1

An Empirical Comparison of Unknown Word Prediction Methods

Kostadin Cholakov', Gertjan van Noord', Valia Kordoni*, Yi Zhang*

T University of Groningen, The Netherlands
T Saarland University and DFKI GmbH, Germany
{k. chol akov, g.j . m van. noord}@ ug. nl
{kor doni , yzhang}@ol i . uni - sb. de

Abstract

We compare two types of methods which
deal with unknown words in the context
of computational grammars. Methods of
the first type are based on the ideasof
pertaggingand use a tagger to predict lex-
ical descriptions for unknown tokens in a
given input. The second type of methods
performlexical acquisition(LA) which, in

the context of this paper, refers to the au-
tomatic acquisition of new lexical entries
for the lexicon of a given grammar. The
methods are compared based on the effect
their application has on the parsing cov-
erage and accuracy of the GG grammar
of German (Crysmann, 2003). In particu-
lar, we adapt the LA method of Cholakov
and van Noord (2010) which was origi-
nally developed for the Dutch Alpino sys-
tem to be used with the GG. Its impact
on coverage and accuracy on a test corpus
of German newspaper texts is compared to
the results reported previously on the same
corpus for methods which employed a tag-
ger. Furthermore, in a smaller experiment,
we show that the linguistic knowledge this
LA method provides can also be used for
sentence realisation.

Introduction

first type is based on the concept of supertagging
while the second one performs LA. Generally, su-
pertagging refers to the process of applying a se-
quential tagger to assign lexical descriptions asso-
ciated with each word in an input string, relative
to a given grammar. It was introduced as a means
to reduce parsing ambiguity of LTAG grammars
(Bangalore and Joshi, 1999), and has since been
applied within CCG (Clark, 2002; Clark and Cur-
ran, 2004) and HPSG (Dridan et al., 2008; Zhang
et al., 2010) grammars. Supertagging has also
been employed for dealing with unknown words.
However, in such methods, the tagger is used to as-
sign lexical descriptionsnly to the unknown to-
kens in a given sentence. It is important to note
here that henceforth, we will use the tesup-
pertaggingin this narrow sense of tagging un-
known words only. Supertagging methods often
work online The unknown words are assigned
lexical entries when they are encountered in the
input during parsing. Therefore, the focus is pri-
marily on improving the parsing coverage and ac-
curacy of the grammar for a particular input. The
performance of such methods is usually evaluated
in terms oftoken accuracythat is the proportion
of correctly tagged unknown lexical tokens in the
input.

LA, on the other hand, aims at learning auto-
matically new lexical entries and thus, at extend-
ing the lexicon of a given grammar. The strategy is

