all or
a well-de ned classof verbs, not lexically idiosyncratically). This primarily refersto voice, but
(perhaps) also other transformations such as dative shift. The deep-synactic represetation
for the two treesin Figure 1 (i.e., the two sentencesin (1) is shown in Figure 2. Howeer, the
deep-syriactic represertation doesnot capture verb-speci c alternations, suc asthe cortainer-
content alternation found with load:

(2) a. John loads hay into trucks
b. John loads trucks with hay

In thesetwo sertences,the semartic relationship betweenthe verb and its three argumerts
is the samein both sertences,but they are realized di erently syntactically: hay is the deep
direct object in one, trucks in the other. This is shawn in the two treesin Figure 3.

!These labeling schemesin themselvesare not the original work preserted in this paper, we summarize them
here for the convenienceof the reader. The original work is investigating the relation betweenand among them.



load load

subj obj obj2 subj obj obj2
| | | | | |
John hay truck John hay truck
John loads hay into trucks Hay is loaded into trucks by Johnny

Figure 2: Deep-synactic represertation

load load
subj obj obj2 subj obj2 obj
| | | | | |
John hay truck John hay truck
John loads hay into trucks John loads trucks with hay

Figure 3: Deep-syractic represenation: missedgeneralization

Instead, we can choosenumerical labels (arg0, argl, ...) on the argumerts which abstract
away from the syntactic realization and only represen the semairiic relation betweenthe partic-
ular verb meaning and the argumerts. Theselocal semantic labelshave no intrinsic meaning
and are signi cant only when seweral syntactic realizations of the sameverb meaning are con-
trasted. An exampleis showvn in Figure 4.

Now considerthe following two serences:
(3) a. John loads hay into trucks
b. John throws hay into trucks

Semartically, one could claim that (3b) merely adds manner information to (3a), and that
therefore the argumerts should have the samerelationships to the verb in the two cases.How-
ever, sincetheseare di erent verbs(and a fortiori di erent verb meanings)there is no guarartee
that the local semariic arc labels are the same. In a global semantic annotation, the arc la-
bels do not re ect syntax at all, and are meaningful acrossverbs and verb meanings. The

load

arg0 arg2 agl

| | |
John hay truck

Figure 4: Local semariic represenation for both (2a) and (2b)



load/thro w

agent theme goal

|
John  hay truck

Figure 5: Global semartic represenation for (3a) (with load) and (3b) (with throw); the labels
usedare for illustrativ e purposes

labelsre ect generalizationsabout the typesof relations that can exist betweena verb and its
argumert, and the represetation in Figure 5 appliesto sertences(3a) and (3b).?2

3 PropBank

The PropBank (Kingsbury et al., 2002) annotates the Penn Wall Street Journal Treebank |
with dependencystructures (or “predicate-argumen’ structures), using sensetags for eat word
and local semariic labels for ead argument and adjunct. The argumert labels are numbered
and used consisterlly acrosssyntactic alternations for the same verb meaning, as shavn in
Figure 4. Adjuncts are given special tags such as TMP (for temporal), or LOC (for locatives)
derived from the original annotation of the Penn Treebank. In addition to the annotated corpus,
PropBank provides a lexicon which lists, for ead meaning of ead annotated verb, its roleset
i.e., the possibleargumerts in the predicate and their labels. An example, the entry for the
verb kick, is given in Figure 6. The notion of \meaning" usedis fairly coarse-grained,and it
is typically motivated from di ering syntactic behavior. Sinceead verb meaning corresponds
to exactly one roleset, these terms are often usedinterchangeably The rolesetalsoincludes a
\descriptor" eld which is intended for useduring annotation and asdocumentation, but which
doesnot have any theoretical standing. Each ertry alsoincludesexamples. Currently there are
framesfor about 1600verbsin the corpus, with a total of 2402rolesets.

