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Abstract

We propose a range of deep lexical acqui-
sition methods which make use of mor-
phological, syntactic and ontological lan-
guage resources to model word similarity
and bootstrap from a seed lexicon. The
different methods are deployed in learn-
ing lexical items for a precision gram-
mar, and shown to each have strengths and
weaknesses over different word classes. A
particular focus of this paper is the rela-
tive accessibility of different language re-
source types, and predicted “bang for the

and idiosyncracies of the dataset of interags{em
design; and (2) classification of data items accord-
ing to the predefined data representatidaté clas-
sification). In the case of a deep grammar, for exam-
ple, system design encompasses the construction of
the system of lexical types, templates, and/or phrase
structure rules, and data classification corresponds
to the determination of the lexical type(s) each in-
dividual lexeme conforms to. DLA pertains to the
second of these tasks, in automatically mapping a
given lexeme onto a pre-existing system of lexical
types associated with a DLR.

We propose to carry out DLA through a boot-
strap process, that is by employing some notion of

buck” associated with each in deep lexical

S as awl word similarity, and learning the lexical types for a
acquisition applications.

novel lexeme through analogy with maximally sim-
ilar word(s) for which we know the lexical types. In
this, we are interested in exploring the impact of dif-
ferent secondary language resources (LRs) on DLA,
Over recent years, computational linguistics hasnd estimating how successfully we can expect to
benefitted considerably from advances in statistiearn new lexical items from a range of LR types.
cal modelling and machine learning, culminatingrhat is, we estimate the expected DLA “bang for the
in methods capable of deeper, more accurate abuck” from a range of secondary LR types of vary-
tomatic analysis, over a wider range of languagegg size and complexity. As part of this, we look
Implicit in much of this work, however, has beenat the relative impact of different LRs on DLA for
the existence ofleep language resource¢DLR different open word classes, namely nouns, verbs,
hereafter) of ever-increasing linguistic complexityadjectives and adverbs.
including lexical semantic resources (e.g. Word- \we demonstrate the proposed DLA methods rel-
Net and FrameNet), precision grammars (e.g. thgtive to the English Resource Grammar (see Sec-
English Resource Grammar and the various Pafipn 2.1), and in doing so assume the lexical types
Gram grammars) and richly-annotated treebankst the target DLR to be syntactico-semantic in na-
(e.g. PropBank and CCGbank). _ ture. For example, we may predict that the word
Due to their linguistic complexity, DLRs are in- 4og has a usage as an intransitive countable noun
variably constructed by hand and thus restricted i(h,intr _le ! cf. The dogbarked, and also as a

size and coverage. Our aim in this paper is to d&ransitive verb y_np_trans _le , cf. It doggedmy
velop general-purpose automatic methods which cayery step -

be used to automatically expand the coverage of an  gecondary interest of this paper is the consid-
existing DLR, through the process déep lexical g ra4ion of how well we could expect to perform

acquisition (DLA hereafter). DLA for languages of differing density, from “low-
The development of DLRs can be broken down guag g 4

int(_) two basic ta5k_53 (1) design of a data FEPresen- 1a| example lexical types given in this paper are taken di-
tation to systematically capture the generalisationsctly from the English Resource Grammar — see Section 2.1.

1 Introduction
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density” languages (such as Walpiri or Uighur) forferent types of LR are used for DLA. Crucially, we
which we have limited LRs, to “high-density” lan- investigate only LRs which we believe to be plausi-
guages (such as English or Japanese) for which viady available for languages of varying density, and
have a wide variety of LRs. To this end, while we exaim to minimise assumptions as to the pre-existence
clusively target English in this paper, we experimenof particular preprocessing tools. The basic types of
with a range of LRs of varying complexity and type,resources and tools we experiment with in this paper
including morphological, syntactic and ontologicalare detailed in Table 1.
LRs. Note that we attempt to maintain consistency Past research on DLA falls into two basic cat-
across the feature sets associated with each, to makgories: expert system-style DLA customised to
evaluation as equitable as possible. learning particular linguistic properties, and DLA

