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Preface to SP-SEM-MRL 2012

Morphologically Rich Languages (MRLs) are languages in which grammatical relations such as
Subject, Predicate, and Object, are largely indicated morphologically (e.g., through inflection)
instead of positionally. This poses serious challenges for current (English-centric) syntactic and
semantic processing. Furthermore, since grammatical relations provide the interface to compositional
semantics, morpho-syntactic phenomena may significantly complicate processing the syntax—semantics
interface. In statistical parsing, English parsing performance has reached a high plateau in certain
genres. Semantic processing of English has similarly seen much progress in recent years. MRL
processing presents new challenges, such as optimal morphological representation, non position-centric
algorithms, or different semantic distance measures.

These challenges lurk in areas where parses may be used as input, such as semantic role labeling,
distributional semantics, paraphrasing and textual entailment; inadequate representation or pre-
processing of morphological variation is likely to hurt parsing and semantic tasks alike.

This joint workshop aims to build upon the first and second SPMRL workshops (at NAACL-HLT 2010
and IWPT 2011, respectively) while extending the overall scope to include semantic processing. We
aim to encourage cross-fertilization among researchers working on different languages and among those
working on different levels of processing.

The syntax track received 11 papers of which 7 were accepted for publication. This year’s collection
of papers describe work on Korean, Basque, French, Spanish, Portuguese and Tamil (the latter three
are a first for SPMRL), and encompass several different parsing approaches and combinations thereof,
including dependency parsing, PCFG-LA parsing, rule-based parsing and precision-grammar-based
parsing.

A trend of this year’s papers is the problem of data sparsity in statistical parsing of MRLs: Candito et
al. present a technique that involves the use of word clusters, lemmas and Wordnet synsets to alleviate
the problem of OOV words in statistical parsing with the French Treebank; Silva and Branca investigate
whether dependency information can be used to assign lexical types to OOV words in a HPSG precision
grammar approach to Portuguese parsing; Le Roux et al. investigate the problem of data sparsity in the
context of Spanish constituency parsing and show that optimising the processes of lemmatisation and
part-of-speech tagging can lead to improved parsing performance; Green et al. tackle the problem of
small training sets by applying ensemble parsing models trained on subsets of the entire training set.
(They test their approach on the Tamil language but suggest that it is applicable to any language with
minimal treebank resources).

We are also happy to present parsing papers that describe general parsing techniques that are applicable
to any language, but which have been tested on MRLs: Goenaga et al. explore an approach which
involves the combination of rule-based and data-driven parsing, and test this combined approach on the
Basque language; Le Roux et al. present a reranking technique in which the n-best trees produced by a
constituency parser are then converted to dependency trees and reranked using dependency information.
(The approach is tested on a language with scant morphology, English, and a language with a richer
inflectional system, French); Finally, Choi et al. present work which aims to reduce ambiguity in
statistical parsing of Korean by transforming eojeol-based trees into entity-based trees. Their work is
relevant to all languages where the word is not the natural unit of syntactic analysis.

Five papers, of seven submissions, were accepted for the Semantic Track of SP-SEM-MRL 2012. The

iii



selected papers reflect a healthy diversity of semantic models and the fertile breadth of applications
for semantics in morphologically rich languages: Versley applies supervised learning to the task of
classifying German noun-verb semantic relations. The experiments evaluate a wide range of corpus-
and lexicon-based features for representing the noun-verb pairs; Lorenzo and Cerisara present a
Bayesian model for unsupervised Semantic Role Labeling for English and French, with promising
results; Hawwari, Bar, and Diab propose a method for creating a resource of Arabic multi-word
expressions. The method handles MWESs with gaps, which can be problematic for Arabic; Versley and
Henrich describe an approach to word sense discrimination based on the hypothesis that an ambiguous
word is unambiguous when embedded in the context of a compound word. Their findings support the
utility of the hypothesis.

In research which combines both syntactic and semantic processing, Acedanski, Slaski, and
Przepiérkowski introduce a procedure for extracting dependency information from chunked data. Given
the output of a chunker without prepositional phrase attachment information, their procedure is able to
make attachment decisions using lexical, morphosyntactic, lexico-semantic, and association features.

It is our hope that the rich programme of SP-Sem-MRL 2012 will foster interactions and collaborations
between the syntax and the semantics community on the topic of Morphologically Rich Languages
processing. Our aim is to help to bring ideas (and solutions) to the fore and promote a more rapid
advance of the state-of-the-art in the field.

We thank our authors and the Program Committee for making SP-Sem-MRL 2012 a success.

Marianna Apidianaki, Ido Daga, Katryn Erk, Jennifer Foster, Yuval Marton, Ines Rehbein, Djamé
Seddah, Reut Tsarfaty and Peter Turney
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Probabilistic Lexical Generalization for French Dependency Parsing

Enrique Henestroza Anguiano and Marie Candito
Alpage (Universigé Paris Diderot / INRIA)
Paris, France

enrique.henestroza

Abstract

This paper investigates the impact on French
dependency parsing of lexical generalization
methods beyond lemmatization and morpho-
logical analysis. A distributional thesaurus
is created from a large text corpus and used
for distributional clustering and WordNet au-
tomatic sense ranking. The standard approach
for lexical generalization in parsing is to map
a word to a single generalized class, either re-
placing the word with the class or adding a
new feature for the class. We use a richer
framework that allows for probabilistic gener-
alization, with a word represented as a prob-
ability distribution over a space of general-
ized classes: lemmas, clusters, or synsets.
Probabilistic lexical information is introduced
into parser feature vectors by modifying the
weights of lexical features. We obtain im-
provements in parsing accuracy with some
lexical generalization configurations in exper-
iments run on the French Treebank and two
out-of-domain treebanks, with slightly better
performance for the probabilistic lexical gen-
eralization approach compared to the standard
single-mapping approach.

Introduction

_anguiano@inria.fr, marie.candito@Ilinguist.jussieu.fr

models operate over feature vectors that generally
represent syntactic structure within a sentence, and
feature templates are defined in part over the word
forms of one or more tokens in a sentence. Because
treebanks used for training are often small, lexical
features may appear relatively infrequently during
training, especially for languages with richer mor-
phology than English. This may, in turn, impede the
parsing model’s ability to generalize well outside of
its training set with respect to lexical features.

Past approaches for achieving lexical generaliza-
tion in dependency parsing have used WordNet se-
mantic senses in parsing experiments for English
(Agirre et al., 2011), and word clustering over large
corpora in parsing experiments for English (Koo
et al., 2008) as well as for French (Candito et al.,
2010b). These approaches map each word to a sin-
gle corresponding generalized class (synset or clus-
ter), and integrate generalized classes into parsing
models in one of two ways: (i) theeplacement
strategy where each word form is simply replaced
with a corresponding generalized class; (ii) a strat-
egy where an additional feature is created for the
corresponding generalized class.

Our contribution in this paper is applyingrob-
abilistic lexical generalizationa richer framework
for lexical generalization, to dependency parsing.

In statistical, data-driven approaches to natural lafzach word form is represented as a categorical dis-
guage syntactic parsing, a central problem is that efibution over alexical target spacef generalized
accurately modeling lexical relationships from po-<classes, for which we consider the spaces of lemmas,
tentially sparse counts within a training corpus. Ousynsets, and clusters. The standard single-mapping
particular interests are centered on reducing lexicabproach from previous work can be seen as a sub-
data sparseness for linear classification approachesse: each categorical distribution assigns a proba-
for dependency parsing. In these approaches, lingaitity of 1 to a single generalized class. The method

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics, pages 1-11,
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we use for introducing probabilistic information intocontained in a sample space represent generalized
a feature vector is based on that used by Bunescilasses in #arget vocabularyIn this paper we con-
(2008), who tested the use of probabilistic part-ofsider three possible target vocabularies, with cor-
speech (POS) tags through an NLP pipeline. responding sample spaceqQ; for lemmas,(2, for

In this paper, we perform experiments for Frenclsynsets, an€l. for clusters.
that use the replacement strategy for integratin
generalized classes into parsing models, compari
the single-mapping approach for lexical generalizan the case of the lemma space, the source and tar-
tion with our probabilistic lexical generalization ap-get vocabularies are the same. To define an ap-
proach. In doing so, we provide first results on th@ropriate categorical distribution for each lemma,
application to French parsing of WordNet automatione where the possible outcomes also correspond to
sense ranking (ASR), using the method of McCarthiemmas, we use distributional thesaurushat pro-
et al. (2004). For clustering we deviate from mosvides similarity scores for pairs of lemmas. Such
previous work, which has integrated Brown clustera thesaurus can be viewed as a similarity function
(Brown et al., 1992) into parsing models, and instead (z, y), wherez,y € V andV is the vocabulary
use distributional lexical semantics to create both #or both the source and target spaces.
distributional thesaurus - for probabilistic general- The simplest way to define a categorical distribu-
ization in the lemma space and ASR calculation tion over();, for a lemmaz € V, would be to use
and to perform hierarchical agglomerative clusteringhe following probability mass functiop,:
(HAC). Though unlexicalized syntactic HAC clus-
tering has been used to improve English dependency pa(y) = Dy (1)
parsing (Sagae and Gordon, 2009), we provide first > D,y
results on using distributional lexical semantics for ey
French parsing. We also include an out-of-domai®ne complication is the identity similarity (z, x):
evaluation on medical and parliamentary text in adalthough it can be set equal to 1 (or the similar-
dition to an in-domain evaluation. ity given by the thesaurus, if one is provided), we

In Section 2 we describe the lexical target spaceshoose to assign a pre-specified probability mass
used in this paper, as well as the method of integrate the identity lemma, with the remaining mass used
ing probabilistic lexical information into a featurefor generalization across other lemmas. Addition-
vector for classification. In Section 3 we discuss deally, in order to account for noise in the thesaurus,
pendency structure and transition-based parsing. e restrict each categorical distribution to alemma’s
Section 4 we present the experimental setup, whiditnearest neighbors. The probability mass function
includes our parser implementation, the constructiop, over the spac&); that we use in this paper is fi-
of our probabilistic lexical resources, and evaluatiomally as follows:
settings. We report parsing results both in-domain
and out-of-domain in Section 5, we provide a sum-

Q; Lemma Space

m, fy=u
mary of related work in Section 6, and we conclude
in Section 7. (1-m)D(z,y)
W iy e Ny(k
=1 S pwy) Y @
2 Probabilistic Lexical Target Spaces yiEN (k)
0, otherwise

Using terms from probability theory, we definéea-
ical target spaceas a sample spade over which

a categorical distribution is defined for each lexi2-2 s Synset Space

cal item in a giversource vocabularyBecause we In the case of the synset space, the target vacabulary
are working with French, a language with relativelycontains synsets from the Princeton WordNet sense
rich morphology, we use lemmas as the base lexirierarchy (Fellbaum, 1998). To define an appro-
cal items in our source vocabulary. The outcomegriate categorical distribution over synsets for each



lemmazx in our source vocabulary, we first use themass functiorp,, over the spacé€l. for a lemmax

WordNet resource to identify the s&t of different with corresponding clustet,:

senses of. We then use a distributional thesaurus to _

perform ASR, which determines the prevalence with pz(c) = { L, fe=cs (5)
. 0, otherwise

respect tox of each sense € S, following the

approach of McCarthy et al. (2004). Representing.4 Probabilistic Feature Generalization

the thesaurus as a similarity functidh(z, y), let- |, 5 yypical classifier-based machine learning setting

ting N, (k) be the set ok-nearest neighbors far, i, NI p, feature vectors are constructed using indi-

and lettingV(s1, s2) be a similarity function over 4o functions that encode categorical information,
synsets in WordNet, we define a prevalence functiogy, ., as pos tags, word forms or lemmas

R.(s) as follows: In this section we will use a running example

wherea and b are token positions of interest to a

max W (s, s') classifier, and for which feature vectors are created.
Ra(s) = Z D(z,y) —— S - (3) If we lett stand for POS tag andstand for lemma,
YENa (k) Juax Wit s) afeature templatéor this pair of tokens might then

Sa . .
te be [t,l;]. Feature templates are instantiated as ac-

plual features in a vector space depending on the cat-
tribution that each distributionally-similar neighbor&90rical values they can take on. One possible in-
adds to a given sense far With the prevalence stantiation of the templaté Ji;] would then be the
scores of each sense forhaving been calculated, €ature fa=verbAl,=avocat], which indicates that

we use the following probability mass functign 'S @ ver"b and is the lemmaavocat (*avocado” or
over the spac€,, whereS, (k) is the set ofi-most lawyer”), with the following indicator function:

This function essentially weights the semantic co

prevalent senses far. i { 1 if tu=verb A ly=avocat ©
0, otherwise
LB ise s
A (Ifw(s) @ To perform probabilistic feature generalization, we
’ replace the indicator function, which represents a
0, otherwise single original feature, with a collection of weighted

functions representing a set of derived features. Sup-
Note that the first-sense ASR approach to usingose the French lemmavocat is in our source vo-
WordNet synsets for parsing, which has been previabulary and has multiple senses(in (s; for the
ously explored in the literature (Agirre et al., 2011)avocado” senses, for the “lawyer” sense, etc.),

corresponds to setting=1 in Equation 4. as well as a probability mass functign,. We
discard the old featuret]=verbAly=avocat] and
2.3 ) Cluster Space add, for eachs;, a derived feature of the form

In the case of the cluster space, any approach fbin=verbAzy=s;], wherez represents a target space
word clustering may be used to create a reduced tteneralized class, with the following weighted indi-
get vocabulary of clusters. Defining a categoricafator function:

distribution over clusters would be interesting in the

case ofsoft clusteringpf lemmas, in which a lemma o pav(ss), if ta=verb A ly=avocat
can participate in more than one cluster, but we have @)= { 0, otherwise

not yet explored this clustering approach.

In this paper we limit ourselves to the simplerThis process extends easily to generalizing multiple
hard clusteringHAC method, which uses a distri- categorical variables. Consider the bilexical feature
butional thesaurus and iteratively joins two clusterfl,=mangerAly=avocat], which indicates thata
together based on the similarities between lemmas the lemmamanger (“eat”) andb is the lemma
in each cluster. We end up with a simple probabilityivocat. If both lemmasnanger andavocat appear

@)



ouvrit 3.1 Transition-Based Parsing

In this paper we focus on transition-based pars-
Eile porte avec ing, whose seminal works are that of Yamada and
| | Matsumoto (2003) and Nivre (2003). The parsing
la cle process applies a sequence of incremental actions,
ﬂa which typically manipulate a buffer position in the
sentence and a stack for built sub-structures. In the
Figure 1: An unlabeled dependency tree for “Elle ouvrity e 4qgempproach introduced by Nivre etal. (2006)
laporte avec la &' ("She opened the door with the key”). the possible actions are as follows, withbeing the

token on top of the stack ang) being the next token

in our source vocabulary and have multiple sensd® the buffer:
in 4, with probability mass functiong,,, andpg,,
then for each pait, j we derive a feature of the

form [z,=s;Axzp=s;], with the following weighted  _ REDUCE: Pops, from the stack.
indicator function:

— SHIFT: Pushng onto the stack.

RIGHT-ARC(r): Add an arc labeled from sq

i) = Pma(8i)Pav(sy), If la=manger Aly=avocat ®) to ng; pushn, onto the stack.
J 0, otherwise

— LEFT-ARC(r): Add an arc labeled from ng
3 Dependency Parsing to so; pop so from the stack.

Dependency syntax involves the representation of The parser uses a greedy approach, where the ac-
syntactic information for a sentence in the form otion selected at each step is the best-scoring action
a directed graph, whose edges encode word-to-woadcording to a classifier, which is trained on a de-
relationships. An edge from governorto ade- pendency treebank converted into sequences of ac-
pendentindicates, roughly, that the presence of théions. The major strength of this framework is its
dependent is syntactically legitimated by the gover©(n) time complexity, which allows for very fast
nor. An important property of dependency syntax iparsing when compared to more complex global op-
that each word, except for the root of the sentencémization approaches.

has exactly one governor; dependency syntax is thus _

represented by trees. Figure 1 shows an examdle Experimental Setup

of an unlabeled dependency treeFor languages e now discuss the treebanks used for training and
like English or French, most sentences can be repyajuation, the parser implementation and baseline
resented with rojectivedependency tree: for any gegings, the construction of the probabilistic lexical

edge from word; to wordd, g dominates any inter- resqrces, and the parameter tuning and evaluation
vening word betweepn andd. settings.

Dependency trees are appealing syntactic repre-
sentations, closer than constituency trees to the sél Treebanks

mantic representations useful for NLP applicationsthe treebank we use for training and in-domain
This is true even with the projectivity requirementeyaluation is the French Treebank (FTB) (Abeill
which occasionally creates syntax-semantics migmd Barrier, 2004), consisting of 12,351 sentences
matches. Dependency trees have recently seefrgm theLe Mondenewspaper, converted to projec-
surge of interest, particularly with the introductiontjye? dependency trees (Candito et al., 2010a). For
of supervised models for dependency parsing usinglr experiments we use the usual split of 9,881 train-
linear classifiers. ing, 1,235 development, and 1,235 test sentences.

1Our experiments involve labeled parsing, with edges addi- 2The projectivity constraint is linguistically valid for most
tionally labeled with the surface grammatical function that thé=rench parses: the authors repar2% non-projective edges in
dependent bears with respect to its governor. a hand-corrected subset of the converted FTB.



Moving beyond the journalistic domain, we us Feature Templates

two additional treebank resources for out-of-domainn9ram i"“f é"“f o onos tt‘*‘j; tls?; oo Cf;“;,
. . nys bnyy Yngy bngy sy bs2y bngps Ingps nop s
parsing evgluatlons. Thesg treebanks are part’of daoy ey, Logys {mbo i € [M]};
the Sequoia corpus (Candito and Seddah, 2012), {mi, :i€|M|}
and consist of text from two non-journalistic do-| Bigram | ts,tng; tsolng; lsolngi Inotnis tnotngss
. . . . g J e ge .
mains annotated using the FTB annotation scheme: tnodng,s {1msoming 245 € [M|};
. . . {tngMn, 11 € |M|}; {tsgmy, 2 i € [M|}
a medical domain treebank containing 574 develop-—- . : . .
; rgram | teots;tsgs tsitsotngs tsotnotnis tnotnilne;
ment and 544 test sentences of public assessment to tngtng; teodag, dso,

reports of medicine from the European Medicines
Agency (EMEA) originally collected in the OPUS Table 1: Arc-_eager parser fea_lture templates: coarse
project (Tiedemann, 2009), and a parliamentary d¢.OS 297 = fine POS tagyw = inflected word form/ =

main treebank containing 561 test sentences fro ﬁrrzr?ri’ri zef{peggretr;%rl]as?fhi 7-1‘,:h Ei;pnhﬂ?ﬁgzh?g

the Europan corpus. s; = i'" token on the stack. The token subscripts and

h denote partially-constructed syntactic left-most depen-
dent, right-most dependent, and head, respectively.

We use our own Python implementation of the arc-

eager algorithm for transition-based parsing, based . .
on the arc-eager setting of MaltParser (Nivre et aI.F,’ reprocessec_j using the Bonsai foaind parsed us-
2007), and we train using the standard FTB trainin'gng our baseline parser.
set. Our baseline feature templates and general sgat3.2 Distributional Thesaurus

tings correspond to those obtained in a benchmark-\y,e  puild separate distributional thesauri for

ing of parsers for French (Candito et al., 2010b),,ns and for verbd,using straightforward meth-
under the setting which combined lemmas and Mo in distributional lexical semantics based primar-
phological feature$.Automatic POS-tagging is per- ily on work by Lin (1998) and Curran (2004). We

formed using MEIt (Denis and Sagot, 2009), anq,se the FreDist tool (Henestroza Anguiano and De-
lemmatization and morphological analysis are pets;q 2011) for thesaurus creation.

formed using the L# lexicon (Sagot, 2010). Ta-  Fjrst syntactic contextfor each lemma are ex-
ble 1 lists our baseline parser’s feature templates. .,-ted from the corpus. We use all syntactic de-

pendencies in which the secondary token has an
Wi d ibe th . ¢ babili open-class POS tag, with labels included in the con-
€ now describe the construction of our probabi IStexts and two-edge dependencies used in the case of

tic lexical target space resources, whose IorereqLB’repositional-phrase attachment and coordination.

sites include the automatic parsing of a large corpuE,xample contexts are shown in Figure 2. For verb

the construction of a distributional thesaurus, the US€mmas we limit contexts to dependencies in which
of ASR on WordNet synsets, and the use of HA(fhe verb is governor, and we add unlexicalized ver-

clustering. sions of contexts to account for subcategorization.
4.3.1 Automatically-Parsed Corpus For noun lemmas, we use all dependencies in which
ithe noun participates, and all contexts are lexical-
ized. The vocabulary is limited to lemmas with at
least 1,000 context occurrences, resulting in 8,171
nouns and 2,865 verbs.
Each pair of lemmax and contextc is sub-

sequently weighted by mutual informativeness us-

Nittp:/www. statmt. org/europarl __ing the point-wise mutual information metric, with
That work tested the use of Brown clusters, but obtained no

improvement compared to a setting without clusters. Thus, we 7hitp://alpage.inria.fr/statgram/frdep/fr_

4.2 Parser and Baseline Settings

4.3 Lexical Resource Construction

The text corpus we use consists of 125 mi
lion words from thel’Est Republicainnewspa-
per, 125 million words of dispatches from the
Agence France-Pressand 225 million words from
a French Wikipedia backup dufip The corpus is

do not evaluate Brown clustering in this paper. stat_dep_parsing.html
Shttp://mww.cnrtl.fr/corpus/estrepublicain/ 8We additionally considered adjectives and adverbs, but our
Shitp://dumps.wikimedia.org/ initial tests yielded no parsing improvements.



Source Evaluation Set
- One-Edge Context: 6bj— N|avocat Vocabulary| FTB Eval | EMEA Eval | Europarl
FTB train 95.35 62.87 94.69
- One-Edge Context: oebj— N Nouns| Thesaurus| 96.25 79.00 97.83
(unlexicalized) FREWN 80.51 73.09 87.06
FTB train 96.54 94.56 97.76
- Two-Edge Context: mod— P|avec —obj— N|avocat Verbs [ Thesaurus| 98.33 97.82 9954
FREWN 88.32 91.48 91.98
- Two-Edge Context: mod— P|avec —obj— N
(unlexicalized) Table 2: Lexical occurrence coverage (%) of source
vocabularies over evaluation sets. FTB Eval contains

oth the FTB development and test sets, while EMEA

Figure 2. Example dependency contexts for the VerEval contains both the EMEA development and test sets.
lemmamanger. The one-edge contexts corresponds t?’roper nouns are excluded from the analysis.

the phrase “manger un avocat” (“eat an avocado”), and
the two-edge contexts corresponds to the phrase “manger

avec un avocat” (“eat with a lawyer”). 4.3.4 HAC Clustering

For the HAC clustering experiments in this paper,
probabilities estimated using frequency counts:  we use the CLUTO packade The distributional
thesauri described above are taken as input, and the
I(z,c) = log (pl()giéna)) (99 UPGMA setting is used for cluster agglomeration.
We test varying levels of clustering, with a parame-

Finally, we use the cosine metric to calculate the did€" z Which determines the proportion of cluster vo-

tributional similarity between pairs of lemmasy: ~ cabulary size with respect to the original vocabulary
size (8,171 for nouns and 2,865 for verbs).
> 1z, 0)1(y,0)

o) 4.3.5 Resource Coverage

\/(Zf(x,c)Z) X (ZI(y, c)2> The coverage of our lexical resources over the
e e FTB and two out-of-domain evaluation sets, at the
level of token occurrences of verbs and common

4.3.3 WordNet ASR nouns, is described in Table 2. We can see that
For WordNet synset experiments we use thghe FTB training set vocabulary provides better cov-
French EurowordN&t (FREWN). A WordNet erage than the FREWN for both nouns and verbs,

synset mappintf allows us to convert synsets in theyhile the coverage of the thesauri (and derived clus-
FREWN to Princeton WordNet VeI‘SiOI’l 30, and af‘ters) is the h|ghest overa”_

ter discarding a small number of synsets that are
not covered by the mapping we retain entries fo4.4 Tuning and Evaluation

9,833 nouns and 2,220_ver_bs. We use NLTK, th9\/e evaluate four lexical target space configurations
Natural Language Toolkit (Bird et al., 2009), to Cal'against the baseline of lemmatization, tuning pa-

culate similarity between synsets. As explained i'? meters using ten-fold cross-validation on the FTB
aining set. The feature templates are the same as

Section 2.2, ASR is performed using the method
those in Table 1, with the difference that features

D(z,y) =

McCarthy et al. (2004). We uge=8 for the distri-

bhutlonal neafrest—r|1e|ghbors tg conS|derr\]/vhen ranklr,]ﬂvolving lemmas are modified by the probabilistic
the senses for a lemma, and we use the synset sifga,, o generalization technique described in Sec-

:]Ila:clty IIgn;:tlon ,?f Jlangt antd Corlra;h (19|\|9L?|_)l’<w'trtion 2.4, using the appropriate categorical distribu-
€ault information content counts from Cations. In all configurations, we exclude the French

culated over the British National Corplds auxiliary verbsétre andavoir from participation in

®http://www.illc.uva.nl/EurowordNet/ lexical generalization, and we replace proper nouns
lOhttp://nlp.Isi.upc.edu/tools/download-map.

php 12http://glaros.dtc.umn.edu/gkhome/cluto/
11http://www.natcorp.ox.ac.uk/ cluto/download



with a special lemm&. Below we describe the Parse Evaluation Set LAS
tuned parameters for each configuration. Configuratior] FTB Test EMEA Dev| EMEA Test Europarl
[ Forms [ 86.85 [ 8408 [ 8541 | 86.01 |

— RC: Replacement with cluster in€,. | Lemmas [ 87.30 [ 8434 [ 8541 | 86.26 |
. *
For clusters and the parametelcf. Section RC 8732 | 8428 | 8571* | 86.28
4.3.4), we settled on relative cluster vocabulary PrIL 87.46 84,657 8582 | 8626
2 RS 87.34 84.48 85.54 | 86.34
size z=0.6 for nouns and:=0.7 for verbs. We PKPS 87 41 84.63% 8568 | 86.22

also generalized lemmas not appearing in the

class (FTB) and out-of-domain (EMEA, Europarl) evaluation

sets for the baseline (Lemmas) and four lexical general-
ization configurations (RC, PKNL, RS, PKPS). Signif-

— PKNL: Probabilistic k-nearestlemmasirf); . : .
For the parameters andm (cf. Section 2.1) icant improvements over the baseline are starred. For
P ) *—/1 comparison, we also include a simpler setting (Forms),

we settled ork=4 andm=0.5 for both nouns \ynich does not use lemmas or morphological features.
and verbs. We also use the unknown class for

low-frequency lemmas, as in the RC configura-
tion. 5.1 In-Domain Results
o _ Our in-domain evaluation yields slight improve-

— RS:Replacementwith first-sensek=1) in 25 ments in LAS for some lexical generalization con-

Since the FREWN has a lower-coverage Vofigyrations, with PKNL performing the best. How-

cabulary, we did not use an unknown class fogyer, the improvements are not statistically signifi-

out-of-vocabulary lemmas; instead, we mappegant. A potential explanation for this disappointing

them to unique senses. In addition, we did Nofegylt is that the FTB training set vocabulary cov-

perform lexical generalization for verbs, due tQy 5 the FTB test set at high rates for both nouns

low cross-validation performance. (95.25%) and verbs (96.54%), meaning that lexi-
cal data sparseness is perhaps not a big problem
. . . for in-domain dependency parsing. While WordNet
:i:rcr)1rit tf;l:‘ Z’etg:]g }[Iéetr?eeclfrz(i ?a::;:ioﬂa;etﬁg%ynsets cpuld be expecteq to provide the added be_n—
Aumber o;‘ senses for different lemmas Asem of_ taking word sense into account, sense ambi-
. . . ' guity is not really treated due to ASR not providing
in the RS configuration, we mapped out-of- ord sense disambiguation in context
vocabulary lemmas to unique senses and di\g '

not perform lexical generalization for verbs. 52 Qut-Of-Domain Results

— PKPS: Probabilistic k-prevalent senses iff2;

5 Results Our evaluation on the medical domain yields statisti-
cally significant improvements in LAS, particularly
Table 3 shows labeled attachment score (LAS) rder the two probabilistic target space approaches.
sults for our baseline parser (Lemmas) and four [eXeKNL and PKPS improve parsing for both the
ical generalization configurations. For comparisorEMEA dev and test sets, while RC improves pars-
we also include results for a setting that only usetng for only the EMEA test set and RS does not sig-
word forms (Forms), which was the baseline for prenificantly improve parsing for either set. As in our
vious work on French dependency parsing (Canditm-domain evaluation, PKNL performs the best over-
et al., 2010b). Punctuation tokens are not scored|l, though not significantly better than other lexi-
and significance is calculated using Dan Bikel's raneal generalization settings. One explanation for the
domized parsing evaluation comparafopat signif- improvement in the medical domain is the substan-
icance levep=0.05. tial increase in coverage of nouns in EMEA afforded

*Proper nouns tend to have sparse counts, but for computito a single class.
tional reasons we did not include them in our distributional the-  4http:/www.cis.upenn.edu/ ~ dbikel/software.
saurus construction. We thus chose to simply generalize theimml



by the distributional thesaurus-26%) and FREWN P_arse . Lexical Feats Average Lexical Feature Use
(+16%) over the base coverage afforded by the prigonfiguration In Model [FTB TrainFTB DeyEMEA Dev
training set. | Lemmas [ 294k [ 6.0 [ 55 [ 47 |
Our evaluation on the parliamentary domain PEEL ;gg:ﬁ 12'2 12'.2 13'_3
yields no improvement in LAS across the differen RS 553K 6.0 56 29
lexical generalization configurations. Interestingly,” PKPS 500k 9.2 8.6 7.0

Candito and Seddah (2012) note that while Europarl _ _ .
is rather different from FTB in its syntax, its vocabu-12Plé 4: Parsing model lexical features (rounded to near-
est thousand) and average lexical feature use in classifi-

lary is surprisingly similar. From Table 2 we can SeeCation instances across different training and evaluation

that the FTB training set vocabulary has about th@ets, for the baseline (Lemmas) and four lexical general-

same high level of coverage over Europarl (94.69%ation configurations (PKNL, RC, PKPS, and RS).
for nouns and 97.76% for verbs) as it does over the

FTB evaluation sets (95.35% for nouns and 96.54%
for verbs). Thus, we can use the same reasoning gyaluation sets, though their higher absolute ALFU
in our in-domain evaluation to explain the lack ofM&y help explain the strong medical domain parsing
improvement for lexical generalization methods ifPerformance for these configurations.
the parliamentary domain. 5.4 Impact on Running Time
5.3 Lexical Feature Use During Parsing Another factor to note when evaluating lexical gen-
Since lexical generalization modifies the lexical feaeralization is the effect that it has on running time.
ture space in different ways, we also provide an anaGompared to the baseline, the single-mapping con-
ysis of the extent to which each parsing model’s lexfigurations (RC, RS) speed up feature extraction and
ical features are used during in-domain and out-oprediction time, due to reduced dimensionality of
domain parsing. Table 4 describes, for each confighe feature space. On the other hand, the proba-
uration, the number of lexical features stored in theilistic generalization configurations (PKNL, PKPS)
parsing model along with thaverage lexical fea- slow down feature extraction and prediction time,
ture usg(ALFU) of classification instances (each in-due to an increased dimensionality of the feature
stance represents a parse transition) during trainispace and a higher ALFU. Running time is there-
and parsing® fore a factor that favors the single-mapping approach
Lexical feature use naturally decreases wheover our proposed probabilistic approach.
moving from the training set to the evaluation sets, Taking a larger view on our findings, we hy-
due to holes in lexical coverage outside of a parsingothesize that in order for lexical generalization
model’s training set. The single-mapping configurato improve parsing, an approach needs to achieve
tions (RC, RS) do not increase the number of lexicalvo objectives: (i) generalize sufficiently to ensure
features in a classification instance, which explainghat lemmas not appearing in the training set are
the fact that their ALFU on the FTB training set (6.0)nonetheless associated with lexical features in the
is the same as that of the baseline. However, the diearned parsing model; (ii) substantially increase
crease in ALFU when parsing the evaluation sets igxical coverage over what the training set can pro-
less severe for these configurations than for the basgee. The first of these objectives seems to be ful-
line: when parsing EMEA Dev with the RC configu-filled through our lexical generalization methods, as
ration, where we obtain a significant LAS improve-indicated in Table 4. The second objective, how-
ment over the baseline, the reduction in ALFU isever, seems difficult to attain when parsing text in-
only 13% compared to 22% for the baseline parsedomain, or even out-of-domain if the domains have
For the probabilistic generalization configurationsa high lexical overlap (as is the case for Europarl).
we also see decreases in ALFU when parsing th@nly for our parsing experiments in the medical do-

5\We define the lexical feature use of a classification instancrtyaln do both objectlves appear to be fulfilled, as

to be the number of lexical features in the parsing model th&videnced by our LAS improvements when parsing
receive non-zero values in the instance’s feature vector. EMEA with lexical generalization.