ID kick.01

Name drive or impel with the foot

VN/Levin | 11.4-2,17.1,18.1,23.2
classes 40.3.2,49

Number | Description

0 Kicker
Roles 1 Thing kicked
2 Instrument

(defaults to foot)
Example [John], tried [*trace*;]arco tO
kick [the football] ar c1

Figure 6: The unique rolesetfor kick

2The FrameNet project (Baker et al., 1998) usessemartic labels which are local, but apply not to one verb
meaning, but to a set of verb meaningsthat refer to the sameframe (i.e., situation). For example, buy, sell, cost
and soon all refer to the commercial transaction frame, realizing di eren t participants of the frame in dierent
syntactic ways. However, since the frame elemerts such as Buyer or Rate (=price) do not refer to an abstract
notion of the relationship between a proposition and its argument, but rather to a specic set of verbs and
a speci ¢ argument, the approach is closer in spirit to a local semartic approach. Perhaps a better term for
FrameNet would be \regional semartics".



PropBank TR
Role Description Form label

0 Bidder subject ACT
1 Target for EFF
to AIM

2 Amount bid | object PAT

Figure 7: TR extensionto PropBank entry for bid, roleset name \auction"

4 Tectogrammatical Representation

The Tectogrammatical Represemation (TR) of the Prague School (Sgall et al., 1986) is a de-
pendencyrepresettation that cortains only autosemartic (=meaning-bearing) words. The arcs
are labeled with rich set of labels. What distinguishes TR from other labeling schemesis that
it is hybrid: the deep subject and deep object of a verb are always given the labels ACT (for
actor) and PAT (for patient), respectively. The deepindirect object is given one of three labels,
EFHect), ADDR(essee),or ORIQin). Other arguments and free adjuncts are drawn from list
of 42 global semariic labels, such as AIM, BEN(e ciary), LOC(ation), MAN(ner), and a large
number of temporal adjuncts sudh as THL (temporal length) and THWHEN (time point).

For the TR, we have a small gold standard. Approximately 1,500sertencesof the PTB were
annotated with TR dependencystructure and arc labels. A total of 36 di erent labelsare used
in this corpus. The sertenceswere prepared automatically by a computer program (Zabokrtsky
and Kucerova, 2002) and then corrected manually. We will refer to this corpus asthe TRGS
(which should not be confusedwith the PDTB, which is a much larger corpusin Czed), and
to the code as AutoTR. It usesheuristics that can accesshe full PTB annotation.

In addition, there is a lexicon of tectogrammatical entries for English basedon (a subsetof)
the PropBank lexicon. The mapping was done for 662 predicates (all PropBank ertries that
were done by January 2002). Every entry cortains an original PropBank lexical information
with examples,information about Levin class memnbership and appropriate tectogrammatical
mapping. The mapping is only de ned for ertries that are explicitly listed in the original
PropBank entry; no others were created. Figure 7 shaws the entry for the verb bid. Note that
the mapping to TR is indexed both on the Propbank argumert and on the syntactic realization
(\form"), sothat argl may becomeEFF or AIM, depending on the preposition that it is realized
with.

We evaluated the quality of the PropBank-to-TR lexicon by comparing results on those
argumerts in the TRGS whose verbs are also in the lexicon (727 argument instances). The
AutoTR program hasan error rate of 15.3%on this data, while the lexicon's error rate is only
12.2%. We performed an error analysis by randomly sampling 15 instances(of the 89 errors).
In 9 instances, there were inconsistenciesbetween the lexicon and the TRGS. (Of these, one
instance was furthermore inconsistent in the TRGS.) In four instances,there appearedto be an
error in the lexicon. And in two instances,there wasan error in our automatic alignmert of the
data due to a mismatch of the syntactic analysisin the TRGS and in the PTB. We conclude
that all theseproblemsare in principle xable.

5 VerbNet

VerbNet (Kipp er et al., 2000) is a hierarchical verb lexicon with syntactic and semaric infor-
mation for English verbs, using Levin verb classes(Levin, 1993) to systematically construct
lexical entries. The rst level in the hierarchy is constituted by the original Levin classeswith
ead classsubsequetly re ned to accoun for further semaric and syrtactic di erences within



Actor, Agent, Theme Patient, Asset Attribute,
Bene ciary, Cause Destination Experiencer In-
strument, Location, Material, Patient, Product,
Recipient Source Stimulus Time, Topic

Figure 8: Inventory of thematic role labelsusedin VerbNet

a class. Each node in the hierarchy is characterized extensionally by its set of verbs, and inten-

sionally by a list of the argumerts of those verbs and syntactic and semartic information about

the verbs. The argumert list consistsof thematic labels from a set of 20 possiblesud labels
(givenin Fig. 8), and possibly selectionalrestrictions on the argumerts expressedusing binary

predicates. The syntactic information maps the list of thematic argumerts to deep-syractic

argumerts. The semartic information for the verbsis expressedas a set (i.e., conjunction) of

semartic predicates, such as motion, contact, transfer.info.3 Currently, all Levin verb classes
have beenassignedthematic roles and syntactic frames, and 123 classeswith more than 2500
verbs, are completely described, including their semaric predicates.