Computational grammars of natural languageo improve the parsing coverage and accuracy by
which rely on hand-crafted lexicons containingimproving the quality and the coverage of the lex-
elaborate linguistic descriptions usually have lowicon of the grammar. While suppertagging meth-
lexical coverage. This is due to the fact that it isods are concerned with a particular form of the un-
impossible to list every word in a language in theknown word within the particular context this form
lexicon. If a word is unknown to the grammar, or occurs in the input, LA techniques look at various
its description in the lexicon is wrong or incom- forms and contexts of the unknown word and use
plete, the grammar might fail to produce a (cor-more detailed linguistic information to learn a new
rect) analysis. lexical entry for it. This makes LA methods more
In this paper, we compare two types of ap-complex and time-consuming. That is why, they
proaches for dealing with unknown words. Theare often appliedffline LA methods are usually
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evaluated in terms dfype precisionandtype re- and van Noord (2010) — henceforth @&l— and
call. For a given LA method, type precision indi- applied with the GG. Then, we compare the pars-
cates the proportion of correctly predicted lexicaling coverage and accuracy the GG achieves on a
entries and type recall indicates how many of theGerman newspaper corpus to those reported for
correct lexical entries for a given word are actuallysupertagging methods applied previously with the
found. GG on the same corpus. For all techniques, the
Both supertagging and LA have been successexperiments show that their application leads to an
fully used. For instance, Blunsom and Bald-increase in coverage compared to the baseline, that
win (2006) employ a conditional random field- is the standard GG setup. However, the supertag-
based tagger to predict lexical entries for large-ging methods achieved this at the price of having
scale HPSG grammars of English (ERG; (Copestower accuracy than the baseline. The application
take and Flickinger, 2000)) and Japanese (JACYof the adapted C&N method, on the other hand,
(Siegel and Bender, 2002)). Zhang and Kordonincreases parsing accuracy compared to the base-
(2006) and Dridan et al. (2008) have developed dine. This difference in quality might not always
maximum entropy-based (ME) tagger and invesbe crucial since less accurate parses produced by
tigate the effect its application has on the parsthe grammar can still be used successfully in many
ing performance of the ERG and the GG. OtheMNLP applications. In such cases, the less com-
methods which apply the same tagger to the G@lex supertagging methods might be the preferred
include Nicholson et al. (2008) and Cholakov etchoice. However, through a small sentence reali-
al. (2008). The ERG, the GG and JACY are partsation experiment, we give an example of an ap-
of the DELPH-IN collaboratiodt and as such, they plication where high-quality LA is a prerequisite.
share the same grammar design and parsing ar- Other kinds of LA techniques have also been
chitecture which facilitates the application of theproposed. Cussens and Pulman (2000) used a
same tagger. Baldwin (2005) presents a LA apsymbolic approach employirigductive logic pro-
proach where various secondary resources (PO&amming while Erbach (1990), Barg and Walther
taggers, chunkers, etc.) are used to create an af#998) and Fouvry (2003) followed a unification-
straction of words unknown to the ERG and thenbased approach. However, it is doubtful if those
binary classifiers are employed to learn lexical enimethods are scalable since they have not been ap-
tries for those words. However, learning is doneplied to large-scale grammars and no meaningful
based on incomplete information obtained by thesvaluation has been provided.
various resources used. Further, no evaluation of The remainder of the paper is organised as fol-
the effect the method has on the parsing perfortows. Section 2 describes the resources we em-
mance of the ERG is provided. Cholakov andploy. Section 3 gives an overview of the supertag-
van Noord (2010) describe a LA method where aging methods previously applied with the GG.
ME-based classifier is used to acquire lexical enSection 4 describes the adaptation of the O\
tries for all forms in the paradigms of words, un- method to the GG. Section 5 gives details on
known to the large-scale Dutch Alpino grammarthe training procedure for the ME-based classifier
(van Noord, 2006). The paper also shows that th@sed in the C&N technique. Section 6 evaluates
application of LA improves the parsing accuracythe parsing coverage and accuracy on the German
of Alpino on open-domain texts. newspaper corpus when this technique is applied
For our purpose of comparing supertagging andvith the GG and compares the results to the results
LA, we investigate how methods implementing reported previously for the suppertagging methods
these strategies affect the parsing coverage arfdr this corpus. Section 7 explores the possibility
accuracy when applied with the same grammamf using newly acquired lexical entries in a small
namely the GG. Our choice of German and thesentence realisation task. Section 8 concludes the
GG as a platform for comparison is motivated bypaper.
the fact that German has richer morphology and a
more free word order than both English and Dutch2 Resources

which makes unknown word handling more chal- _
lenging. We adapt the LA method of Cholakov The GG (Crysmann, 2003) is an HPSG grammar
based on typed feature structures. The GG types