The remainder of this paper is structured as folvia resource translation. In the first instance, a spe-
lows. Section 2 outlines the process of DLA and reeialised methodology is proposed to (automatically)
views relevant resources and literature. Sections Barn a particular linguistic property such as verb
4 and 5 propose a range of DLA methods based @ubcategorisation (e.g. Korhonen (2002)) or noun
morphology, syntax and ontological semantics, rezountability (e.g. Baldwin and Bond (2003a)), and
spectively. Section 6 evaluates the proposed metlittle consideration is given to the applicability of
ods relative to the English Resource Grammar.  that method to more general linguistic properties. In

the second instance, we take one DLR and map it

2 Task Outline onto another to arrive at the lexical information in

] ) the desired format. This can take the form of a one-
This research aims to develop methods for DLAyen process, in mining lexical items directly from
which can be run automatically given: (a) a prey p| R (e.g. a machine-readable dictionary (Sanfil-
existing DLR which we wish to expand the COVerinno and Pozrfaski, 1992)), or two-step process in
age of, and (b) a set of secondary LRs/preprocessqgsing an existing system to learn lexical properties
for that language. The basic requirements to achieys one format and then mapping this onto the DLR

this are the discrete inventory of lexical types in thes choice (e.g. Carroll and Fang (2004) for verb sub-
DLR, and a pre-classification of each secondary LBategorisation learning).

(e.g. as a corpus or wordnet, to determine what set of
features to employ). Beyond this, we avoid makin r
any assumptions about the language family or DL%_I

There have also been instances of more gen-
al methods for DLA, aligned more closely with
is research. Fouvry (2003) proposed a method
type. o .of token-based DLA for unification-based precision
The DLA strategy we propose in this research ig .o mmars, whereby partially-specified lexical fea-
to use secondary LR(s) to arrive at a feature sSigy o5 generated via the constraints of syntactically-

nature for each lexeme, and map this onto the Sygsieracting words in a given sentence context, are

tem of choice indirectly via supervised leaming, i.eonhined to form a consolidated lexical entry for
observation of the correlation between the featurﬁ.'at word. That is, rather than relying on indi-

signﬁttérel and clask)sificati?ndof bootstrap da(tja. ThiSct feature signatures to perform lexical acquisition,
;net Of ology caln e akpp led to ur_1tz):1|nnotate Colrp‘fﬁe DLR itself drives the incremental learning pro-
ata, for example, making it possible to tune a lexXzoqq - Also somewhat related to this research is the

icon to a particular domain or register as exemp“general-purpose verb feature set proposed by Joanis

fied in a particular r_epository of text. As it does not; 4 stevenson (2003), which is shown to be appli-
make any assumptions about the nature of the Syssye in 4 range of DLA tasks relating to English
tem of lexical types, we can apply it fully automat—verbS

ically to any DLR and feed the output directly into
the lexicon without manual intervention or worry of
misalignment. This is a distinct advantage when th
inventory of lexical types is continually undergoingAll experiments in this paper are targeted at the
refinement, as is the case with the English Resour@&nglish Resource Grammar (ERG; Flickinger
Grammar (see below). (2002), Copestake and Flickinger (2000)). The ERG
A key point of interest in this paper is the investi-is an implemented open-source broad-coverage
gation of the relative “bang for the buck” when dif- precision Head-driven Phrase Structure Grammar

%.1 English Resource Grammar
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Secondary LR type Description Preprocessor(s)

Word list™* List of words with basic POS —

Morphological lexicori ~ Derivational and inflectional word relations —

Compiled corpus™ Unannotated text corpus POS tagget*
Chunk parser
Dependency parser

WordNet-style ontology Lexical semantic word linkages —

Table 1: Secondary LR and tool types targeted in this rese&tthr (high expectation of availability for a
given language’* = medium expectation of availability;= low expectation of availability)

(HPSG) developed for both parsing and generation. Word class Lexical types Lexical items