In addition, a PropBank-to-VerbNet lexicon maps the rolesets of PropBank to VerbNet
classesand alsothe PropBank argumert labelsin the rolesetsto VerbNet thematic role labels.
Fig. 9 shaws an example of the mapping of rolesetinstall.01 with VerbNet classput-9.1. The
mapping is currently not complete: someverb meaningsin PropBank have not yet beenmapped,
others are mapped to seeral VerbNet classesas the PropBank verb meaningsare sometimes
coarserthan or simply di erent from the VerbNet verb meanings(many PropBank rolesetsare
basedon a nancial corpusand have a very speci c meaning).

PropBank VN
Role  Description label
0 Putter Agent
1 Thing put Theme
2 Where put | Destination
| VerbNet-Levin class | 9.1 |

Figure 9: Entry in PropBank-to-VerbNet lexicon for put (excerpt)

Using this lexicon, we have augmertied the PropBank-annotated Penn Treebankwith Verb-
Net annotations automatically. In theory, we could simply look up the corresponding VerbNet
argumern for ead annotated PropBank argumert in the corpus. Howewer, there are sewral
impedimerts to doing this. First, the PropBank annotation of the Penn Treebank does not
currently include the roleset,i.e., the verb meaning: of all the PropBank-annotated verbsin the
TRGS, in only 74.7% of casesdo we have accessto the PropBank meaning (roleset). Second,
becausethe PropBank-to-VerbNet lexicon is not yet complete (as just described), only 42.1%
of verbs (instances) have exactly one VerbNet-Levin classassignedto them. Therefore, only
46.1%o0f argumert instancescan be assignedvVerbNet thematic rolesautomatically (18 di erent
labels are used) Howewer, the coveragewill increaseas (i) PropBank annotates rolesetsin the
corpus and (ii) the annotation of the PropBank lexicon with VerbNet information progresses.
In principle, there is no reasonwhy we cannot achieve a near 100% automatic coverage of the
hand-annotated PropBank argumerts in the Penn Treebankwith VerbNet thematic roles.

3Both for VerbNet and LCS, the semartic information about ead verb is not directly germaneto this paper.



Verb | jog
Class | 51.3.2.a.ii
Theta | _th,srd),goal)

Figure 10: LCS de nitions of jog (excerpt)

6 Lexical Conceptual Structure

Lexical Conceptual Structure (LCS) is a compositional abstraction with language-indegndert
propertiesthat transcendstructural idiosyncrasies(Jackendo , 1983;Dorr, 1997). LCS captures
the semairiics of a lexical item through a combination of semaric structure (specied by the
shape of the graph and its structural primitiv es and elds) and semariic cortent (specied
through constarts). The semaric structure of a verb is something the verb inherits from its
Levin verb class,whereasthe content comesfrom the speci ¢ verb itself.

The lexicon entry for one senseof the English verb jog is shavn in Figure 10. This entry
includes se\eral piecesof information sud asthe word's semariic verb class,its thematic roles
(\Theta" { in this case,th, sr¢ and goa), and the LCS itself (not shavn here, asit is not
directly relevant to this paper). The LCS speci es how the argumerts | identied by their
thematic roles| corntribute to the meaning of the verb.