"http://wiki.del ph-in.net/ are strictly defined within a type hierarchy. The
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grammar contains constructional and lexical rules3  Suppertagging Methods

as well as a lexicon where words are assigned Iex|:| _ . ¢ ta0ai th
ical types. Currently, it consists of 5K types, 115 ere, we give an overview ot supertagging meth-

rules and the lexicon contains approximately 55KOdS applied previously with the GG. Typically,

entries. There are 411 distinct lexical types which€ unknown words are assignegen-classex-

words can be mapped onto. Below is an exam'—cal types. In the case of the GG, open-class lex-

ple of a GG lexical entry, namely the entry for theical types are those assigned to nouns, adjectives,
’ verbs and adverbs. It is assumed that closed-class

word Aufgabe(a task):
gabe( ) words are already handled by the grammar.
auf gabe-n : = count-noun-le & Dridan et al. (2008) adopts the method proposed
[ MORPH. LI ST. FI RST. STEM < " Auf gabe" >, : : .
SYNSEM LKEYS [ -- SUBJOPT -, in Zhang and _Kor_donl (2006) for English and the
KEYAGR c-n-f, ERG and applies it to the GG. A ME-based tagger
KEYREL " _aufgabe.nrel”, is trained on features extracted from the context of

KEYSORT abstract,

NCLASS ncl ass-9 ] 1. the unknown word- four characters from the be-

ginning and the end of the word, and two words of

The lexical type ‘count-noun-le’ shows that the context (where available) either side of the target
word is a countable nodn The STEM type fea- word together with their POS tagsThe applica-
ture specifies the stem of the word. The stention of the tagger led to an improved parsing cov-
for nouns is the singular nominative noun form,erage on a test corpus containing 700 short Ger-
for adjectives— the base noninflected form and foman questions from the CLEF competition. No
verbs— the root form. Adverbs in German haveevaluation in terms of accuracy is provided for
a single form which is used as the value of theGerman. For the same experiment with the ERG,
STEM feature in adverb entries. Some nouns (e.gthe accuracy achieved with the tagger was below
Baukosten(building costs)) do not have all forms the baseline accuracy (the standard ERG setup).
typical for German nouns. In such cases, the word Nicholson et al. (2008) employs the same ME-
itself is set as the value of the STEM feature. Thebased tagger but the paper examines its perfor-
KEYAGR feature indicates case, number and genmance more closely. The tagger is evaluated by
der. In the example above, case and number afgerforming a 10-fold cross-validation on the tree-
left underspecified while the gender is set to femibank associated with the GG. Words which ap-
nine. The value of SUBJOPT shows that this nourpeared only in the test fold were considered un-
is always used with an article and MCLASS indi- known. Since the sentences in the treebank are an-
cates its morphological paradigm. The KEYREL notated, the method is able to use the lexical types
and KEYSORT features define the semantics obf the context words as features instead of their
the word. POS tags. The achieved token accuracy is 58%.

Further, we employ the PET system (Callmeier,Then, the tagger is used to predict lexical types
2000) to parse with the GG. PET is a system for effor unknown words in a random sample of 1000
ficient processing of unification-based grammarssentences extracted from the FR corpus. However,
The system comprises a sophisticated preprocesince no annotation is available for the test corpus,
sor, a bottom-up chart parser and a grammar conthe tagger is run with the same features as in Dri-
piler. For our purposes, we should note that thelan et al. (2008) but without the POS tags of the
parser has a built-in unknown word guesser whichcontext words.
based on some simple heuristics, assigns generic The results are given in Table 1. Coverage in-
types to the unknown words. Most of the featurescreased by 8% for the test corpus. An estimation
in these types are left underspecified. of the parsing accuracy is also given. Parsing ac-

We compare the results of the various meth-uracy is measured as the proportion of sentences
ods based on how they affect the parsing coverfor which a correct parse is produced, among the
age and accuracy of the GG on the FrankfurteFet of parses. 87 sen.tences were ranglomly selected
Rundschau (FR) newspaper corpus. The corpu%nd manually examined. The baseline accuracy

contains 614K sentences and the articles in it dea@s 85%. When suppertagging is applied accu-
with various domains. racy drops to 84%. This is consistent with the re-