It contains roughly 10,500 lexical items, which, Noun 28 3,032
when combined with 59 lexical rules, compile out  \erb 39 1,334
to around 20,500 distinct word formds.Each lex- Adjective 17 1,448
ical item consists of a unique identifier, a lexical  Adverb 26 721
type (one of roughly 600 leaf types organized into ~Totg] 110 5,675

a type hierarchy with a total of around 4,000 types), o ,

an orthography, and a semantic relation. The graniOt€ that it is relatively common for a lexeme to
mar also contains 77 phrase structure rules whicddfCur with more than one lexical type in the ERG:
serve to combine words and phrases into larger cof2-6% Of lexemes have more than one lexical type,
stituents. Of the 10,500 lexical items, roughly 3,00(?;”;’I ige average number of lexical types per lexeme

are multiword expressions. . )
In evaluation, we assume we have prior knowl-

To get a basic sense of the syntactico-semantftd9e ©f the basic word classes each lexeme belongs
granularity of the ERG, the noun hierarchy, for ex© (I-. noun, verb, adjective and/or adverb), infor-
ample, is essentially a cross-classification of counft@tion which could be derived trivially from pre-
ability/determiner co-occurrence, noun valence ang¥iSting shallow lexicons and/or the output of a tag-

preposition selection properties. For example, [ex3€"- _
ical entries ofn_mass_count _ppof _le type can Recent development of the ERG has been tightly

be either countable or uncountable, and optionall§ouPled with treebank annotation, and all major ver-

select for a PP headed o (example lexical items Sions of the grammar are deployed over a common

arechoiceandadministratior. set of treebank data to help empirically trace the
evolution of the grammar and retrain parse selection

As our target lexical type inventory for DLA, we models (Oepen et ql., 2002)_. We treat this as a held-

identified all open-class lexical types with at leasPUt dataset for use in analysis of to&enfrequency

10 lexical entries, under the assumption that: (4)f €ach Iexicalitem, to complement analysisyyie

the ERG has near-complete coverage of closed-claS¥€! léarning performance (see Section 6).

lexical entries, and (b) the bulk of new lexical entries

will correspond to higher-frequency lexical types!

This resulted in the following breakdowh: The proposed procedure for DLA is to generate a
feature signature for each word contained in a given
secondary LR, take the subset of lexemes contained
in the original DLR as training data, and learn lex-
ical items for the remainder of the lexemes through

" 2A|l statistics and analysis relating to the ERG in this pa esyperVISed learning. In order to m-aXImISG compara-

are based on the voraioa of 11 June,gzoo4. PaPehility between the results for the different DLRs, we

3Note that all results are over simplex lexemes only, and thﬁmpl_oy a common classifier design wherever possi-
we choose to ignore multiword expressions in this research. ble (in all cases other than ontology-based DLA),

.2 Classifier design

69



using TiIMBL 5.0 (Daelemans et al., 2003); we3 Morphology-based Deep Lexical

used the IB1k-NN learner implementation within Acquisition

TiMBL, with k& = 9 throughout. We additionally _ _

employ the feature selection method of Baldwin andVe first perform DLA based on the following mor-
Bond (2003b), which generates a combined rankin%h()log_'Cal LRs: (1) word lists, and (2) morphologi-
of all features in descending order of “informative-Cal lexicons with a description of derivational word
ness” and skims off the top* features for use in correspondences. Note that in evaluation, we pre-

classification:V was set to 100 in all experiments. SUPPOse that we have access to word lemmas al-
though in the first instance, it would be equally pos-

As observed above, a significant number of lexsible to run the method over non-lemmatised data.
emes in the ERG occur in multiple lexical items. If
we were to take all lexical type combinations ob3.1 Charactern-grams

served for a single lexeme, the total number of lexm |ine with our desire to produce DLA methods
ical “super’-types would be 451, of which 284 areyhich can be deployed over both low- and high-
singleton classes. Based on the sparseness of thisnsity languages, our first feature representation
data and also the findings of Baldwin and Bondakes a simple word list and converts each lexeme
(2003b) over a countability learning task, we choosgto a characten-gram representatiohin the case

to carry out DLA via a suite of 110 binary CIaSSiﬁerS,of Eng"sh’ we generated all 1- to 6_grams for each
one for each lexical type. lexeme, and applied a series of filters to: (1) filter out