Figure 11 contains a list of thematic roles. The theta-role speci cation indicates the oblig-
atory and optional roles by an underscore(_) and a comma (, ), respectively. The roles are
ordered in a canonical order normalized for voice (and dative shift): subject; object; indirect
object; etc, which corresponds to surface order in English. Thus, the _th_loc grid is not the
sameasthe _loc_th grid (The box holds the ball as opposedto The water | Is the box).

agent, theme, experiencer, information, src
(source), goal perceived item, pred (identi -

cational predicate), locational predicate, mod-
poss (possesseditem modier), mod-pred (
property modi er)

Figure 11: Invertory of LCS thematic roles (extract)

To derive LCS thematic labels for argumerts and adjuncts in the PropBank, we make use
of the Lexical Verb Database (LVD). This resourcecorntains hand-constructed LCSs organized
into semaric classes| a reformulated version of the semariic classesin (Levin, 1993). The
LVD contains 4432 verbs in 492 classeswith more speci ¢ numbering than the original Levin
numbering (e.g.,\51.3.2.a.ii"), atotal of 11000verb entries. For the mapping, we usedas keys
into the LVD both the lexemeand the Levin classas determined by VerbNet (see Section 5),
adjusting the classnameto accourt for the di erent extensionsdewveloped by Verbnet and LCS.
Each key returns a set of possibletheta grids for ead lookup. We then form the intersection
of the two sets,to get at the theta grid for the verb in its speci ¢ meaning. If this intersection
is empty, we instead form the union. (This complex approach maximizes coverage.) We then
map to ead argumert a set of possibletheta roles (note that ewen if there are two possible
theta grids, one of the argumerts may receiwe the samerole under both). This approad yields
54.7%of verb instancesin the TRGS with a unique theta-grid, and 47.7%of argumert/adjunct
instances,with a unique theta role. (The lower gure is presumably due to the fact that verbs
with fewer argumerts are more likely to have unique theta grids.) A total of 13 LCS roles are
usedfor theseinstances.



Predict | From || No mlex | With mlex n
VN LCS 30.3% 13.0% | 399
LCS VN 22.8% 9.5% | 399
TR VN 36.1% 14.4%| 97
VN TR 56.7% 8.3% | 97
TR LCS 42.3% 20.5%| 78
LCS TR 41.0% 11.5%| 78

Figure 12: Error rates for predicting onelabel set from another, with and without using feature
mlex (the governing verb's lexeme); n is the number of tokensfor the study

| VN label | TR label | tokens | types | sampleverbs |

Topic EFF 29 2 say X
Predicate| EFF 12 7 view Y as X
AIM 2 2 useY to do X
CPR 1 1 rank Y as X
COMPL 1 1 believe Y that X
LOC 1 1 engageyY in X
Attribute | EFF 4 3 rate Y X
EXT 1 1 last X
THL 1 1 last X
DIFF 1 1 fall X
LOC 1 1 price Y at X

Figure 13: Exhaustive mapping of three VerbNet labelsto TR labels other than ACT and PAT
(the argumernt being labeledis X)

7 Relation Between Semantic Lab els

We now addressthe question of how similar the three annotation schemesare, i.e., the semairtic
part of TR, LCS, and VerbNet. To test the correspndencebetween global semaric labels,
we use Ripper (Cohen, 1996) to predict one label set, given another. Using a set of attributes,
Ripper greedily learnsrule setsthat chooseone of sewral classedfor ead data set. Becausein
this sectionwe are using Ripper to analyzethe data, not to actually learn rule setsto apply to
unseendata (as we do in Section 8), we report here the error rate on the training data.

For these experimerts, we use all argumerts from the TRGS which are also labeled in the
PropBank, 1268 data points. For VN and LCS, we exclude all data points in which either
the predictor label or the predicted label are not available from the mappings described in
Sections4, 5, and 6, respectively. In the caseof TR (which is always available), we exclude
caseswith the ACT and PAT features, as they are determined syrtactically. If there is a one-
to-one correspondencebetweentwo label sets, we expect a zero error rate for both directions;
if the correspondenceis one-to-mary (i.e., one label set is more detailed than the other), we
expect a zero error rate for at least one direction.

Instead, what we nd are error rates between22.8%and 56.7%, for all directions. Crucially,
we nd theseerror rates greatly reduced (with error reduction ranging between51% and 85%)
if we also allow the lexemeof the governing verb to be a feature. The results are summarized
in Figure 12. All di erences are signi cant, using the usual Ripper test (the di erence between
the results must be larger than twice the sum of ead run's standard deviation). As expected,
in ead pair, the richer label set (as measuredby the number of labels usedin the TRGS) is
better at predicting the lessrich label set.