- 3The corpora used had been POS tagged with the Tree-
?le stands for lexeme. Tagger (Schmid, 1994).
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sults reported in Dridan et al. (2008) for the ERG.gle framework, and mostly for a single language.
Cholakov et al. (2008) develops further the ideaSo, it is unclear to what extent the various tech-
of using lexical types as features in the tagger. Th@iques can be used for a different language or pars-
paper presents the same system setup as Nicholstg architecture. However, the G& method is
et al. (2008) but with one crucial difference. Theclaimed explicitly to be portable to other systems
tagset used in the experiments consists of more dénd languages provided some conditions are met.
tailed descriptions of the GG lexical types. In thisThese include: a finite set of labels which un-
new tagset, the values of some of the morphosynknown words are mapped onto, a syntactic parser,
tactic features from the lexical entries are attache@nd a morphological component which generates
to the type definition, thus making the informa- the paradigm(s) of a given unknown word.

tion they carry accessib_le t9 the tggge_r. For exam- Similar to Cholakov et al. (2008), we created a
ple, according to the guidelines given in ChOIakovset of labels which consists of more refined defi-

et al. (2008), the lexical type chufgabewould nitions of the GG lexical types. Accordingly, we

becomecount-noun-le-f after attaching the val- - ;2 ch the values of some of the type features de-
ues of the SUBJOPT and KEYAGR features to the;nq i, the relevant lexical entries to the type def-

type definitiort. Having this additional informa- initions of those entries. However, for reasons of

tion, the token accuracy of the tagger increasesf Qata sparseness, we choose to exclude some of the
73.54%. The effect the method ha_s on the ParsiNgatures which Cholakov et al. (2008) considered
coverage and accuracy is shown in Table 1. Th‘I:"elevant. Experiments with different sets of fea-

experiment is done on a_‘ random sample of 1oKtures have shown that the best results are achieved
sentences from the FR with the corpus POS taggegly,q, only features designating morphosyntactic

gnd the tags gf the context'words used as f,eaturefgreement are considered. For all noun types and

in the ta_nger instead of lexical type_s. Parsing aC|'oredicative adjectives this is the KEYAGR fea-

curacy is measured as the proportlon of 100 @Nfyre and for verb types allowing for prepositional

domly selected sentences with at a correct pars@omplements— the COMPAGR and the OCOM-

produced. Again, accuracy decreases in COMparbaGR features which indicate the case of the the

son .to_the baseline (the standard (_;G setup). (oblique) complement. For instance, the lexical
Itis important to note that the lexical entries Cré-type of Aufgabewill becomecount-noun-lef af-

ated by the aforementioned methods for UnknowRg, the gender value of the KEYAGR feature is at-
words are sort of generic due to the inability of;-neq.

those methods to access the values of the type fea-

tures defined in the entries. In Nicholson et al. C&VN propose a method for the generation of
(2008) only the type of the word can be specifiedhe paradigm(s) of a given unknown Dutch word
and the word is set as the value of the STEM fea{Cholakov and van Noord, 2009). The type of
ture. Every other feature in the entry is either un-Word form predicted by the paradigm for that word
derspecified or assigned some default value. This used as a feature in the ME-based classifier em-
technique of Cholakov et al. (2008) can definePloyed in C&N for learning unknown words.
more features in the created lexical entry due té¢0" example, the paradigm éufgabewill indi-

the detailed tagset used. However, accuracy stifate that the word is a singular feminine noun and

decreased. this information will be passed on to the classi-
fier. Further, unlike the Dutch Alpino grammar,
4 Lexical Acquisition with The GG the GG does not have a full form lexicon. All

word forms are derived by applying various mor-
In this section, we describe the adaptation of thephological rules defined in the GG to the word
C&VN LA method to the GG. This adaptation stem. Therefore, we need to add only the cor-
raises the important question about portability ofrect stem of the unknown word the lexicon. Then,
LA. Because of their complexity and dependenceall forms of the word will automatically be recog-
on a particular grammar, LA methods have beemised by the grammar. That is why, in the case of
applied within a single parsing system, in a sin-the GG, we use the generated paradigms to per-