We deliberately avoid carrying out extensive feadll n-grams which occurred less than 3 times in the

ture engineering over a given secondary LR, choo!;e—”(icOn data; and (2) filter out all-grams which oc-

ing instead to take a varied but simplistic set of featy' with the same frequency as largegrams they

tures which is parallelled as much as possible p&'€ Proper substrings of. We then select the 3,900

tween LRs (see Sections 3-5 for details). We add?:_haracten-grams with highest saturation across the

tionally tightly constrain the feature space to a max_exicon data (see Section 2.2). e :
y 9Ly P The characten-gram-based classifier is the sim-

imum of 3,900 features, and a maximum of 50 fea- o T
ture instances for each feature type: in each cas@eSt of all classifiers employed in this research, and

the 50 feature instances are selected by taking tiy@" be c_iepl_oyed on any Ia_nguage for which we have
features with highest saturation (i.e. the highest r& word list (ideally lemmatised).
_tio_ of non-zero values) across the full lexicon. This\,’_2 Derviational morphology
is in an attempt to make evaluation across the differ-
ent secondary LRs as equitable as possible, and dgeté sécond morphology-based DLA method makes
a sense of the intrinsic potential of each secondaMg€ of derivational morphology and analysis of the
LR in DLA. Each feature instance is further transProcess of word formation. As an example of how
lated into two feature values: the raw count of thélerivational information could assist DLA, know-
feature instance for the target word in question, anf#d that the nourachievements deverbal and in-
the relative occurrence of the feature instance ov&Prporates thementsuffix is a strong predictor of
all target word token instances. it being optionally uncountable and optionally se-
lecting for a PP argument (i.e. being of lexical type
One potential shortcoming of our classifier archin_mass_count _ppof _le ).
tecture is that a given word can be negatively clas- We generate derivational morphological features
sified by all unit binary classifiers and thus not asfor a given lexeme by determining its word clus-
signed any lexical items. In this case, we fall backer in CATVAR’ (Habash and Dorr, 2003) and then
on the majority-class lexical type for each word clasfor each sister lexeme (i.e. lexeme occurring in the

the word has been pre-identified as belonging to. ®Although this would inevitably lose lexical generalisations

among the different word forms of a given lemma.
5We also experimented with syllabification, but found the
- charactemn-grams to produce superior results.

“We also experimented with bsvm and SVMLight, and a “In the case that the a given lemma is not in CATVAR, we
maxent toolkit, but found TiIMBL to be superior overall, we hy- attempt to dehyphenate and then deprefix the word to find a
pothesise due to the tight integration of continuous features imatch, failing which we look for the lexeme of smallest edit
TiMBL. distance.
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same cluster as the original lexeme with the same The feature types used with the tagger are detailed
word stem), determine if there is a series of ediin Table 2, where the position indices are relative to
operations over suffixes and prefixes which mapthe target word (e.g. the word at positier2 is two

the lexemes onto one another. For each sister lewords to the left of the target word, and the POS
eme where such a correspondence is found to etag at positiorD is the POS of the target word). All
ist, we output the nature of the character transformdeatures are relative to the POS tags and words in the
tion and the word classes of the lexemes involvedmmediate context of each token occurrence of the
E.g., the sister lexemes fachievement in CAT- target word. “Bi-words” are word bigrams (e.g. bi-
VAR are achieve, achieveg, achievabl@y; and word (1, 3) is the bigram made up of the words one
achievabilityy; the mapping betweeachievemeRt and three positions to the right of the target word);
andachievey, e.g., would be analysed as: “bi-tags” are, similarly, POS tag bigrams.

N —ment$ — N +r$ 4.2 Chunking

Each such transformation is treated as a single fe?‘he second form of syntactic preprocessing, which
ture. ) . builds directly on the output of the POS tagger, is
We exhaustively generate all such transformations | 2000-style full text chunking (Tjong Kim
for each lexeme, and filter the feature space as f%rang and Buchholz, 2000). The particular chun-
characten-grams above. o ker we use was custom-built using fnTBL 1.0 once

Clearly, LRs which document derivational mor-a4ain and operates over the lemmatised output of
phology are typically only available for high-densityine pos tagger.
languages. Also, it is worth bearing in mind that g feature set for the chunker output includes a
derivational morphology exists in only a limited 5 hset of the POS tagger features, but also makes
form for certain language families, e.9. agglutinativg,se of the local syntactic structure in the chunker in-
languages. put in incorporating both intra-chunk features (such

_ L as modifiers of the target word if it is the head of a

4 Syntax-based Deep Lexical Acquisition  chnk; or the head if it is a modifier) and inter-chunk
é(_eatures (such as surrounding chunk types when the
farget word is chunk head). See Table 2 for full de-
@'Is.