By way of illustration, we will look in more detail at the way in which three VN labels,
Topic, Predicate and Attribute, map to TR categories. The data is summarizedin Figure 13.4
As we can seefor all three labels,the most commonTR label (and in the caseof Topic, the only
TR label) is EFF. Howewer, closerinspection reveals this not to be the case. VerbNet makes
a distinction between the communicated content (John said he is happy) which is a Topic,
a Predicateof another dependert of the verb (they view/portray/describe the salesforce as a
critical asset where a critic al assetis a predicate true of the salesforce), and an Attribute of
another actant of the verb (they value/estimate the order at $326 mil lion/r ate the bond AAA).°
TR considersall thesecasedo be EFFectsof an act of communication or judgment. Conversely
TR makesa distinction betweenan EFFect of a human action (of communication or judgment,
sudh they value/estimate the order at $326 million/r ate the bond AAA) and di erent types of
statesof a airs, for examplea DIFFerence(UAL stock hasfallen 33%) or a length of time (THL,
the earth quakelasted 15 seconds). To VN, theseare all Attributes.

But note that in nearly all casesconsideredin the table in Figure 13, the governing verb
determines the label assignmen both for TR and VN.® Thus, both in the general Ripper
experiments and in these speci ¢ examples, we seethat there is no general mapping among
the labels; instead, we must take the governing verb into accourt. We concludethat assigning
labelsis both framework speci ¢ and lexically idiosyncratic within ead framework.

Final hypothesis is:

ORIGIif fw=from and vn!=_ (2/1).

CAUSf fw=because (2/0).

CONDf fw=if (3/0).

MODf lemma=probably (2/0).

DIR3 if pb=ARG2and pba=DIR (2/0).

AIM if fw=to and vrole=adj (12/4).

MANNf pba=MNR20/1).

ADDRf pb=ARG2nd vn=Recipient and
lemmal=blame and lemmal=article (7/0).

ADDRf lemma=audience (2/1).

ADDRf mlemma=assureand pb=ARG1(2/0).

TWHENM pba=TMP(55/6).

EFFif vn=Topic and mlemma=say25/0).

EFFif vrole="2" and fw=as (12/1).

ACTIif vrole='0" (366/16).

default PATC(502/67).

Figure 14: Sample generatedrule set (excerpt| \fw" is the function word for the argument,
\mlex" the governing verb's lexeme,\pba" the modi er tag from the Penn Treebank)

8 Predicting TR Labels

We now turn to experiments for learning rule setsfor choosing TR labels from all other labels
(the task described by Hajicova and Kucerova (2002), the original inspiration for this work).
We again useRipper, asin Section7. The task is to predict the TR label, and we experiment
with dierent feature sets. Given our analysisin Section 7, we predict that using other global

4We exclude tokenswhose TR labels are ACT or PAT, as these labels are determined ertirely syntactically .

SIntuitiv ely, a predicate is a function from entities to truth values, while an attribute is a function from entities
to an open set of possible values (such as dollar amounts).

5The exceptions are in TR: use Y to do X is sometimes EFF, sometimes AIM, while last X is sometimes
EXTent, sometimestemporal length (THL). We assumethese are labeling inconsistencies.



semartic labels,i.e., VN or LCS, will not improve performance. Howewer, we expect syntactic
(including lexical) features and local semartic features (PropBank) to corntribute to perfor-
mance. We obsene that it is not clear what the topline is, given someinconsistencyin the gold
standard; the experiencereported above from very small hand-inspected data sets suggestsan
inconsistencyrate of between5% and 10%.

We use the following syntactic features: PTB lean (argument lemma, governing verb's
lemma, part-of-speed1, and function word, if any); Full PTB (PTB lean+ TR label of mother,
extended tag of PTB, node labels of path to root); VRole (the deep-syractic argumert,
as derived from the PTB by head percolation and voice normalization); and AutoTR , the
computer script AutoTR writtem to determine TR labels. We also usethesesemartic features:
PropBank, LCS, VerbNet. A samplerule set (with features PTB-lean, Vrole, Propbank, and
VerbNet) is shown in Figure 14. The rules are chedked from top to bottom, whenoneappliesthe
listed label is chosen. The numbersin parenthesesindicate the number of times the rule applies
correctly (beforethe slash) and incorrectly (after the slash). Clearly, there is someover tting
happening in this particular ruleset (for example, in the rule to choose ADDR if the lemma is
audien®).