—— form the mapping between unknown words and
The values for case and number for nouns are almost al,[-h ir st For inst Kufaaben(tasks) i
ways left underspecified; that is why only the value of the eir stems. For instance, Kufgaben(tasks) is

gender is attached to the type definition. an unknown word, we will adéufgabe the stem
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Method Coverage (%) Accuracy (%)

Baseline (standard GG)GG + tagger| Baseline (standard GG)GG + tagger
Lexical 12 20 85 84
Lexical+POS 8.9 21.1 85 83

Table 1: Coverage and accuracy results for the GG and the fRxdexical refers to Nicholson et al.
(2008) where only affixes and context words are used as &satiliihe last row refers to Cholakov et al.
(2008) where the POS tags of the context words are also eeghloy

indicated by its paradigm, to the lexicon. underspecified.

Due to the GG design, it is not straightforward = Ve adopted the ME-based classﬁ?emd the
to use the morphological rules of the grammar forfeatures used for unknown word prediction as de-

paradigm generation. Following the @& tech- scribed in C& N. The probability of a lexical type

nique developed for generating the paradigms of given an unknown word and its contexis:
exp(>>; O fi(t,c))

Dutch words, we created a German finite state 1) (tle) =
morphology. The morphology does not have ac- P 2orer eop(2; Oifilt'c))

cess to any linguistic information and thus, it gen-yhere fi(t, ¢) may encode arbitrary features from
erates all possible paradigms allowed by the worqhe context and 01, O, ... > can be evaluated
orthography. Then, the number of search hits Yapy maximising the pseudo-likelihood on a training
hoo! returns for each form in a given paradigm iscorpus (Malouf, 2002).

combined with some simple heuristics to disam- Taple 2 shows the features féufgabe Since
biguate the output of the morphology and to dethe stem of the unknown word is added to the lex-
termine the correct paradigm(s). We also applyicon, we also experimented with prefix and suf-
heuristics to guess the gender for words with genfix features extracted from the stem. We assumed
erated noun paradigms and to determine if & Worghat those could allow for a better generalization
which is assigned a verb paradigm starts with &¢ morphological properties but they proved to be
separable particle. less informative for LA.

One could argue that there is a simpler ap- Features
proach for mapping the various forms of the un- ) A, Au, Auf, Aufg
known word to its stem. For instance, the Tree-
Tagger provides both POS and stem information
with high accuracy. However, th(_e generation qf iv) noun feminine #predicted by the paradigm
the' paradigms allows us to consider contexts in v) count-noun-lef, mass-noun-l
which other forms of a given unknown word occur vi) noun(f)
and thus, to have access to much more and linguis=
tically diverse data. Further, using the paradigms, Table 2: Features fokufgabe(a task)
we are able to determine which of the morpho-
logical classes defined within the GG a given un-Rows(v) and(vi) show syntactic features obtained
known word belongs to and specify the value offrom what C& N refer to as ‘parsing with uni-
the MCLASS type feature in the lexical entry gen-versal types’. In C&N, each unknown word is
erated for this word. We are also able to deterassigned all target lexical types, i.e. it is treated
mine the value of the VCOMPFORM type feature as being maximally ambiguous. However, to re-
which indicates the separable particle in verb enduce ambiguity and make the parsing computa-
tries. However, those are not crucial for the clastionally feasible, we use the generated paradigms
sification process and they are likely to cause datas a filtering mechanism and assign a given word
sparseness. That is why, those type features are asnly those types which belong to the POS of the
signed their values after the lexical type of a givenparadigm(s) generated for this word. That is why,
word has been predicted. The semantic featureAufgabeis assigned all noun lexical types. Sen-
in the lexical entries for newly acquired words, tences containing morphological formsAaifgabe
as well as the other features whose values are not stq cjassifier is developed using the TADM tdat:
learnt via LA are assigned default values or left//t adm sour cef or ge. net /

ii) e, be, abe, gabe
iii) hyphenno

tp:
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are then parsed with PET in best-only mode. For Original types| Expanded types
each sentence only the best parse selected by thelotal 39 68
disambiguation model of the parser is preserved. -nouns S 15
Then, the lexical type that has been assigned to the-verbs 28 45
form of Aufgabeoccurring in this parse is stored.  -adjectives 4 6