6 Related Work a corpus of auto-parsed phrase-structure trees, and
) ) . HAC clustering is performed using cosine similarity.
We now discuss previous work concerning the use ¢d, semantic word classes, (Agirre et al., 2011) inte-
lexical generalization for parsing, both in the classig e WordNet senses into a transition-based parser
in-domain setting and in the more recently populaf, gngjish, reporting small but significant improve-
out-of-domain setting. ments in LAS (+0.26% with synsets and +0.36%
with semantic files) on the full Penn Treebank with
first-sense information from Semcor.
The use of word classes for parsing dates back to thewwe puild on previous work by attempting to
first works on generative constituency-based Pargeproduce, for French, past improvements for in-
ing, whether using semantic classes obtained frogpmain English dependency parsing with general-
hand-built resources or less-informed classes crered |exical classes. Unfortunately, our results for
ated automatically. Bikel (2000) tried incorporat-French do not replicate the improvements for En-
ing WordNet-based word sense disambiguation inigjish using semantic sense information (Agirre et al.,
a parser, but failed to obtain an improvement. Xion@on) or word clustering (Sagae and Gordon, 2009).
et al. (2005) generalized bilexical dependencies ifie primary difference between our paper and previ-
a generative parsing model using Chinese semanfigs work, though, is our evaluation of a novel prob-

resources (CiLin and HowNet), obtaining improve-pjilistic approach for lexical generalization.
ments for Chinese parsing. More recently, Agirre

et al. (2008) show that replacing words with Word6.3  Out-Of-Domain Parsing

N mantic cl improves English generativ . . . .
et semantic classes improves English generat (?oncernlng techniques for improving out-of-

parsing. Lin et al. (2009) use the HowNet resourcgOmain parsing, a related approach has been to use

within the split-merge PCFG framework (Petrov et . . - ; i e :
) . . self-training with auto-parsed out-of-domain data,

al., 2006) for Chinese parsing: they use the first: . .
. as McClosky and Charniak (2008) do for English

sense heuristic to append the most general hyper- " . :
nym to the POS of a token, obtaining a semanticall constituency parsing, though in that approach
ny . ' g : lexical generalization is not explicitly performed.
informed symbol refinement, and then guide furthe&andito et al. (2011) use word clustering for do-
symbol splits using the HowNet hierarchy. Other :

work has used less-informed classes, notably unsgn adaptation of a PCFG-LA parser for French,

pervised word clusters. Candito and Crak{B009) Henvmg clusters from a corpus c_ontamlng text
. . from both thesourceandtarget domains, and they
use Brown clusters to replace words in a generati

ve . T ) .
PCFG-LA framework, obtaining substantial parsinqci/b;a;e Fr)fgts :V%ar';nz;ovreg;ttss V\I/r;rkbgT ﬂ:j;rS:én;
improvements for French. P

lexical generalization for improving out-of-domain
6.2 Results in Dependency Parsing dependency parsing.

In dependency parsing, word classes are integrated cgnclusion

as features in underlying linear models. In a seminal

work, Koo et al. (2008) use Brown clusters as feaWe have investigated the use of probabilistic lexi-
tures in a graph-based parser, improving parsing faal target spaces for reducing lexical data sparse-
both English and Czech. However, attempts to usgess in a transition-based dependency parser for
this technique for French have lead to no improveFrench. We built a distributional thesaurus from an
ment when compared to the use of lemmatizatioautomatically-parsed large text corpus, using it to
and morphological analysis (Candito et al., 2010bgenerate word clusters and perform WordNet ASR.
Sagae and Gordon (2009) augment a transitioWe tested a standard approach to lexical gener-
based English parser with clusters using unlexicahklization for parsing that has been previously ex-
ized syntactic distributional similarity: each word isplored, where a word is mapped to a single cluster
represented as a vector of counts of emanating uar synset. We also introduced a novel probabilis-
lexicalized syntactic paths, with counts taken frontic lexical generalization approach, where a lemma

6.1 Results in Constituency-Based Parsing



is represented by a categorical distribution over thg. Agirre, T. Baldwin, and D. Martinez. 2008. Improv-
space of lemmas, clusters, or synsets. Probabilitiesing parsing and PP attachment performance with sense
for the lemma space were calculated using the dis- information. InProceedings of the 46th Annual Meet-
tributional thesaurus, and probabilities for the Word- "9 Of the Association for Computational Linguistics
Net synset space were calculated using ASR senge|Dages 317-325, Columbus, Ohio, June.

revalence scores, with probabilistic clusters left for Agirre, K. Bengoetxea, K. Gojenola, and J. Nivre.
?t K ’ P 2011. Improving dependency parsing with semantic
uture work.

classes. IProceedings of the 49th Annual Meeting of
Our experiments with an arc-eager transition- the Association for Computational Linguistigsages

based dependency parser resulted in modest but sig-699-703, Portland, Oregon, June.

nificant improvements in LAS over the baselineD.M. Bikel. 2000. A statistical model for parsing and

when parsing out-of-domain medical text. However, word-sense disambiguation. roceedings of the

we did not see statistically significant improvements EMNLP/VLC-2000pages 155-163, Hong Kong, Oc-

over the baseline when parsing in-domain text or ©Per-

. . . S. Bird, E. Loper, and E. Klein. 200¥atural Language
out-of-domain parliamentary text. An explanation
P y P Processing with PythornO’Reilly Media Inc.

for this resultis that the I.:rench. Treebank training S(:'Ig.F. Brown, P.V. Desouza, R.L. Mercer, V.J.D. Pietra, and
vocabu!ary has .a very high Ie>.<|cal Covefage over the J.C. Lai. 1992. Class-based n-gram models of natural
evaluation sets in these domains, suggesting that lex-janguage Computational Linguisticsl8(4):467—479.
ical generalization does not provide much additionat c. Bunescu. 2008. Learning with probabilistic fea-
benefit. Comparing the standard single-mapping ap- tures for improved pipeline models. Rroceedings of
proach to the probabilistic generalization approach, the Conference on Empirical Methods in Natural Lan-
we found a slightly (though not significantly) better guage Processingages 670-679, Honolulu, Hawaii,
performance for probabilistic generalization across October.

different parsing configurations and evaluation set§/- Candito and B. Crattn 2009. Improving generative

However, the probabilistic approach also has the statistical parsing with semi-supervised word cluster-

d ide of a sl ina ti ing. In Proceedings of the 11th International Confer-
ownside ofa s OV\-/er-runnllng "_ne' ence on Parsing Technologigsages 138-141, Paris,
Based on the findings in this paper, our focus prance, October.
for future Work_ on lexical generglizatiqn for d?'M. Candito and D. Seddah. 2012. Le corpus Sequoia :
pendency parsing is to continue improving parsing annotation syntaxique et exploitation pour I'adaptation
performance on out-of-domain text, specifically for d'analyseur par pont lexical. IActes de la 18me
those domains where lexical variation is high with conrence sur le traitement automatique des langues
respect to the training set. One possibility is to naturelles Grenoble, France, June. To Appear.
experiment with building a distributional thesaurud¥!- Candito, B. Crab, and P. Denis. 2010a. Statistical
that uses text from both the source and target do- French dependency parsing: Treebank conversion and
mains, similar to what Candito et al. (2011) did first results. InProceedings of the 7th International
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with Brown clustering, which may lead to a stronger \sjetta. Malta May.
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Abstract

In the last decade, substantial progress has
been made in the induction of semantic rela-
tions from raw text, especially of hypernymy
and meronymy in the English language and
in the classification of noun-noun relations in
compounds or other contexts. We investigate
the question of learning qualia-like semantic
relations that cross part-of-speech boundaries
for German, by first introducing a hand-tagged
dataset of associated noun-verb pairs for this
task, and then provide classification results us-
ing a general framework for supervised classi-
fication of lexical relations.

1 Introduction

Ever since the introduction of wordnets (Miller
and Fellbaum, 1991) or more generally machine-
readable dictionaries containing semantic relations,
researchers have investigated ways to learn such ex-
amples automatically from large text corpora, or
generalize them from existing instances. Substan-
tial research exists on the learning of hyperonymy
relations (Hearst, 1992; Snow et al., 2005; Tjong
Kim Sang and Hofmann, 2009), meronymy relations
(Hearst, 1998; Berland and Charniak, 1999; Girju
et al., 2003) and selectional preferences (Erk et al.,
2010; Bergsma et al., 2008; 0} Séaghdha, 2010).
Both lexicographic research (Chaffin and Her-
rmann, 1987; Morris and Hirst, 2004) and research
in cognitive psychology (Vigliocco et al., 2004;
McRae et al., 2005), argue that it is important to
consider relations beyond the classical inventory
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of hyperonymy and meronymy relations; further-
more psychological research on priming (Hare et al.,
2009) suggests different processing for different re-
lations, which would entail that cognitively plau-
sible modeling of human language should model
these relations explicitly rather than simply record-
ing untyped associations between concepts (as in the
‘evocation’ relation proposed for WordNet by Boyd-
Graber et al., 2006).

One set of suggestions for an extended inventory
of relations can be found in the telic and agentive
qualia relations of Pustejovsky (1991) which have
been shown to be useful in recognizing discourse re-
lations (Wellner et al., 2006), or metonymy/coercion
phenomena (Verspoor, 1997; Riid and Zarcone,
2011), and have the property of linking different
parts-of-speech groups, unlike meronymy and hy-
peronymy/troponymy.

The work we present in this paper consists of a
dataset of noun-verb associations for German con-
crete nouns, which we present in more detail in sec-
tion 3, and a state-of-the-art approach to the super-
vised classification of such cross-part-of-speech re-
lations using informative features from large collec-
tions of unannotated text, which we present in sec-

tion 4. Experimental results are discussed in section
6.

2 Related Work

Most of earlier work on discovering novel instances
of semantic relations was based on surface pattern
matching, as presented by Hearst (1998). In the do-
main of finding qualia relations, Cimiano and Wen-
deroth (2005) propose patterns such as “... purpose
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of Xis...” or “...X is used to ...”, whereas they
argue that agentive qualia are best chosen from a
small, fixed inventory of verbs (e.g., make, bake,
...). Katrenko and Adriaans (2008a) addi-
tionally propose “fo Y a (new|complete) X and “a
(new|complete) X has been Y’d” as patterns for agen-
tive qualia.

Some of the more recent work starts out from
matches extracted by means of such a pattern, but
use supervised training data to learn semantic con-
straints that improve the precision by filtering the
extracted examples. Berland and Charniak (1999)
use some handcrafted rules to exclude abstract ob-
jects from the part-of relations they extract from a
corpus, and additionally rank pattern extractions by
collocation strength. Girju et al. (2003) propose an
iterative refinement scheme based on taxonomic in-
formation from WordNet: In this learning approach,
general constraints using top-level semantic classes
(entity, abstraction, causal-agent) are passed to a de-
cision tree learner and iteratively refined until the se-
mantic constraints induced from the classes are no
longer ambiguous.

Katrenko and Adriaans (2008b, 2010) present ap-
proaches to learn semantic constraints for the use in
recognizing semantic relations between word tokens
(SemEval 2007 shared task, see Girju et al., 2009),
either in a graph-based generalization of Girju’s it-
erative refinement approach that is able to handle
sense ambiguities more gracefully, or by clustering
pairs of words by the joint similarity of both relation
arguments.

A complementary aspect is to improving recall
beyond the possibilities of a few hand-selected pat-
terns. Following Hearst (1998), Girju et al. (2003)
show that it is possible to find usable patterns by
exploiting known positive examples and looking for
co-occurrences of these relation arguments in a cor-
pus. However, these patterns usually have low preci-
sion and/or very limited recall, meaning that a more
elaborate approach (such as Girju et al.’s induction
of semantic constraints) is needed to make the best
use of them.

Yamada and Baldwin (2004) propose to use a
combination of templates typical of telic and agen-
tive qualia relations (X is worth Ying, X deserves
Ying, a well-Yed X) and a statistical ranking com-
bining association and a classifier learned on pos-

create
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itive and negative examples for that role. They
find that the combination of association statistic and
classification worked somewhat better than the tem-
plates alone.

One approach targeted at exploiting a greater
number of patterns for hyperonymy relations can be
found in the work of Snow et al. (2005): they ex-
tract patterns consisting of the shortest path in the
dependency graph plus an optional satellite and use
the set of all found paths as features in a linear clas-
sifier. The resulting classifier for hyperonymy re-
lations outperforms single patterns both in terms of
precision and in terms of recall; a further improve-
ment can be achieved if the frequency of pattern in-
stances is binned instead of just occurrence or non-
occurrence being recorded.

Tjong Kim Sang and Hofmann (2009) investigate
the question whether it is necessary to use syntac-
tic (rather than surface) patterns for the hyperonym
classification approach of Snow et al. They compare
a method of extracting features based on syntax as
in Snow et al.’s approach with a surface-based al-
ternative where the string between two words, plus
optionally one word to the left or right side of the
word, is extracted. Tjong Kim Sang and Hofmann
argue that the benefit of the parser (additional recall
due to the better generalization capability of the syn-
tactic patterns) is mostly negated by parsing errors:
In some informative contexts that the system based
on POS patterns is able to find without problems,
parsing errors lead to a parse tree that does not ex-
hibit the intended (dependency path) pattern.

Several researchers have applied such pattern
classification approaches to a larger set of relations,
and have demonstrated that extracting a pattern dis-
tribution between occurrences and performing su-
pervised classification based on this distribution is
a promising solution for semantic relations that go
beyond hyperonymy.

O Séaghdha and Copestake (2007) use a super-
vised classification approach for noun-noun com-
pounds combining context features for each of the
single words with features characterizing the joint
occurrences of the two nouns that are part of the tar-
get compound. In their experiments, they found that
linear classification using informative (bag-of-words
and bag-of-triples) features in conjunction with fea-
tures aimed at the similarity of each word of the tar-



get pair yields good results. In particular, the results
of using a linear classifier with informative corpus-
based features that are quite close to those that can
be achieved using a (more accurate, but computa-
tionally quite expensive) string kernel or those that
O Séaghdha (2007) achieves using taxonomic infor-
mation from WordNet.

Turney (2008) presents a general approach for
classifying word pairs into semantic relations by ex-
tracting the strings occurring between the two words
of a pair (up to three words in-between, up to one
word on either side) and using a frequency-based
selection process to select sub-patterns where words
from the extracted context pattern may have been re-
placed by a wildcard. Using standard machine learn-
ing tools (a support vector machine with radial base
function kernel), he is able to reach results that are
close to those possible with previous more special-
ized approaches.

Similarly, Herdagdelen and Baroni (2009) tackle
a variety of problems in semantic relation classifi-
cation using a unified approach where frequent uni-
grams and bigrams are extracted from co-occurrence
contexts of the target word pair (in addition to fea-
tures extracted from general occurrence contexts of
each word). Herdagdelen and Baroni’s approach
uses a linear SVM (which is faster and better-suited
to large data sets in general than either kernelized
support vector machines or nearest-neighbour ap-
proaches) yet is able to reach competitive accuracy.

In contrast to approaches using generic machine
learning, 0 Séaghdha and Copestake (2009) and
Nakov and Kozareva (2011) model the similarities
between related word pairs more explicitly in terms
of distributional kernels (O Séaghdha and Copes-
take), or as a similarity metric between word pairs
(Nakov and Kozareva). Such approaches allow more
flexibility in the modeling of similarity and the com-
bination of lexical and relational similarity mea-
sures, but are less well-suited for scaling up to more
training data.!

Because of the need for sufficient training data,
purely supervised approaches to learning relations

'O Séaghdha and Copestake (2009) reports training times
of slightly more than one day for their most efficient method
whereas a ten-fold crossvalidation run using SVMert — see the
presentation on p. 6 — takes under an hour, i.e., using linear
classification is more efficient by a factor of about 100.
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in morphologically-rich languages are often lim-
ited to the classical relations found in wordnets.
Tjong Kim Sang and Hofmann (2009) use a Dutch
corpus and hyperonymy relations from the Dutch
Cornetto wordnet and mention relatively few dif-
ferences to approaches on English such as Snow
et al. (2005). Kurc and Piasecki (2008) apply
the semi-supervised approach of Pantel and Pen-
nachiotti (2006) for learning hyperonymy relations,
but modify the patterns used to enforce morphosyn-
tactic agreement and accommodate a more flexi-
ble word order. Versley (2007) uses Web pattern
queries for finding hyperonymy relations and men-
tions the fact that greater morphological richness
and the smaller size of the German Web make the
use of Web queries more complex than for English.

Outside the realm of hyperonymy, Regneri (2006)
uses Web-based pattern search to classify verb-verb
associations into the semantic classes proposed for
English by Chklovski and Pantel (2004). Riid and
Zarcone (2011) perform a corpus study of patterns
indicative of telic and agentive qualia relations in a
German Web corpus, but perform no automatic clas-
sification.

In summary, the research of Tjong Kim Sang and
Hofmann (2009) seems to indicate that at least hy-
peronymy relations can be found using a shallow
pattern approach despite greater word order flex-
ibility of languages such as Dutch and German.
For cross-part-of-speech relations, such as telic and
agentive qualia, such a question has been unad-
dressed as of yet, which prompted us to create a
dataset that is suitable for such an investigation.

3 Material

In order to investigate general-domain Noun-Verb
relations in German, we first had to create an ap-
propriate dataset that captures a realistic notion of
the relationships that humans infer in a text. Exist-
ing datasets that explore this space (most of them
for English) use a variety of approaches: One ap-
proach starts from examples (such as the popular
analogy dataset for English introduced by Turney
and Littman, 2003); other approaches such as the
data collection for the SemEval task on identifying
relations between nominals (Girju et al., 2009; Hen-
drickx et al., 2010) start from common semantic re-



lations and use patterns to gather positive and nega-
tive examples by Web queries.

In our case, we started from noun-verb associa-
tions found in a sample of human-produced asso-
ciations to concrete noun stimuli (Melinger et al.,
20006); starting from the original association data, we
excluded items that were produced by less than three
subjects and used the part-of-speech information at-
tached to the data to retrieve only the verb associates.

The classification scheme was motivated by exist-
ing generative lexicon research (Pustejovsky, 1991;
Lenci et al., 2003), but was modeled to achieve a
good fit to the associations present in the data rather
than to force a good fit to any particular theory.

e agentive relations exist between an artifact and
an event that creates or procures it (e.g. bread-
bake)

e the telic relations exist between an entity and
an event that is related to its purpose or (actual
or intended) role:

— telic-artifact holds between an artifact and
its intended usage (e.g. plane-fly)

— telic-role holds between a role (i.e., a pro-
fession, organizational position etc.) and
activities related to that role (e.g. cowboy-
ride)

— telic-bodypart holds between a body part
and its intended uses (e.g. eye-see)

o the behaviour group of relations hold between
an entity and events that are caused by it, but
are not necessarily intentional or related to a
role that it fulfills:

— behaviour-animate are typical activities
performed by animate entities that are un-
related to the role that they fulfill for hu-
mans (e.g., dog-bark)

— behaviour-artifact relates artifacts to (usu-
ally) unintended behaviour associated
with them (e.g., moped-rattle)

— behaviour-environment relates elements
of the environment to events that go on
around them (e.g., sun-shine)

e Jocation relations hold between elements of the
environment and activities typically performed
in or at them (e.g., mountain-climb)
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e grooming relations hold between artifacts and
activities that contribute to the readiness of an
artifact (or body part) for its intended use but
are not directly related to it (e.g., plant-water,
hair-dye)

In comparison to standard schemes such as SIM-
PLE (Lenci et al., 2003), we have extended the set of
telic and agentive qualia from the original generative
lexicon approach by supplementing it with relations
that describe the affordances of objects or guides the
interpretative linking of objects and events, namely
location for affordances of elements of the environ-
ment and grooming for object-related actions that
may not be necessary for a differently-built object
with that same function, and finally behaviour de-
scribes events that co-occur with objects but are usu-
ally not part of a human agent’s action plan.

As a refinement, we subdivided the felic qualia
and behaviour relations, in particular specifying any
telic relation with the reason a concrete object may
be relevant for goal-directed processing — either by
teleological interpretation of body parts, by the cre-
ation of artifacts with a specific purpose, or the es-
tablishment of roles with social conventions sup-
porting certain types of actions.

Among the responses collected by Melinger et al.
(2006), we found relatively few instances that were
genuinely ambiguous (Drachen - fliegen, which may
either be interpreted as ‘kite/fly’, in which case it
would be a telic-artifact relation, or as ‘dragon/fly’,
in which case it would be a behaviour-animate rela-
tion), but found that domestic animals (cows, horses,
dogs) have affordances such as horse-ride or dog-
bark that indicate they are conceptualized as instru-
ments serving a particular goal (which means that
the relation should be labeled as felic-artifact rather
than as behaviour-animate).

In the associated word pairs, we also found re-
lations such as Zwiebel-schneiden (‘onion-cut’) or
Handtuch-duschen (‘towel-shower’) where the ac-
tion is related to a thing’s purpose but not identical
to it (towels are used to dry yourself after showering,
and people acquire onions to eat them after having
cut them). Our initial annotation included a com-
bination between the qualia-like relations presented
here and an additional event-semantic relation link-
ing the elicited event and the intended affordance of



the object. However, the event relation was left out
of the dataset used in the experiments to avoid data
sparsity.

In our dataset with 641 items, the most fre-
quent relations are telic-artifact (425 instances),
behaviour-animate (94 instances), telic-role (35 in-
stances), telic-bodypart (24 instances). The other re-
lations have between 2 and 17 instances each (see
table 3). The relationship data is therefore heavily
skewed.

4 Classification Approach

Our classification approach is aimed at a practi-
cal toolkit for supervised classification of lexical-
semantic relations, similar in spirit to the BagPack
approach of Herdagdelen and Baroni (2009) but
adapted for the use in morphologically-rich lan-
guages, in particular German.

In addition to the surface-based unigram and bi-
gram features, we use features based on dependency
syntax, which is more robust against variation in
word order, and allows to reattach separable verb
prefixes.

4.1 Preprocessing

To see why a very shallow approach may be less use-
ful for German, let us consider a simple direct (ac-
cusative) object relation such as between aufessen
(eat up) and Kuchen (cake): this relation could be
realized in a variety of ways depending on clause
type and constituent order, as illustrated in example

(.
(1) a.

Peter isst den Kuchen auf.

Peter eats the cake up.

“Peter eats up the cake”.

b. Den Kuchen hat Peter aufgegessen.
The cake,.. has Peter eaten-up.
“Peter has eaten up the cake”.

c. ...dass Peter den Kuchen aufisst.

... that Peter the cake up-eat.

“...that Peter eats up the cake”.

In German, clause type decides whether the verb
is in verb-second position (1a) or at the end of the
clause (1b,1c); additionally, as in (la), prefixes of
verbs may be stranded at the end of a clause with the
verb in verb-second position.
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In addition to morphological analysis, hence, reat-
tachment is necessary in such cases as (la), and
parsing is necessary to reattach prefix and verb. In
cases such as (1b), word order variation also needs
to be taken into account in order to recover the direct
object relation, unlike in languages with less-flexible
word order.

As a text collection that furnishes contexts for the
words or word pairs that interest us, we use the web-
news corpus, a collection of online news articles col-
lected by Versley and Panchenko (2012). For the
processing of this 1.7 billion word corpus, we use
a pipeline that relies on deterministic dependency
parsing to provide complete dependency parses at a
speed that is suitable for the processing of Web-scale
corpora.

The parsing model is based on MALTParser, a
transition-based parser, and uses part-of-speech and
morphological information as input. Morphological
information is annotated using RFTagger (Schmid
and Laws, 2008), a state-of-the-art morphological
tagger based on decision trees and a large con-
text window (which allows it to model morpho-
logical agreement more accurately than a normal
trigram-based sequence tagger). While transition-
based parsers are quite fast in general, an SVM clas-
sifier (which is used in MALTParser by default) be-
comes slower with increasing training set. In con-
trast, using the MALTParser interface to LibLinear
by Cassel (2009), we were able to reach a much
larger speed of 55 sentences per second (against 0.4
sentences per second for a more feature-rich SVM-
based model that reaches state of the art perfor-
mance).

For lemmatization, we use the syntax-based
TiiBa-D/Z lemmatizer (Versley et al., 2010), which
uses a separate morphological analyzer and some
fallback heuristics. The SMOR morphology
(Schmid et al., 2004) serves to provide morpholog-
ical analyses for novel words, covering inflection,
derivation and composition processes. For unana-
lyzed novel words that are not covered by SMOR,
the lemmatizer falls back to surface-based guessing
heuristics. It uses morphological and syntactic in-
formation to provide more accurate lemmas; In ad-
dition to dependency structures, the morphological
tags from RFTagger as well as global frequency in-
formation are used.



4.2 Classification

For classification, we use the following learning
methods:

e For the SVMperf classifier, the set of possible
labels is decomposed into binary problems us-
ing the one-vs-all scheme (for each possible la-
bel, a classifier is trained that receives the in-
stances of this label as positive instances and
the others as negative instances). SVMperf al-
lows the training of models that either optimize
(an upper bound for) the accuracy (SVMycc)
or the f-measure (SVMFE) of positive instances
(Joachims, 2005).

e The Maximum Entropy (MaxEnt) classifier
directly learns the multiclass decision. Here,
we used the AMIS package by Miyao and Tsu-
jii (2002).

All experiments are run in a ten-fold crossvalidation
setup where the data is split ten portions and each
portion (fold) is tagged using a classifier trained on
the remaining nine folds. This setup leads to de-
creased variation

As noted in section 6, SVM,,¢;f using optimization
for accuracy (i.e., a standard linear kernel SVM with
hinge loss and a one-versus-all reduction to handle
the multiclass problem) performs best on the two ag-
gregate measures that we used (accuracy and macro-
averaged F). Hence, most results we report in the
later part only use the standard SVM learner.

4.3 Features

The first group of surface-based features uses
a similar technique to Herdagdelen and Baroni
(2009): given the co-occurrences of two words X
and Y with at most 4 words in-between, we extract
frequent unigrams and bigrams. Because we can
maintain the sparsity of the resulting feature vector
(see section 5), we can use a larger list of 10000
each of the most frequent unigrams and bigrams
(w12) alternatively to a list with only 2 000 entries
each (w12 :2k). The 1eml2 feature uses the same
approach, but uses lemmas instead.

A second group of features uses a path-based
representation based on a modified version of the de-
pendency parse (where the main verb, and not the
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auxiliary verb is the head of a clause and is con-
nected to both the subject and its other arguments).

In the path-based representation, we can extract
the (shortest) path between the two target words in
the dependency graph. The rel feature records the
complete path (labeled dependency edges as well
as lemmas of intervening nodes) between the target
words. In contrast, the sat feature records labeled
dependency edges as well as lemmas of the depen-
dents of one of the target words.

Because the rel feature yields relatively large
(and therefore sparse) strings, we also decompose
the dependency path in triples consisting of labeled
dependency edge in the path and the two nodes ad-
jacent to it (with the endpoints replaced by “w;” and
“wq”, respectively) for the t riples feature.

In order to emulate the feature extraction of Snow
et al. (2005), we introduce a relsat feature, which
pairs the path (as in the rel feature) with one de-
pendent of either target word. The relsat feature
would be able to model patterns such as “w; and
other wy”, where a modifier (“other”) is not part of
the shortest dependency path between w; and ws.

In addition, a feature based on GermaNet (Hen-
rich and Hinrichs, 2010) uses taxonomic informa-
tion: possible hypernyms of the noun and verb in
the pair are extracted, and are used by themselves
(e.g. “noun is a hyponym of ‘thing’ ”, or “verb is a
hyponym of ‘communicate’ ”’) and in combinations
of up to two of these possible hypernym labels.

In addition to taxonomic information from Ger-
maNet, we use distributional similarity features
for single words. For the nouns, we use distribu-
tional features based on the co-occurrence of pre-
modifying adjectives, which Versley and Panchenko
(2012) found to work better than other grammatical-
relation-based collocates (attrl), while we use
Pad6 and Lapata’s (2007) method of gathering and
weighting collocates based on distance in the depen-
dency graph for the verbs (p12). Herdagdelen and
Baroni (2009) simply use a window-based approach
for gathering collocates, which we reimplemented as
a simpler way of capturing distributional similarity.
The resulting features are named w1 and w2.



OBJA

DET NSUBJ
VA
Seine Tante tiglich leckeren
His aunt bakes daily luscious cake

“his aunt bakes luscious cake every day”

wl2 Seiney, w, Tantey, o, w,tiglich,,

leml2 S€iNy,, o, Tant€y, w, w,tdglichy,

rel TOBJA

sat wgADV:tiglich w; AMOD:lecker
w1NSUBJ: Tante

triples w; TOBJAwsy

relsat TOBJA/wo ADV:tiglich

ToBJA/wy AMOD:lecker
TOBJA/w1NSUBJ:Tante
Due to the short path between w; and ws, the triples and
rel features are not very different in the example. In case of
more complicated constructions, the t riples approach would
yield multiple simpler features whereas rel would yield one

single complex string.

Figure 1: Kinds of features

5 Count Transformations

It is a well-known fact in distributional semantics
that raw observation counts for context items (be
they elements surrounding single word occurrences
or elements extracted from the occurences of two
words together) are incomparable for different target
words/target pairs (since their frequency can differ)
as well as for different context items. As a result, re-
searchers have proposed different approaches to pro-
duce transformed vectors using more sophisticated
association statistics (see Dumais, 1991, Weeds
et al., 2004, Turney and Pantel, 2010, inter alia).

In our case, we implemented L; normalization
(which normalizes for target word frequency), a con-
servative estimate for pointwise mutual information
(which normalizes for the frequencies of both target
word and feature), and the G? log-likelihood mea-
sure of Dunning (1993), which gives significance
scores (i.e., numbers that invariably grow both with
target and feature frequency, even if the association
strength — the relation between actual occurrences
and those that would be expected when assuming no
association — is constant). In both cases, very fre-
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quent features would be emphasized in comparison
to medium- and low-frequency features.

In the realm of supervised learning, an additional
choice has to be made among learning methods that
can classify words or word pairs using large feature
vectors — most commonly using nearest-neighbour
classification (Nakov and Kozareva, 2011), us-
ing custom kernels in support vector classification
(O Séaghdha and Copestake, 2009; Turney, 2008),
or by using appropriate techniques to represent the
feature vectors in linear classification.

In comparison to the former methods, linear clas-
sification scales better with the number of exam-
ples (where nearest-neigbour and kernel-based tech-
niques both show strongly superlinear behaviour)
and would be the method of choice for large-scale
classification.

Herdagdelen and Baroni (2009) propose to map
the values computed by association statistics by
computing mean and standard deviation of each fea-
ture and mapping the range [ — 20, + 207] of asso-
ciation scores for that feature (seen over the values
of that feature for all target pairs) to the range [0, 1]
in the input for the classifier, clamping values out-
side that range to O or 1, respectively.

Unfortunately, the approach proposed by
Herdagdelen and Baroni has the property that an
association score of 0 is mapped to a non-zero
feature value for the classifier, which means that
feature vectors are no longer sparse (i.e., instead of
only storing non-zero values for context items that
are informative, values for all context items have to
be processed).

To keep the sparsity of the transformed counts,
we always use 0 as the lower bound of the mapping
(such that zero values stay zero values). In addi-
tion to the Herdagdelen and Baroni’s mean/variance-
based threshold, we investigated the following pos-
sibilities for fixing the upper bound:

e Ml scale: use a constant upper bound of 1 on (a
conservative estimate of) the pointwise mutual
information.?

2To yield a conservative MI estimate, we use the discounting
factor introduced by Pantel and Lin (2002). The pointwise mu-
tual information value normalizes the frequency of both words
of a pair, hence all mutual information values are on a common
scale. A threshold of 1 in this case corresponds to two items oc-



baselines/single features Acc  MacroF combinations Acc MacroF
random 0.463 0.090 triples/G2-norm 0.739 0.212
telic-artifact 0.663 0.080 triples+w12/G?-norm 0.733 0.206
w12/L1-norm/AMIS 0.677 0.181 triples+rel/G2-norm 0.725 0.190
w12/L1-norm/SVM,. 0.715 0.212 triples+sat/G-norm 0.738 0.200
w12/L1-norm/SVMEg 0.674 0.120 triples+relsat/G2 -norm 0.729 0.184
w12/L1-norm 0.715 0.212 triples+w1+w2/MI-thr 0.816 0.469
lem12/G?-quant 0.703 0.204 triples+attr1+pl2/MI-thr 0.807 0.431
rel/Li-quant 0.722 0.154 GermaNet 0.851 0.516
sat/L1-norm 0.700 0.185 GermaNet+triples/G2-norm  0.853 0.482
triples/L1-quant 0.741 0.192 GermaNet+triples/MI-thr 0.855 0.484
triples/G%-norm 0.739 0.212 GermaNet+w12/G%-norm 0.855 0.496
relsat/L;-quant 0.698 0.154 GermaNet+w12/MI-thr 0.858 0.510
attr1+pl2/MI-thr 0.800 0.460 GWN+w 1 2+triples/G2-norm  0.852 0.462
w1+w2/MI-thr 0.807 0.468 GWN+w12+triples/MI-thr 0.849 0.478
GermaNet, no combination 0.846 0.450 GermaNet+w 1+w2/MI-thr 0.828 0.496
GermaNet, degree=2 0.851 0.516

Table 1: Trivial and single-feature baselines (using SVM-
acc unless noted otherwise)

e norm: use a value based on mean and standard
deviation of the occurring values for one given
feature (i + 20).

e quant: use a fixed quantile (99%) of all values
for a feature for the upper bound of the map-
ping interval.