The results for the madhine learning experiments are summarizedin Figure 15. Theseare
basedon v e-fold cross-alidation on a set of 1268data points (those argumerts of the TRGS
labeled by PropBank, with mismatchesrelated to di erent syntactic treatment of conjunction
removed). Note that becauseof the greedy nature of Ripper, a superset of features may (and
often does) produce worse results than a subset. In general, any two results are statistically
signi cant if their dierence is betweenthree and v e; there are too many combinations to
list all. Comparedto the baselineof the hand-written AutoTR code, the combination of PTB
Lean, Vrole, and PropBank provides an error reduction of 24.5% with respect to a (possibly
unrealistic) 0% error topline. The error reduction is 75.8% with respect to default baseline of
always choosing PAT, the most common label (i.e., running Ripper with no features), and the
0% topline.

Semartics | None | PropBank | PB&LCS | PB&VN
Syntax
None 59.23%| 24.30% 23.27% | 22.25%
Vrole 30.44%| 19.80% 18.38% | 17.75%
PTB 18.15%| 15.70% 16.17% | 16.02%
PTB & Vrole 16.09%| 15.14% 15.46% | 14.67%
PTB Lean & Vrole | 16.80%| 14.36% 15.15% | 14.51%

Figure 15: Results (error rate) for di erent combinations of syntactic features(left column) and
semariic features (top row); baselineerror rate using hand-written AutoTR code is 19.01%

We now highlight someimportant conclusions(all are statistically signi cant unlessother-
wise stated). First, somesyntax always helps, whether or not we have semartics (compare the
rows labeled\None" and any of the rows below it). This is not surprising, as someof the TR
labels (ACT and PAT) are de ned fully syntactically. Second,the PTB-lean feature set doesas
well asthe full PTB set, no matter what semartic information is used (compare rows labeled
\PTB & Vrole" and\PTB Lean & Vrole"). In particular, the TR label of mother, the extended
tag of the PTB, and the node labels of path to root do not help. Third, using the PropBank
improveson using just syntactic information (comparethe columnslabeled\None" and \Prop-
Bank" | not all pairwise comparisonsare statistically signi cant). Fourth, as predicted, there
is no benet to adding global semartic information once local semariic information is used
(comparethe column labeled\PropBank" to the columnslabeled\PB&LCS" and \PB&VN").



In related work, Gildea and Jurafsky (2002) predict genericFrameNet labels (similar to the
VN or LCS labels). They achieve an error rate of 17.9% using no other semartic information.
While this error rate is similar to the oneswe report here (in the row labeled\None"), there are
someimportant di erences: their testing data only contains seenpredicates (unlik e ours), but
our task is facilitated by the fact that the most commonlabelsin TR are de ned syntactically.

9 Conclusions

As we have seen,there are problems in mapping among VerbNet, LCS, and TR. Most truly

global semariic labels are both framework-speci ¢ and lexically idiosyncratic: di erent frame-
works (and possibly researters in the sameframework) do not divide up the spaceof possible
labelsin the sameway. As a result, in automatically labeling a corpus with TR labels, using
LCS or VerbNet doesnot improve on using only syntactic (including lexical) and local semartic

information, contrary to the suggestionof Hajicova and Kucerova (2002).

For future e orts to label corpora with global semariic labels, we therefore suggestusing a
(framework-speci ¢, lexically idiosyncratic) PropBank-to-X lexicon,” where\X" is the desired
labeling scheme (which can be a very domain- or application-specic, for example specic
to a particular information-extraction task). A PropBank-style corpus is easierto annotate
than global semariics (as suggestedby anecdotal evidenceon inter-annotator agreemet), and
a PropBank-to-X lexicon is also easierto create than an annotated corpus. Hence, if you
want global semartic labelsin a corpus, annotate local semartics (or usean existing resource),
and create a translation lexicon. In this way, two reusable resourcesare created (the corpus
annotated in local semartics and the lexicon), rather than one non-reusableresource(a corpus
labeledin a particular global semaric sdheme).
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