We employ the most frequently used type(s), -adverbs 2 2

based on an empirical threshold (80% for the GG),
as features in the classifier (row). Further, as
illustrated in row(vi), each piece of information
attached to the type definitions (the part after th inimum lower than 40 occurrences have shown
unde_rsco_re) 's also taken_as a separate feature. %I;(at this is a reasonable threshold to filter out ty-
considering these syntactic features, we manage %)

involve th directlv in th dict 0s, tokenization errors, etc. The distribution of
INVOIve Ihe grammar directly in the prediction pro- .. parts-of-speech for the 2400 words and the
cess, unlike the methods discussed in the previo

ug . . )
. . valuation of the paradigm generation component
section where only lexical features and POS tag re shown in Table 4 (some words have more than

:Ne_r N :J;sed. Here,t;[hetgre_ltm ;nf Fcan demdekwhlc single part-of-speech). Accuracy indicates how
exica ype(_s) are best suited for a given un nownmany of the generated paradigms are correct.
word. This is an effective way to include the syn-

tactic constraints imposed on the unknown word overall | nouns| adj | verbs

into the prediction process. total 2954 | 1196 | 651 694
accuracy(%)| 96.45 | 91.09 | 100 | 99.54

Table 3: Distribution of the target lexical types

5 Training of The Classifier

_ - Table 4: Paradigm generation results
In order to train the classifier, we need annotated

data. That is why, we temporarily remove someln the paradigms generated for verbs there were
words from the GG lexicon and use them for train-three mistakes. However, the generated verb stems
ing and tuning the various parameters of the claswere all correct. Similarly, the stems for all nouns
sifier. The lexical entries of the removed words arewere correct, including the stems of 98 nouns
used as gold standard. which contained a mistake in their paradigm. In 91
We remove only words belonging to open-classcases the singular genitive form was incorrect, in
lexical types. Each such type has at least 10 lexianother 12 cases the predicted gender was wrong.
cal entries in the lexicon mapped onto it and it isSThe mapping of the words to their correct stems is
assigned to at least 15 distinct words occurring ircorrect in all cases.
large corpora parsed with PET and the GG. The We allow for multiple types per word to be
parsed corpus we use consists of roughly 2.5Mredicted but we discard the types accounting to-
sentences randomly selected from the German pagiether for less than 5% of probability mass. Ad-
of the Wacky project (Kilgarriff and Grefenstette, ditionally, there are four baseline methods. The
2003). Following these criteria, we have selectechaive one assigns the most frequent expanded type
39 open-class types out of the 411 lexical typesn the lexicon,count-noun-lef, to each unknown
defined in the GG. The expansion of the type defword. In thenaive POS baseline each word is
initions of the 39 types with the values of the rel-given the most frequent expanded type for the
evant type features resulted in the creation of 680S of each paradigm generated for it. T&@
expandedypes. Table 3 gives more details aboutbaseline predicts for the unknown word the target
the type distribution. type(s) used as features for this word in the clas-
2400 words are removed from the lexicon ofsifier (e.g., forAufgabe these are the types from
the GG. Of these, 2000 are used for training, andow (v) in Table 2). For th@nT baseline, we used
400 words are used as a test set to give an ideie treebank available for the GG to train the TnT
about the performance of the classifier. We asPOS tagger (Brants, 2000) with the tagset consist-
sume that less frequent words are typically unding of all lexical types in the GG. The sentences
known and, in order to simulate their behaviour,extracted for each unknown word are then tagged
all 2400 words have between 40 and 100 occurin best-only mode. Similarly to the GG baseline,
rences in the parsed corpus. Experiments with ¢he unknown word is given the type(s) most fre-
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quently assigned to it (80% threshold). The avercorpus. All sentences contained at least one un-
age type precision and type recall for the 400 tesknown word. The average sentence length is 17.16
words are given in Table 5. Table 6 shows the Fiokens, with a ratio of 1.09 unknown words per