In addition, to mapping feature values onto the
unit interval [0, 1], we investigated the usefulness of
making the features binary-valued by mapping all
values lower than the threshold to zero. While intu-
itively a continuous-valued feature should be more
informative, the high dimensionality of the feature
space may mean that noisy feature extraction ulti-
mately leads to a worse model in the continuous-
feature case.

6 Results and Discussion

Because of the skewed distribution, it is useful to
look not only at the overall accuracy (Acc) but also
at the macro-average of the F-measure of all rela-
tions (MacroF). The macro-averaged F-measure re-
flects the ability of the system to recognize all re-

curring together about exp(1) ~ 2.7 times as often as would be
expected from the marginal distribution for that co-occurrence
relation.
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Table 2: Combination results (using SVMacc)

lations since it weighs all relation types equally, in-
stead of (implicitly) weighting by token count where
under-predicting rare relation types normally yields
a higher accuracy. As is evident from table 1, the
accuracy baseline for the most frequent label (telic-
artifact) is already quite high.

Looking at results with various scaling methods
and learners on single features (table 1), we found
that the SVM,.. learner consistently yields better
accuracy and macro-averaged F-measure than the
other two learners. For the weighting functions, we
found that none of the measures was consistently
better than the others; results for the single features
in table 1 are reported for a weighting function that
works best for either accuracy or macro-averaged F-
measure using. (For space reasons, table 1 shows
numbers only for the w12 feature and L;-norm scal-
ing; other features and settings show a similar rela-
tion between the scores for different learners).

As in the investigation by O Séaghdha and Copes-
take (2007), dependency triples from the path be-
tween the two target words are the most effective
feature representation and yields both the great-
est accuracy value (with L; scaling and quantile-
based setting of thresholds) and the greatest F-
measure macroaverage (with G2 scaling and setting
of thresholds based on average and standard devi-
ation). Combination of the triples feature with



agentive beh-anim beh-artif beh-body beh-env grooming location telic-artif telic-body telic-role

count 14 94 13 2 5 17 12 425 24 35
wl2 0.105 0.513 0.000  0.000 0.000 0.000 0.154  0.834 0.214  0.255
triples 0.125  0.601 0.000  0.000 0.000 0.000 0.153  0.853 0.153  0.238
attr1+pl2 0.333 0.826 0.258  0.000 0.000 0.500 0421 0.874 0.636  0.754
wl+w2 0.385 0.834 0.222  0.000 0.000 0400 0571  0.877 0.619 0.767
GermaNet 0480 0.859 0.190 0.000 0.000 0.451 0.636  0.909 0.773  0.857
GWN+w12 0400 0.857 0.133 0.000 0.333 0.384 0.600  0.916 0.600  0.873

Table 3: Results by relation

other features based on paired co-occurrences does
not lead to further improvements, especially with
those features that also express information from the
dependency path (rel,relsat).

In comparison, the accuracy of the GermaNet hy-
pernyms feature (which includes combinations of
the hypernyms of first and second word) is much
higher than the versions that do not make use of
hand-crafted taxonomic knowledge, which is sur-
prising since it uses only taxonomic and no rela-
tional information. The pairwise feature combina-
tion for GermaNet features yields another small im-
provement over these already very good results. Dis-
tributional information on single words, both the
strictly window-based wl+w2 feature and the one
that is based on more elaborated distributional mod-
eling (attrl+pl2) show quite good results that
show further (but relatively small) improvements
when combined with the triples feature.

The importance of taxonomic (or, alternatively,
distributional semantic) information for the task pro-
posed here - namely, the supervised classification of
qualia-like relations - partly mirrors results for the
supervised classification of relations between nomi-
nals, where O Séaghdha and Copestake (2007) find
that their best system for distributional similarity
based on the BNC performs at about the same level
as a (somewhat simpler) approach using WordNet-
based classification (O Séaghdha, 2007), with only
much more sophisticated approaches such as the one
of O Séaghdha and Copestake (2009), which also
makes use of a considerably larger textual basis to
improve results over the level of the WordNet-based
approach.

Another reason for the importance of taxonomic
information in this task may lie in the fact that the
different relations have relatively strong selectional
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restrictions (for animate objects, roles/professions,
body parts, or artifacts on the noun side, and certain
types of actions or events on the verb side).

Looking at the results for each relation in table
3, we see that both felic-artifact and behaviour-
animate, the two relations with the largest counts,
are classified quite reliably, while behaviour-
bodypart and behaviour-environment, the two rela-
tions with very few examples, are never found by
the system. Among the other relations, taxonomi-
cal information for nouns and verbs seems to be in-
strumental for adequate classification of the groom-
ing relation and possibly also for location, telic-
bodypart and telic-role.

7 Summary

In this paper, we have presented a dataset contain-
ing cross-part-of-speech relations between concrete
nouns and human verb associates and demonstrated
a state-of-the-art approach for the supervised mul-
ticlass classification of the qualia relations in this
dataset.> Our results show that taxonomic informa-
tion from GermaNet is much superior to all other
features, while corpus-based dependency triples are
still visibly superior to shallow surface-based fea-
tures.

Important questions for future research would in-
clude a more direct comparison to other languages
(ideally using a similar data set and information
sources) to tease apart the influences of word order,
taxonomic organization, and data sparsity, respec-
tively.

3The dataset and future corrected/improved versions, are
available on request. Please feel free to send an email to the
author if you want to use it or produce a create a version for
another language.
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Abstract

We introduce a list of Arabic multiword
expressions (MWE) collected from various
dictionaries. The MWEs are grouped based
on their syntactic type. Every constituent
word in the expressions is manually
annotated with its full context-sensitive
morphological analysis. Some of the
expressions contain semantic variables as
place holders for words that play the same
semantic role. In addition, we have
automatically annotated a large corpus of
Arabic text using a pattern-matching
algorithm that considers some morpho-
syntactic features as expressed by a highly
inflected language, such as Arabic. A
sample part of the corpus is manually
evaluated and the results are reported in
this paper.

1 Introduction

A multiword expression (MWE) refers to a
multiword unit or a collocation of words that co-
occur together statistically more than chance. A
MWE is a cover term for different types of
collocations, which vary in their transparency and
fixedness. MWEs are pervasive in natural
language, especially in web based texts and speech
genres. Identifying MWEs and understanding their
meaning is essential to language understanding,
hence they are of crucial importance for any
Natural Language Processing (NLP) applications
that aim at handling robust language meaning and
use. In fact, the seminal paper (Sag et al., 2002)
refers to this problem as a key issue for the
development of high-quality NLP applications.
MWEs are classified based on their syntactic
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constructions. Among the various classes, one can
find the Verb Noun Constructions (VNC), Noun
Noun Construction (NNC) and others. A MWE
typically has an idiosyncratic meaning that is more
or different from the meaning of its component
words. In this paper we focus on MWEs in Arabic.
Like many other Semitic languages, Arabic is
highly inflected; words are derived from a root and
a pattern (template), combined with prefixes,
suffixes and circumfixes. As opposed to English
equivalents, Arabic MWEs can be expressed in a
large number of forms, expressing various
inflections and derivations of the words while
maintaining the exact same meaning, for example,
>ogmD [flAn] Eynyh En [Al>mr] ', “[one]
disregarded/overlooked/ignored  [the  issue]”,
literally, closed one’s eyes, vs. >gmDt [flAnp]
EynyhA En [Al>mr], “[one fem]
disregarded/overlooked/ignored fem [the issue]”,
where the predicate takes on the feminine
inflection. However, in many cases, there are
morphological features that cannot be changed in
different contexts, for example, mkrh >xAk IA bTl,
“forced with no choice”, in this example,
regardless of context, the words of the MWE do
not agree in number and gender with the
surrounding context. These are considered frozen
expressions. One of the challenges in building
MWE list for Arabic is to identify those features
and document them in every MWE. Our resource
is available for download.

We have manually collected a large number of
MWEs from various Arabic dictionaries, which are
based on MSA corpora, and then filtered by Arabic

! We use the Buckwalter transliteration for rendering Arabic
script in Romanization through out the paper (Buckwalter,
2002).

% To get a direct access, please send a request to one of the
authors
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native linguists. We then classified them based on
their syntactic constructions, considering the
relevant syntactic phenomena expressed in Arabic.
The MWEs were manually annotated with the
context-sensitive SAMA  (Maamouri, 2010)
morphological analysis for each word to assist an
automated identification of MWEs in a large
corpus of text. Part of the Arabic Gigaword 4.0
(Parker, 2009) is processed accordingly and the
MWESs are annotated based on a deterministic
algorithm considering different variants of every
MWE in our list. There are diverse tasks that
require a corpus with annotated MWEs, which
have not been addressed in Arabic due to the lack
of such a resource. However, a lot of attention is
put on those tasks when implemented in English
and other languages. Among those tasks,
classifying MWEs in a running text is the most
common one. Diab and Bhutada (2009) applied a
supervised learning framework to the problem of
classifying token level English MWEs in context.
They used the annotated corpus provided by Cook
(2008), a resource of almost 3000 English
sentences annotated with VNC usage at the token
level. Katz and Giesbrecht (2006) carried out a
vector similarity comparison between the context
of an English MWE and that of the constituent
words using Latent Semantic Analysis to
determine if the expression is idiomatic or not. In
work by Hashimoto and Kawahara (2008), they
addressed token classification into idiomatic versus
literal for Japanese MWEs of all types. They
annotated a corpus of 102K sentences, and used it
to train a supervised classifier for MWEs. Using
MWEs in machine translation is another
application. Carpuat and Diab (2010) studied the
effect of integrating English MWEs with a
statistical translation system. They wused the
WordNet 3.0 lexical database (Fellbaum, 1998) as
the main source for MWESs. Attia et al., in 2010,
extracted Arabic MWEs from various resources.
They focused only on nominal MWEs and used
diverse techniques for automatic MWE extraction
from cross-lingual parallel Wikipedia titles,
machine-translated English MWEs taken from the
English WordNet and the Arabic Gigaword 4.0
corpus. They found a large number of MWEs,
however only a few of them were evaluated.

In this paper, we describe the process of
manually creating a relatively comprehensive
Arabic MWE list. We use the resulting list to tag
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MWE occurrences in context in a corpus.

The paper is organized as follows: In Section 2
we describe the process of creating the Arabic
MWE list. Section 3 discusses the algorithm for
automatic deterministic tagging of MWEs in
running text, based on pattern matching. Sections 4
and 5 summarize the results of applying the
pattern-matching algorithm on a corpus. Finally,
we conclude in Section 6.

2 Arabic MWE List

Our Arabic MWE list is created based on a
collection of about 5,000 expressions, which is
manually  extracted from various Arabic
dictionaries (Abou Saad, 1987; Seeny et al., 1996;
Dawod, 2003; Fayed, 2007). Each MWE is
preprocessed by the following steps: 1) cleaning
punctuations and unnecessary characters, 2)
breaking alternative expressions into individual
entries, and 3) running MADA (Habash and
Rambow, 2005; Roth et al, 2008) on each MWE
individually for finding the context-sensitive
morphological analysis for every word. Some of
the extracted MWESs are originally enriched with
placeholder generic words that play the same
semantic role in the context of the MWE. That set
of generic words is manually normalized and
reduced to a group of types, as shown in Table 2.

Generic Type Semantic Example
Role
flAn Agent/Patient qr flAn EynA
“so-and-so” “pleased
a person someone‘
k*A Goal ElY HsAb k*A
“something™ “at the expense of
an object that/this”
<mr Source <mr Abn ywmh
“something” “something very
an issue new*

Table 1 — Generic Types

Generic words are sometimes provided with or
without additional clitics. For example, in the
MWE [Ebt [bflAn] AldnyA, literally, “the world
played-passive with so-and-so:”, which could be
translated as “life played havoc with so-and-so”,
the word bflan “to so-and-so” has the preposition b
“with” cliticized to it. Every word that substitutes
a generic word (an instantiation) has to comply



with the morphological features of the context
surrounding it.

The automatic preprocessing steps we ran on the
list are followed by a series of manual ones. We
found that the short context we had for every
MWE was not sufficient for MADA to return the
correct analysis with reasonable precision.
Therefore, we had to go over the results and
manually select the correct analysis for each word
in every MWE. Generic words are also assigned
with their correct analysis in context.

The class of each MWE is assigned manually.
Arabic is highly inflected; therefore many MWE
classes can be identified. However, in this paper,
we focus only on the major ones. The following
classes are used: Verb-Verb Construction (VVC)
as in >xZ [flAn] w>ETY “give and take”; Verb-
Noun Construction (VNC), for example, md [flAn]
Aljswr “[someone] built bridges” as in extending
the arms of peace, Verb-Particle Construction
(VPC) as in mDY [flAn] fy “[someone] continues
working on”’; Noun-Noun Construction (NNC) as
in Eng {lzjAjp “bottleneck”; Adjective Noun
Construction (ANC) as in [flAn] wAsE {l&fq
“[someone] broad-minded”.

The final list comprises 4,209 MWE types.
Table 2 presents the total number of MWE types
for each category.

MWE Category Type Number
VVC 41
VNC 1974
VPC 670
NNC 1239
ANC 285

Table 2 — Arabic MWESs by category types

3 Deterministic Identification of Arabic
MWEs

We developed a pattern-matching algorithm for
discovering MWEs in Arabic running text. The
main goal of this algorithm is to deterministically
identify instances of MWEs from the list in a large
Arabic corpus, considering some morphological as
well as syntactic phenomena. We use the Arabic
Gigaword 4.0 (AGW).® To capture the large

3

http://www.ldc.upenn.edu/Catalog/catalogEntry.jsp?catalogld
=LDC2009T30
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number of morpho-syntactic variations of the
MWESs in context, the pattern-matching algorithm
is designed to use some of the information
available from the selected morphological analysis
for every MWE word, as well as shallow-syntactic
information that we automatically assigned for
every word in the corpus.

One of our immediate intentions is to use the list
of MWEs for learning how to statistically classify
new ones in running text. Therefore, we begin here
with annotating a large part of the AGW corpus
with all the occurrences a MWE given in the list.
In order to make some shallow-syntactic features
available for the pattern-matching algorithm, we
pre-processed the AGW with AMIRAN, an
updated version of the AMIRA tools (Diab et al.,
2004, 2007). AMIRAN is a tool for finding the
context-sensitive morpho-syntactic information.
AMIRAN combines AMIRA output with
morphological analyses provided by SAMA.
AMIRAN is also enriched with Named-Entity-
Recognition (NER) class tags provided by
(Benajiba et al., 2008). For every word, AMIRAN
is capable of identifying the clitics, diacritized
lemma, stem, full part-of-speech tag excluding
case and mood, base-phrase chunks and NER tags.
Part of this information was used in previous work
for processing English MWEs.

When looking for Arabic MWEs in the pre-
processed corpus, there are two important issues
that the pattern-matching algorithm is addressing:

morphological variations and gaps. We now
elaborate further on each one of them.
Morphological variations: As mentioned

above, Arabic is highly inflected; clitics may be
attached to reflect definiteness, conjunction,
possessive pronouns and prepositions. This fact
forces the pattern-matching algorithm to match
words on a more abstract level then their surface
form. The algorithm considers different levels of
representation for each of the words. Those levels
are matched based on the information provided by
AMIRAN on corpus words, on the one hand, and
the morphological analyses that are selected
manually for every MWE word on the other hand.
In the experiment reported here, we match words
on the lemma level. The lemma provided by
AMIRAN and the one manually chosen by
MADA/SAMA analyses are taken from the same
pool, hence matching is enabled. It is worth noting



that in Arabic, the lemma is a generic name for a
group of words that can be derived from one of its
underlying stems, sharing the same meaning. For
instance, the noun bnt “girl” and its plural form
bnAt “girls” are reduced to the same lemma form
bnt. Obviously, perfect and imperfect forms of a
verb are also assigned to the same lemma. A
lemma form does not include the clitics; for every
corpus word, this information is recorded by
AMIRAN. Since clitics are in many cases
important for matching MWES, the pattern-
matching algorithm considers them. For example,
in the MWE: <x* [flAn] bAlv<r, “[so-and-so]
requited”, the proclitic b “with” expressed in the
last word, is important for matching.

Gaps: Sometimes a MWE can be found with
additional words such as modifiers that are not part
of the original MWE expression words. For
instance, the MWE: wDEt AIHrb <wzArhA, “the
war is over”, is found in the text: wDEt AIHrb
AIEAImyp AlvAnyp <wzArhA, “the second world
war is over”. The nominal modifiers AIEAImyp
AlvAnyp (“second world...”) are not present in the
original MWE taken from the list, and therefore
considered as gap fillers. To be able to identify
gaps of MWESs in context, the pattern-matching
algorithm uses the part-of-speech and base-phrase
tags provided for every word by AMIRAN. In the
reported experiment, we allowed an MWE to be
matched over gaps of  noun-phrases
complementing MWE words. In other words, we
allowed every MWE noun to be matched with a
complete non-recursive noun-phrase that appears
in the text. The matching is performed only on the
first noun of the containing noun-phrase,
restricting our approach using only noun-phrases
expressing the head noun in the beginning of a
phrase. For instance, in the previous example
AlHrb AlEAImyp AlvAnyp, “the Second World
War”, is a noun-phrase with a first noun word
AIlHrb “the war”. This noun-phrase matches the
word A/Hrb “the war” from the list MWE wDE?
AlHrb <wzArhA “the war is over”, hence allowing
the entire MWE to be found. Obviously, allowing
gaps of any types would have increased the recall
but on the other hand a large number of false
positive  MWEs would have been identified.
Currently, only noun-phrases are considered as
potential gap fillers. Considering other phrase
types is left for future work. We plan on
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identifying the types of potential gap fillers and
correlating them with the various MWE types.

One of the remaining problems with identifying
MWEs deterministically in a running text is that
the exact MWE words can be found in a text,
however given the context, in some cases they are
not idiomatic. This is the case for many VNCs for
instance. Hence, they are not a unified concept — a
word with gaps -- as in our definition of a MWE
usage. Accordingly a token MWE classifier is
required to identify such cases, teasing idiomatic
from literal MWEs apart.

4 Building MWE Annotated Corpus

We ran the pattern-matching algorithm on a large
part of the AGW after we pre-processed the
documents with AMIRAN. Overall, we had 250
million tokens and found 481,131 MWE instances.
Table 3 summarizes the exact number of MWEs
that we found, grouped by their class type.

The matching was performed on the lemma
level constraining the search with clitic matching.
Gaps are restricted only to noun-phrases at this
time, as mentioned above. The output of this
process follows the Inside Outside Beginning
(IOB) annotation scheme. In fact, the output files
are based on the same input AMIRAN files,
enriched with O, B/I-MWE tags as found by the
pattern-matching algorithm. Figure 1 shows how a
complete sentence, containing a MWE, is
annotated by the pattern-matching algorithm.

MWE Category Type Number
VVC 576
VNC 64,504
VPC 75,844
NNC 316,393
ANC 23,814

Table 3 — Annotated MWEs by class

5 Evaluation

The annotations are manually evaluated by a native
speaker of Arabic. We sub sampled the corpus and
examined each MWE instance that is identified by
the pattern-matching algorithm. Table 4 shows our
findings. Each row represents one category type.
The middle column shows the number of instances
evaluated, followed by the number of unique
MWE types. In the last column, the number of
correct instances as it was examined in context, is




reported. The correctness of an instance is
determined by its context. Remember that MWEs
are not only matched statically; generic words,
gaps and inflections may cause the pattern-
matching algorithm to annotate expressions with
an MWE type, incorrectly.

Word Lemma POS NER | MWE
swlAnA suwlAnA NN I-OR (6]

: : PUNC (0] (6]
AlAtHAd <it~iHAd NN B-GP (6]
AlAwrwby Auwrub~iy NN I-GP (6]

wt wa+t CC (0] (6]
wAS$SnTn wASinoTuwn NNP B-GP 0
ysEyAn saEaY-a VBPMD3 (0] (6]

1+ li+ IN (6] 0

AyjAd AiyjAd NN 0 0
Alyp [liy~ap NNEFS (0] (6]

1+ li+ IN (0] O

wqf wagqof NN (0] (6]
ATIAq Talaq NN 0 | B-MW

Al+ Al+ DET 0] I-MW

nAr nAr NN 0] I-MW
Figure 1 — Annotated sentence example

MWE Evaluated Instances Correct

Type Instances

VVC 111 (2 types) 2

VNC 157 (34 types) 154

VPC 161 (32 types) 125

NNC 155 (26 types) 154

Table 4 — Evaluation Results

The evaluation set is relatively small. Nevertheless,
one can see that in most cases the annotations are
correct. For the VNC, the pattern matching
algorithm achieves an accuracy of 98%, for VPC,
we get an accuracy of 77.6%, and NNC we achieve
an accuracy of 99%. It is worth noting that NNCs
are the only category that employs the gapping.
The VVC category contains only a few MWE
types, in the sampled set we evaluated 111
instances of merely two different types from
which, one was constantly identified incorrectly by
the algorithm and it constitutes the majority of the
instances (109 instances).

6 Conclusions

In this paper we have introduced a list of MWEs in
Arabic. The MWEs are enriched with
morphological information that was carefully
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assigned to every word. A large part of the Arabic
Gigaword 4.0 was deterministically annotated
using a pattern-matching algorithm, considering
morphological variations as expressed by Arabic
and some potential gaps. A sample of the corpus
was manually evaluated with encouraging results.
Building both resources is a first step toward our
research in the field of Arabic MWEs. Classifying
the level of idiomaticity of the part of the MWE
classes is one direction we are currently exploring.
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Abstract

This paper introduces a novel unsupervised
approach to semantic role induction that uses
a generative Bayesian model. To the best of
our knowledge, it is the first model that jointly
clusters syntactic verbs arguments into seman-
tic roles, and also creates verbs classes ac-
cording to the syntactic frames accepted by
the verbs. The model is evaluated on French
and English, outperforming, in both cases, a
strong baseline. On English, it achieves re-
sults comparable to state-of-the-art unsuper-
vised approaches to semantic role induction.

1 Introduction and background

Semantic Role Labeling (SRL) is a major task in
Natural Language Processing which provides a shal-
low semantic parsing of a text. Its primary goal is
to identify and label the semantic relations that hold
between predicates (typically verbs), and their asso-
ciated arguments (Marquez et al., 2008).

The extensive research carried out in this area re-
sulted in a variety of annotated resources, which,
in time, opened up new possibilities for supervised
SRL systems. Although such systems show very
good performance, they require large amounts of
annotated data in order to be successful. This an-
notated data is not always available, very expen-
sive to create and often domain specific (Pradhan
et al., 2008). There is in particular no such data
available for French. To bypass this shortcoming,
“annotation-by-projection” approaches have been
proposed (Pado and Lapata, 2006) which in essence,
(i) project the semantic annotations available in one
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language (usually English), to text in another lan-
guage (in this case French); and (ii) use the resulting
annotations to train a semantic role labeller. Thus
Pado and Pitel (2007) show that the projection-based
annotation framework permits bootstrapping a se-
mantic role labeller for FrameNet which reaches an
F-measure of 63%; and van der Plas et al. (2011)
show that training a joint syntactic-semantic parser
based on the projection approach permits reaching
an F-measure for the labeled attachment score on
PropBank annotation of 65%.

Although they minimize the manual effort in-
volved, these approaches still require both an an-
notated source corpus and an aligned target corpus.
Moreover, they assume a specific role labeling (e.g.,
PropBank, FrameNet or VerbNet roles) and are not
generally portable from one framework to another.

These drawbacks with supervised approaches mo-
tivated the need for unsupervised methods capable
of exploiting large amounts of unannotated data. In
this context several approaches have been proposed.
Swier and Stevenson (2004) were the first to intro-
duce unsupervised SRL in an approach that used
the VerbNet lexicon to guide unsupervised learning.
Grenager and Manning (2006) proposed a directed
graphical model for role induction that exploits lin-
guistic priors for syntactic and semantic inference.
Following this work, Lang and Lapata (2010) for-
mulated role induction as the problem of detecting
alternations and mapping non-standard linkings to
cannonical ones, and later as a graph partitioning
problem in (Lang and Lapata, 2011b). They also
proposed an algorithm that uses successive splits and
merges of semantic roles clusters in order to improve
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their quality in (Lang and Lapata, 2011a). Finally,
Titov and Klementiev (2012), introduce two new
Bayesian models that treat unsupervised role induc-
tion as the clustering of syntactic argument signa-
tures, with clusters corresponding to semantic roles,
and achieve the best state-of-the-art results.

In this paper, we propose a novel unsupervised
approach to semantic role labeling that differs from
previous work in that it integrates the notion of verb
classes into the model (by analogy with VerbNet,
we call these verb classes, frames). We show that
this approach gives good results both on the En-
glish PropBank and on a French corpus annotated
with VerbNet style semantic roles. For the English
PropBank, although the model is more suitable for
a framework that uses a shared set of role labels
such as VerbNet, we obtain results comparable to
the state-of-the-art. For French, the model is shown
to outperform a strong baseline by a wide margin.

2 Probabilistic Model

As mentioned in the introduction, semantic role la-
beling comprises two sub-tasks: argument identifi-
cation and role induction. Following common prac-
tice (Lang and Lapata, 2011a; Titov and Klemen-
tiev, 2012), we assume oracle argument identifica-
tion and focus on argument labeling. The approach
we propose is an unsupervised generative Bayesian
model that clusters arguments into classes each of
which can be associated with a semantic role. The
model starts by generating a frame assignment to
each verb instance where a frame is a clustering of
verbs and associated roles. Then, for each observed
verb argument, a semantic role is drawn conditioned
on the frame. Finally, the word and dependency la-
bel of this argument are generated. The model ad-
mits a simple Gibbs algorithm where the number of
latent variables is proportional to the number of roles
and frames to be clustered.

There are two key benefits of this model architec-
ture. First, it directly encodes linguistic intuitions
about semantic frames: the model structure reflects
the subcategorisation property of the frame variable,
which also groups verbs that share the same set of
semantic roles, something very close to the VerbNet
notion of frames. Second, by ignoring the “verb-
specific” nature of PropBank labels, we reduce the
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Figure 1: Plate diagram of the proposed directed
Bayesian model.

need for a large amount of data and we better share
evidence across roles.

In addition, because it is unsupervised, the model
is independent both of the language and of the spe-
cific semantic framework (since no inventory of se-
mantic role is a priori chosen).

2.1 Model description
The goal of the task is to assign argument instances
to clusters, such that each argument cluster repre-
sents a specific semantic role, and each role corre-
sponds to one cluster. The model is represented in
the form of a plate diagram in Figure 1. The ob-
served random variables are the verb V' (lemma), its
voice Vo (active or passive), the words W (lemma)
that are arguments of this verb, and the syntactic de-
pendency labels D that link the argument to its head.
There are two latent variables: the frame F' that rep-
resents the class of the verb, and the role R assigned
to each of its arguments. The parameters 6 of all
multinomial distributions are Dirichlet distributed,
with fixed symmetric concentration hyper-parameter
a. The frame plays a fundamental role in this set-
ting, since it intends to capture classes of verbs that
share similar distributions of role arguments.

The model’s generative story is described next,
followed by a description of the inference algorithm
used to apply the model to an unannotated corpus.

2.2 Generative story
For each verb instance, the proposed model first gen-
erates a frame cluster, a voice (active or passive), and



then a verb lemma from the distribution of verbs in
this frame. The number of arguments is assumed
fixed. For each argument, a role is sampled condi-
tioned on the frame. Then, a word is sampled from
the distribution of words associated to this role, and
finally a dependency label is generated, conditioned
both on the role and the voice. All multinomial pa-
rameters are collapsed, and thus not sampled. All
Dirichlet hyper-parameters are assumed constant.

To identify words, we use either word lemmas or
part-of-speech tags. In order to avoid data sparse-
ness issues, we consider the word lemma only in
cases where there are more than 9 instances of the
word lemma in the corpus. Otherwise, if the number
of word lemma instances is less than 10, we use the
part-of-speech tags.

2.3 Learning and Inference

A collapsed Gibbs sampler is used to perform poste-
rior inference on the model. Initially, all frames Fj
are sampled randomly from a uniform distribution,
while the roles ?; ; are assigned either randomly or
following the deterministic syntactic function base-
line, which simply clusters predicate arguments ac-
cording to their syntactic function. This function is
described in detail in Section 3.

The Gibbs sampling algorithm samples each la-
tent variable (F; and R; ;) in turn according to its
posterior distribution conditioned on all other in-
stances of this variable (noted F_; and Rﬁ(i,j) re-
spectively) and all other variables. These posteriors
are detailed next.

In the following, R; ; represents the random vari-
able for the j** role of the i’ verb in the corpus: its
value is R; ; = r; ; at a given iteration of the sam-
pling algorithm. nr ¢ ;. is the count of occurrences of
(F; = f,R;; = r) in the whole corpus, excluding
the i** instance when the superscript ~* is used. A
star % matches any possible value. The joint proba-
bility over the whole corpus with collapsed multino-
mial parameters is:

p(F,R,V,W, D, Vo|a)

I F(”f +a) F(Z i1 OKF)

LSy nfi + af) T1Y F(aF)

T T Do s +0V) D(ZN, oY)
H v Ny vy <
i 1F(X: 2y iy +aV) T2 D(eV)
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lN'i T2, i s + o) TSN, o)
i1 TSNy i + o) TT0E, T(aR)
Nuyo Nr
Tf T] i D +02) PE,2, 0?)
=1 j=1 F(Zk 1nd ,Jrk + aD) Hgd F(O‘D)
ﬁ 1% T(nwi 5 + W) T(Z 70 o) y

=1 T2 nws j + ™) T T(@W)

Hi\f:”l" I'(nvo; + aV°) F(Zi\é’f aVo)

F(Zf\;”f nvo; + aV°) va:“f I'(aV°)

The posterior from which the frame is sampled is
derived from the joint distribution as follows:

p(F; = y|F-;, R,V,W, Vo) M

p(F,R,V,W,D,Vo)
P(F-i, Rmi, Vai, Woi, D, Vo)

o

_ (’Vlf7Z +afh) o (nv;ﬁ,z -|— aV)
(M nfri+al) (Sl +aY)
Hreri’* HZ;jo 71(7”“;} +aft + )

L (N nry s + oF +x)

where nr is the count of occurrences of role r in

the arguments of verb instance i (M; = Y, nr;F).

The update equation for sampling the role be-
comes:

P(Rz,y :y|Rﬁ(1,j)7F7‘/7W7D7VO) ()]
o p(I, R, V,W,D,Vo)
P(Fiy Vi Rei gy Waingys Dgangy, Vo-(ig))

(g +a™) (15 ity + )
= — X X
(Zi\lln (zyj)JraR) (Z Na, nd ( ])k+O‘D)
(nwy,gf; )
(Zk 1nw ,])+ W)

After T iterations, the process is stopped and the
expected value of the sampled frames and roles af-
ter the burn-in period (20 iterations) is computed.
With deterministic (syntactic) initialization, 7" is set
to 200, while it is set to 2000 with random initializa-
tion because of slower convergence.

3 Evaluations and results

We evaluate our model both on English to situate
our approach with respect to the state of the art; and
on French to demonstrate its portability to other lan-
guages.

3.1 Common experimental setup

The model’s parameters have been tuned with a
few rounds of trial-and-error on the English devel-
opment corpus: For the hyper-parameters, we set



af =05, af=1e3,aY =1.e7,a"° =1.¢e73,
aP = 1.e7® and " = 0.5. For the evaluation on
French, we only changed the o and o'V parame-
ters. In order to reflect the rather uniform distribu-
tion of verb instances across verb classes we set a”
to 1. Moreover, we set 'V to 0.001 because of the
smaller number of words and roles in the French cor-
pus. The number of roles and frames were chosen
based on the properties of each corpus. We set num-
ber of roles to 40 and 10, and the number of frames
to 300 and 60 for English and French respectively.
As done in (Lang and Lapata, 2011a) and (Titov and
Klementiev, 2012), we use purity and collocation
measures to assess the quality of our role induction
process. For each verb, the purity of roles’ clusters
is computed as follows:

1
PU = NZHI]&X|GJQC1|

where C; is the set of arguments in the i*” clus-
ter found, G; is the set of arguments in the jth gold

class, and NV is the number of argument instances.
In a similar way, the collocation of roles’ clusters is
computed as follows:

1
Co = sz?xmj NG
J

Then, each score is averaged over all verbs. In the
same way as (Lang and Lapata, 2011a), we use the
micro-average obtained by weighting the scores for
individual verbs proportionally to the number of ar-
gument instances for that verb. Finally the F1 mea-
sure is the harmonic mean of the aggregated values
of purity and collocation:

2xCO *x PU
Fl= CO + PU

3.2 Evaluations on French

To evaluate our model on French, we used a manu-
ally annotated corpora consisting on sentences from
the Paris 7 Treebank (Abeillé et al., 2000), con-
taining verbs extracted from the gold standard V-
GOLD (Sun et al., 2010)!. For each verb, at most 25
sentences from the Paris 7 Treebank were randomly

'"V-GOLD consists of 16 fine grained Levin classes with 12
verbs each (translated to French) whose predominant sense in
English belong to that class.
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[ Role | VerbNet roles ]
Agent Agent, Actor, Actorl, Actor2
Experiencer | Experiencer
Theme Stimulus, Theme, Themel, Theme2
Topic Proposition, Topic
PredAtt Predicate, Attribute
Patient Patient, Patient1, Patient2
Start Material, Source
End Product, Destination, Recipient
Location Location
Instrument Instrument
Cause Cause
Beneficiary Beneficiary
Extent Asset, Extent, Time, Value

Table 1: VerbNet role groups (French).

selected and annotated with VerbNet-style thematic
roles. In some cases, the annotated roles were ob-
tained by merging some of the VerbNet roles (e.g.,
Actor, Actor] and Actor2 are merged); or by group-
ing together classes sharing the same thematic grids.
The resulting roles assignment groups 116 verbs into
12 VerbNet classes, each associated with a unique
thematic grid. Table 1 shows the set of roles used
and their relation to VerbNet roles. This constitutes
our gold evaluation corpus.