Syntax-based DLA takes a raw text corpus and pr
processes it with either a tagger, chunker or depe
dency parser. It then extracts a set of 39 feature typ i i
based on analysis of the token occurrences of a givenNOt€ that while chunk parsers are theoretically
lexeme, and filters over each feature type to produgéas'er to develop tha_n full ph(ase—structure or tree-
amaximum of 50 feature instances of highest satur@2nk parsers, only high-density languages such as
tion (e.g. if the feature type is the word immediately="9lish and Japanese have publicly available chunk
proceeding the target word, the feature instances aP8'S€rs:

the 50 words which proceed the most words in oup
lexicon). The feature signature associated with &
word for a given preprocessor type will thus have he third and final form of syntactic preprocessing

3 Dependency parsing

a maximum of 3,900 items39 x 50 x 2).8 is dependency parsing, which represents the pinna-
cle of both robust syntactic sophistication and inac-
4.1 Tagging cessibility for any other than the highest-density lan-

The first and most basic form of syntactic pre_guages. icular d d .
processing is part-of-speech (POS) tagging. Fqr The particular dependency parser we use Is

our purposes, we use a Penn treebank-style taggilé'rASFg (Bri_s_coe and Carroll, 2002), which outputs .
custom-built using fnTBL 1.0 (Ngai and Florian, _ead—modlfler dependency tuples and further classi-

2001), and further lemmatise the output of the tagg |ES each tuple according to a total of 14 relations;
using morph (Minnen et al., 2000). ASP also outputs the POS tag of each word to-
ken. As our features, we use both local word and
Note that we will have less than 50 feature instances foPQOS features, for comparability with the POS tagger
some feature types, e.g. the POS tag of the target word, given
that the combined size of the Penn POS tagset is 36 elements °RASP is, strictly speaking, a full syntactic parser, but we
(not including punctuation). use it in dependency parser mode
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Feature type Positions/description Total

TAGGER 39
POS tag (—4,-3,-2,-1,0,1,2,3,4) 9
Word (—4,-3,-2,-1,1,2,3,4) 8
POS bi_tag ( —4,-1), (745 )7 (737 72)7 (737 71)a (7370 J (727 71)7 (725 0)5

(_]" 7(071 7(072)7(073 7( 74)7(172)7(173)7 174)7( 73)) 16
Bi-word ((—3,-2),(-3,-1),(-2,-1),(1,2),(1,3),(2,3)) 6

CHUNKER 39
Modifi€read Chunk heads when target word is modifier 1
Modifierchunk Chunk types when target word is modifier 1
Modifie€uord Modifiers when target word is chunk head 1
Modifieeros POS tag of modifiers when target word is chunk head 1
Modifiee.ord+-pos ~ Word + POS tag of modifiers when target word is chunk head 1
POS tag (-3,-2,-1,0,1,2,3) 7
Word (-3,-2,-1,1,2,3) 6
Chunk (—4,-3,-2,-1,0,1,2,3,4) 9
Chunk head (-3,-2,-1,1,2,3) 6
Bi-chunk ((_27_1)7(_270)3(_170)7(07 1)7(072)7(172)) 6

DEPENDENCY PARSER 39
POS tag (-2,-1,0,1,2) 5
Word (-2,-1,1,2) 4
CONjuord Words the target word coordinates with 1
Conjeos POS of words the target word coordinates with 1
Head Head word when target word modifier in dependency relatioi4) 14
Modifier Modifier when target word head of dependency relatieriLé) 14