measure per POS for the LA model. sentence. For this experiment, we parse the 450
sentences with PET, under three conditions. In
Model Prec(%) Rec(%) F-meas(%) the first case, the standard configuration of the GG
Naive 2175 21.07 21.41 is used where the unknown word guesser assigns
Naive POS 58.96 47.65 52.7

generic types to the unknown words. Dridan et

GG 55.03 57.12 56.06 al. (2008) report that passing a POS tagged input
™nT 61.21 49.17 54.53 to th h it f di
LA with the GG | 82.04 86.5 84,91 o the guesser enhances its performance and im-

proves parsing coverage. That is why, in the sec-
Table 5: Results on the 400 test words ond case, the 450 sentences were tagged with TnT
outputting all POS tags with non-zero probabili-
ties for each word. Then, the tagged sentences are
parsed with PET. In the third case, we add to the
GG lexicon lexical entries acquired offline by the

POS nouns adj verbs adv
F-meas (%) 92.4 90.93 67.25 75.82

Table 6: F-measures per POS for the LA model @dapted C&N method.
The results are given in Table 7. The mod-
The LA model improves upon the baselines. Thef!S €émploying POS tags and LA have practically

F-measure reaches 80% when 300 words are uséde same coverage performance. TB&+POS
for training and the learning curve flattens outONe Produced at least one parse for 113 sentences

at 1600 training words. The method performsa”d the LA model produced analyses for those 113

very similar to the results reported for Dutch andSentences plus 4 more, thus giving a total of 117

Alpino, which demonstrates that it can be succesg?@rsed sentences. The standard GG model was
fully applied outside the environment it was pri- able to cover 57 sentences. The parsed sentences

marily developed for for all models are manually examined and accu-

Predicting lexical entries for verbs is the hard-aCcy IS @gain measured as the percentage of those
est task for the LA model. The classifier has aParsed sentences which had a correct parse pro-
strong bias towards assigning transitive and induced among the setof parses. There were 99 such

transitive verb types. It either fails to predict in- S€ntences for the model which employs LA and
frequent frames or it wrongly predicts a transitive 89 @nd 47 for th&6G+POSand theGG-standard

type for intransitive verbs and vice versa. AnotherMd€l, respectively. The drop in the accuracy for
difficulty for the model is the distinction which the GG+POSmodel compared to the standard GG

the GG makes between ergative and non—ergativ@ne is consistent with the accuracy results reported

verbs. The main issue with adverbs is that many of? Dridan et al. (2008) for the ERG. We should
them can be used as adjectives as well. As a coftOte: though, that both the LA ai@G+POSmod-
sequence, the classifier has a strong bias towardS @IS0 produced a correct parse for the 47 sen-
predicting an adverb type for words for which antences for Wh!Ch the standard model delivered a
adjective type has also been predicted. No patterf°Trect analysis.

in the errors for nouns and adjectives can be iden- Model Cov (%) Acc (%) LB Acc (%)
tified. GG-standard 12.67  82.46 92.87

) GG + POS 25.11 78.76 92.51
6 Parsing Coverage and Accuracy GG + LA 26 84.62 94.71

Having adapted the C&N method to be used Taple 7: Coverage and accuracy results for ER.