The baseline model is the ‘“syntactic function”
used for instance in (Lang and Lapata, 2011a),
which simply clusters predicate arguments accord-
ing to the dependency relation to their head. This
is a standard baseline for unsupervised SRL, which,
although simple, has been shown difficult to outper-
form. As done in previous work, it is implemented
by allocating a different cluster to each of the 10
most frequent syntactic relations, and one extra clus-
ter for all the other relations. Evaluation results are
shown in Table 2. The proposed model significantly
outperforms the deterministic baseline, which vali-
dates the unsupervised learning process.

[ [ PU T CO [ F1 |
789 [ 734 ] 76.1
746 | 829 | 785

Synt.Func. (baseline)
Proposed model - rand. init

Table 2: Comparison of the Syntactic Function baseline
with the proposed system initialized randomly, evaluated
with gold parses and argument identification (French).

3.3 Evaluations on English

We made our best to follow the setup used in previ-
ous work (Lang and Lapata, 2011a; Titov and Kle-



mentiev, 2012), in order to compare with the current
state of the art.

The data used is the standard CoNLL 2008 shared
task (Surdeanu et al., 2008) version of Penn Tree-
bank WSJ and PropBank. Our model is evaluated
on gold generated parses, using the gold PropBank
annotations. In PropBank, predicates are associated
with a set of roles, where roles A2-AS5 or AA are
verb specific, while adjuncts roles (AM) are con-
sistent across verbs. Besides, roles AO and Al at-
tempt to capture Proto-Agent and Proto-Patient roles
(Dowty, 1991), and thus are more valid across verbs
and verb instances than A2-A5 roles.

Table 3 reports the evaluation results of the pro-
posed model along with those of the baseline system
and of some of the latest state-of-the-art results.

[ [ PUT CO [ F1 |

Synt.Func.(LL) 81.6 | 77.5 | 79.5
Split Merge 88.7 | 73.0 | 80.1
Graph Part. 88.6 | 70.7 | 78.6
TK-Bay.1 88.7 | 78.1 | 83.0
TK-Bay.2 89.2 | 74.0 | 80.9
Synt.Func. 79.6 | 84.6 | 82.0
Proposed model - rand. init | 82.2 | 83.4 | 82.8
Proposed model - synt. init | 83.4 | 84.1 | 83.7

Table 3: Comparison of the proposed system (last 2 rows)
with other unsupervised semantic role inducers evaluated
on gold parses and argument identification.

We can first note that, despite our efforts to
reproduce the same baseline, there is still a dif-
ference between our baseline (Synt.Func.) and
the baseline reported in (Lang and Lapata, 2011a)
(Synt.Func.(LL)) 2,

The other results respectively correspond to the
Split Merge approach presented in (Lang and Lap-
ata, 2011a) (Split Merge), the Graph Partitioning al-
gorithm (Graph Part.) presented in (Lang and Lap-
ata, 2011b), and two Bayesian approaches presented
in (Titov and Klementiev, 2012), which achieve the
best current unsupervised SRL results. The first such
model (TK-Bay.1) clusters argument fillers and di-
rectly maps some syntactic labels to semantic roles
for some adjunct like modifiers that are explicitly
represented in the syntax, while the second model
(TK-Bay.2) does not include these two features.

>We identified afterwards a few minor differences in both
experimental setups that partly explain this, e.g., evaluation on
the test vs. train sets, finer-grained gold classes in our case...
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Two versions of the proposed model are reported
in the last rows of Table 3: one with random (uni-
form) initialization of all variables, and the other
with deterministic initialization of all R; from the
syntactic function. Indeed, although many unsuper-
vised system are very sensitive to initialization, we
observe that in the proposed model, unsupervised in-
ference reaches reasonably good performances even
with a knowledge-free initialization. Furthermore,
when initialized with the strong deterministic base-
line, the model still learns new evidences and im-
proves over the baseline to give comparable results
to the best unsupervised state-of-the-art systems.

4 Conclusions and future work

We have presented a method for unsupervised SRL
that is based on an intuitive generative Bayesian
model that not only clusters arguments into seman-
tic roles, but also explicitly integrates the concept
of frames in SRL. Previous approaches to seman-
tic role induction proposed some clustering of roles
without explicitly focusing on the verb classes gen-
erated. Although there has been work on verb clus-
tering, this is, to the best of our knowledge, the first
approach that jointly considers both tasks.

In this work in progress, we focused on the role
induction task and we only evaluated this part, leav-
ing the evaluation of verb classes as future work. We
successfully evaluated the proposed model on two
languages, French and English, showing, in both
cases, consistent performances improvement over
the deterministic baseline. Furthermore, its accu-
racy reaches a level comparable to that of the best
state-of-the-art unsupervised systems.

The model could be improved in many ways, and
in particular by including some penalization term for
sampling the same role for several arguments of a
verb instance (at least for core roles). Moreover, we
believe that our model better fits within a framework
that allows roles sharing between verbs (or frames),
such as VerbNet, and we would like to carry out a
deeper evaluation on this concept.
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Using Nominal Compounds for Word Sense Discrimination
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Abstract

In many morphologically rich languages, con-
ceptually independent morphemes are glued
together to form a new word (a compound)
with a meaning that is often at least in part pre-
dictable from the meanings of the contribut-
ing morphemes. Assuming that most com-
pounds express a subconcept of exactly one
sense of its nominal head, we use compounds
as a higher-quality alternative to simply using
general second-order collocate terms in the
task of word sense discrimination. We eval-
uate our approach using lexical entries from
the German wordnet GermaNet (Henrich and
Hinrichs, 2010).

1 Introduction

In several morphologically rich languages such as
German and Dutch, compounds are usually written
as one word: In a process where nouns, verbs and
other prefixes combine with a head noun (called the
simplex when it occurs on its own), a novel word
can be formed which is typically interpretable by
considering its parts and the means of combination.
The process of compounding is both highly produc-
tive and subject to lexicalization (i.e., the creation
of non-transparent compounds that can only be in-
terpreted as a whole rather than as a combination
of parts). The analysis of compounds have been
subject to interest in machine translation as well as
in the semantic processing of morphologically rich
languages. The analysis of compounds is generally
challenging for many reasons. In particular, com-
pounds leave us with the dilemma of either model-
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ing them as complete units, yielding a more accu-
rate picture for lexicalized compounds but creating
a more severe sparse data problem in general, or try-
ing to separate out their parts and ending up with
problems of wrongly split lexicalized compounds,
or of incurring mis-splits where spurious ambigui-
ties occur.

The purpose of this paper is to address the ques-
tion of whether semantic information of compound
occurrences can be used to learn more about the
sense distribution of the simplex head, with respect
to a text collection. Specifically, this paper focuses
on the task of word sense discrimination, where the
goal is to find different senses of a word without
assuming a hand-crafted lexical resource as train-
ing material (in contrast to word sense disambigua-
tion, where the exact sense inventory to be tagged
is known at training and inference time, and where
making effective use of a resource such as WordNet
(Miller and Fellbaum, 1991) or GermaNet (Henrich
and Hinrichs, 2010) is an important part of the prob-
lem to be solved).

While the present paper focuses on nominal com-
pounds in German, the method as such can also be
applied to other languages where compounds are
written as one word.

2 Related Work

Automatic word sense discrimination (WSD) is a
task that consists of the automatic discovery of a
sense inventory for a word and of associated exam-
ples for each sense.

To evaluate systems performing word sense dis-
crimination, earlier research such as Schiitze (1998)
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uses either pseudowords — two words that have been
artificially conflated to yield an ambiguous concept
such as wide range/consulting firm — or use (ex-
pensive) manually annotated data. Subsequently,
the contexts of these occurrences are clustered into
groups that correspond to training examples for each
postulated sense.

A different approach to the idea of word sense
discrimination can be found in the work of Pantel
and Lin (2002): they retrieve a set of most-similar
items to the target word, and then cluster these sim-
ilar items according to distributional semantic prop-
erties. In Pantel and Lin’s approach, the output of
the word sense induction algorithm is not a group
of contexts with the target word that will be used to
represent a sense, but instead one or more words that
are (hopefully) related to one particular sense. The
contexts in which the related words occur could then
be used as positive examples for that particular sense
of the target word.

Pantel and Lin aim at a principled approach to
compare the soft-clustering approaches they pro-
pose, in conjunction with a fixed set of related
words. While the main interest of this paper lies
in comparing different methods for generating the
candidate set of related words, the exact clustering
method is only of marginal interest. In this paper, a
simpler hard clustering method is used and only the
assignment for the tight center of a cluster is consid-
ered since the non-central items can be different or
even incomparable for the different methods.

3 Our Approach

Our approach to word sense discrimination is based
on the idea that different compounds that have the
same simplex word as their head (e.g. Bliitenblatt
‘petal’, and Revolverblatt ‘tabloid rag’) are less am-
biguous than the simplex (Blatt ‘leaf’, ‘newspa-
per’) itself. This assumption is along the lines with
what the “one sense per collocation” heuristic of
Yarowsky (1993) would predict.

Yarowsky noted that in a corpus of homo-
graphs/homophones/near-homographs, translation
distinctions, and pseudo-words, a single collocation
(such as “foreign” or “presidential”) is often enough
to disambiguate the occurrence of a near-homograph
such as aid/aide. While Yarowsky claims that most
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of the problems of such an approach would be due
to absent or unseen collocates, it is easily imagin-
able that collocates such as old or big can occur with
multiple senses of a word.

In German, noun compounds usually involve at
least a minimum degree of lexicalization: In En-
glish, ‘red flag’ and ‘red beet’ are lexicalized (i.e.,
denote something more specific than the composi-
tional interpretation would suggest), but ‘red rag’
or ‘red box’ are purely compositional. In German,
Rotwein ‘red wine’ is a compound, but the more
compositional roter Apfel/*Rotapfel ‘red apple’ is
not a compound and points to the fact that ‘red ap-
ple’ only has a compositional interpretation. Be-
cause of this minimal required degree of lexicaliza-
tion, we would expect that German nominal com-
pounds (as well as any compounds in a language that
has a similar distinction between affixating and non-
affixating compounds) are, for the largest portion,
compositional enough to be interpretable, but lexi-
calized enough that a compound is always specific
to only one sense of its head simplex.

3.1 Finding Committees

The method of finding committees that form sense
clusters is illustrated in Figure 1 using the target
word example Blatt. To generate a candidate list
of related terms, our method first retrieves all words
(compounds) that have the target word as a suffix
(step 3 in Figure 1). This candidate set is then sorted
according to distributional similarity with the target
word and cut off after N items (step 2 in Figure 1) to
reduce the influence of spurious matches and non-
taxonomic compounds and to avoid too much noise
in the candidate list.

In order to evaluate the method of selecting com-
pounds as candidate words, we first cluster the set
of candidate words into as many clusters as there
are target word senses represented in the candidate
words (step 3 in Figure 1, again using the distribu-
tional similarity vectors of the words described in
the following subsection 3.2).

To avoid biasing our method towards any partic-
ular method of choosing the candidate words, we
simply assume that it is possible to produce a ‘rea-
sonable’ number of clusters. In the next step, the
most central items of each cluster (the ‘committee’)
are determined, purely by closeness to the cluster’s



target word: Blatt

Step 1: extract all compounds that
have the target word as head

Boulevardblatt

Teeblatt

Laubblatt SkathaFf b
nformationsblatt
Notenblatt erzplatt  Massenblatt

Titelblatt Schulterblatt

Han:ilsbha;:: - Kleeblatt Feigenblatt
enchia Blitenblatt

Merkblatt Tageblatt

Step 2: take top N words from that
list according to distributional
similarity with the target word

Boulevardblatt (0.05)
Laubblatt (0.04) Informationsblatt (0.03)

Notenblatt (0.03) Teeblatt (0.03)
Titelblatt{(o.od)) Massenblatt (0.03)
Kleeblatt (0.02)
Handelsblatt (0.04) ;
Feigenblatt (0.02)
Abendblatt (0.03) g|tanblatt (0.07)

Merkblatt (0.02) Tageblatt (0.02)

Step 3: cluster extracted words and
identify (up to) three most representative
words of each cluster (bold face)

Laubblatt
Feigenblatt
Merkblatt
) Boulevardblatt
Bliitenblatt Informationsblatt
Teeblatt Titelblatt Massenblatt
Notenblatt Handelsblatt

Kleeblatt Abendblatt

Tageblatt

Figure 1: Steps in the clustering method

centroid and disregarding similarity with the target
word. The committee words are rendered in bold
face in the circles in Figure 1. The quality of the
approach is then evaluated according to whether the
committees form a suitable representation for the set
of senses that the target word possesses.

An advantage of only including compounds in the
candidate list of related terms, instead of all words,
is that the related words generated by such an ap-
proach are conceptually considerably closer to the
target word than those using all words as candidates:
Using all words, the top candidates include the co-
ordinate terms Frucht ‘fruit’ and Bliite ‘flower’, as
well as more faraway terms such as Tuch ‘cloth’ or
Haar ‘hair’; using only compounds of the simplex,
the candidate list contains mostly hyponyms such as
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Laubblatt “leaf’, Titelblatt ‘title page’ or Notenblatt
‘sheet of music’.

3.2 Distributional Similarity and Clustering

Both for the initial selection of candidate words
(where the list is cut off after the top-N similar
terms) and for the subsequent clustering step, fre-
quency profiles from a large corpus are used to cre-
ate a semantic vector from the target word and each
(potential or actual) candidate word.

To construct these frequency profiles, the web-
news corpus of Versley and Panchenko (2012) is
used, which contains 1.7 billion words of text from
various German online newspapers. The text is
parsed using MALTParser (Hall et al., 2006) and
the frequency of collocates with the ATTR (premod-
ifying adjective) and OBJA (accusative object) re-
lations is recorded. Vectors are weighted using the
conservative pointwise mutual information estimate
from Pantel and Lin (2002). For selecting most-
similar words in candidate selection, we use a ker-
nel based on the Jensen-Shannon Divergence across
both grammatical relations, similar to the method
proposed by O Séaghdha and Copestake (2008).

The resulting vector representations of words are
then clustered using average-link hierarchical ag-
glomerative clustering using the CLUTO toolkit
(Zhao and Karypis, 2005), which uses cosine sim-
ilarity to assess the similarity of two vectors. In the
study of Pantel and Lin (2002), agglomerative clus-
tering was among the best-performing off-the-shelf
clustering methods.

As we initially found that many features that were
used in clustering were less relevant to the differ-
ent senses of the head word that were targeted, we
also introduce a method to enforce a focus on tar-
get word compatible aspects of those words. In the
basic approach (raw), the normal vector representa-
tion of each word is used. In the modified approach
(intersect), only the features that are relevant for the
target word are selected, by using for each feature
the minimum value of (i) that feature’s value in the
candidate word’s vector and (ii) that feature’s value
in the target word’s vector.

3.3 Competing and Upper Baselines

To see how well our method performs in relation to
other approaches for finding related terms describ-



ing each sense of a synset, two lower baselines and
one upper baseline have been implemented.

One lower baseline uses general distributionally
similar items. This is an intelligent (but realistic)
general baseline method — close in spirit to Pantel
and Lin (2002). It simply consists in retrieving the
distributionally most similar words for the clustering
task. Effectively, this resembles our own method,
but without the compound filtering step.

The second lower baseline assumes that it should
always be possible to find one word that is related to
one of the senses (yielding poor coverage but trivi-
alizing the clustering problem). This trivial baseline
is called one-cluster.

The upper baseline (called profile) assumes that
it knows which senses of the word should be mod-
eled and that errors can only be introduced by the
clustering step not reproducing the original sense.
This baseline retrieves the synsets corresponding to
each sense of the word from GermaNet, and, among
the terms in the neighbouring synsets (synonyms,
hypernyms, hyponyms as well as sibling synsets),
select those that are both unambiguous (i.e., do not
have other synsets corresponding to that word) and
are distributionally most similar to the (ambiguous)
target word.

4 Evaluation Framework

Our evaluation framework is based on retrieving a
set of words related to the target item (the candidate
set), and then using collocate vectors extracted from
a corpus to cluster the candidate set into multiple
subsets.

Once we have a clustering of the generated terms,
we want a quantitative evaluation of the clustering.
The underlying idea for this is that we would like to
have, for each sense of the target word, a cluster that
has one or several words describing it. (We should
not assume that it is always possible to find many
related words for a particular sense).

4.1 Evaluation Data

As target items, we used a list of simplexes that
are most productive in terms of compounding, us-
ing a set of gold-standard compound splits that were
created by Henrich and Hinrichs (2011); candidate
words (both compounds and general neighbours)
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3 GermaNet

3 automatically
senses

created clusters

Bliitenblatt
Teeblatt . "

4
Kleeblatt &‘

Blatt_#2
10 ‘foliage’

Laubblatt score 1.67 =0.417
0 3 senses
Feigenblatt -2:9 Blatt_#3
‘piece of
paper’
Merkblatt Blott #1
0.67 att
0.67 L
Boulevardblatt ‘newspaper’
Titelblatt

Figure 2: Evaluation procedure for the committees of re-
lated words

were selected using a frequency list extracted from
the TiPP-D/Z corpus (Miiller, 2004). For the ex-
periments themselves, no information about correct
splits of the compounds was assumed and potential
compounds were simply retrieved as lemma forms
that have the target word as a suffix.

The subsets from clustering the candidate set
are then evaluated according to whether the most-
central related words in that cluster are related to the
same sense of the target word, and how many senses
of the target word are covered by the clusters.

4.2 Evaluation Metric

Given the committee lists that are output by the can-
didate selection and output, we calculate an evalua-
tion score by creating a mapping between senses of
the target word and the committees that are the out-
put of the clustering algorithm, choosing that map-
ping according to a quality measure that describes
how well the committee members match that synset
(the precision of that possible pairing between a
committee and a sense of the target word), as shown
in figure 2. Each candidate word is assigned a sense
of the target word, either because it is a hyponym of
that sense (for the compound-based method) or be-
cause its path distance in GermaNet’s taxonomy is
less than four (for the general terms method). If a
candidate word is not near any of the target word’s
sense synsets, it is assigned no sense (and always



candidates num vectors score  quality coverage
compound 5 intersect  0.399 0.882  0.468
compound 30 intersect 0.489 0.721  0.702
compound 100 intersect 0.419 0.586 0.769
general 5 intersect 0433 0.882 0.510
general 30 intersect 0.528 0.696 0.784
general 100 intersect 0.573 0.650 0.896
compound 5 raw 0.406 0.898 0.468
compound 30 raw 0.479 0.712  0.702
compound 100 raw 0.422 0591 0.769
general 5 raw 0.441 0902 0.510
general 30 raw 0.526 0.694 0.784
general 100 raw 0.551 0.630 0.896
profile 10n intersect 0.737 0.781 0.945
profile 10n raw 0.753 0.801 0.946
one-cluster 1 — 0.325 1.000 0.325

Table 1: Evaluation scores for the different methods and
baselines

counted wrong).!

Given a committee C' of these (at most) £ most-
central candidate words in a cluster, we can calculate
ameasure P(C, s) = % that describes
how well this cluster corresponds to a given sense.
(Ideally, the committee would contain words only
related to one sense).

Using the Kuhn-Munkres algorithm (Kuhn,
1955), we compute a mapping between each rep-
resented synset s and a cluster Cs such that
> s P(Cs, s) is maximized. The final score for one
target word is this sum divided by the total number
of synsets for the target word — this means that a
method that yields a less representative set of can-
didate words will normally not get a better score,
unless the clusters are of higher enough quality, than
one that has candidate terms for each cluster.

In addition to the score metric, we calculated a
quality metric that divides the raw sum by the num-
ber of senses covered in the candidate set, and a
coverage metric that corresponds to the fraction of
senses covered by the candidate set in the first place
(see Table 1).

5 Results and Discussion
Table 1 contains quantitative results for the differ-
ent methods and also evaluation statistics for some

'If a candidate word is not represented in GermaNet at all,
it is discarded before the committee-building step, so that all
committee words are in fact GermaNet-represented terms.
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lower and upper baselines: Selecting exactly one re-
lated word as a candidate (and putting it in a clus-
ter of its own) would yield a quality of 1.0, since
that cluster is related to exactly one synset, but a
very poor coverage of 0.325. For the profile up-
per baseline, which takes related terms from Ger-
maNet and uses imperfect information only in clus-
tering, we see that our clustering approach is able
to reconstruct committees of sense-identical terms
out of the candidate list fairly well: given related
terms for each sense, distributional similarity yields
fairly good quality (0.801) and, unsurprisingly, near-
perfect coverage for all senses (0.946).

For the actual methods using compounds of a
word (compound rows in Table 1) or distribution-
ally similar words (general rows), we find that the
compound-based candidate selection only reaches
very limited coverage numbers and furthermore
gives the best results with a smaller number of can-
didate words (30 for compounds versus 100 for gen-
eral). Whether this effect is due to minority senses
being less productive in compounding or whether
compounds of the minority senses are not repre-
sented in GermaNet is left to be investigated in fu-
ture work.

6 Conclusion

We used compounds in the selection of candidate
words for representing a target word’s senses in a
word sense discrimination approach. Because com-
pounds are less-frequent overall than the similar-
frequency coordinate terms that are retrieved in the
general baseline approach, the proposed approach
does less well in covering all senses encoded in the
gold standard and gets lower results in our evalua-
tion metric. In contrast to previous work by Pantel
and Lin, our evaluation approach allows a principled
comparison between approaches to generate candi-
date lemmas in such a task and would be applicable
also to other alternative methods to do so.
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Abstract

The paper presents a novel approach to ex-
tracting dependency information in morpho-
logically rich languages using co-occurrence
statistics based not only on lexical forms
(as in previously described collocation-based
methods), but also on morphosyntactic and
wordnet-derived semantic properties of words.
Statistics generated from a corpus annotated
only at the morphosyntactic level are used
as features in a Machine Learning classifier
which is able to detect which heads of groups
found by a shallow parser are likely to be con-
nected by an edge in the complete parse tree.
The approach reaches the precision of 89%
and the recall of 65%, with an extra 6% re-
call, if only words present in the wordnet are
considered.

1 Introduction

The practical issue handled in this paper is how to
connect syntactic groups found by a shallow parser
into a possibly complete syntactic tree, i.e., how to
solve the attachment problem. To give a well-known
example from English, the task is to decide whether
in I shot an elephant in my pajamas', the group in
my pajamas should be attached to an elephant or to
shot (or perhaps to I).

The standard approach to this problem relies on
finding collocation strengths between syntactic ob-
jects, usually between lexical items which are heads
of these objects, and resolve attachment ambigui-
ties on the basis of such collocation information.

1http: //www.youtube.com/watch?v=N{fN_
gcjGoJo
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The current work extends this approach in two main
ways. First, we consider a very broad range of
features: not only lexical, but also lexico-semantic,
lexico-grammatical, and grammatical. Second, and
more importantly, we train classifiers based not on
these features directly, but rather on various associ-
ation measures calculated for each of the considered
features. This way the classifier selects which types
of features are important and which association mea-
sures are most informative for any feature type.

The proposed method is evaluated on Polish,
a language with rich inflection (and relatively free
word order), which exacerbates the usual data
sparseness problem in NLP.

In this work we assume that input texts are al-
ready part-of-speech tagged and chunked, the lat-
ter process resulting in the recognition of basic syn-
tactic groups. A syntactic group may, e.g., con-
sist of a verb with surrounding adverbs and particles
or a noun with its premodifiers. We assume that all
groups have a syntactic head and a semantic head. In
verbal and nominal groups both heads are the same
word, but in prepositional and numeral groups they
usually differ: the preposition and the numeral are
syntactic heads of the respective constituents, while
the semantic head is the head noun within the nomi-
nal group contained in these constituents.

To simplify some of the descriptions below, by
syntactic object we will understand either a shallow
group or a word. We will also uniformly talk about
syntactic and semantic heads of all syntactic objects;
in case of words, the word itself is its own syntac-
tic and semantic head. In effect, any syntactic ob-
ject may be represented by a pair of words (the two
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heads), and each word is characterised by its base
form and its morphosyntactic tag.

2 Algorithm

The standard method of solving the PP-attachment
problem is based on collocation extraction (cf., e.g.,
(Hindle and Rooth, 1993)) and consists of three
main steps: first a training corpus is scanned and
frequencies of co-occurrences of pairs of words
(or more general: syntactic objects) are gathered;
then the collected data are normalised to obtain, for
each pair, the strength of their connection; finally,
information about such collocation strengths is em-
ployed to solve PP-attachment in new texts. An in-
stance of the PP-attachment problem is the choice
between two possible edges in a parse tree: (n1, pp)
and (ng, pp), where pp is the prepositional phrase,
and n; and n9 are nodes in the tree (possible attach-
ment sites). This is solved by choosing the edge with
the node that has a stronger connection to the pp.

On this approach, collocations (defined as a rela-
tion between lexemes that co-occur more often than
would be expected by chance) are detected by taking
pairs of syntactic objects and only considering the
lemmata of their semantic heads. The natural ques-
tion is whether this could be generalised to other
properties of syntactic objects. In the following, the
term feature will refer to any properties of linguis-
tic objects taken into consideration in the process
of finding collocation strengths between pairs of ob-
jects.

2.1 Lexical and Morphosyntactic Features

To start with an example of a generalised colloca-
tion, let us consider morphosyntactic valence. In
order to extract valence links between two objects,
we should consider the lemma of one object (po-
tential predicate) and the morphosyntactic tag, in-
cluding the value of case, etc., of the other (potential
argument). This differs from standard (lexical) col-
location, where the same properties of both objects
are considered, namely, their lemmata.

Formally, we define a feature f to be a pair
of functions [¢: so — Ly and ry: so — Ry, where
so stands for the set of syntactic objects and Lz, Ry
are the investigated properties. For example, to learn
dependencies between verbs and case values of their
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objects, we can take [;(w) = base(semhead(w))
(the lemma of the semantic head of w) and r¢(w) =
case(synhead(w)) (the case value of the syntactic
head of w). On the other hand, in order to obtain the
usual collocations, it is sufficient to take both func-
tions as mapping a syntactic object to a base form
of its semantic head.

What features should be considered in the task
of finding dependencies between syntactic objects?
The two features mentioned above, aimed at finding
lexical collocations and valence relations, are obvi-
ously useful. However, in a morphologically rich
language, like Polish, taking the full morphosyntac-
tic tag as the value of a feature function leads to
the data sparsity problem. Clearly, the most im-
portant valence information a tag may contribute is
part of speech and grammatical case. Hence, we
define the second function in the “valence” feature
more precisely to be the base form and grammati-
cal case (if any), if the syntactic object is a preposi-
tion, or part of speech and grammatical case (if any),
otherwise. For example, consider the sentence Who
cares for the carers? and assume that it has already
been split into basic syntactic objects in the follow-
ing way: [Who] [cares] [for the carers] [?]. The syn-
tactic head of the third object is for and the lemma of
the semantic head is CARER. So, the valence feature
for the pair care and for the carers (both defined be-
low via their syntactic and semantic heads) will give:

lyal((CARE:verb, 3s; CARE:verb, 3s)) = CARE
Tyal((FOR:prep, obj; CARER:noun, pl)) = (FOR, obj),

where 3s stands for the “3rd person singular” prop-
erty of verbs and obj stands for the objective case in
English.

Additionally, 7 morphosyntactic features are de-
fined by projecting both syntactic objects onto any
(but the same of the two objects) combination
of grammatical case, gender and number. For exam-
ple one of those features is defined in the following
way:

lp(w) =rp(w) =
= (case(synhead(w)), gender(synhead(w))).
Another feature relates the two objects’ syntactic
heads, by looking at the part of speech of the first
one and the case of the other one. The final feature



records information about syntactic (number, gen-
der, case) agreement between the objects.

2.2 Lexico-Semantic Features

Obviously, the semantics of syntactic objects is im-
portant in deciding which two objects are directly
connected in a syntactic tree. To this end, we utilise
a wordnet.

Ideally, we would like to represent a syntactic ob-
ject via its semantic class. In wordnets, semantic
classes are approximated by synsets (synonym sets)
which are ordered by the hyperonymy relation. We
could represent a syntactic object by its directly cor-
responding synset, but in terms of generalisation this
would hardly be an improvement over representing
such an object by its semantic head. In most cases
we need to represent the object by a hypernym of
its synset. But how far up should we go along the
hypernymy path to find a synset of the right granu-
larity? This is a difficult problem, so we leave it to
the classifier. Instead, lexico-semantic features are
defined in such a way that, for a given lexeme, all its
hypernyms are counted as observations.

After some experimentation, three features based
on this idea are defined:

1. lf(w) = base(semhead(w))
r(w) = sset(w)
(for all sset(w) € hypernyms(w)),
2. lf(w) = base(semhead(w))
rr(w) = (sset(w), case(synhead(w)))
(for all sset(w) € hypernyms(w)),
3. Iy(w) = sset(w)
r(w) = sset(w)

In the last feature, where both objects are repre-
sented by synsets, only those minimally general hy-
pernyms of the two objects are considered that co-
occur in the training corpus more than T (thresh-
old) times. In the experiments described below,
performed on a 1-million-word training corpus, the
threshold was set to 30.

2.3 Association Measures

For any two syntactic objects in the same sentence
the strength of association is computed between
them using each of the 14 features (standard col-
locations, 10 morphosyntactic features, 3 lexico-
semantic features) defined above. In fact, we use
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not 1 but 6 association measures most suitable for
language analysis according to (Seretan, 2011): log
likehood ratio, chi-squared, t-score, z-score, point-
wise mutual information and raw frequency. The
last choice may seem disputable, but as was shown
in (Krenn and Evert, 2001) (and reported in vari-
ous works on valence acquisition), in some cases
raw frequency behaves better than more sophisti-
cated measures.

We are well aware that some of the employed
measures require the distribution of frequencies to
meet certain conditions that are not necessarily ful-
filled in the present case. However, as explained in
the following subsection, the decision which mea-
sures should ultimately be taken into account is left
to a classifier.

2.4 Classifiers

Let us first note that no treebank is needed for
computing the features and measures presented in
the previous section. These measures represent co-
occurrence strengths of syntactic objects based on
different grouping strategies (by lemma, by part
of speech, by case, gender, number, by wordnet
synsets, etc.). Any large, morphosyntactically an-
notated (and perhaps chunked) corpus is suitable for
computing such features. A treebank is only needed
to train a classifier which uses such measures as in-
put signals.?

In order to apply Machine Learning classifiers,
one must formally define what counts as an instance
of the classification problem. In the current case, for
each pair of syntactic objects in a sentence, a single
instance is generated with the following signals:

e absolute distance (in terms of the number of
sytnactic objects in between),

o ordering (the sign of the distance),

e 6 measures (see § 2.3) of lexical collocation,

e 10 x 6 = 60 values of morphosyntactic co-
occurrence measures,

e 3 X 6 =18 values of lexico-semantic (wordnet-
based) co-occurrence measures,

e a single binary signal based on 14 high-
precision low-recall handwritten syntactic de-

*We use the term signal instead of the more usual feature in
order to avoid confusion with features defined in § 2.1 and in
§2.2.



cision rules which define common grammati-
cal patterns like verb-subject agreement, geni-
tive construction, etc.; the rules look only at the
morphosyntactic tags of the heads of syntactic
objects,

e the classification target from the treebank: a bi-
nary signal describing whether the given pair of
syntactic objects form an edge in the parse tree.

The last signal is used for training the classifier and
then for evaluation. Note that lexical forms of the
compared syntactic objects or their heads are not
passed to the classifier, so the size of the training
treebank can be kept relatively small.

An inherent problem that needs to be addressed
is the imbalance between the sizes of two classifi-
cation categories. Of course, most of the pairs of
the syntactic objects do not form an edge in the
parse tree, so a relatively high classification accu-
racy may be achieved by the trivial classifier which
finds no edges at all. We experimented with various
well-known classifiers, such as decision trees, Sup-
port Vector Machines and clustering algorithms, and
also tried subsampling® of the imbalanced data. Fi-
nally, satisfactory results were achieved by employ-
ing a Balanced Random Forest classifier.