Table 2: Feature types used in syntax-based DLA for the different preprocessors

and chunker, and also dependency-derived featurés, Ontology-based Deep Lexical
namely the modifier of all dependency tuples the tar- ~ Acquisition
get word occurs as head of, and conversely, the head

of all dependency tuples the target word occurs ahe final DLA method we explore is based on the
modifier in, along with the dependency relation imypothesis that there is a strong correlation between
each case. See Table 2 for full details. the semantic and syntactic similarity of words, a
claim which is best exemplified in the work of Levin
(1993) on diathesis alternations. In our case, we
4.4 Corpora take word similarity as given and learn the syntactic
) behaviour of novel words relative to semantically-
We ran the three syntactic preprocessors over a t@inijar words for which we know the lexical types.
tal of three corpora, of varying size: the Brown coryye yse WordNet 2.0 (Fellbaum, 1998) to determine
pus (-460K tokens) and Wall Street Journal corpugyorg similarity, and for each sense of the target
(~1.2M tokens), both derived from the Penn Treeg o in wordNet: (1) construct the set of “seman-
bank (Marcus et al., 1993), and the written compogic neighbours” of that word sense, comprised of all
nent of the British N'atlonal C')orpu.sv98M tokens: synonyms, direct hyponyms and direct hypernyms;
Burnard (2000)). This selection is intended to model 4 (2) take a majority vote across the lexical types
the effects of variation in corpus size, 10 investigatey he semantic neighbours which occur in the train-
how well we could expect syntax-based DLA meth;ng gata. Note that this diverges from the learning

ods to perform over both smaller and larger COrpOrayaradigm adopted for the morphology- and syntax-

Note that the only corpus annotation we make udeased DLA methods in that we use a simple voting
of is sentence tokenisation, and that all preprocestrategy rather than relying on an external learner to
sors are run automatically over the raw corpus dataarry out the classification. The full set of lexical
This is in an attempt to make the methods maximallgntries for the target word is generated by taking the
applicable to lower-density languages where annamion of the majority votes across all senses of the
tated corpora tend not to exist but there is at least thveord, such that a polysemous lexeme can potentially
possibility of accessing raw text collections. give rise to multiple lexical entries. This learning
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procedure is based on the method used by van dereach graph, we present the type F-score and to-
Beek and Baldwin (2004) to learn Dutch countabilken accuracy for each method, and mark the best-
ity. performing method in terms of each of these evalua-
As for the suite of binary classifiers, we fall backtion measures with a sta¥)( The results for syntax-
on the majority class lexical type as the default ilased DLA Gpos, Scnunk andSparse) are based
the instance that a given lexeme is not contained ion the BNC in each case. We return to investigate
WordNet 2.0 or no classification emerges from théhe impact of corpus size on the performance of the
set of semantic neighbours. It is important to resyntax-based methods below.

alise that WordNet-style ontologies exist only for the | ooking first at the combined results over all lex-
highest-density languages, and that this method wia| types (Figure 1), the most successful method

thus have very limited language applicability. in terms of type F-score is syntax-based DLA,
) with chunker-based preprocessing marginally out-
6 Evaluation performing tagger- and parser-based preprocessing

We evaluate the component methods over the 5,6f§/pe F-score = 0.641). The _most successful method
open-class lexical items of the ERG described i?é] terms of token_accuracy is ontology-based DLA
Section 2.1 using 10-fold stratified cross-validation.mken accuracy = 0.544).
In each case, we calculate thgoe precision (the ~ The figures for token accuracy require some qual-
proportion of correct hypothesised lexical entriesification: ontology-based DLA tends to be liberal
andtype recall (the proportion of gold-standard lex- In its generation of lexical items, giving rise to
ical entries for which we get a correct hit), whichover 20% more lexical items than the other meth-
we roll together into théype F-score(the harmonic 0ds (7,307 vs. 5-6000 for the other methods) and
mean of the two) relative to the gold-standard ER@roportionately low type precision. This correlates
lexicon. We also measure thieken accuracyfor with an inherent advantage in terms of token ac-
the lexicon derived from each method, relative tguracy, which we have no way of balancing up in
the Redwoods treebank of Verbmobil data assocfur token-based evaluation, as the treebank data of-
ated with the ERG (see Section 219)The token ac- fers no insight into the true worth of false nega-
curacy represents a weighted version of type prediil/e lexical items (i.e. have no way of distinguishing
sion, relative to the distribution of each lexical itembetween unobserved lexical items which are plain
in a representative text sample, and provides a cru#éong from those which are intuitively correct and
approximation of the impact of each DLA methodcould be expected to occur in alternate sets of tree-
on parser coverage. That s, it gives more credit for @ank data). We leave investigation of the impact of
method having correctly hypothesised a commoniythese extra lexical items on the overall parser perfor-
occurring lexical item than a low-frequency lexicalmance (in terms of chart complexity and parse se-
item, and no credit for having correctly identified alection) as an item for future research.
lexical item not occurring in the corpus. The morphology-based DLA methods were
The overall results are presented in Figure laround baseline performance overall, with charac-
which are then broken down into the four opertern-grams marginally more successful than deriva-
word classes in Figures 2-5. The baseline methdtbnal morphology in terms of both type F-score and
(Bas@ in each case is a simple majority-class classtoken accuracy.