with the GG, we can now compare it with the su- Accstands for labelled brackets accuracy.
pertagging methods by investigating how its ap-

plication affects parsing coverage and accuracy on The better accuracy result achieved by the LA
the FR corpus. We were not able to obtain themodel has to do mainly with the fact that the built-
sentence sets used in Nicholson et al. (2008) anith guesser assigns noun types to the vast major-
Cholakov et al. (2008), so we created a test saty of the unknown words. The underspecified
of 450 sentences randomly extracted from the FReatures in those entries create a lot of ambigu-
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ity and make it harder for the parser disambiguaeach sentence. There were 3.28 realisations per
tion model to select the correct analysis. The LAsentence for the test set versus 3.16 for the com-
method, on the other hand, supplies the parser witharison one. As for accuracy, a realisation is con-
more detailed and linguistically accurate lexicalsidered correct if it is an exact match of the origi-
entries which facilitates ambiguity resolution. nal sentence (excluding punctuation). Despite the
The results differ from the ones reported on thehigher number for realisations per sentence for the
FR corpus for the suppertagging methods (Tabléest set, the quality of the realisations is the same
1) where the application of the tagger increasedor both sets— for 60 sentences a correct realisation
coverage but the price was lower accuracy. We atis produced. Thus, the entries acquired with LA
tribute this to the bigger amount of features used ircan be employed for both parsing and realisation.
the classifier in the C&N method which enabled  We should note that realisation with the generic
the learning of more detailed lexical entries. lexical entries acquired by the unknown word
However, the estimation used up till now for guesser of the parser is computationally not fea-
accuracy is a rather crude one. Another way okible because of the many underspecified features
looking at accuracy is to measure how close then those entries. Nicholson et al. (2008) and
top ranked parse for a given sentence is to the col€holakov et al. (2008) did not perform any experi-
rect parse produced for this sentence. We selectadents on realisation but we assume that the under-
the 47 sentences for which all three models havepecification in the entries those methods produce
produced the correct parse and used them as owould also make sentence realisation practically
gold standard, to be able to report accuracy numimpossible.
bers, for the best par§eAccuracy is measured in
terms of labelled brackets. The results givenin Ta8 Conclusion

ble 7 show that not only the LA model produces a

correct parse for more sentences but also the topV© types of methods for dealing with unknown
ranked analysis is of better quality. words were compared. The application of meth-

ods, where a tagger was used to predict lexical de-
7 LA for Text Generation scriptions for words unknown to the GG grammar
of German, led to an increase in parsing coverage

As a further evaluation, we also investigate hOWOn a German newspaper corpus. However, accu-
the lexical entries acquired with LA affect sen- racy was below the baseline, that is the accuracy
tence realisation. While in parsing the ambiguity of the standard GG setup. The other type of meth-
in such less constrained lexical entries dissolvegds employ LA techniques to extend the lexicon of
quickly in its context, there is a potential risk of a grammar with new lexical entries for unknown
overgeneration in the reverse Process. words. We adapted one such method, namely the

We selec_ted 14 WO“_jS aSS|g_ned verb types byne of Cholakov and van Noord (2010), which
the tagger in the experiment with the FR corpushas been primarily developed for the Dutch Alpino
Then, 64 sentences, each of which contains ongrammar, to be used with the GG. The applica-
of those 14 words, are extracted from corporation of the method led to an increase in both pars-
We construct manually another sentence set wheliig coverage and accuracy on the same newspa-
these words are replaced by verbs from the GGer corpus. We attributed the better performance
lexicon with a similar lexical type. This com- of the C& N technique to the fact that it had ac-
parison set indicates what the performance of theess to more features during prediction, including
GG would be with fully constrained, but otherwise such which came directly from the grammar, and
similar lexical entries. it was able to assign more linguistically accurate

Realisation with the GG is performed within the entries to the unknown words. Last, in a smaller
LKB grammar engineering platform which pro- experiment, we showed that those entries can be
vides a chart-based generator with various Optimisuccessfully used for sentence realisation.
sations for packed parse forest (Carroll and Oepen,
2005). We parsed the two sentence sets and then
used the best analysis to generate a realisation flReferences
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