Random Forest (Breiman, 2001) is a set of un-
pruned C4.5 (Quinlan, 1993) decision trees. When
building a single tree in the set, only a random subset
of all attributes is considered at each node and the
best is selected for splitting the data set. Balanced
Random Forest (BRF, (Chen et al., 2004)) is a mod-
ified version of the Random Forest. A single tree
of BRF is built by first randomly subsampling the
more frequent instances in the training set to match
the number of less frequent ones and then creating
a decision tree from this reduced data set.

3 Experiments and Evaluation

The approach presented above has been evaluated on
Polish.

First, a manually annotated 1-million-word
subcorpus of the National Corpus of Polish
(Przepiorkowski et al., 2010), specifically, its mor-
phosyntactic and shallow syntactic annotation, was

3Removing enough negative instances in the training set to
balance the numbers of instances representing both classes.
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used to compute the co-occurrence statistics. The
wordnet used for lexico-semantic measures was
Stowosie¢ (Piasecki et al., 2009; Maziarz et al.,
2012), the largest Polish wordnet.

Then a random subset of sentences from this cor-
pus was shallow-parsed by Spejd (Buczyniski and
Przepidrkowski, 2009) and given to linguists, who
added annotation for the dependency links between
syntactic objects. Each sentence was processed by
two linguists, and in case of any discrepancy, the
sentence was simply rejected. The final corpus con-
tains 963 sentences comprising over 8000 tokens.

From this data we obtained over 23 500 classi-
fication problem instances. Then we performed
the classification using a BRF classifier written for
Weka (Witten and Frank, 2005) as part of the re-
search work on definition extraction with BRFs
(Kobylinski and Przepidrkowski, 2008). The re-
sults were 10-fold cross-validated. A similar exper-
iment was performed taking into account only those
instances which describe syntactic objects with se-
mantic heads present in the wordnet. The results
were measured in terms of precision and recall over
edges in the syntactic tree: what percentage of found
edges are correct (precision) and what percentage of
correct edges were found by the algorithm (recall).
The obtained measures are presented in Table 1.

Expected
YES NO Classified
2674 319 YES
1781 21250 | NO
Precision: | 0.89
Recall: | 0.60
F-measure: | 0.72
Expected
YES NO Classified
1933 241 YES
1008 13041 | NO
Precision: | 0.89
Recall: | 0.66
F-measure: | 0.76

Table 1: Confusion matrix (# of instances) and measures
for the full data set and for data present in wordnet.



We also looked at the actual decision trees that
were generated during the training. We note that
the signal most frequently observed near the tops of
decision trees was the one from handwritten rules.
The second one was the distance. By looking at
the trees, we could not see any clear preferences for
other types of signals. This suggests that both mor-
phosyntactic and lexico-semantic signals contribute
to the accuracy of the classification.

Based on this inspection of decision trees, we per-
formed another experiment to learn how much im-
provement we get from generalised collocation sig-
nals. We evaluated — on the same data — a not so
trivial baseline algorithm which, for each syntactic
object, creates an edge to its nearest neighbour ac-
cepted by the handwritten rules, if any. Note that
this baseline builds on the fact that a node in a parse
tree has at most one parent, whereas the algorithm
described above does not encode this property, yet;
clearly, there is still some room for improvement.
The baseline reaches 0.78 precision and 0.47 recall
(F-measure is 0.59). Therefore, the improvement
from co-occurrence signals over this strong baseline
is 0.13, which is rather high. Also, given the high
precision, our algorithm may be suitable for using
in a cascade of classifiers.

4 Related Work

There is a plethora of relevant work on resolving PP-
attachment ambiguities in particular and finding de-
pendency links in general, and we cannot hope to do
it sufficient justice here.

One line of work, exemplified by the early influ-
ential paper (Hindle and Rooth, 1993), posits the
problem of PP-attachment as the problem of choos-
ing between a verb v and a noun n; when attaching
a prepositional phrase defined by the syntactic head
p and the semantic head no. Early work, including
(Hindle and Rooth, 1993), concentrated on lexical
associations, later also using wordnet information,
e.g., (Clark and Weir, 2000), in a way similar to
that described above. Let us note that this scenario
was criticised as unrealistic by (Atterer and Schiitze,
2007), who argue that “PP attachment should not
be evaluated in isolation, but instead as an integral
component of a parsing system, without using in-
formation from the gold-standard oracle”, as in the
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approach proposed here.

Another rich thread of relevant research is con-
cerned with valence acquisition, where shallow
parsing and association measures based on mor-
phosyntactic features are often used at the stage
of collecting evidence, (Manning, 1993; Korhonen,
2002), also in work on Polish, (Przepiérkowski,
2009). However, the aim in this task is the construc-
tion of a valence dictionary, rather than disambigua-
tion of attachment possibilities in a corpus.

A task more related to the current one is presented
in (Van Asch and Daelemans, 2009), where a PP-
attacher operates on top of a shallow parser. How-
ever, this memory-based module is fully trained on
a treebank (Penn Treebank, in this case) and is con-
cerned only with finding anchors for PPs, rather than
with linking any dependents to their heads.

Finally, much work has been devoted during the
last decade to probabilistic dependency parsing (see
(Kiibler et al., 2009) for a good overview). Clas-
sifiers deciding whether — at any stage of depen-
dency parsing — to perform shift or reduce typically
rely on lexical and morphosyntactic, but not lexico-
semantic information (Nivre, 2006). Again, such
classifiers are fully trained on a treebank (converted
to parser configurations).

5 Conclusion

Treebanks are very expensive, morphosyntactically
annotated corpora are relatively cheap. The main
contribution of the current paper is a novel approach
to factoring out syntactic training in the process
of learning of syntactic attachment. All the fine-
grained lexical training data were collected from
a relatively large morphosyntactically annotated and
chunked corpus, and only less than 100 signals (al-
though many of them continuous) were used for
training the final classifier on a treebank. The ad-
vantage of this approach is that reasonable results
can be achieved on the basis of tiny treebanks (here,
less than 1000 sentences).

We are not aware of work fully analogous to ours,
either for Polish or for other languages, so we cannot
fully compare our results to the state of the art. The
comparison with a strong baseline algorithm which
uses handwritten rules shows a significant improve-
ment — over 0.13 in terms of F-measure.
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Abstract

This paper presents the results of a set of
preliminary experiments combining two

knowledge-based  partial  dependency
analyzers with two statistical parsers,
applied to the Basque Dependency

Treebank. The general idea will be to apply
a stacked scheme where the output of the
rule-based partial parsers will be given as
input to MaltParser and MST, two state of
the art statistical parsers. The results show
a modest improvement over the baseline,
although they also present interesting lines
for further research.

1. Introduction

In this paper we present a set of preliminary
experiments on the combination of two
knowledge-based partial syntactic analyzers with
two state of the art data-driven statistical parsers.
The experiments have been performed on the
Basque Dependency Treebank (Aduriz et al.,
2003).

In the last years, many attempts have been
performed trying to combine different parsers
(Surdeanu and Manning, 2010), with significant
improvements over the best individual parser’s
baseline. The two most successful approaches have
been stacking (Martins et al., 2008) and voting
(Sagae and Lavie, 2006, Nivre and McDonald,
2008, McDonald and Nivre, 2011). In this paper
we will experiment the use of the stacking
technique, giving the tags obtained by the rule-
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based syntactic partial parsers as input to the
statistical parsers.

Morphologically rich languages present new
challenges, as the use of state of the art parsers for
more configurational and non-inflected languages
like English does not reach similar performance
levels in languages like Basque, Greek or Turkish
(Nivre et al., 2007a). As it was successfully done
on part of speech (POS) tagging, where the use of
rule-based POS taggers (Tapanainen and
Voutilainen, 1994) or a combination of a rule-
based POS tagger with a statistical one (Aduriz et
al., 1997, Ezeiza et al., 1998) outperformed purely
statistical taggers, we think that exploring the
combination of knowledge-based and data-driven
systems in syntactic processing can be an
interesting line of research.

Most of the experiments on combined parsers
have relied on different types of statistical parsers
(Sagae and Lavie, 2006, Martins et al., 2008,
McDonald and Nivre, 2011), trained on an
automatically annotated treebank. Yeh (2000) used
the output of several baseline diverse parsers to
increase the performance of a second
transformation-based parser. In our work we will
study the use of two partial rule-based syntactic
analyzers together with two data-driven parsers:

* A rule-based chunker (Aduriz et al., 2004)
that marks the beginning and end of noun
phrases, postpositional phrases and verb
chains, in the 10B (Inside/
Outside/Beginning of a chunk) style.

* A shallow dependency relation annotator
(Aranzabe et al., 2004), which tries to
detect dependency relations by assigning a

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics, pages 48-54,
Jeju, Republic of Korea, 12 July 2012. (©2012 Association for Computational Linguistics



nesubj

ncsubj ccomp_obj
l ncmad ‘ l auxmod ‘ aumed
Gizonak mutil handia etorri dela esan du
The-man boy tall-the come has+he+that tell he+did+it
N-ERG-S N ADJ-ABS-S V AUXV+S+COMPL \Y AUXV
B-NP B-NP I-NP B-VP I-NP B-VP I-VP
&NCSUBJ> &NCSUBJ>  $<NCMOD $CCOMP_OBJ> &<AUXMOD &MAINV &<AUXMOD

Figure 1. Dependency tree for the sentence Gizonak mutil handia etorri dela esan du (the man told that the tall
boy has come). The two last lines show the tags assigned by the rule-based chunker and the rule-based
dependency analyzer, respectively.

(V = main verb, N = noun, AUXV = auxiliary verb, COMPL = completive, ccomp_obj = clausal complement object, ERG =
ergative, S: singular, auxmod = auxiliary, ncsubj = non-clausal subject, B-NP = beginning of NP, I-NP = inside an NP,
&MAINV = main verb, &<AUXMOD = verbal auxiliary modifier).

set of predefined tags to each word, where
each tag gives both the name of a
dependency relation (e.g. subject) together
with the direction of its head (left or right).

We will use two statistical dependency
parsers, MaltParser (Nivre et al., 2007b)
and MST (McDonald et al, 2005).

In the rest of this paper, section 2 will first
present the corpus and the different parsers we will
combine, followed by the experimental results in
section 3, and the main conclusions of the work.

2.

This section will describe the main resources that
have been wused in the experiments. First,
subsection 2.1 will describe the Basque
Dependency Treebank, and then subsection 2.2
will explain the main details of the analyzers that
have been employed. The analyzers are a rule-
based chunker, a rule-based shallow dependency
parser and two state of the art data-driven
dependency parsers, MaltParser and MST.

Resources

2.1 Corpora

Our work will make use the second version of the
Basque dependency Treebank (BDT II, Aduriz et
al., 2003), containing 150,000 tokens (11,225
sentences). Figure 1 presents an example of a
syntactically annotated sentence. Each word
contains its form, lemma, category or coarse part
of speech (CPOS), POS, morphosyntactic features
such as case, number of subordinate relations, and
the dependency relation (headword + dependency).
The information in figure 1 has been simplified
due to space reasons, as typically each word
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contains many morphosyntactic features (case,
number, type of subordinated sentence, ...), which
are relevant for parsing. The last two lines of the
sentence in figure 1 do not properly correspond to
the treebank, but are the result of the rule-based
partial syntactic analyzers (see subsection 2.2). For
evaluation, we divided the treebank in three sets,
corresponding to training, development, and test
(80%, 10%, and 10%, respectively). The
experiments were performed on the development
set, leaving the best system for the final test.

2.2 Analyzers

This subsection will present the four types of
analyzers that have been used. The rule-based
analyzers are based on the Contraint Grammar
(CG) formalism (Karlsson et al., 1995), based on
the assignment of morphosyntactic tags to words
using a formalism that has the capabilities of finite
state automata or regular expressions, by means of
a set of rules that examine mainly local contexts of
words to determine the correct tag assignment.

The rule-based chunker (RBC henceforth,
Aranzabe et al., 2009) uses 560 rules, where 479 of
the rules deal with noun phrases and the rest with
verb phrases. The chunker delimits the chunks with
three tags, using a standard IOB marking style (see
figure 1). The first one is to mark the beginning of
the phrase (B-VP if it is a verb phrase and B-NP
whether it's a noun phrase) and the other one to
mark the continuation of the phrase (I-NP or I-VP,
meaning that the word is inside an NP or VP). The
last tag marks words that are outside a chunk. The
evaluation of the chunker on the BDT gave a result
of 87% precision and 85% recall over all chunks.
We must take into account that this evaluation was



performed on the gold POS tags, rather than on
automatically assigned POS tasks, as in the present
experiment. For that reason, the results can serve
as an upper bound on the real results.

The rule-based dependency analyzer (RBDA,
Aranzabe et al., 2004) uses a set of 505 CG rules
that try to assign dependency relations to
wordforms. As the CG formalism only allows the
assignment of tags, the rules only aim at marking
the name of the dependency relation together with
the direction of the head (left or right). For
example, this analyzer assigns tags of the form
&NCSUBJ> (see figure 1), meaning that the
corresponding wordform is a non-clausal syntactic
subject and that its head is situated to its right (the
“>” or “<” symbols mark the direction of the
head). This means that the result of this analysis is
on the one hand a partial analysis and, on the other
hand, it does not define a dependency tree, and can
also be seen as a set of constraints on the shape of
the tree. The system was evaluated on the BDT,
obtaining f-scores between 90% for the auxmod
dependency relation between the auxiliary and the
main verb and 52% for the subject dependency
relation, giving a (macro) average of 65%.

Regarding the data-driven parsers, we have
made use of MaltParser (Nivre et al., 2007b) and
MST Parser (McDonald et al., 2006), two state of
the art dependency parsers representing two
dominant approaches in data-driven dependency
parsing, and that have been successfully applied to
typologically different languages and treebanks
(McDonald and Nivre, 2007).

MaltParser (Nivre, 2006) is a representative of
local, greedy, transition-based dependency parsing
models, where the parser obtains deterministically
a dependency tree in a single pass over the input
using two data structures: a stack of partially
analyzed items and the remaining input sequence.
To determine the best action at each step, the
parser uses history-based feature models and
discriminative machine learning. The learning
configuration can include any kind of information
(such as word-form, lemma, category, subcategory
or morphological features). Several variants of the
parser have been implemented, and we will use
one of its standard versions (MaltParser version
1.4). In our experiments, we will use the Stack-
Lazy algorithm with the liblinear classifier.

The MST Parser can be considered a
representative of global, exhaustive graph-based
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parsing (McDonald et al., 2005, 2006). This
algorithm finds the highest scoring directed
spanning tree in a dependency graph forming a
valid dependency tree. To learn arc scores, it uses
large-margin structured learning algorithms, which
optimize the parameters of the model to maximize
the score margin between the correct dependency
graph and all incorrect dependency graphs for
every sentence in a training set. The learning
procedure is global since model parameters are set
relative to classifying the entire dependency graph,
and not just over single arc attachments. This is in
contrast to the local but richer contexts used by
transition-based parsers. We use the freely
available version of MSTParser'. In the following
experiments we will make use of the second order
non-projective algorithm.

3.  Experiments

We will experiment the effect of using the output
of the knowledge-based analyzers as input to the
data-driven parsers in a stacked learning scheme.
Figure 1 shows how the two last lines of the
example sentence contain the tags assigned by the
rule-based chunker (B-NP, I-NP, B-VP and I-VP)
and the rule-based partial dependency analyzer
(&NCSUBJ, &<NCMOD, &<AUXMOD,
&CCOMP_OBJ and &MAINV) .

The first step consisted in applying the complete
set of text processing tools for Basque, including:

* Morphological analysis. In Basque, each
word can receive multiple affixes, as each
lemma can generate thousands of word-
forms by means of morphological
properties, such as case, number, tense, or
different types of subordination for verbs.
Consequently, the morphological analyzer
for Basque (Aduriz et al. 2000) gives a
high ambiguity. If only categorial (POS)
ambiguity is taken into account, there is an
average of 1.55 interpretations per word-
form, which rises to 2.65 when the full
morphosyntactic information is taken into

account, giving an overall 64% of
ambiguous word-forms.

*  Morphological disambiguation.
Disambiguating the output of

morphological analysis, in order to obtain
a single interpretation for each word-form,

! http://mstparser.sourceforge.net



MaltParser MST Parser
LAS UAS LAS UAS
Baseline 76.77% 82.09% 77.96% 84.04%
+RBC 77.10% (+0.33) 82.29% (+0.20) 77.99% (+0.03) 83.99% (-0.05)
+ RBDA *77.15% (+0.38) 82.27% (+0.18) 78.03% (+0.07) 83.76% (-0.28)
+RBC + RBDA *77.25% (+0.48) 82.18% (+0.09) 78.00% (+0.04) 83.34% (-0.70)

Table 1. Evaluation results
(RBC = rule-based chunker, RBDA = rule-based dependency analyzer, LAS: Labeled Attachment Score,
UAS: Unlabeled Attachment Score, *: statistically significant in McNemar's test, p < 0.05)

can pose an important problem, as
determining the correct interpretation for
each word-form requires in many cases the
inspection of local contexts, and in some
others, as the agreement of verbs with
subject, object or indirect object, it could
also suppose the examination of elements
which can be far from each other, added to
the free constituent order of the main
sentence elements in Basque. The
erroneous assignment of incorrect part of
speech or morphological features can
difficult the work of the parser.
e Chunker
* Partial dependency analyzer
When performing this task, we found the
problem of matching the treebank tokens with
those obtained from the analyzers, as there were
divergences on the treatment of multiword units,
mostly coming from Named Entities, verb
compounds and complex postpositions (formed
with morphemes appearing at two different words).
For that reason, we performed a matching process
trying to link the multiword units given by the
morphological analysis module and the treebank,
obtaining a correct match for 99% of the sentences.
Regarding the data-driven parsers, they are
trained using two kinds of tags as input:
e POS and morphosyntactic tags coming

from the automatic morphological
processing of the dependency treebank.
Disambiguation errors, such as an

incorrect POS category or morphological
analyses (e.g. the assignment of an
incorrect case) can harm the parser, as
tested in Bengoetxea et al. (2011).

* The output of the rule-based partial
syntactic analyzers (two last lines of the
example in figure 1). These tags contain
errors of the CG-based syntactic taggers.
As the analyzers are applied after
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morphological processing, the errors can
be propagated and augmented.

Table 1 shows the results of using the output of
the knowledge-based analyzers as input to the
statistical parsers. We have performed three
experiments for each statistical parser, trying with
the chunks provided by the chunker, the partial
dependency parser, and both. The table shows
modest gains, suggesting that the rule-based
analyzers help the statistical ones, giving slight
increases over the baseline, which are statistically
significant when applying MaltParser to the output
of the rule-based dependency parser and a
combination of the chunker and rule-based parsers.
As table 1 shows, the parser type is relevant, as
MaltParser seems to be sensitive when using the
stacked features, while the partial parsers do not
seem to give any significant improvement to MST.

3.1 Error analysis

Looking with more detail at the errors made by the
different versions of the parsers, we observe
significant differences in the results for different
dependency relations, seeing that the statistical
parsers behave in a different manner regarding to
each relation, as shown in table 2. The table shows
the differences in f-score® corresponding to five
local dependency relations, (determination of
verbal modifiers, such as subject, object and
indirect object).

McDonald and Nivre (2007) examined the types
of errors made by the two data-driven parsers used
in this work, showing how the greedy algorithm of
MaltParser performed better with local dependency
relations, while the graph-based algorithm of MST
was more accurate for global relations. As both the
chunker and the partial dependency analyzer are
based on a set of local rules in the CG formalism,
we could expect that the stacked parsers could
benefit mostly on the local dependency relations.

? f.score = 2 * precision * recall / (precision + recall)




MaltParser MST Parser
Dependency | Baseline | + RBC | + RBDA | + RBC | Baseline | + RBC | + RBDA + RBC
relation + RBDA + RBDA
ncmod 75,29 75,90 76,08 76,40 77,15 77,44 | 76,39 76,92
ncobj 67,34 68,49 69,67 69,54 64,85 64,86 65,56 66,18
ncpred 61,37 61,92 61,26 63,50 60,37 57,55 | 58,44 59,27
ncsubj 61,92 61,90 63,96 63,91 59,19 59,26 62,23 61,61
nciobj 75,76 76,53 77,16 76,29 74,23 74,47 72,16 69,08

Table 2. Comparison of the different parsers’ f-score with regard to specific dependency relations

(ncmod = non-clausal modifier, ncobj = non-clausal object, ncpred = non-clausal predicate, ncsubj = non-clausal subject,
nciobj = non-clausal indirect object)

Table 2 shows how the addition of the rule-based
parsers’ tags performs in accord with this behavior,
as MaltParser gets f-score improvements for the
local relations. Although not shown in Table 2, we
also inspected the results on the long distance
relations, where we did not observe noticeable
improvements with respect to the baseline on any
parser. For that reason, MaltParser, seems to
mostly benefit of the local nature of the stacked
features, while MST does not get a significant
improvement, except for some local dependency
relations, such as ncobj and ncsub.

We performed an additional test using the partial
dependency analyzer’s gold dependency relations
as input to MaltParser. As could be expected, the
gold tags gave a noticeable improvement to the
parser’s results, reaching 95% LAS. However,
when examining the scores for the output
dependency relations, we noticed that the gold
partial dependency tags are beneficial for some
relations, although negative for some others. For
example the non-clausal modifier (ncmod)
relation’s f-score increases 3.25 points, while the
dependency relation for clausal subordinate
sentences functioning as indirect object decreases
0.46 points, which is surprising in principle.

For all those reasons, the relation between the
input dependency tags and the obtained results
seems to be intricate, and we think that it deserves
new experiments in order to determine their nature.
As each type of syntactic information can have an
important influence on the results on specific
relations, their study can shed light on novel
schemes of parser combination.

4. Conclusions

We have presented a preliminary effort to integrate
different syntactic analyzers, with the objective of
getting the best from each system. Although the
potential gain is in theory high, the experiments
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have shown very modest improvements, which
seem to happen in the set of local dependency
relations. We can point out some avenues for
further research:

* Development of  the rule-based
dependency parser using the dependencies
that give better improvements on the gold
dependency tags, as this can measure the
impact of each kind of shallow
dependency tag on the data-driven parsers.

* Development of rules that deal with the
phenomena where the statistical parsers
perform worse. This requires a careful
error analysis followed by a redesign of
the manually developed CG tagging rules.

* Application of other types of combining
schemes, such as voting, trying to get the
best from each type of parser.

Finally, we must also take into account that the
rule-based analyzers were developed mainly
having linguistic principles in mind, such as
coverage of diverse linguistic phenomena or the
treatment of specific syntactic constructions
(Aranzabe et al., 2004), instead of performance-
oriented measures, such as precision and recall.
This means that there is room for improvement in
the first-stage knowledge-based parsers, which will
have, at least in theory, a positive effect on the
second-phase statistical parsers, allowing us to test
whether knowledge-based and machine learning-
based systems can be successfully combined.
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Abstract

Although parsing performances have greatly
improved in the last years, grammar inference
from treebanks for morphologically rich lan-
guages, especially from small treebanks, is
still a challenging task. In this paper we in-
vestigate how state-of-the-art parsing perfor-
mances can be achieved on Spanish, a lan-
guage with a rich verbal morphology, with a
non-lexicalized parser trained on a treebank
containing only around 2,800 trees. We rely
on accurate part-of-speech tagging and data-
driven lemmatization to provide parsing mod-
els able to cope lexical data sparseness. Pro-
viding state-of-the-art results on Spanish, our
methodology is applicable to other languages
with high level of inflection.

Introduction

benoit.sagot@nria.fr,

dj ane. seddah@ari s- sor bonne. fr

the burden on the parser. We try to see how we
can improve parsing structure predictions solely by
modifying the terminals and/or the preterminals of
the trees. We keep the rest of the tagset as is.
In order to validate our method, we perform ex-
periments on the Cast3LB constituent treebank for
Spanish (Castillan). This corpus is quite small,
around 3,500 trees, and Spanish is known to have
a rich verbal morphology, making the tag set quite
complex and difficult to predict. Cowan and Collins
(2005) and Chrupata (2008) already showed inter-
esting results on this corpus that will provide us with
a comparison for this work, especially on the lexical
aspects as they used lexicalized frameworks while
we choose PCFG-LAs.

This paper is structured as follows. In Section 2
we describe the Cast3LB corpus in details. In Sec-
tion 3 we present our experimental setup and results

Grammar inference from treebanks has become th¢hich we discuss and compare in Section 4. Finally,
standard way to acquire rules and weights for parsection 5 concludes the presentation.

ing devices.

Although tremendous progress has

been achieved in this domain, exploiting small tree2 Data Set

banks is still a challenging task, especially for lan-

guages with a rich morphology. The main difﬁcu|tyThe Castillan 3LB treebank (Civit and Marti, 2004)

is to make good generalizations from small examcontains 3,509 constituent trees with functional an-
ple sets exhibiting data sparseness. This difficultjotations. It is divided in training (2,806 trees), de-
is even greater when the inference process reli&glopment (365 trees) and test (338 trees).

on semi-supervised or unsupervised learning tech- We applied the transformations of Chrupata
niques which are known to require more training ex(2008) to the corpus where CP and SBAR nodes
amples, as these examples do not explicitly contai@e added to the subordinate and relative clauses but
all the information.
In this paper we want to explore how we can cop#he coordination modification applied by Cowan and
with this difficulty and get state-of-the-art syntac-Collins (2005).

tic analyses with a non-lexicalized parser that uses The Cast3LB tag set is rich. In particular part-of-

we did not perform any other transformations, like

modern semisupervised inference techniques. Vé¢peech (POS) tags are fine-grained and encode pre-
rely on accurate data-driven lemmatization and partise morphological information while non-terminal
of-speech tagging to reduce data sparseness and eaggs describe subcategorization and function labels.
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Without taking functions into account, there are 43 For our experiments, we used the LORG PCFG-
non-terminal tags. The total tag set thus comprisdsA parser implementing the CKY algorithm. This
149 symbols which makes the labeling task chalsoftware also implements the techniques from Attia
lenging. et al. (2010) for handling out-of-vocabulary words,
The rich morphology of Spanish can be observed@here interesting suffixes for part-of-speech tagging
in the treebank through word form variation. Table Jre collected on the training set, ranked according
shows some figures extracted from the corpus (traite their information gain with regards to the part-
ing, development and test). In particular the woraf-speech tagging task. Hence, all the experiments
form/lemma ratio is 1.54, which is similar to otherare presented in two settings. In the first one, called
Romance language treebanks (French FTB and Itajeneric unknown words are replaced with a dummy

ian ITB). tokenUNK, while in the second one, dubbéd, we
use the collected suffixes and typographical infor-
ZOI tokens i ‘-E g% mation to type unknown wordsWe retained the 30
Ol unique worad forms .
# of unique lemmas 11 642 best suffixes of length 1, 2 and 3. _ _
ratio word form/lemma 1.54 The grammar was trained using the algorithm

of Petrov and Klein (2007) using 3 rounds of
split/merge/smooth For lexical rules, we applied

the strategy dubbedimple lexiconin the Berkeley

‘Thus, we are confronted with a small treebankyarser. Rare words — words occurring less than 3
with a rich tagset and a high word diversity. All imes in the training set — are replaced by a special

these conditions make the corpus a case in point fgfxen which depends on the OOV handling method
building a parsing architecture for morphologlcalIy-(generiCor IG), before collecting counts.
rich languages.

Table 1: C3LB properties

POS tagging We performed parsing experiments
3 Experiments with three different settings regarding POS infor-

. mation provided as an input to the parser: (i) with
We conducted experiments on the Cast3LB developy, pOS information, which constitutes our base-

ment set in order to test various treebank modifica}me; (i) with gold POS information, which can be
tions, that can be divided in two categories: (i) modgonsidered as a topline for a given parser setting;
ification of the preterminal symbols of the treebanlfm) with POS information predicted using the MEIt
by using simplified POS tagsets; (ii) modification ofpos.tagger (Denis and Sagot, 2009), using three
the terminal symbols of the treebank by replacingjitferent tagsets that we describe below.
word tokens by lemmas. MEIt is a state-of-the-art sequence labeller that
is trained on both an annotated corpus and an ex-
ternal lexicon. The standard version of MEIt relies
In this section we describe the parsing formalisndn Maximum-Entropy Markov models (MEMMs).
and POS tagging settings used in our experimentsHowever, in this work, we have used a multiclass
. erceptron instead, as it allows for much faster train-
PCFG'LAS To teSF our hypothes[s', we use the:?m wi?h very small performance drops (see Table 2).
grammatical formalism of Probabilistic Context—For training purposes, we used the training section

Free Grammars with Latent Annotations (PCFbe the Cast3LB (76,931 tokens) and theffieclexi-

LAs) (Matsuzaki et al., 2005; Petrov et al., 2006), on (Molinero et al., 2009), which contains almost
These grammars depart from the standard PCFGs 550 000 distinct (form, category) pafts

automz.altlically refining grammatlcal §ymbols dqung We performed experiments using three different
the training phase, using unsupervised techniques.__— —

They have been applied successfully to a wide rangge INamesgenericand IG originally come from Attia et al.

of languages, among which French (Ca_ndlto an 2\We tried to perform 4 and 5 rounds but 3 rounds proved to
Seddah, 2010), German (Petrov and Klein, 2008} optimal on this corpus.

Chinese and Italian (Lavelli and Corazza, 2009). ®Note that MEIt does not use information from the exter-

3.1 Experimental Setup
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TAGSET baseline reduced2 reduced3  troduced above (i) no POS provided, (ii) gold POS

I\Nﬂz‘lt?;;ispemeptmn 106 42 57 provided and (iii) predicted POS provided. For each
Overall Acc. 0634  97.42 97.25 POS tagging setting it shows labeled precision, la-
Unk. words Acc.  91.17 93.35 92.30 beled recall, labeled F1-score, the percentage of ex-

Maximum-Entropy Markov model (MEMM) act match and the POS tagging accuracy. The latter
Overall Acc. 96.46 97.42 97.25

needs not be the same as presented in Section 3.1 be-
cause (i) punctuation is ignored and (ii) if the parser
Table 2: MEIt POS tagging accuracy on the Cast3LBannot use the information provided by the tagger,

development set for each of the three tagsets. We prii-is discarded and the parser performs POS-tagging
vide results obtained with the standard MEIt algorithnpn jts own.
(MEMM) as well as with the multiclass perceptron, used

Unk. words Acc. 91.57 93.76 92.87

in this paper, for which training is two orders of magni- _ MODEL LP LR F1 ExacT POS
tude faster. Unknown words represent as high as 13.5 9'Vord Only
of all words Generic 81.42 81.04 81.23 14.47 90.89
' IG 80.15 79.60 79.87 1419 85.01
Gold POS
tagsets: (i) abaseline tagsewhich is identical leGe”e”C 8%7-7%3 8%7;;9 826625 3(2)-7586 9952898
to the tagset used by Cowan and Collins (2005) Pred POS . . . .

and Chrupata (2008); with this tagset, the training  Generic 84.47 84.39 84.43  22.44 95.82

corpus contains 106 distinct tags; IG 83.60 83.66 83.63 21.78 95.82
(i) the reduced2tagset, which is a simplification
of the baseline tagset: we only retain the first tw
characters of each tag from the baseline tagset; w

this tagset, the training corpus contains 42 distinct A already mentioned above, this tagset contains
t‘_"_‘gs: S ] 106 distinct tags. On the one hand it means that POS
(i) the reduced3tagset, which is a variant of y5qq contain useful information. On the other hand it
the reduced2 tagset: contrarily to the reducedgis, means that the data is already sparse and adding
tagset, the reduced3 tagset has retained the mogfle sparseness with the IG suffixes and typograph-
Information for verb forms, as it proved relevantic, intormation is detrimental. This is a major dif-

for improving parsing performances as shown Dys ence petween this POS tagset and the two follow-
(Cowan and Collins, 2005); with this tagset, the;ng ones.

training corpus contains 57 distinct tags.