fier, which generates a unique lexical item for each Tyrning next to the results for the proposed meth-

lexeme pre-identified as belonging to a given wor@ds over nouns, verbs, adjectives and adverbs (Fig-

class of the following type: ures 2-5, respectively), we observe some interest-
ing effects. First, morphology-based DLA hovers

Word class _Majority-class lexical type around baseline performance for all word classes

Noun nintr e except adjectives, where charactegrams produce
Verb v_np_trans _le the highest F-score of all methods, and nouns, where
Adjective  adj -intrans _le derivational morphology seems to aid DLA slightly
Adverb adv_int _vp_le (providing weak support for our original hypothesis
1Note that the token accuracy is calculated only over thd! S€ction 3.2 relating to deverbal nouns and affixa-
open-class lexical items, not the full ERG lexicon. tion).
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Figure 6: Results for the syntax-based deep lexical

acquisition methods over corpora of differing size

morphology-based DLA with charactergrams,
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, s = syntax-based DLA with POS taggingz®unk

syntax-based DLA with dependency parsing, and Ont = ontology-based DLA

baseline, Mgar
morphology-based DLA

chunking, $ARrse

Figure 3: Results for the proposed deep lexical ac-

quisition methods oveveRB lexical types

Note: Base



Syntax-based DLA leads to the highest type Fat the type level, but ontology-based DLA seems to
score for nouns, verbs and adverbs, and the highdst able to correctly predict the commonly-occurring
token accuracy for adjectives and adverbs. The difexical entries.
ferential in results between syntax-based DLA and gingjly, we examine the impact of corpus size on

the other methods is particularly striking for ad-pe performance of syntax-based DLA with tagger-
verbs, with a maximum type F-score of 0.544 (fol,55¢ preprocessiftg. In Figure 6, we examine
chunker-based preprocessing) and token accuracyfit relative change in type F-score and token ac-
0.340 (for tagger-based preprocessing), as comparggiacy across the four word classes as we increase
to baseline figures of 0.471 and 0.017 respectively,o corpus size (from 0.5m words to 1m and fi-
There is relatively little separating the three styleﬁa”y 100m words, in the form of the Brown cor-

of preprocessing in syntax-based DLA, althoughy,s \wsJ corpus and BNC, respectively). For verbs

chunker-based preprocessing tends to have a sligffq adjectives, there is almost no change in either
edge in terms of type F-score, and tagger-based pigne F-score or token accuracy when we increase

processing generally produces the highest token agje corpus size, whereas for nouns, the token ac-
curacy:* This suggests that access to a POS tagggfiracy actually drops slightly. For adverbs, on the
for a given language is sufficient to make syntaxgiher hand, the token accuracy jumps up from 0.020
based DLA work, and that syntax-based DLA thug, 0.381 when we increase the corpus size from
has'moderately _h_|gh applicability across languagegy, words to 100m words, while the type F-score
of different densities. rises only slightly. It thus seems to be the case that
Ontology-based DLA is below baseline in term3arge corpora have a considerable impact on DLA
of type F-score for all word classes, but results ifior commonly-occurring adverbs, but that for the
the highest token accuracy of all methods for noungmaining word classes, it makes little difference
and verbs (although this finding must be taken witQyhether we have 0.5m or 100m words. This can
a grain of salt, as noted above). be interpreted either as evidence that modestly-sized
Another noteworthy feature of Figures 2-5 is theorpora are good enough to perform syntax-based
huge variation in absolute performance across theLA over (which would be excellent news for low-
word classes: adjectives are very predictable, with@ensity languages!), or alternatively that for the sim-
majority class-based baseline type F-score of 0.83Ristic syntax-based DLA methods proposed here,
and token accuracy of 0.847; adverbs, on the othefiore corpus data is not the solution to achieving
hand, are similar to verbs and nouns in terms of thehigher performance.
baseline type F-score (at 0.471), but the adverbs thatReturning to our original question of the

occur commonly in corpus data appear to belong iy e pyck” associated with individual LRs, there
less-populated lexical types (as seen in the baseliggo g (g he no simple answer: simple word lists are

the hardest to learn in terms of the relative increp,, ¢+ offer little in terms of learning the other three

mentin tokgn_ accuracy over the baseline. Verbs {ford classes. Morphological lexicons with deriva-
extremely difficult to getright at the type level, but ity 5| information are moderately advantageous in

appears that ontology-based DLA is highly adept g5 hing the syntax of nouns but little else. A POS

getting the commonly-occurring lexical items right.tagger seems sufficient to carry out syntax-based
To summarise these findings, adverbs seem {§| A and the word class which benefits the most
benefit the most from syntax-based DLA. AdjeCtrom |arger amounts of corpus data is adverbs, other-
tives, on the other hand, can be learned most effegjise the proposed syntax-based DLA methods don't
tively from simple charactes-grams, i.e. similarly-  seem to benefit from larger-sized corpora. Ontolo-
spelled adjectives tend to have similar syntax, gjes have the greatestimpact on verbs and, to a lesser
somewhat surprising finding. Nouns are surprisjegree, nouns. Ultimately, this seems to lend weight

ingly hard to learn, but seem to benefit to some d&p g “horses for courses”, or perhaps “resources for
gree from corpus data and also ontological similatzoyrses” approach to DLA.

ity. Lastly, verbs pose a challenge to all methods

bang

1This trend was observed across all three corpora, although *2The results for chunker- and parser-based preprocessing are
we do no present the full results here. almost identical, and this omitted from the paper.
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7 Conclusion tional Conference on Language Resources and Evaluation
(LREC 2000)Athens, Greece.

We_ have pf_ol?(?sed three basic paradlg_ms for de%‘lallter Daelemans, Jakub Zavrel, Ko van der Sloot, and An-
lexical acquisition, based on morphological, syntac- tal van den Bosch. 2003TiMBL: Tilburg Memory Based
tic and ontological language resources, and demon-Learner, version 5.0, Reference GuidéK Technical Re-
strated the effectiveness of each strategy at learn-Port93-10:
; ; : ; i _Christiane Fellbaum, editor. 1998WordNet: An Electronic
mg lexical items for the lexicon of a pr.eCISIOn. E.n Lexical DatabaseMIT Press, Cambridge, USA.
glish grammar. We discovered surprising variation L L .
in the results for the different DLA methods. with Dan Flickinger. 2002. On building a more efficient grammar by
In A - . ' exploiting types. In Stephan Oepen, Dan Flickinger, Jun’ichi
each learning method performing particularly well = Tsuijii, and Hans Uszkoreit, editor€pllaborative Language
for at least one basic word class, but the best overall Engineering CSLI Publications, Stanford, USA.
methods being syntax- and ontology-based DLA. Frederik Fouvry. 2003. Robust Processing for Constraint-
The results presented in this paper are based Onbased Grammar Formalism&h.D. thesis, University of Es-
. . Sex.
one particular language (English) and a very SpeI\Tizar Habash and Bonnie Dorr. 2003. CATVAR: A database
cific _Style of DLR (a precision grammar, nam_ely the of categorial variations for English. IRroc. of the Ninth
English Resource Grammar), so some caution mustMachine Translation Summit (MT Summit J)§pges 4714,
be exercised in extrapolating the results too liberally New Orleans, USA.
over new languages/DLA tasks. In future researcliric Joanis and Suzanne Stevenson. 2003. A general feature
we are interested in carrving out experiments over SPace for automatic verb classification. Rroc. of the 10th
ther | d Ity gt DLRp to det . Conference of the EACL (EACL 2003®rages 163-70, Bu-
other languages and alternate s to determine gapest Hungary.

how well these results generalise and formulate aJ\'nna Korhonen. 2002Subcategorization AcquisitionPh.D.

ternate strategies for DLA. thesis, University of Cambridge.
Beth Levin. 1993.English Verb Classes and Alterationgni-
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