Table 3: Baseline ARSEVAL scores on Cast3LB dev. set
K% 40 words)

3.3 Using simplified tagsets

Melt POS tagging accuracy on the Cast3LB déwe now turn to the modified tagsets and measure
velopment set for these three tagsets is given in Teheir impact on the quality of the syntactic analyses.
ble 2, with overall figures together with figures com-Results are summarized in Table 4 for teduced?2
puted solely on unknown words (words not attesteghgset and in Table 5 faeduced3 In these two set-

in the training corpus, i.e., as h|gh as 13.5 % of auingS, we can make the fo”owing remarks.

tokens). _ . .
e Parsing results are better witbduced3which

3.2 Baseline indicates that verbal mood is an important fea-
ture for correctly categorizing verbs at the syn-

The first set of experiments was conducted with the tactic level.

baseline POS tagset. Results are summarized in Ta-

ble 3. This table presents parsing statistics on the ¢ When POS tags are not provided, using suffixes
Cast3LB development set in the 3 POS settings in-  and typographical information improves OOV
- ) word categorization and leads to a better tag-
nal lexicon as constraints, but as features. Thereforeséhef

categories in the external lexicon need not be identicah¢o t ging accuracy and F1 parsing score (78.94 vs.
tagset. In this work, the lffe categories we used include some 81.81 forreduced2and 79.69 vs. 82.44 fae-
morphological information (84 distinct categories). duced3.
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e When providing the parser with POS tagspf this language an interesting play field for statis-
whether gold or predicted, both settings showiical parsing. In this experiment, we want to use
an interesting difference w.rt. to unknownlemmatization as a form of morphological cluster-
words handling. When usingduced2the IG ing. To cope with the loss of information, we pro-
setting is better than the generic one, whereasde the parser with predicted POS. Lemmatization
the situation is reversed neduced3 This indi- is carried out by the morphological analyzero&
cates thateducedZs too coarse to help finely FETTE, (Chrupata et al., 2008) while POS tagging
categorizing unknown words and that the reis done by the MEIt tagger. Lemmatization perfor-
finement brought by IG is beneficial, howevemrmances are on a par with previously reported results
the added sparseness. Feduced3it is diffi- on Romance languages (see Table 6)
cult to say whether it is the added richness of
the POS tagset or the induced OOV sparseness _ TAGSET ALL  SEEN UNK (13.84%)
that explains why IG is detrimental. baseline  98.39  99.01 94.55

reduced2 98.37 98.88 95.18
reduced3 98.24 98.88 94.23
MODEL LP LR F1 EAcT POS o
Word Only Table 6: Lemmatization performance on the Cast3LB.
Generic  78.86 79.02 78.94 1523  88.18
IG 81.89 81.72 8181  16.17 92.19 " L
Gold POS To make the parser less sensitive to lemmatization
Generic 86.56 85.90 86.23  26.64 100.00 and tagging errors, we train both tools on a 20 jack-
IG 86.90 86.63 86.77  29.28 100.00 kniffed setup. Resulting lemmas and POS tags are
Pred. POS then reinjected into the train set. The test corpora

Generic 84.16 83.81 83.99 21.05 96.76

G 8457 8432 8445 2138 96.76 is itself processed with tools trained on the unmod-

ified treebank. Results are presented Table 7. They
Table 4: ARSEVAL scores on Cast3LB development seshow an overall small gain, compared to the previ-
with reducedZagset € 40 words) ous experiments but provide a clear improvement on
the richest tagset, which is the most difficult to parse
given its size (106 tags).

MODEL LP LR F1 ExacT  POS _ _ )
Word Only First, we remark that POS tagging accuracy with
Generic  79.61 79.78 79.69 14.90 87.29 the baseline tagset when no POS is provided is lower
'IC; 8257 8231 8244 1424 9163  than previously observed. This can be easily ex-
Gold POS . L - . .
Generic  88.08 8769 87.89  30.59 100.00 pIamed_. it s more d_|ff|cult to predict POS_Wlth_mor
G 8756 8731 8743 2961 10000 Phological information when morphological infor-
Pred. POS mation is withdrawn from input.
Generic  85.56 85.38 85.47  23.03  96.56 Second, and as witnessed before, reduction of the
IG 85.32 8524 8528 23.36 96.56

POS tag sparseness using a simplified tagset and in-
Table 5: RRSEVAL scores on Cast3LB development secr€ase of the lexical sparseness by handling OOV
with reduced3agset € 40 words) words using typographical information have adverse
effects. This can be observed in the generic Pre-
o dicted POS section of Table 7 where thaseline
3.4 Lemmatization Impact tagset is the best option. On the other hand, in IG

Being a morphologically rich language, Spanish exPredicted POS, using theduced3is better than
hibits a high level of inflection similar to several baselineandreduced2 Again this tagset is a trade-

other Romance languages, for example French a@ﬂ between rich information and data sparseness.
Italian (gender, number, verbal mood). Furthermore; — o ,
*The training set is split in 20 chunks and each one is pro-

SpamSh belongs to the_ pro—drop fam”y and CIItICcessed with a tool trained on the 19 other chunks. This esable
pronouns are often affixed to the verb and carmye parser to be less sensitive to lemmatization and/orgups t
functional marks. This makes any small treebanking errors.
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Tagser LR LP F1 EX POS same split and providing gold POS, our system pro-

Word Only — Generic : :
baselne 7970 8051 801 1523 74.04 vides better performance (around 2.3 points better,

reduced2 79.19 79.78 79.481556 89.25 see Table 8).

L?/d‘ijcgd? 72-92 80.03 79.97 13.16 87.67 It is of course not surprising for a PCFG-LA

b‘;;e”n”ey 8067 81328099 1589 75.02 mo'del to outperform a Co!llns’ model based lexi-
reduced? 8054 813 8092 15.1390.93 calized parser. However, it is a fact that, on such
reduced3 80.52 80.94 80.73 15.13 88.53 sSmall treebank configurations, PCFG-LA are cru-
Pred. POS — Generic cially lacking annotated data. It is only by greatly

baseline 85.03 85.57 85.30 23.68 95.68
reduced2 83.98 84.73 84.35 23.386.78
reduced3 84.93 85.19 85.06 21.05 96.60

reducing the POS tagset and using either a state-of-
the-art tagger or a lemmatizer (or both), that we can

Pred. POS —1G boost our system performance.

baseline 84.60 85.06 84.83 23.68 95.68 The sensitivity of PCFG-LA models to lexical data
reduced2 8429 84.82 84.55 21.7196.78 sparseness was also shown on French by Seddah
reduced3 84.86 8539 8512 2270 96.60 et al. (2009). In fact they showed that perfor-

Table 7: Lemmmatization Experiments mance of state-of-the-art lexicalized parsers (Char-
niak, Collins models, etc.) were crossing that
of Berkeley parsers when the training set contains

In all casesreduced2is below the other tagsets around 2500-3000 sentences. Here, with around
wrt. to Parseval F1 although tagging accuracy is be2,800 sentences of training data, we are probably
ter. We can conclude that it is too poor from an inin a setting where both parser types exhibit simi-
formational point of view. lar performances, as we suspect French and Spanish
to behave in the same way. It is therefore encour-
aging to notice that our approach, which relies on
There is relatively few works actively pursued onaccurate POS tagging and lemmatization, provides
statistical constituency parsing for Spanish. The inistate-of-the-art performance. Let us add that a simi-
tial work of Cowan and Collins (2005) consistedlar method, involving only MORFETTE was applied
in a thorough study of the impact of various morwith success to Italian within a PCFG-LA frame-
phological features on a lexicalized parsing modekork and French with a lexicalized parser, both lead-
(the Collins Model 1) and on the performance gairing to promising results (Seddah et al., 2011; Seddah
brought by the reranker of Collins and Koo (2005kt al., 2010).
used in conjunction with the feature set developed
for English. Direct comparison is difficult as they
used a different test set (approximately, the concat
nation of our development and test sets). They report
an F-score of 85.1 on sentences of length less th¥M{e presented several experiments reporting the im-
405 pact of lexical sparseness reduction on non lexical-

However, we are directly comparable with Chru/Zed statistical parsing. We showed that, by using
pata (2008 who adapted the Collins Model 2 to state-of-the-art lemmatization and POS tagging on
Spanish. As he was focusing on wide coverage LF@ reduced tagset, parsing performance can be on a
grammar induction, he enriched the non terminal ar@" With lexicalized models that manage to extract
notation scheme with functional paths rather thaf10re information from a small corpus exhibiting a
trying to obtain the optimal tagset with respect tdich lexical diversity. It remains to be seen whether

pure parsing performance. Nevertheless, using tiPplying the same kind of simplifications to the rest
- of the tagset, i.e. on the internal nodes, can further

"See  http://pauillac.inria fr/~seddah/ improve parse structure quality. Finally, the methods

jvgrr’rlzl - spani sh. ht m for details on comparison with that we presented in this paper are not language specific

SWe need to remove CP and SBAR nodes to be fairly com@Nd can be applied to other languages if similar re-
parable. sources exist.

4 Discussion

8. Conclusion
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TAGSET MODE TOKENS ALL <70 <40

reduced3 Gen. pred. POS 83.92 84.27 85.08
eval. w/o CP/SBAR 84.02 84.37 85.24
baseline IG pred. lemma & POS 84.15 84.40 85.26
eval. w/o CP/SBAR 84.34 84.60 85.45
reduced3 Gen. gold POS 86.21 86.63 87.84
eval. w/o CP/SBAR 86.35 86.77 88.01
baseline gold POS 83.96 84.58 -

(Chrupata, 2008)

Table 8: RRSEVAL F-score results on the Cast3LB test set
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Abstract

Deep linguistic grammars are able to pro-
vide rich and highly complex grammatical
representations of sentences, capturing, for
instance, long-distance dependencies and re-
turning a semantic representation. These
grammars lack robustness in the sense that
they do not gracefully handle words miss-
ing from their lexicon. Several approaches
have been explored to handle this problem,
many of which consist in pre-annotating the
input to the grammar with shallow processing
machine-learning tools. Most of these tools,
however, use features based on a fixed win-
dow of context, such as n-grams. We investi-
gate whether the use of features that encode
discrete structures, namely grammatical de-
pendencies, can improve the performance of
a machine learning classifier that assigns deep
lexical types. In this paper we report on the
design and evaluation of this classifier.

1 Introduction

Parsing is one of the fundamental tasks in Nat-
ural Language Processing and a critical step in
many applications. = Many of the most com-
monly used parsers rely on probabilistic approaches.
These parsers are obtained through data-driven
approaches, by inferring a probabilistic language
model over a dataset of annotated sentences.
Though these parsers always produce some analy-
sis of their input sentences, they do not go into deep
linguistic analysis.

Deep grammars, also referred to as precision
grammars, seek to make explicit information about
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highly detailed linguistic phenomena and produce
complex grammatical representations for their in-
put sentences. For instance, they are able to cap-
ture long-distance dependencies and produce the se-
mantic representation of a sentence. Although there
is a great variety of parsing methods (see (Mitkov,
2004) for an overview), all CKY-based algorithms
require a lexical look-up initialization step that, for
each word in the input, returns all its possible cate-
gories.

From this it follows that if any of the words in
a sentence is not present in the lexicon—an out-
of-vocabulary (OOV) word—a full parse of that
sentence is impossible to obtain. Given that nov-
elty is one of the defining characteristics of natu-
ral languages, unknown words will eventually oc-
cur. Hence, being able to handle OOV words is of
paramount importance if one wishes to use a gram-
mar to analyze unrestricted texts.

Another important issue is that of lexical ambigu-
ity. That is, words that may bear more than one lexi-
cal category. The combinatorial explosion of lexical
and syntactic ambiguity may hinder parsing due to
increased requirements in terms of parsing time and
memory usage. Thus, even if there were no OOV
words in the input, being able to assign syntactic cat-
egories to words prior to parsing may be desirable
for efficiency reasons.

For the shallower parsing approaches, such as
plain constituency parsing, it suffices to determine
the part-of-speech of words, so pre-processing the
input with a POS tagger is a common and effective
way to tackle either of these problems. However, the
linguistic information contained in the lexicon of a

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics, pages 62-71,
Jeju, Republic of Korea, 12 July 2012. (©2012 Association for Computational Linguistics



deep grammar is much more fine-grained, includ-
ing, in particular, the subcategorization frame (SCF)
of the word, which further constraints what can be
taken as a well-formed sentence by imposing sev-
eral restrictions on co-occurring expressions.

Thus, what for a plain POS tagger corresponds to
a single category is often expanded into hundreds of
different distinctions, and hence tags, when at the
level of detail required by a deep grammar. For in-
stance, the particular grammar we will be using for
the study reported in this paper—a grammar follow-
ing the HPSG framework—has in its current ver-
sion a lexicon with roughly 160 types for verbs and
nearly 200 types for common nouns.

While the deep grammar may proceed with the
analysis knowing only the base POS category of a
word, it does so at the cost of vastly increased am-
biguity! which may even allow the grammar to ac-
cept ungrammatical sentences as valid. This has lead
to research that specifically targets annotating words
with a tagset suitable for deep grammars.

Current approaches tend to use shallow features
with limited context (e.g. n-grams). However, given
that the SCF is one of the most relevant pieces of
information that is associated with a word in the
lexicon of a deep grammar, one would expect that
features describing the inter-word dependencies in
a sentence would be highly discriminative and help
to accurately assign lexical types. Accordingly,
in this paper we investigate the use of structured
features that encode grammatical dependencies in
a machine-learning classifier and how it compares
with state-of-the-art approaches.

Our study targets Portuguese, a Romance lan-
guage with a rich morphology, in particular in what
concerns verb inflection (see for instance, (Mateus et
al., 2003) for a detailed account of Portuguese gram-
mar and (Branco et al., 2008) for an assessment of
the issues raised by verbal ambiguity).

Paper outline: Section 2 provides an overview of
related work, with a focus on supertagging, and in-
troduces tree kernels as a way of handling structured
classifier features. Section 3 introduces the particu-
lar deep grammar that is used in this work and how it
supports the creation of the corpus that provides the

"For instance, a common noun POS tag could be taken as
being any of the nearly 200 common noun types existing in the
lexicon of the grammar we use in this paper.
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data for training and evaluation of the classifier. The
classifier itself, and the features it uses, are described
in Section 4. Section 5 covers empirical evaluation
and comparison with other approaches. Finally, Sec-
tion 6 concludes with some final remarks.

2 Background and Related Work

The construction of a hand-crafted lexicon for a deep
grammar is a time-consuming task requiring trained
linguists. More importantly, such lexica are invari-
ably incomplete since they often do not cover spe-
cialized domains and are slow to incorporate new
words.

Accordingly, much research in this area has been
focused on automatic lexical acquisition (Brent,
1991; Briscoe and Carroll, 1997; Baldwin, 2005).
That is, approaches that try to discover all the lex-
ical types a given unknown word may occur with,
thus effectively creating a new lexical entry. How-
ever, at run-time, it is still up to the grammar using
the newly acquired lexical entry to choose which of
those lexical types is the correct one for each par-
ticular occurrence of that word; and, ultimately, one
can only acquire the lexicon entries for those words
that are present in the corpus. Thus, any system that
is constantly exposed to new text—e.g. parsing text
from the Web—will eventually come across some
unknown word that has not yet been acquired. More-
over, such words must be dealt with on-the-fly, since
it is unlikely that the system can afford to wait until
it has accumulated enough occurrences of the un-
known word to be able to apply offline lexicon ac-
quisition methods.

In the work reported in the present paper we use
a different approach, closer to what is known as su-
pertagging, where we assign on-the-fly a single lex-
ical type to a word.

2.1 Supertagging

POS tagging is a task that relies only on local infor-
mation (e.g. the word and a small window of con-
text) to achieve a form of syntactic disambiguation.
As such, POS tags are commonly assigned prior
to parsing as a way of reducing parsing ambiguity
by restricting words to a certain syntactic category.
Less ambiguity leads to a greatly reduced search
space and, as a consequence, faster parsing.



Supertagging, first introduced by Bangalore and
Joshi (1994), can be seen as a natural extension of
this idea to a richer tagset, in particular to one that
includes information on subcategorization frames.

In (Bangalore and Joshi, 1994) supertagging was
applied to the Lexicalized Tree Adjoining Grammar
(LTAG) formalism. As the name indicates, this is a
lexicalized grammar, like HPSG, but in LTAG each
lexical item is associated with one or more trees,
the elementary structures, which localize informa-
tion on dependencies, even long-range ones, by re-
quiring that all and only the dependents be present
in the structure.

The supertagger in (Bangalore and Joshi, 1994)
assigns an elementary structure to each word us-
ing a simple trigram model. The data for training
was obtained by taking the sentences of length un-
der 15 words in the Wall Street Journal together with
some other minor corpora, and parsing them with
XTAG, a wide-coverage grammar for English based
on LTAG. In addition, and due to data-sparseness,
POS tags were used in training instead of words.

Evaluation was performed over 100 held-out sen-
tences from the Wall Street Journal. For a tagset of
365 elementary trees, this supertagger achieved 68 %
accuracy, which is far too low to be useful for pars-
ing.

In a later experiment, the authors improved
the supertagger by smoothing model parameters
and adding additional training data (Bangalore and
Joshi, 1999). The larger dataset was obtained by
extending the corpus from the previous experiment
with Penn Treebank parses that were automatically
converted to LTAG. The conversion process relied
on several heuristics, and though it is not perfect,
the authors found that the issues concerning conver-
sion were far outweighed by the benefit of increased
training data.

The improved supertagger increased accuracy to
92% (Bangalore and Joshi, 1999). The supertagger
can also assign the n-best tags, which increases the
chances of it assigning the correct supertag at the
cost of leaving more unresolved ambiguity. With 3-
best tagging, it achieved 97% accuracy.

A supertagger was also used by Clark and Curran
(2007), in their case for a Combinatory Categorial
Grammar (CCG). This formalism uses a set of log-
ical combinators to manipulate linguistic construc-

64

tion tough, for our purposes here, it matters only
that lexical items receive complex tags that describe
the constituents they require to create a well-formed
construction.

The set of 409 lexical categories to be assigned
was selected by taking those categories that occur at
least 10 times in sections 02-21 of a CCG automatic
annotation of Penn Treebank (CCGBank).

Evaluation was performed over section 00 of
CCGBank, and achieved 92% per word accuracy.

As with the LTAG supertagger, assigning more
than one tag can greatly increase accuracy. How-
ever, instead of a fixed n-best number of tags—
which might be to low, or too high, depending on
the case at hand—the CCG supertagger assigns all
tags with a likelihood within a factor 5 of the best
tag. A value for § as small as 0.1, which results in
an average of 1.4 tags per word, is enough to boost
accuracy up to 97%.

Supertagging for HPSG: There has been some
work on using supertagging together with the HPSG
framework. As with other works on supertag-
ging, it is mostly concerned with restricting the
parser search space in order to increase parsing ef-
ficiency, and not specifically with the handling of
OOV words.

Prins and van Noord (2003) present an HMM-
based supertagger for the Dutch Alpino grammar.
An interesting feature of their approach is that the
supertagger is trained over the output of the parser
itself, thus avoiding the need for a hand-annotated
dataset.

The supertagger was trained over 2 million sen-
tences of newspaper text parsed by Alpino. A gold
standard was created by having Alpino choose the
best parse for a set of 600 sentences. The supertag-
ger, when assigning a single tag (from a tagset with
2,392 tags), achieves a token accuracy close to 95%.

It is not clear to what extent these results can be
affected by some sort of bias in the disambiguation
module of Alpino, given that both the sequence of
lexical types in the training dataset and in the gold
standard are taken from the best parse produced by
Alpino.

Matsuzaki et al. (2007) use a supertagger with
the Enju grammar for English. The novelty in their
work comes from the use of a context-free gram-
mar (CFG) to filter the tag sequences produced by



the supertagger before running the HPSG parser. In
this approach, a CFG approximation of the HPSG
is created. The key property of this approxima-
tion is that the language it recognizes is a superset
of the parsable supertag sequences. Hence, if the
CFG is unable to parse a sequence, it can be safely
discarded, thus further reducing the amount of se-
quences the HPSG parser has to deal with.

The provided evaluation is mostly concerned with
showing the improvement in parsing speed. Nev-
ertheless, the quality of the supertagging process
can be inferred from the accuracy of the parse re-
sults, which achieved a labeled precision and recall
for predicate-argument relations of 90% and 86%,
respectively, over 2,300 sentences with up to 100
words in section 23 of the Penn Treebank.

Dridan (2009) tests two supertaggers, one induced
using the TnT tagger (Brants, 2000) and another us-
ing the C&C supertagger (Clark and Curran, 2007),
over different datasets. For simplicity, we will only
refer to the results of TnT over a dataset of 814 sen-
tences of tourism data.

The author experiments with various tag granu-
larities in order to find a balance between tag ex-
pressiveness and tag predictability. For instance, as-
signing only POS—a tagset with only 13 tags—is
the easiest task, with 97% accuracy, while a highly
granular supertag formed by the lexical type con-
catenated with any selectional restriction present in
the lexical entry increases the number of possible
tags to 803, with accuracy dropping to 91%.

2.2 Support-Vector Machines and Tree Kernels

Support-vector machines (SVM) are a well known
supervised machine-learning algorithm for linear
binary classification. They are part of the fam-
ily of kernel-based methods where a general pur-
pose learning algorithm is coupled with a problem-
specific kernel function (Cristianini and Shawe-
Taylor, 2000).

For the work presented in this paper we wish
to apply the learning algorithm over discrete tree-
like structures that encode grammatical dependen-
cies (see Figure 1 for an example). A suitable ker-
nel for such a task is the tree kernel introduced by
Collins and Duffy (2002), which uses a represen-
tation that implicitly tracks all subtrees seen in the
training data.
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This representation starts by implicitly enumerat-
ing all subtrees that are found in the training data. A
given tree, T, is then represented by a (huge) vector
where the n-th position counts the number of occur-
rences of the n-th subtree in 7.

Under this representation, the inner product of
two trees gives a measure of their similarity. How-
ever, explicitly calculating such an operation is pro-
hibitively expensive due to the high dimensions of
the feature space. Fortunately, the inner product can
be replaced by a rather simple kernel function that
sums over the subtrees that are common to both trees
(see (Collins and Duffy, 2002) for a proof).

3 Grammar and Base Dataset

The deep linguistic grammar used in this study
is LXGram, a hand-built HPSG grammar for Por-
tuguese (Branco and Costa, 2008; Branco and Costa,
2010).

We used this grammar to support the annota-
tion of a corpus. That is, the grammar is used
to provide the set of possible analyses for a sen-
tence (the parse forest). Human annotators then
perform manual disambiguation by picking the cor-
rect analysis from among all those that form the
parse forest.> This grammar-supported approach to
corpus annotation ensures that the various linguis-
tic annotation layers—morphological, syntactic and
semantic—are consistent.

The corpus that was used is composed mostly by a
subset of the sentences in CETEMP1ublico, a corpus
of plain text excerpts from the Piblico newspaper.

After running LXGram and manually disam-
biguating the parse forests, we were left with a
dataset consisting of 5,422 sentences annotated with
all the linguistic information provided by LXGram.

4 Classifier and Feature Extraction

For training and classification we use SVM-light-TK
(Moschitti, 2006), an extension to the widely-used
SVM-light (Joachims, 1999) software for SVMs that
adds a function implementing the tree kernel intro-
duced in Section 2.2. With SVM-light-TK one can

In our setup, two annotators work in a double-blind
scheme, where those cases where they disagree are adjudicated
by a third annotator. Inter-annotator agreement is 0.86.



directly provide one or more tree structures as fea-
tures (using the standard parenthesis representation
of trees) together with the numeric feature vectors
that are already accepted by SVM-light.

Given that the task at stake is a multi-class clas-
sification problem but an SVM is a binary classi-
fier, the problem must first be binarized (Galar et
al.,, 2011). For this work we have chosen a one-
vs-one binarization scheme, where multiple classi-
fiers are created, each responsible for discriminat-
ing between a pair of classes. This divides a prob-
lem with n classes into n(n — 1)/2 separate binary
problems (i.e. one classifier for each possible class
pairing). Each classifier then performs a binary de-
cision, voting for one of the two classes it is tasked
with discriminating, and the class with the overall
largest number of votes is chosen.

The dataset, having been produced with the help
of a deep grammar, contains a great deal of linguistic
information. The first step is thus to extract from
each sentence the relevant features in a format that
can be used by SVM-light-TK.

Since we are aiming at discriminating between
deep lexical types, which, among other information,
encode the SCF of a word, the dependency structure
associated with a word is expected to be a piece of
highly relevant information. We start by extracting
the dependency representation of a sentence from
the output of LXGram.®> The dependency represen-
tation that is obtained through this process consists
of a list of tuples, each relating a pair of words in the
sentence through a grammatical relation.

The example in Figure 1 shows the dependency
representation of the sentence “a o segundo dia de
viagem encontrdmos os primeiros golfinhos” (Eng.:
by the second day of travel we found the first dol-
phins).* Note that each word is also annotated with
its lexical type, POS tag and lemma, though this is
not shown in the example for the sake of readability.

For a one-vs-one classifier tasked with discrim-
inating between types A and B we are concerned
with finding instances of type A to be taken as posi-
tive examples and instances of type B to be taken as

3The details of this process are outside the scope of the cur-
rent paper and will be reported elsewhere.

“Relations in the example: ADV (adverb), C (complement),
DO (direct object), PRED (predicate), SP (specifier) and TMP
(temporal modifier).
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negative examples.

Take, for instance, the word “encontrdmos” from
the example in Figure 1. Its lexical type in this par-
ticular occurrence is verb-dir_trans-lex, the type as-
signed to transitive verbs by LXGram. A one-vs-one
classifier tasked with recognizing this type (against
some other type) will take this instance as a positive
example.

However, the full dependency representation of
the sentence has too many irrelevant features for
learning how to classify this word. Instead, we fo-
cus more closely on the information that is relevant
to determining the SCF of the word by looking only
at its immediate neighbors in the dependency graph:
its dependents and the word it depends on.

This information is encoded in two trees, shown
in Figure 2, which are the actual features given to
SVM-light-TK.

One tree, labeled with H as root, is used to repre-
sent the word and its dependents. The target word is
marked by being under an asterisk “category” while
the dependents fall under a “category” correspond-
ing to the relation between the target word and the
dependent. The words appears as the leafs of the
tree, with their POS tags as the pre-terminal nodes.’

The second feature tree, labeled with D as root,
encodes the target word—again marked with an
asterisk—and the word it is dependent on. In the
example shown in Figure 2, since the target word is
the main verb of the sentence, the feature tree has no
other nodes apart from that of the target word.

5 Evaluation

The following evaluation results were obtained fol-
lowing a standard 10-fold cross-validation approach,
where the folds were taken from a random shuffle of
the sentences in the corpus.

We compare the performance of our tree kernel
(TK) approach with two other automatic annotators,
TnT (Brants, 2000) and SVMTool (Giménez and
Marquez, 2004).

TnT is a statistical POS tagger, well known for
its efficiency—in terms of training and tagging
speed—and for achieving state-of-the-art re-
sults despite having a quite simple underlying

SPOS tags in the example: V (verb), PREP (preposition) and
CN (common noun).
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DO
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a o segundo dia de viagem encontramos os primeiros golfinhos

by the second of travel

SP(dia, o)

day
C(de, viagem)
ADV(dia, de)
PRD(dia, segundo)

PRD(golfinhos, primeiros)
SP(golfinhos, os)

we-found the first dolphins

C(a, dia)
TMP(encontramos, a)
DO(encontramos, golfinhos)

Figure 1: Dependency representation

/I_IN ]|)
’i‘ D|O TMP >i‘
\|7 CN PREP \|/
encontrdmos  golfinhos a encontrimos
we-found dolphins by we-found

Figure 2: Features for SVM-light-TK

model. It is based on a second-order hidden
Markov model extended with linear smooth-
ing of parameters to address data-sparseness is-
sues and suffix analysis for handling unknown
words. TnT was used as a supertagger in (Dri-
dan, 2009), where it achieved the best results
for this task, and is thus a good representative
for this approach to supertagging. We run it
out-of-the-box using the default settings.

SVMTool is another statistical sequential tagger
which, as the name indicates, is based on
support-vector machines. It is extremely flexi-
ble in allowing to define which features should
be used in the model (e.g. size of word win-
dow, number of POS bigrams, etc.) and the tag-
ging strategy (left to right, bidirectional, num-
ber of passes, etc). In fact, due to this flexibil-
ity, it is described as being a tagger generator.
It beat TnT in a POS tagging task (Giménez
and Marquez, 2004), so we use it in the current
paper to evaluate whether that lead is kept in
a supertagging task. We used the simplest set-
tings, “MO LR”, which uses Model O in a left
to right tagging direction.®

8See (Giménez and Marquez, 2006) for an explanation of
these settings.
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The type distribution in the dataset is highly
skewed. For instance, from the number of com-
mon noun types that occur in this corpus, the two
most frequent ones are enough to account for 57%
of all the common noun tokens. Such skewed cat-
egory distributions are usually a problematic issue
for machine-learning approaches since the number
of instances of the more rare categories is too small
to properly estimate the parameters of the model.

For many types there are not enough instances in
the dataset to train a classifier. Hence, the evalua-
tion that follows is done only for the most frequent
types. For instance, top-10 means picking the 10
most frequent types in the corpus, training one-vs-
one classifiers for those types, and evaluating only
over tokens with one of those types. In addition, we
show only the evaluation results of verb types, for
which SCF information is more varied and relevant.

Table 1 show the accuracy results for each tool
over the top-10, top-20 and top-30 most frequent
verb types.

Comparing both sequential supertaggers, one
finds that SVMTool is consistently better than TnT,
which is in accordance with the results for POS tag-
ging reported in (Giménez and Marquez, 2004).

Our TK approach beats both supertaggers when



TnT SVMTool TK
top-10 92.98% 94.22%  94.71%
top-20 91.53%  92.39%  90.21%
top-30 91.42%  92.38%  88.70%

Table 1: Accuracy over frequent verb types

looking at the top-10 verb types, but falls behind as
soon as the number of types under consideration in-
creases. This seems to point towards data-sparseness
issues, an hypothesis we test by automatically ex-
tending the dataset, as discussed next.

5.1 Experiments with an Extended Dataset

The extended datasets were created by taking ad-
ditional sentences from the Publico newspaper, as
well as sentences from the Portuguese Wikipedia
and from the Folha de Sdo Paulo newspaper, pre-
processing them with a POS tagger, and running
them through LXGram.

Such an approach is only made possible because
LXGram, like many other modern HPSG gram-
mars, includes a stochastic disambiguation module
that automatically chooses the most likely analysis
among all those returned in the parse forest, instead
of requiring a manual choice by a human annota-
tor (Branco and Costa, 2010). The authors do not
provide a complete evaluation of this disambigua-
tion module. Instead, they perform a manual evalu-
ation of a sample of 50 sentences that indicates that
this module picks the correct reading in 40% of the
cases.

If this ratio is kept, 60% of the sentences in the ex-
tended datasets will have an analysis that is, in some
way, the wrong analysis, though it is not clear how
this translates into errors in the lexical types that end
up being assigned to the tokens. For instance, when
faced with the rather common case of PP-attachment
ambiguity, the disambiguation module may choose
the wrong attachment, which will count as being a
wrong analysis though most lexical types assigned
to the words in the sentence may be correct.

To evaluate this, we tested the disambiguation
module over the base dataset, where we know what
the correct parses are, and found that the grammar
picks the correct parse in 44% of the cases. If we
just look at whether the lexical types are correct, the
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dataset sentences tokens unique ooV
base 5422 51,483 8,815 10.0%
+ Pablico 10,727 139,330 18,899 7.6%
+ Wiki 15,108 205,585 24,063 6.6%
+ Folha 21,217 288,875 30,204 6.0%

Table 2: Cumulative size of datasets

grammar picks a sentence with fully correct types in
68% of the cases.

LXGram displayed a coverage of roughly 30%,
and allowed us to build progressively larger datasets
as more data was added. The cumulative sizes of the
resulting datasets are shown in Table 2. The Table
also shows the ratio of OOV words, which was de-
termined by taking the average of the ratio for each
of the 10 folds (i.e. words that occur in a fold but not
in any of the other 9 folds).

We can now evaluate the tools over the four pro-
gressively larger datasets and plot their learning
curves. In the following Figures, the errors bars rep-
resent a 95% confidence interval.

All learning curves in the following Figures tell a
somewhat similar story.

The lead that SVMTool has over TnT when look-
ing only at the base corpus is kept in the extended
corpora. Both sequential supertaggers only start to
benefit from the increased dataset at the final stage,
when sentences from Folha de Sdo Paulo are added.
Before that stage the added data seems to be slightly
detrimental to them, possibly due to them being sen-
sitive to noise in the automatically generated data.

The learning curves give credence to the hypoth-
esis put forward earlier that our TK approach was
being adversely affected by data-sparseness issues
when classifying a greater number of verb types, and
that it has much to gain by an increase in the amount
of training data.

For the top-10 verb types, for which there is
enough data in the base dataset, TK starts ahead
from the outset and significantly increases its mar-
gin over the two supertaggers.

For the top-20 and top-30 verb types, TK starts
behind but its accuracy raises quickly as more data
are added, ending slightly ahead of SVMTool when
running over the largest dataset.
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Figure 5: Learning curves (over top-30 verb types)
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dataset  accuracy
base 87.24%
+ Pablico  82.67%
+ Wiki 82.30%
+ Folha 83.92%

Table 3: MaltParser labeled accuracy

5.2 Running over Predicted Dependencies

In the previous section, we were concerned with
evaluating the classifier itself. Accordingly, the fea-
tures used by the classifier were the gold dependen-
cies in the corpus. However, on a running system,
the features used by the classifier will be automati-
cally generated by a dependency parser. To evaluate
this setup, we used MaltParser (Nivre et al., 2007).

Like the other tools, the parser was run out-of-the-
box. The 10-fold average labeled accuracy scores
for each dataset shown in Table 3 can thus be seen
as a lower bound on the achievable accuracy. De-
spite this, the performance over the base dataset is
extremely good, on par with the best scores achieved
for other languages (cf. (Nivre et al., 2007)). How-
ever, performance drops sharply when automatically
annotated data is used, only beginning to pick up
again when running over the largest dataset.

As expected, the noisy features that result from
the automatic process have a detrimental effect on
the accuracy of the classifier. For the same set of
experiments reported previously, the accuracy of the
SVM-TK classifier when running over predicted de-
pendencies tends to trail 2.0-2.5% points behind
that of the classifier that uses gold dependencies, as
shown in Table 4.

6 Concluding Remarks

In this paper we reported on an novel approach to as-
signing deep lexical types. It uses an SVM classifier
with a tree kernel that allows it to seamlessly work
with features encoding discrete structures represent-
ing the grammatical dependencies between words.
Evaluation over the top-10 most frequent verb
types showed that the grammatical dependencies of
a word, which can be seen as information on its SCF,
are very helpful in allowing the classifier to accu-
rately assign lexical types. Our classifier clearly im-



top-10 top-20 top-30
dataset gold pred. gold pred. gold pred.
base 94.71% 93.14% 90.21% 88.66% 88.70% 87.01%
+ Publico 96.02% 93.83% 92.34% 90.35% 91.32% 88.97%
+ Wiki 96.48% 93.95% 93.54% 91.29% 92.80% 90.21%
+ Folha 96.98% 94.55% 94.46% 92.26% 93.93% 91.50%

Table 4: SVM-TK classifier accuracy over gold and predicted features

proves over TnT, which had displayed the best su-
pertagging performance in other studies.

When running the classifier for a greater number
of verb types, data-sparseness issues led to a drop
in performance, which motivated additional experi-
ments where the dataset was extended with automat-
ically annotated data. This allowed us to plot learn-
ing curves that show that our approach can maintain
a lead in accuracy when given more training data.

Running the classifier over predicted features
shows an expected drop in performance. However,
we anticipate that using larger corpora will also
be effective in raising these scores since additional
training data not only improve the classifier, but also
the underlying parser that provides the dependencies
that are used as features.
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Abstract

Dependency parsing has been shown to im-
prove NLP systems in certain languages and
in many cases helps achieve state of the art re-
sults in NLP applications, in particular appli-
cations for free word order languages. Mor-
phologically rich languages are often short on
training data or require much higher amounts
of training data due to the increased size of
their lexicon. This paper examines a new
approach for addressing morphologically rich
languages with little training data to start.

Using Tamil as our test language, we cre-
ate 9 dependency parse models with a lim-
ited amount of training data. Using these
models we train an SVM classifier using only
the model agreements as features. We use
this SVM classifier on an edge by edge deci-
sion to form an ensemble parse tree. Using
only model agreements as features allows this
method to remain language independent and
applicable to a wide range of morphologically
rich languages.

We show a statistically significant 5.44%
improvement over the average dependency
model and a statistically significant 0.52% im-
provement over the best individual system.

1 Introduction

Dependency parsing has made many advancements
in recent years. A prime reason for the quick ad-
vancement has been the CoNLL shared task compe-
titions, which gave the community a common train-
ing/testing framework along with many open source
systems. These systems have, for certain languages,
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achieved high accuracy ranging from on average
from approximately 60% to 80% (Buchholz and
Marsi, 2006). The range of scores are more of-
ten language dependent rather than system depen-
dent, as some languages contain more morpholog-
ical complexities. While some of these languages
are morphologically rich, we would like to addition-
ally address dependency parsing methods that may
help under-resourced languages as well, which often
overlaps with morphologically rich languages. For
this reason, we have chosen to do the experiments
in this paper using the Tamil Treebank (Ramasamy
and Zabokrtsky, 2012).

Tamil belongs to Dravidian family of languages
and is mainly spoken in southern India and also in
parts of Sri Lanka, Malaysia and Singapore. Tamil
is agglutinative and has a rich set of morphologi-
cal suffixes. Tamil has nouns and verbs as two ma-
jor word classes, and hundreds of word forms can
be produced by the application of concatenative and
derivational morphology. Tamil’s rich morphology
makes the language free word order except that it is
strictly head final.

When working with small datasets it is often very
difficult to determine which dependency model will
best represent your data. One can try to pick the
model through empirical means on a tuning set but
as the data grows in the future this model may no
longer be the best choice. The change in the best
model may be due to new vocabulary or through a
domain shift. If the wrong single model is chosen
early on when training is cheap, when the model is
applied in semi supervised or self training it could
lead to significantly reduced annotation accuracy.

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics, pages 72-77,
Jeju, Republic of Korea, 12 July 2012. (©2012 Association for Computational Linguistics



For this reason, we believe ensemble combinations
are an appropriate direction for lesser resourced lan-
guages, often a large portion of morphologically
rich languages. Ensemble methods are robust as
data sizes grow, since the classifier can easily be re-
trained with additional data and the ensemble model
chooses the best model on an edge by edge basis.
This cost is substantially less than retraining multi-
ple dependency models.

2 Related Work

Ensemble learning (Dietterich, 2000) has been used
for a variety of machine learning tasks and recently
has been applied to dependency parsing in various
ways and with different levels of success. (Surdeanu
and Manning, 2010; Haffari et al., 2011) showed
a successful combination of parse trees through a
linear combination of trees with various weight-
ing formulations. Parser combination with depen-
dency trees have been examined in terms of accu-
racy (Sagae and Lavie, 2006; Sagae and Tsujii,
2007; Zeman and Zabokrtskf/, 2005; Sggaard and
Rishgj, 2010). (Sagae and Lavie, 2006; Green and
Zabokrtsky, 2012) differ in part since their method
guarantees a tree while our system can, in some sit-
uations, produce a forest. POS tags were used in
parser combination in (Hall et al., 2007) for combin-
ing a set of Malt Parser models with an SVM clas-
sifier with success, however we believe our work is
novel in its use of an SVM classifier solely on model
agreements. Other methods of parse combinations
have shown to be successful such as using one parser
to generate features for another parser. This was
shown in (Nivre and McDonald, 2008; Martins et
al., 2008), in which Malt Parser was used as a fea-
ture to MST Parser.

Few attempts were reported in the literature on the
development of a treebank for Tamil. Our exper-
iments are based on the openly available treebank
(TamilTB) (Ramasamy and Zabokrtsky, 2012). De-
velopment of TamilTB is still in progress and the ini-
tial results for TamilTB appeared in (Ramasamy and
Zabokrtsky, 2011). Previous parsing experiments in
Tamil were done using a rule based approach which
utilized morphological tagging and identification of
clause boundaries to parse the sentences. The results
were also reported for Malt Parser and MST parser.

73

Tamil
Treebank
Random
Sample
['1
Testing Training Tuning
Parse Testing Train N Parse Tuning
Data <: Parsers Data
Generate Apply SVM ]
Agreement :/'\ Generate <: Train SVM
Features Ensemble

Calculate UAS :(>

Figure 1: Process Flow for one run of our SVM Ensemble
system. This Process in its entirety was run 100 times for
each of the 8 data set splits.

When the morphological tags were available during
both training and testing, the rule based approach
performed better than Malt and MST parsers. For
other Indian languages, treebank development is ac-
tive mainly for Hindi and Telugu. Dependency pars-
ing results for them are reported in (Husain et al.,
2010).

3 Methodology

3.1 Process Flow

When dealing with small data sizes it is often
not enough to show a simple accuracy increase.
This increase can be very reliant on the train-
ing/tuning/testing data splits as well as the sam-
pling of those sets. For this reason our experi-
ments are conducted over 7 training/tuning/testing
data split configurations. For each configuration
we randomly sample without replacement the train-
ing/tuning/testing data and rerun the experiment 100
times. These 700 runs, each on different samples,
allow us to better show the overall effect on the ac-
curacy metric as well as the statistically significant
changes as described in Section 3.5. Figure 1 shows
this process flow for one run of this experiment.



3.2 Parsers

A dependency tree is a special case of a depen-
dency graph that spawns from an artificial root, is
connected, follows a single-head constraint and is
acyclic. Because of this we can look at a large his-
tory of work in graph theory to address finding the
best spanning tree for each dependency graph. The
most common form of this type of dependency pars-
ing is Graph-Based parsing also called arc-factored
parsing and deals with the parameterization of the
edge weights. The main drawback of these meth-
ods is that for projective trees, the worst case sce-
nario for most methods is a complexity of O(n?)
(Eisner, 1996). However, for non-projective pars-
ing Chu-Liu-Edmond’s algorithm has a complexity
of O(nQ) (McDonald et al., 2005). The most com-
mon tool for doing this is MST parser (McDonald et
al., 2005). For this parser we generate two models,
one projective and one non-projective to use in our
ensemble system.

Transition-based parsing creates a dependency
structure that is parameterized over the transitions.
This is closely related to shift-reduce constituency
parsing algorithms. The benefit of transition-based
parsing is the use greedy algorithms which have a
linear time complexity. However, due to the greedy
algorithms, longer arc parses can cause error propa-
gation across each transition (Kiibler et al., 2009).
We make use of Malt Parser (Nivre et al., 2007),
which in the CoNLL shared tasks was often tied
with the best performing systems. For this parser
we generate 7 different models using different train-
ing parameters, seen in Table 1, and use them as
input into our ensemble system along with the two
Graph-based models described above. Each parser
has access to gold POS information as supplied by
the TamilTB described in 3.4.

Dependency parsing systems are often optimized
for English or other major languages. This opti-
mization, along with morphological complexities,
lead other languages toward lower accuracy scores
in many cases. The goal here is to show that
while the corpus is not the same in size or scope of
most CoNLL data, a successful dependency parser
can still be trained from the annotated data through
model combination for morphologically rich lan-
guages.
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Training Parameter | Model Description
nivreeager Nivre arc-eager
nivrestandard Nivre arc-standard
stackproj Stack projective
stackeager Stack eager
stacklazy Stack lazy
planar Planar eager
2planar 2-Planar eager

Table 1: Table of the Malt Parser Parameters used during
training. Each entry represents one of the parsing algo-
rithms used in our experiments. For more information see
http://www.maltparser.org/options.html

3.3 Ensemble SVM System

We train our SVM classifier using only model agree-
ment features. Using our tuning set, for each cor-

N
rectly predicted dependency edge, we create < 2)

features where NV is the number of parsing models.
We do this for each model which predicted the cor-
rect edge in the tuning data. So for N = 3 the
first feature would be a 1 if model 1 and model 2
agreed, feature 2 would be a 1 if model 1 and model
3 agreed, and so on. This feature set is novel and
widely applicable to many languages since it does
not use any additional linguistic tools.

For each edge in the ensemble graph, we use our
classifier to predict which model should be correct,
by first creating the model agreement feature set
for the current edge of the unknown test data. The
SVM predicts which model should be correct and
this model then decides to which head the current
node is attached. At the end of all the tokens in a
sentence, the graph may not be connected and will
likely have cycles. Using a Perl implementation of
minimum spanning tree, in which each edge has a
uniform weight, we obtain a minimum spanning for-
est, where each subgraph is then connected and cy-
cles are eliminated in order to achieve a well formed
dependency structure. Figure 2 gives a graphical
representation of how the SVM decision and MST
algorithm create a final Ensemble parse tree which
is similar to the construction used in (Hall et al.,
2007; Green and Zabokrtsky, 2012). Future itera-
tions of this process could use a multi-label SVM
or weighted edges based on the parser’s accuracy on
tuning data.
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3.4 Data Sets

Table 2 shows the statistics of the TamilTB Tree-
bank. The last 2 rows indicate how many word types
have unique tags and how many have two tags. Also,
Table 2 illustrates that most of the word types can
be uniquely identified with single morphological tag
and only around 120 word types take more than one
morphological tag.

Description Value
#Sentences 600
#Words 9581
#Word types 3583
#Tagset size 234
#Types with unique tags | 3461
#Types with 2 tags 112

Table 2: TamilTB: data statistics

Since this is a relatively small treebank and in or-
der to confirm that our experiments are not heavily
reliant on one particular sample of data we try a va-
riety of data splits. To test the effects of the train-
ing, tuning, and testing data we try 7 different data
splits. The tuning data in the Section 4 use the for-
mat training-tuning-testing. So 70-20-10 means we
used 70% of the TamilTB for training, 20% for tun-
ing the SVM classifier, and 10% for evaluation.

3.5 Evaluation

Made a standard in the CoNLL shared tasks com-
petition, two standard metrics for comparing depen-
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dency parsing systems are typically used. Labeled
attachment score (LAS) and unlabeled attachment
score (UAS). UAS studies the structure of a depen-
dency tree and assesses whether the output has the
correct head and dependency arcs. In addition to the
structure score in UAS, LAS also measures the accu-
racy of the dependency labels on each arc (Buchholz
and Marsi, 2006). Since we are mainly concerned
with the structure of the ensemble parse, we report
only UAS scores in this paper.

To test statistical significance we use Wilcoxon
paired signed-rank test. For each data split we have
100 iterations each with different sampling. Each
model is compared against the same samples so a
paired test is appropriate in this case. We report sta-
tistical significance values for p < 0.01 and p <
0.05.

4 Results and Discussion

Data Average | % Increase | % Increase

Split SVM UAS | over Avg over Best
70-20-10 |  76.50% 5.13% 0.52%
60-20-20 | 76.36% 5.68% 0.72%
60-30-10 | 75.42% 5.44% 0.52%
60-10-30 | 75.66% 4.83% 0.10%
85-5-10 75.33% 3.10% -1.21%

90-5-5 75.42% 3.19% -1.10%
80-10-10 | 76.44% 4.84% 0.48%

Table 3: Average increases and decreases in UAS score
for different Training-Tuning-Test samples. The average
was calculated over all 9 models while the best was se-
lected for each data split

For each of the data splits, Table 3 shows the per-
cent increase in our SVM system over both the av-
erage of the 9 individual models and over the best
individual model. As the Table 3 shows, our ap-
proach seems to decrease in value along with the de-
crease in tuning data. In both cases when we only
used 5% tuning data we did not get any improve-
ment in our average UAS scores. Examining Table
4, shows that the decrease in the 90-5-5 split is not
statistically significant however the decrease in 85-
5-10 is a statistically significant drop. However, the
increases in all data splits are statistically significant
except for the 60-20-20 data split. It appears that



Model 70-20-10 | 60-20-20 | 60-30-10 | 60-10-30 | 85-5-10 | 90-5-5 | 80-10-10
2planar N * * * * * *k
mstnonproj * * * * * * ok
mstproj * * * * 2 * o
nivreeager * * * * % P *
nivrestandard * * ok T * * *
planar * * * * * * *k
stackeager * * * x * ok *
stacklazy * * e x o ok *
stackproj *ok * i x ok ok o

Table 4: Statistical Significance Table for different Training-Tuning-Test samples. Each experiment was sampled
100 times and Wilcoxon Statistical Significance was calculated for our SVM model’s increase/decrease over each
individual model. * = p < 0.01, * * p =< 0.05, x = p > 0.05

the size of the tuning and training data matter more
than the size of the test data given the low variance
in Table 5. Since the TamilTB is relatively small
when compared to other CoNLL treebanks, we ex-
pect that this ratio may shift more when additional
data is supplied since the amount of out of vocab-
ulary, OOV, words will decrease as well. As OOV
words decrease, we expect the use of additional test
data to have less of an effect.

Data Splits | SVM Variance
70-20-10 0.0011
60-20-20 0.0005
60-30-10 0.0010
60-10-30 0.0003

85-5-10 0.0010
90-5-5 0.0028
80-10-10 0.0010

Table 5: Variance of the UAS Scores of our Ensemble
SVM System over 100 data splits

The traditional approach of using as much data as
possible for training does not seem to be as effec-
tive as partitioning more data for tuning an SVM.
For instance the highest training percentage we use
is 90% applied to training with 5% for tuning and
testing each. In this case the best individual model
had a UAS of 76.25% and the SVM had a UAS of
75.42%. One might think using 90% of the data
would achieve a higher overall UAS than using less
training data. On the contrary, we achieve a better
UAS score on average using only 60%, 70%, 80%,
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and 85% of the data towards training. This addi-
tional data spent for tuning appears to be worth the
cost.

5 Conclusion

We have shown a new SVM based ensemble parser
that uses only dependency model agreement fea-
tures. The ability to use only model agreements al-
lows us to keep this approach language independent
and applicable to a wide range of morphologically
rich languages. We show a statistically significant
5.44% improvement over the average dependency
model and a statistically significant 0.52% improve-
ment over the best individual system.

In the future we would like to examine how our
data splits’ results change as more data is added.
This might be a prime use for self training. Since
the tuning data size for the SVM seems most impor-
tant, the UAS may be improved by only adding self
training data to our tuning sets. This would have the
additional benefit of eliminating the need to retrain
the individual parsers, thus saving computation time.
The tuning size may have a reduced effect for larger
treebanks but in our experiments it is critical to the
smaller treebank. Additionally, a full comparison of
various ensemble parsing error distributions will be
needed.
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Abstract

Korean is a morphologically rich language in
which grammatical functions are marked by
inflections and affixes, and they can indicate
grammatical relations such as subject, object,
predicate, etc. A Korean sentence could be
thought as a sequence of eojeols. An eo-
jeol is a word or its variant word form ag-
glutinated with grammatical affixes, and eo-
jeols are separated by white space as in En-
glish written texts. Korean treebanks (Choi
et al., 1994; Han et al., 2002; Korean Lan-
guage Institute, 2012) use eojeol as their fun-
damental unit of analysis, thus representing
an eojeol as a prepreterminal phrase inside
the constituent tree. This eojeol-based an-
notating schema introduces various complex-
ity to train the parser, for example an en-
tity represented by a sequence of nouns will
be annotated as two or more different noun
phrases, depending on the number of spaces
used. In this paper, we propose methods to
transform eojeol-based Korean treebanks into
entity-based Korean treebanks. The methods
are applied to Sejong treebank, which is the
largest constituent treebank in Korean, and the
transformed treebank is used to train and test
various probabilistic CFG parsers. The experi-
mental result shows that the proposed transfor-
mation methods reduce ambiguity in the train-
ing corpus, increasing the overall F1 score up
to about 9 %.

1 Introduction

The result of syntactic parsing is useful for many
NLP applications, such as named entity recogni-

78

kschoilcs.kaist.ac.kr

tion (Finkel and Manning, 2009), semantic role la-
beling (Gildea and Jurafsky, 2002), or sentimental
analysis (Nasukawa and Yi, 2003). Currently most
of the state-of-the-art constituent parsers take statis-
tical parsing approach (Klein and Manning, 2003;
Bikel, 2004; Petrov and Klein, 2007), which use
manually annotated syntactic trees to train the prob-
abilistic models of each consituents.

Even though there exist manually annotated Ko-
rean treebank corpora such as Sejong Treebank (Ko-
rean Language Institute, 2012), very few research
projects about the Korean parser, especially using
phrase structure grammars have been conducted. In
this paper, we aim to transform the treebank so that it
could be better used as training data for the already-
existing English constituent parsers.

Most of Korean treebank corpora use eojeols as
their fundamental unit of analysis. An eojeol is
a word or its variant word form agglutinated with
grammatical affixes, and eojeols are separated by
white space as in English written texts (Choi et al.,
2011). Figure 1 is one of the example constituent
tree from the Sejong Treebank. As can be observed,
an eojeol is always determined as a prepretermi-
nal phrase !. But this kind of bracketing guideline
could cause ambiguities to the existing algorithms
for parsing English, because: (1) English does not
have the concept of “eojeol”, and (2) an eojeol
can contain two or more morphemes with different
grammatical roles. For example, Korean case par-

'A node is a prepreterminal if all the children of this node
are preterminals (Part-Of-Speech tags such as NNP and JKG).
Preterminal is defined to be a node with one child which is itself
a leaf (Damljanovic et al., 2010).

Proceedings of the 50th Annual Meeting of the Association for Computational Linguistics, pages 78—88,
Jeju, Republic of Korea, 12 July 2012. (©2012 Association for Computational Linguistics



/NP_SBJ\ /VP\
/F’\ R K A
NP-MOD NP NP NP-SBJ /NP\ NP-AJT
VNP-MOD /NP\ /NF’\ NP
I\iP NP Nlp NP
NTJP JP|(G NTG XSlN V(|2P ElTM NI‘|~JG NI‘|~JG NIiwlP NNlP JK|S NTIG NI‘|~IG XSI|\I NTG NI‘~|1G Jl|(B Vl'V EI|3 E|F SlF
ZYA+9| AA + 3 +0 + L oY LCIAO|L AOEAR S7t2 + 7f A 4 + 8 AHE ORI + 2 LA + R +Ch+.
France-EUI Segye-juk- I- N Euisang Designer Emanuel Ungaro-GA Silnae Jangsik-YONG Jikmul Designer-LO Naseo- UT- DA-.
Possesive SBJ Purpose DAT Past FIN

Translation: French world-famous clothes designer Emanuel Ungaro went into interior decoration textile designer.

Figure 1: An example constituent tree and morphological analysis result from the Sejong treebank

ticles (‘josa’) are normally written inside the same
eojeol with their argument nouns, but the whole eo-
jeol is always considered as a prepreterminal noun
phrase in the Korean treebank, as can be seen in the
eojeol Ungaro-GA. Considering that the case parti-
cles in Korean play important role in determining
the syntactic structure of a sentence, this could cause
loss of information during the training phase. More-
over, Emanuel Ungaro is considered as two different
noun phrases, because they simply belong to the two
different eojeols (that is, a space exists between eo-
jeols Emanuel and Ungaro-GA).

In this paper, we propose methods to refine the
Sejong treebank which is currently the largest Ko-
rean treebank corpus. The methods are aimed at de-
creasing the ambiguities during the training phase
of parsers, by separating phrases which are inte-
grated into the same prepreterminal phrase due to
the reason that they happen to be in the same eojeol,
and integrating phrases into the same prepretermi-
nal phrase which are separated because they hap-
pen to be in different eojeols. The refined datasets
are trained and tested against three state-of-the-art
parsers, and the evaluation results for each dataset
are reported.

In section 2, the work about Korean parsers are
briefly introduced. Sejong treebank is described
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with more detailed explanation in section 3, while
the methods to transform the treebank are introduced
in section 4. In section 5 the evaluation results of the
transformed treebank using the three existing state-
of-the-art parsers are introduced with an error report,
and we discuss conclusions in section 6.

2 Related Work

There were some trials to build Korean constituent
parsers, but due to the lack of appropriate corpus
those trials were not able to acheive a good re-
sult. (Smith and Smith, 2004) tried to build a Ko-
rean parser by bilingual approach with English, and
achieved labeled precision/recall around 40 % for
Korean. More recently, (Park, 2006) tried to extract
tree adjoining grammars from the Sejong treebank,
and (Oh et al., 2011) build a system to predict a
phrase tag for each eojeol.

Due to the partial free word order and case pari-
cles which can decide the grammatical roles of noun
phrases, there exist some works to build statistical
dependency parsers for Korean. (Chung, 2004) pre-
sented a dependency parsing model using surface
contextual model. (Choi and Palmer, 2011) con-
verted the Sejong treebank into the dependency tree-
bank, and applied the SVM algorithm to learn the
dependency model.



NNG General noun IC Interjection JKQ  Quotational CP XSV Verb DS

NNP  Proper noun MM  Adnoun X Auxiliary PR XSA  Adjective DS
NNB Bound noun MAG General adverb  [JC Conjunctive PR XR  Base morpheme
NP Pronoun MAJ  Conjunctive adverbEP Prefinal EM SN Number

NR Numeral UKS  Subjective CP EF Final EM SL Foreign word
\'A% Verb JKC  Complemental CP EC Conjunctive EM  |SH Chinese word
VA Adjective UKG  Adnomial CP ETN  Nominalizing EM [NF Noun-like word
VX Aucxiliary predicateJKO  Objective CP ETM  Adnominalizing EMNV  Verb-like word
VCP Copula UKB  Adverbial CP XPN  Noun prefix NA  Unknown word
VCN Negation adjective JKV  Vocative CP IXSN Noun DS SE,SP,SS,SE,SO,SW

Table 1: POS tags used in Sejong treebank (CP: case particle, EM: ending marker, DS: derivational suffix, PR: particle,
SF SP SS SE SO: different types of punctuations, SW: currency symbols and mathematical symbols. Table borrowed

from (Choi and Palmer, 2011))

Apart from the Sejong Treebank, there are few
other Korean treebanks available. The KAIST tree-
bank (Choi et al., 1994) contains constituent trees
about approximately 30K sentences from newspa-
pers, novels and textbooks. Also, the Penn Ko-
rean Treebank (Han et al., 2002) contains 15K
constituent trees constructed from the sentences of
newswire and military domains. The proposed
methods are evaluated using the Sejong treebank be-
cause it is the most recent and the largest Korean
treebank among those which is currently available.

3 Sejong Treebank

The Sejong treebank is the largest constituent
treebank in Korean. It contains approximately
45K manually-annotated constituent trees, and their
sources cover various domains including newspa-
pers, novels and cartoon texts. Figure 1 shows an
example of the Sejong constituent tree.

The tree consists of phrasal nodes and their func-
tional tags as described in table 2. Each eojeol
could contain one or more morphemes with different
POS tags (Table 1 shows the POS tagset). In most
cases, eojeols are determined by white spaces. As
stated in its bracketing guidelines, the Sejong tree-
bank uses eojeols as its fundamental unit of analy-
sis 2. This means that an eojeol is always treated as
one prepreterminal phrase. This could cause confu-
sions to the training system, because an eojeol could
contain many morphemes which have very different

The bracketing guidelines could be requested from the Se-
jong project, but available only in Korean
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grammatical roles, as can be seen in the example
of Ungaro-GA - word Ungaro is a noun, where the
nominative case particle GA suggests that this eojeol
is used as a subject.

Table 2 shows phrase tags and functional tags
used to construct the Sejong treebank. Some phrases
are annotated with functional tags to clarify their
grammatical role inside the sentence. There are
three special phrase tags beside those in table 2:
X indicates phrases containing only case particles
or ending markers, L and R indicate left and right
parenthesis.

Phrase-level tags Functional tags

S Sentence SBJ | Subject

Q Quotative clause [OBJ | Object

NP | Noun phrase CMP| Complement
VP | Verb phrase IMOD| Modifier
VNP Copula phrase  |AJT | Adjunct

AP | Adverb phrase  |CNJ | Conjunctive
DP | Adnoun phrase |[INT | Vocative

1P Interjection phrasePRN | parenthetical

Table 2: Phrase tags used in Sejong treebank.

4 Transforming Methods: from
Eojeol-based to Entity-based

In this section, we describe the methods to transform
the annotation schema of the Korean treebank from
eojeol-based to entity-based using the examples of
the Sejong treebank.

4.1 Method 1: POS Level Preprocessing

Before starting the actual transforming process, the
system first detects emails, phone numbers and dates



based on their unique POS patterns. If the system
detects a sequence of morphemes matching with one
of predefined POS patterns inside an eojeol, then it
groups those morphemes into one entity and tags it
as a noun. This procedure aims to reduce the ambi-
guity of the corpus by reducing many miscellaneous
mrophemes which in fact forms one phone num-
ber, email address or date information into one en-
tity. Figure 2 shows an example of an eojeol whose
five morphemes toghether represent one date, and its
transformation result.

NP NP

|

T T
2000 - 01 - 10 2000-01-10

Figure 2: Example of an eojeol containing date: five mor-
phemes are merged into one morpheme representing date.

Also, the morphemes representing chinese char-
acters (POS: sH) and other foreign characters (POS:
SL) are considered as nouns, since they are normally
used to rewrite Korean nouns that have their foreign
origin such as Sino-Korean nouns.

4.2 Method 2: Detecting NPs inside an Eojeol

Although an eojeol is considered to be one prepreter-
minal phrase as a whole, many eojeols contain sep-
arated noun components inside them. For exam-
ple, a noun phrase Ungaro-GA in Figure 3 con-
sists of a separated noun component Ungaro in it,
plus josa GA. The system separates noun compo-
nents from other endings and case particles, creates
a new phrase containing those words and tags it as
an NP. By doing so, the boundaries of the NP are
more clarified - before transforming prepreterminal
NPs could contain case particles and endings, but
after the transformation it is not possible. Also the
internal syntactic structures of phrases are revealed,
providing more information to the parser.

4.3 Method 3: Finding Arguments of Josa

In this step, the system tries to find out the actual ar-
gument of each josa. For example, in figure 4 the
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Before procedure 2 After procedure 2
NP-SBJ NP-SBJ
At 2727t
Emanuel Ungaro-GA(SB)) —— NP NP-SBJ —» NP NP-SBJ
NTIP NNP JKS NP

Ao ZIZ 47} NNP  NNP JKS
Emanuel Ungaro-GA(SBJ) | | |
AoprE B2 7|

t
Emanuel  Ungaro GA(SBJ)

Figure 3: Detecting NP inside an eojeol: Case of a verb
phrase

actual argument of the nominative josa GA is the
whole person name Emanuel Ungaro, not only Un-
garo. The system tries to find out the actual argu-
ment of each josa by using a rather simple heuristic:

1. Traverse the constituent parse tree in bottom-up, right-to-
left manner.

2. If a phrase node is NP, its parent is also NP, and it directly
dominates josa(s), then:

(a) Create a new NP.
(b) Attach the node to that NP, except the josa(s).

(c) Attach all the other children of the parent node to the
newly-created NP.

(d) Remove all the children of the parent, and attach the
new NP and remaining josa part to the parent node.

3. After the procedure ends, find and remove redundant NPs,

if exist.
Before procedure 3 After procedure 3
NP-SBJ NP-SBJ
NP NP-SBJ =
A2 87127t — — NP NP
Emanuel Ungaro-GA(SBJ) NP
NNP NNP  JKS
NNP  NNP JKS | | |
AOHEE 72 7t

anpew 272 7} Emanuel Ungaro GA(SBJ)

Emanuel Ungaro GA(SBJ)

Figure 4: Example of applying the transformation heuris-
tic

Method 3 is dependent on method 2, since method
2 first determines boundary of NPs which do not in-
clude any case particles.

4.4 Method 4: Integrating a Sequence of
Nouns into One NP

Some of entities represented as sequences of nouns
are considered as two or more separated noun



phrases since their components belong to the dif-
ferent eojeols. This could be problematic because
an entity could sometimes be written without any
whitespace between its component nouns. Figure 5
shows one of the case: person name Emanuel Un-
garo is considered as two separated NPs since there
exists a whitespace between a noun Emanual and a
noun Ungaro. In this step, we aim to solve this prob-
lem.

Before procedure 4 After procedure 4
NP-SBJ
NP-SBJ
NP
NP
NP NP
L '
NNP NNP JKS NNP NNP JKS
HOeR  S7I2 7} Aoe2 S72 7}
Emanuel Ungaro GA(SBJ)) Emanuel Ungaro GA(SBJ)

Figure 5: Integrating sequence of nouns representing one
entity into one prepreterminal noun phrase

The system finds out an NP which has two NP
children which dominates only the noun pretermi-
nal children. If the system finds such an NP, then it
removes NP children and attaches their children di-
rectly to the found NP. Figure 5 shows an application
example of the method.

This method is dependent on method 3, since this
method assumes that an NP with its parent also NP
does not have any case particles - which cannot be
hold if method 3 is not applied.

4.5 Method 5: Dealing with Noun
Conjunctions

The system tries to enumerate the noun conjunc-
tions, rather than expressing those conjunctions in
binary format. Current Sejong treebank expresses
noun conjunctions in binary format - that is, to ex-
press the constituent tree for noun conjunctions, the
nonterminal node has one NP child on its left which
contains information about the first item of the con-
junction, and the rest of conjunctions are expressed
on the right child. Figure 6> shows an example of
the Sejong constituent tree expressing the noun con-
junctions, and its transformed version.

*Mike-WA_(CNJ) Speaker-GA_(NOM) Jangchak-DOI-UH
IT-DA. (‘Microphone and speaker are installed.”)
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Korean Sentence opo|3et AIAH7t HET QIC}.

Pronounciation Mike-WA(CNJ) Speaker-GA(SB)) JangChak-DOI-UH IT-DA.

English translation | Microphone and speaker are installed.

S

NP-SBJ /VP\
NP-CNJ  NP-SBJ VP VP
Before
procedure 5 NP
|
NNG JC NNG JKS NNG XSV EC VX EF SF
I I I I 0
Boa o Amy o mM 8 of o o .
Mike WA Speaker GA JangChak DOI UH IT DA .
S
NP-SBJ /VP\
NP-CNJ VP VP
After NP NP
procedure 5 | |
NNG JC NNG JKS NNG XSV EC VX EF SF

I I I I [ e
oo|3 ef  AnA p FE g o 2 0
Mike WA Speaker GA JangChakDOI UH IT DA .

Figure 6: Enumerating Noun Conjunctions

By converting noun conjunctions into rather the
‘enumerated’ forms, two benefits could be gained:
first, the resultant constituent tree will resemble
more to the Penn-treebank constituent trees. Since
most of the existing English parsers are trained on
the Penn Treebank, we can expect that the enumer-
ated form of conjunctions will more ‘fit’ to those
parsers. Second, the conjunctions are expressed in
much more explicit format, so the human users can
more easily understand the conjunctive structures in-
side the constituent trees.

4.6 Method 6: Re-tagging Phrase Tags

In this step, the system re-tags some of phrase tags
to clarify their types and to decrease training ambi-
guities. For example, a noun phrase with and with-
out case particles should be distinguished. The sys-
tem re-tags those noun phrases with case particles to
JSP # to distinguish them from the pure noun phrases
which consist of only nouns. Also, VP-MOD and
VNP-MOD are re-tagged to DP, since they have very
similar lexical formats with existing DPs. NP-MOD
is converted into JSP-MOD - most of them consist
of a NP with josa JKG, forming possesive cases. S-
MOD remains as S-MOD if its head is JSP-MOD:

*1t stands for a ‘Josa Phrase’.



otherwise, it is also re-tagged to a DP. Figure 7°
shows a re-tagging example.

NP-SBJ > JSP-SBJ

NP-MOD > JSP-MOD NP NP

VNP-MOD - DP NP

NNP JKG NNG XSN VCP ETM NNG NNG NNP  NNP JKS

Zgx o MA H 0 L oY CRo|Y Ao 872 7
France EUI Segye Juk I N  Euisang Designer Emanuel Ungaro GA
French World-famous Clothes designer Emanuel Ungaro

Figure 7: Example of retagging phrase tags: VP-MOD to
DP, NP-MOD to JSP-MOD, and NP-SBJ to JSP-SBJ.

5 Evaluations

In this section, several experiment results using the
standard F1 metric 2PR/(P + R)) are introduced
to show the effect of each transforming method, and
the most frequently shown error cases are explained.

5.1 Experiments using the Sejong Treebank

The proposed transformation methods are applied to
the Sejong treebank, and the converted treebanks are
used to train and test three different well-known sta-
tistical parsers, namely Stanford parser (Klein and
Manning, 2003), Bikel-Collins parser (Bikel, 2012)
and Berkeley parser (Petrov et al., 2006). To figure
out the effect of each method, all six methods are
sequentially applied one by one, and each version of
the treebank is used to train and test each parser. The
baseline treebank is the original Sejong treebank
without any transformations. For the Korean head
word extraction which will be used during parsing,
the head percolation rule of (Choi and Palmer, 2011)
is adapted. According to that paper, particles and
endings were the most useful morphemes to deter-
mine dependencies between eojeols. Based on the
observation, their rules are changed so that they give
the best priorities on those morphemes. We use
the preprocessing method described in (Park, 2006)
for training trees. It replaces symboles with Penn-
Treebank-like tags and corrects wrong morpheme

>See Figure 1 for its transcription and translation.
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boundary marks within the eojeol. Methods are ap-
plied cumulatively; for example, symbol ‘M 1-6’
means the version of a treebank to which method
1,2,3, 4,5 and 6 are applied cumulatively.®

] System \ Corpus \ P R F1
Baseline | 67.88% | 61.77% | 64.69%
M1 68.34% | 61.93% | 64.98%
M1-2 71.78% | 67.50% | 69.58%
Stan. M1-3 71.28% | 67.91% | 69.56%
M1-4 71.06% | 67.08% | 69.01%
M 1-5 71.35% | 67.27% | 69.26%
M 1-6 75.85% | 72.07% | 73.92%
Baseline | 74.81% | 70.39% | 72.53%
M1 74.87% | 70.45% | 72.59%
M1-2 77.05% | 73.84% | 75.41%
Bikel. | M 1-3 75.87% | 72.88% | 74.34%
M1-4 75.33% | 72.10% | 73.68%
M1-5 75.29% | 72.18% | 73.70%
M 1-6 73.70% | 71.05% | 72.35%
Baseline | 75.25% | 72.72% | 73.96%
M1 74.54% | 711.97% | 73.23%
M1-2 77.27% | 75.05% | 76.14%
Berk. M1-3 75.60% | 73.19% | 74.38%
M1-4 75.69% | 73.32% | 74.49%
M1-5 76.53% | 74.30% | 75.40%
M 1-6 78.60% | 76.03% | 77.29%

Table 3: Evaluation results of parsers, with various trans-
formed versions of the Sejong treebank.

Table 3 shows the experimental results on each
version of the treebanks using each parser. Since
the corpus covers various domains (i.e. the style of
sentences is not homogeneous.), we perform 10-fold
cross-validation for our experiments. Stan. rep-
resents Stanford parser, Bikel. represents Bikel-
Collins parser, and Berk. means Berkeley parser.
For the Berkeley parser, we set the number of itera-
tion as two for latent annotations. In this set of ex-
periments, only phrase tags are the target of training
and testing, not including functional tags.

As can be observed from the evaluation result, the
performance is improved due to methods 2 and 6
are quite big compared to the effect of other four

8 As pointed out by reviewers, we are planning the reversibil-
ity of transformations to be evaluated on the same trees for
meaning comparison.



System | Corpus P R F1
Baseline | 71.48% | 69.40% | 70.43%
M1 71.89% | 69.75% | 70.81%
M1-2 75.90% | 73.44% | 74.65%
Stan. M1-3 72.32% | 69.76% | 71.02%
M1-4 72.37% | 69.97% | 71.16%
M1-5 72.80% | 70.28% | 71.52%
M 1-6 72.32% | 69.81% | 71.05%
Baseline | 69.65% | 66.80% | 68.19%
M1 69.73% | 66.97% | 68.32%
M1-2 74.33% | 71.90% | 73.09%
Bikel. | M 1-3 63.94% | 64.57% | 64.25%
M 1-4 63.95% | 65.04% | 64.49%
M1-5 64.09% | 65.05% | 64.57%
M 1-6 62.94% | 64.16% | 63.54%
Baseline | 76.82% | 75.28% | 76.04%
M1 76.73% | 75.06% | 75.89%
M1-2 79.59% | 77.91% | 78.74%
Berk. M1-3 75.24% | 72.16% | 73.67%
M1-4 75.02% | 73.01% | 74.00%
M1-5 75.58% | 73.61% | 74.58%
M 1-6 74.37% | 71.93% | 73.13%

Table 4: Evaluation results of parsers, with phrase tags
and functional tags together as learning target.

methods. Especially, the performance increase due
to the method 6 strongly suggests that Sejong phrase
tagsets are not enough to distinguish the types of
phrases effectively. Except those two methods,
only the method 5 increases the overall performance
slightly, and methods 1, 3 and 4 do not have any
significant effect on the performance or even some-
times decrease the overall performance.

Although the usage of functional tags is different
from that of phrase tags, the Sejong treebank has
a very rich functional tag set. Considering the re-
sults of the previous experiments, it is highly likely
that some of phrasal information is encoded into the
functional tags. To prove that, another set of experi-
ments is carried out. In this time, parsers are trained
not only on phrase tags but also on functional tags.
Table 4 shows the evaluation results.

As can be observed, by keeping functional tags
to train and test parsers, the baseline performance
increases 3 to 6 % for the Stanford and Berkeley
parsers. Only the performance of the Bikel parser
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is decreased - it is highly possible that the parser
fails to find out the appropriate head word for each
possible tag, because the number of possible tags is
increased greatly by using the functional tags along
with the phrase tags.

In both set of experiments, the method 3 decreases
the overall performance. This strongly suggests that
finding the actual argument of josa directly is quite a
challenging work. The performance drop is consid-
ered mainly because the branching problem at the
higher level of the constituent tree is counted twice
due to the josa.

5.2 Experiments using the Penn Korean
Treebank

To show the effect of the transformation methods
more clearly, the Penn Korean Treebank (Han et al.,
2002) is used as another treebank for experimen-
tation: (Chung et al., 2010) describes about major
difficulties of parsing Penn Korean Treebank. The
same three parsers are trained and tested using the
treebank. Due to the different annotation guidelines
and different tagsets, transformation methods 1, 5
and 6 cannot be applied on the treebank. Thus, only
method 2, 3 and 4 are used to transform the treebank.
Table 5 shows the evaluation results.

System | Corpus P R F1
Baseline | 82.84% | 80.28% | 81.54%
Stan. M2 85.29% | 83.25% | 84.26%
M 2-3 84.52% | 82.71% | 83.61%
M 2-4 84.52% | 82.92% | 83.72%
Baseline | 81.49% | 78.20% | 79.81%
Bikel. M2 75.82% | 74.47% | 75.13%
M 2-3 73.50% | 69.66% | 71.53%
M 2-4 73.45% | 69.66% | 71.51%
Baseline | 85.11% | 81.90% | 83.47%
Berk. M2 83.40% | 81.04% | 82.20%
M 2-3 82.36% | 80.52% | 81.43%
M 2-4 82.97% | 81.28% | 82.12%

Table 5: Evaluation on Penn Korean Treebank.

The overall performance of training the Penn Ko-
rean treebank is higher than that of the Sejong tree-
bank. There could be two possible explanations.
First one is, since the Penn Korean treebank tries
to follow English Penn treebank guidelines as much



as possible, thus annotation guidelines of the Ko-
rean Penn treebank could be much “familiar” to the
parsers than that of the Sejong treebank. The second
explanation is, since the domain of the Penn Korean
treebank is much more restricted than that of the Se-
jong treebank, the system could be trained for the
specific domain. The best performance was gained
with the Stanford parser, with the treebank trans-
formed by method 2. Actually, (Chung et al., 2010)
also investigated parsing accuracy on the Penn Ko-
rean treebank; the direct comparison could be very
difficult because parsing criteria is different.

5.3 Error Analysis

In this section, some of the parsing error cases are
reported. Berkeley parser trained with the Sejong
treebank is used for error analysis. Both phrase tags
and functional tags are used to train and test the sys-
tem.

5.3.1 Locating Approximate Positions of
Errors

As the first step to analyze the errors, we tried to
figure out at which points of the constituent tree er-
rors frequently occur — do the errors mainly occur at
the bottom of the trees? Or at the top of the trees?
If we can figure out approximate locations of errors,
then the types of errors could be predicted.

JSP-SBJ:1

JSP-MOD:0

NTIP ..Il'l(G NTG X|SN V|CP E'Il'M NTIG NTG NNP  NNP JKS
=2 o AA F o] L o4 CjAtojd Hobed grtz 7t
France EUI Segye Juk I N  Euisang Designer Emanuel Ungaro GA

French World-famous Clothes designer Emanuel Ungaro

Figure 8: Example of assigning levels to each phrasal
node.

To define the level of each nonterminal node of
the constituent tree, the following rules are used:

e The level of prepreterminal node is 0.
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e The levels of other phrasal nodes are defined
as: the maximal level of their children + 1.

e Once the levels of all the phrasal nodes are cal-
culated, normalize the levels so that they have
the values between 0 and 1.

Figure 8 shows an example of constituent tree
with levels assigned to its phrasal nodes. All the
prepreterminal nodes have level value 0, and the top-
most node has level 1.

0.9
0.85

0.8 Jj- —Baseline

0.75

0.7

0.65

Figure 9: Performance of the system on each level of the
parse tree

Once the levels are assigned to each constituent
tree, only those constituents with levels larger than
or equal to the predefined threshold p are used to
evaluate the system. y are increased from 0 to 1 with
value 0.01. Higher i value means that the system is
evaluated only for those constituents positioned at
the top level of the constituent tree.

Figure 9 shows the evaluation results. X-axis rep-
resents the value of p, and Y-axis represents the F1-
score. As can be observed, most of the errors oc-
cur at the mid-level of the constituent trees. Also,
the effects of some methods are explicitly shown
on the graph. For example, method 2 greatly in-
creases the performance at low level of the con-
stituent tree, suggesting improved consistency in de-
temining prepreterminal NP nodes. Also, it is shown
that the proposed methods does not affect the perfor-
mance of mid-level and top-level constituent deci-
sions - this suggests that the future works should be
more focused on providing more information about
those mid-level decision to the treebank annotation.
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Figure 10: Example of NP boundary detection error. Part
of parse tree as well as name of the enumerated products
are omitted to more clearly show the example itself.

5.3.2 Frequent Error Cases

In this section, four major parsing error cases are
described.

Detecting Boundaries of NP. Although the
method 4 tries to find and gather the sequence of
nouns which actually belong to one NP, it misses
some of the cases. Figure 10 shows such example.
Some parts of the tree are omitted using the notation
‘... to show the example more simply. Although it
is counted as the parser error, the result of the parser
is more likely to be an answer - the number of those
products is 8, not their action. The Sejong treebank
tree is annotated in that way because the number ‘8’
and bound noun Gae (‘unit’), representing as units,
are separated by a space. To detect such kind of sep-
arated NPs and transform them into one NP will be
our next task.

Finding an Appropriate Modifee. Some phrases
modifying other phrases were failed to find their ap-
propriate modifees. Figure 11 shows an example of
such kind of error case.

Detecting an Appropriate Subject of the Sen-
tence. This case frequently occurs when a sentence
is quotated inside the other sentence. In this case,
the subject of quotated sentence is often considered
as the subject of the whole sentence, because the
quotated sentences in Korean are usually first stated
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VP S
JSP-AIT VP
‘ =0] A% HC-
NNB JTB ) | ) The fire grows.
oz | = B8 MES =710 2R 206t
Because of that Cannot know that the fire broke
out at the initial point
System Result
S
JSP-AIT S
i o /\
| | h i 5
s o ‘ ‘
Because of that

=R EE MES =710 2R 20y
Cannot know that the fire broke 20| FAXA Lt
out at the initial point The fire grows.

Figure 11: Example of a phrase (JSP-AJT) which failed
to find its right modifee.

and then the subject of the whole sentence shows up.
Figure 12 shows an example of the erroneously de-
tected subject.

The Wrongly-tagged Topmost Node. Some of
Sejong treebank trees have phrases which are not
tagged as S as their topmost nodes. This could cause
confusion during the training. Figure 13 shows such
example.

6 Conclusion and Future Work

Although there exist some manually-annotated
large-enough constituent treebanks such as Sejong
treebank, it was hard to apply the algorithms for En-
glish parsers to Korean treebanks, because they were
annotated in eojeol-based scheme, which concept
does not exist in English. In this paper, we showed
the possibility of acquiring good training and testing
results with the existing parsers trained using the ex-
isting Korean treebanks, if it undergoes some simple
transforming procedures. The error analysis result
shows that, indeed the proposed method improves
the performance of parser at the lower level of con-
stituent tree.
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Professor Shim, who points out that mostly married
women aged 30-40, Which is in contrast compared
to the fact that man criminals are mostly 20s, says
‘it means many women commit crimes because of
their family”.

Figure 12: Example of a wrongly-detected subject.

Although there exists a performance gain due to
the transforming methods, there are still many gaps
for improvement. The evaluation results and er-
ror analysis results suggests the need to define the
phrase tagset of Sejong treebank in more detail.
Also, the transforming methods themselves are not
perfect yet - we believe still they could be improved
more to increase consistency of the resultant tree-
banks.

We will continuously develop our transforming
methods to improve the parsing result. Furthermore,
we are planning to investigate methods to determine
the appropriate “detailedness” of phrase tag set, so
that there are no missing information due to too
small number of tags as well as no confusion due
to too many tags.
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Abstract

We present an architecture for parsing in two
steps. A phrase-structure parser builds for
each sentence an n-best list of analyses which
are converted to dependency trees. These de-
pendency structures are then rescored by a dis-
criminative reranker. Our method is language
agnostic and enables the incorporation of ad-
ditional information which are useful for the
choice of the best parse candidate. We test
our approach on the the Penn Treebank and
the French Treebank. Evaluation shows a sig-
nificative improvement on different parse met-
rics.

1 Introduction

Two competing approaches exist for parsing natural
language. The first one, called generative, is based
on the theory of formal languages and rewriting sys-
tems. Parsing is defined here as a process that trans-
forms a string into a tree or a tree forest. It is of-
ten grounded on phrase-based grammars — although
there are generative dependency parsers — in partic-
ular context-free grammars or one of their numer-
ous variants, that can be parsed in polynomial time.
However, the independence hypothesis that under-
lies this kind of formal system does not allow for
precise analyses of some linguistic phenomena, such
as long distance and lexical dependencies.

In the second approach, known as discriminative,
the grammar is viewed as a system of constraints
over the correct syntactic structures, the words of the
sentence themselves being seen as constraints over
the position they occupy in the sentence. Parsing
boils down to finding a solution that is compatible
with the different constraints. The major problem of
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this approach lies in its complexity. The constraints
can, theoretically, range over any aspect of the final
structures, which prevents from using efficient dy-
namic programming techniques when searching for
a global solution. In the worst case, final structures
must be enumerated in order to be evaluated. There-
fore, only a subset of constraints is used in imple-
mentations for complexity reasons. This approach
can itself be divided into formalisms relying on logic
to describe constraints, as the model-theoretic syn-
tax (Pullum and Scholz, 2001), or numerical for-
malisms that associate weights to lexico-syntactic
substructures. The latter has been the object of some
recent work thanks to progresses achieved in the
field of Machine Learning. A parse tree is repre-
sented as a vector of features and its accuracy is
measured as the distance between this vector and the
reference.

One way to take advantage of both approaches
is to combine them sequentially, as initially pro-
posed by Collins (2000). A generative parser pro-
duces a set of candidates structures that constitute
the input of a second, discriminative module, whose
search space is limited to this set of candidates.
Such an approach, parsing followed by reranking,
is used in the Brown parser (Charniak and Johnson,
2005). The approach can be extended in order to
feed the reranker with the output of different parsers,
as shown by (Johnson and Ural, 2010; Zhang et al.,
2009).

In this paper we are interested in applying rerank-
ing to dependency structures. The main reason is
that many linguistic constraints are straightforward
to implement on dependency structures, as, for ex-
ample, subcategorization frames or selectional con-
straints that are closely linked to the notion of de-
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pendents of a predicate. On the other hand, depen-
dencies extracted from constituent parses are known
to be more accurate than dependencies obtained
from dependency parsers. Therefore the solution we
choose is an indirect one: we use a phrase-based
parser to generate n-best lists and convert them to
lists of dependency structures that are reranked. This
approach can be seen as trade-off between phrase-
based reranking experiments (Collins, 2000) and the
approach of Carreras et al. (2008) where a discrimi-
native model is used to score lexical features repre-
senting unlabelled dependencies in the Tree Adjoin-
ing Grammar formalism.

Our architecture, illustrated in Figure 1, is based
on two steps. During the first step, a syntagmatic
parser processes the input sentence and produces n-
best parses as well as their probabilities. They are
annotated with a functional tagger which tags syn-
tagms with standard syntactic functions subject, ob-
Jject, indirect object . .. and converted to dependency
structures by application of percolation rules. In the
second step, we extract a set of features from the
dependency parses and the associated probabilities.
These features are used to reorder the n-best list
and select a potentially more accurate parse. Syn-
tagmatic parses are produced by the implementation
of a PCFG-LA parser of (Attia et al., 2010), simi-
lar to (Petrov et al., 2006), a functional tagger and
dependency converter for the target language. The
reranking model is a linear model trained with an
implementation of the MIRA algorithm (Crammer et
al., 2006)!.

Charniak and Johnson (2005) and Collins (2000)
rerank phrase-structure parses and they also include
head-dependent information, in other words unla-
belled dependencies. In our approach we take into
account grammatical functions or labelled depen-
dencies.

It should be noted that the features we use are very
generic and do not depend on the linguistic knowl-
edge of the authors. We applied our method to En-
glish, the de facto standard for testing parsing tech-
nologies, and French which exhibits many aspects of
a morphologically rich language. But our approach
could be applied to other languages, provided that

!"This implementation is available at https://github.
com/jihelhere/adMIRAble.
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the resources — treebanks and conversion tools — ex-
ist.

(1) PCFG-LA n-best constituency parses

Dy o al%

(2) Function annotation

£y 4 2,

(3) Conversion to dependency parses

aMe G Gon

(4) Feature extraction

SR o

(5) MIRA reranking

[Final constituency & dependency parse]

Figure 1: The parsing architecture: production of the n-
best syntagmatic trees (1) tagged with functional labels
(2), conversion to a dependency structure (3) and feature
extraction (4), scoring with a linear model (5). The parse
with the best score is considered as final.

The structure of the paper is the following: in
Section 2 we describe the details of our generative
parser and in Section 3 our reranking model together
with the features templates. Section 4 reports the re-
sults of the experiments conducted on the Penn Tree-
bank (Marcus et al., 1994) as well as on the Paris 7
Treebank (Abeillé et al., 2003) and Section 5 con-
cludes the paper.

2 Generative Model

The first part of our system, the syntactic analysis
itself, generates surface dependency structures in a
sequential fashion (Candito et al., 2010b; Candito
et al.,, 2010a). A phrase structure parser based on
Latent Variable PCFGs (PCFG-LAs) produces tree
structures that are enriched with functions and then
converted to labelled dependency structures, which
will be processed by the parse reranker.



2.1 PcCFG-LAs

Probabilistic Context Free Grammars with Latent
Annotations, introduced in (Matsuzaki et al., 2005)
can be seen as automatically specialised PCFGs
learnt from treebanks. Each symbol of the gram-
mar is enriched with annotation symbols behaving
as subclasses of this symbol. More formally, the
probability of an unannotated tree is the sum of the
probabilities of its annotated counterparts. For a
PCFG-LA G, R is the set of annotated rules, D(t)
is the set of (annotated) derivations of an unanno-
tated tree ¢, and R(d) is the set of rules used in a
derivation d. Then the probability assigned by G to
tis:

Pg(t) =

Yo Pady= > J] Patr) )

deD(t) deD(t) reR(d)

Because of this alternation of sums and products
that cannot be optimally factorised, there is no ex-
act polynomial dynamic programming algorithm for
parsing. Matsuzaki et al. (2005) and Petrov and
Klein (2007) discuss approximations of the decod-
ing step based on a Bayesian variational approach.
This enables cubic time decoding that can be fur-
ther enhanced with coarse-to-fine methods (Char-
niak and Johnson, 2005).

This type of grammars has already been tested
on a variety of languages, in particular English
and French, giving state-of-the-art results. Let us
stress that this phrase-structure formalism is not lex-
icalised as opposed to grammars previously used in
reranking experiments (Collins, 2000; Charniak and
Johnson, 2005). The notion of lexical head is there-
fore absent at parsing time and will become avail-
able only at the reranking step.

2.2 Dependency Structures

A syntactic theory can either be expressed with
phrase structures or dependencies, as advocated for
in (Rambow, 2010). However, some information
may be simpler to describe in one of the representa-
tions. This equivalence between the modes of repre-
sentations only stands if the informational contents
are the same. Unfortunately, this is not the case
here because the phrase structures that we use do
not contain functional annotations and lexical heads,
whereas labelled dependencies do.
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This implies that, in order to be converted
into labelled dependency structures, phrase struc-
ture parses must first be annotated with functions.
Previous experiments for English and French as
well (Candito et al., 2010b) showed that a sequential
approach is better than an integrated one for context-
free grammars, because the strong independence hy-
pothesis of this formalism implies a restricted do-
main of locality which cannot express the context
needed to properly assign functions. Most func-
tional taggers, such as the ones used in the following
experiments, rely on classifiers whose feature sets
can describe the whole context of a node in order to
make a decision.

3 Discriminative model

Our discriminative model is a linear model
trained with the Margin-Infused Relaxed Algorithm
(MIRA) (Crammer et al., 2006). This model com-
putes the score of a parse tree as the inner product
of a feature vector and a weight vector represent-
ing model parameters. The training procedure of
MIRA is very close to that of a perceptron (Rosen-
blatt, 1958), benefiting from its speed and relatively
low requirements while achieving better accuracy.

Recall that parsing under this model consists in
(1) generating a n-best list of constituency parses
using the generative model, (2) annotating each of
them with function tags, (3) converting them to de-
pendency parses, (4) extracting features, (5) scoring
each feature vector against the model, (6) selecting
the highest scoring parse as output.

For training, we collect the output of feature ex-
traction (4) for a large set of training sentences and
associate each parse tree with a loss function that de-
notes the number of erroneous dependencies com-
pared to the reference parse tree. Then, model
weights are adjusted using MIRA training so that the
parse with the lowest loss gets the highest score. Ex-
amples are processed in sequence, and for each of
them, we compute the score of each parse according
to the current model and find an updated weight vec-
tor that assigns the first rank to the best parse (called
oracle). Details of the algorithm are given in the fol-
lowing sections.



3.1 Definitions

Let us consider a vector space of dimension m where
each component corresponds to a feature: a parse
tree p is represented as a sparse vector ¢(p). The
model is a weight vector w in the same space where
each weight corresponds to the importance of the
features for characterizing good (or bad) parse trees.
The score s(p) of a parse tree p is the scalar product
of its feature vector ¢(p) and the weight vector w.

s(p) = Z w;d;i(p) 2
i—1

Let L be the n-best list of parses produced by the
generative parser for a given sentence. The highest
scoring parse p is selected as output of the reranker:

p = argmax s(p) (€)
pEL

MIRA learning consists in using training sen-
tences and their reference parses to determine the
weight vector w. It starts with w = 0 and modifies
it incrementally so that parses closest to the refer-
ence get higher scores. Let [(p), loss of parse p,
be the number of erroneous dependencies (governor,
dependent, label) compared to the reference parse.
We define o, the oracle parse, as the parse with the
lowest loss in L.

Training examples are processed in sequence as
an instance of online learning. For each sentence,
we compute the score of each parse in the n-best
list. If the highest scoring parse differs from the or-
acle (p # o), the weight vector can be improved.
In this case, we seek a modification of w ensuring
that o gets a better score than p with a difference
at least proportional to the difference between their
loss. This way, very bad parses get pushed deeper
than average parses. Finding such weight vector
can be formulated as the following constrained opti-
mization problem:

minimize: ||w||? 4)
subject to: s(0) — s(p) > l(o) —I(p)  (5)

Since there is an infinity of weight vectors that
satisfy constraint 5, we settle on the one with the
smallest magnitude. Classical constrained quadratic
optimization methods can be applied to solve this
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problem: first, Lagrange multipliers are used to in-
troduce the constraint in the objective function, then
the Hildreth algorithm yields the following analytic
solution to the non-constrained problem:

w* = w+ a(6(0) - 4()) ©)
[ o)~ 1) — [s(0) — s(5)
o= max |0, T o — S)IP @

Here, w* is the new weight vector, « is an up-
date magnitude and [¢(0) — ¢(p)] is the difference
between the feature vector of the oracle and that of
the highest scoring parse. This update, similar to
the perceptron update, draws the weight vector to-
wards o while pushing it away from p. Usual tricks
that apply to the perceptron also apply here: (a) per-
forming multiple passes on the training data, and (b)
averaging the weight vector over each update”. Al-
gorithm 1 details the instructions for MIRA training.

Algorithm 1 MIRA training
fori =1totdo
for all sentences in training set do
Generate n-best list L from generative parser
forallp € L do
Extract feature vector ¢(p)
Compute score s(p) (eq. 2)
end for
Get oracle o = argmin,, [(p)
Get best parse p = argmax,, s(p)
if p # o then
Compute « (eq. 7)
Update weight vector (eq. 6)
end if
end for
end for
Return average weight vector over updates.

3.2 Features

The quality of the reranker depends on the learning
algorithm as much as on the feature set. These fea-
tures can span over any subset of a parse tree, up to
the whole tree. Therefore, there are a very large set
of possible features to choose from. Relevant fea-
tures must be general enough to appear in as many

2This can be implemented efficiently using two weight vec-
tors as for the averaged perceptron.



parses as possible, but specific enough to character-
ize good and bad configurations in the parse tree.

We extended the feature set from (McDonald,
2006) which showed to be effective for a range of
languages. Our feature templates can be categorized
in 5 classes according to their domain of locality.
In the following, we describe and exemplify these
templates on the following sentence from the Penn
treebank, in which we target the PMOD dependency
between “at” and “watch.”

P

ROOT PMOD

SBJ ADV ‘ NMOD ]
-Root- | looked at my watch
PRP  VBD IN  PRP$ NN

Probability Three features are derived from the
PCFG-LA parser, namely the posterior proba-
bility of the parse (eq. 1), its normalized prob-
ability relative to the 1-best, and its rank in the
n-best list.

Unigram Unigram features are the most simple as
they only involve one word. Given a depen-
dency between position ¢ and position j of type

l, governed by x;, denoted x; KA xj, two fea-
tures are created: one for the governor x; and
one for the dependent x;. They are described
as 6-tuples (word, lemma, pos-tag, is-governor,
direction, type of dependency). Variants with
wildcards at each subset of tuple slots are also
generated in order to handle sparsity.

In our example, the dependency between
“looked” and “at” generates two features:

l[at, at, IN, G, R, PMOD] and
[looked, look, NN, D, L, PMOD]
And also wildcard features such as:

[-, at, IN, G, R, PMOD], [at,

-, IN, G, R, PMOD]
[atr 2 A A 4 PMOD]

This wildcard feature generation is applied to
all types of features. We will omit it in the re-
mainder of the description.

Bigram Unlike the previous template, bigram fea-
tures model the conjunction of the governor
and the dependent of a dependency relation,
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like bilexical dependencies in (Collins, 1997).
Given dependency x; 4 xj, the feature cre-
ated is (word z;, lemma x;, pos-tag x;, word
xj, lemma x;, pos-tag x;, distance?® from i to
7, direction, type).

The previous example generates the following

feature:
[at, at, IN, watch, watch, NN,
2, R, PMOD]

Where 2 is the distance between ‘“at” and
“watch”.

Linear context This feature models the linear con-
text between the governor and the dependent
of a relation by looking at the words between

them. Given dependency z; 4 xj, for each
word from ¢ + 1 to j — 1, a feature is created
with the pos-tags of x; and x;, and the pos tag
of the word between them (no feature is create
if j = ¢4+ 1). An additional feature is created
with pos-tags at positions ¢ — 1,4,¢+ 1, j — 1,
J,> 7+ 1. Our example yields the following fea-

tures:
[IN, PRPS, NNJ], and [VBD, IN,
PRPS, PRPS, NN, .].

Syntactic context: siblings This template and the
next one look at two dependencies in two con-

figurations. Given two dependencies x; LN x;
and 7; = x L, we create the feature (word,
lemma, pos-tag for z;, x; and xy, distance from
1 to 7, distance from ¢ to k, direction and type of
each of the two dependencies). In our example:

[looked, look, VBD, I, I, PRP,
at, at, IN, 1, 1, L, SBJ, R,
ADV]

Syntactic context: chains Given two dependencies

l m
xr; — x; — Ty, we create the feature (word,

lemma, pos-tag of x;, z; and xy, distance from
1 to 7, distance from ¢ to k, direction and type of
each of the two dependencies). In our example:

[looked, look, VBD, at,
watch, watch, NN, 1, 2,

at, IN,
R, ADV,

In every template, distance features are quantified in 7
classes: 1, 2, 3,4, 5, 5 to 10, more.



R, PMOD]

It is worth noting that our feature templates only
rely on information available in the training set, and
do not use any external linguistic knowledge.

4 Experiments

In this section, we evaluate our architecture on
two corpora, namely the Penn Treebank (Marcus et
al., 1994) and the French Treebank (Abeillé et al.,
2003). We first present the corpora and the tools
used for annotating and converting structures, then
the performances of the phrase structure parser alone
and with the discriminative reranker.

4.1 Treebanks and Tools

For English, we use the Wall Street Journal sections
of the Penn Treebank. We learn the PCFG-LA from
sections 02-21%. We then use FUNTAG (Chrupata
et al., 2007) to add functions back to the PCFG-LA
analyses. For the conversion to dependency struc-
tures we use the LTH tool (Johansson and Nugues,
2007). In order to get the gold dependencies, we run
LTH directly on the gold parse trees. We use sec-
tion 22 for development and section 23 for the final
evaluation.

For French, we use the Paris 7 Treebank (or
French Treebank, FTB). As in several previous ex-
periments we decided to divide the 12,350 phrase
structure trees in three sets: train (80%), develop-
ment (10%) and test (10%). The syntactic tag set for
French is not fixed and we decided to use the one
described in (Candito and Crabbé, 2009) to be able
to compare this system with recent parsing results
on French. As for English, we learn the PCFG-LA
without functional annotations which are added af-
terwards. We use the dependency structures devel-
oped in (Candito et al., 2010b) and the conversion
toolkit BONSAI. Furthermore, to test our approach
against state of the art parsing results for French
we use word clusters in the phrase-based parser as
in (Candito and Crabbé, 2009).

For both languages we constructed 10-fold train-
ing data from train sets in order to avoid overfitting
the training data. The trees from training sets were
divided into 10 subsets and the parses for each sub-
set were generated by a parser trained on the other

“*Functions are omitted.

94

9 subsets. Development and test parses are given by
a parser using the whole training set. Development
sets were used to choose the best reranking model.

For lemmatisation, we use the MATE lemmatiser
for English and a home-made lemmatiser for French
based on the lefff lexicon (Sagot, 2010).

4.2 Generative Model

The performances of our parser are summarised in
Figure 2, (a) and (b), where F-score denotes the Par-
seval F-score’, and LAS and UAS are respectively
the Labelled and Unlabelled Attachment Score of
the converted dependency structures®. We give or-
acle scores (the score that our system would get if
it selected the best parse from the n-best lists) when
the parser generates n-best lists of depth 10, 20, 50
and 100 in order to get an idea of the effectiveness
of the reranking process.

One of the issues we face with this approach is
the use of an imperfect functional annotator. For
French we evaluate the loss of accuracy on the re-
sulting dependency structure from the gold develop-
ment set where functions have been omitted. The
UAS is 100% but the LAS is 96.04%. For English
the LAS from section 22 where functions are omit-
ted is 95.35%.

From the results presented in this section we can
make two observations. First, the results of our
parser are at the state of the art on English (90.7%
F-score) and on French (85.7% F-score). So the
reranker will be confronted with the difficult task of
improving on these scores. Second, the progression
margin is sensible with a potential LAS error reduc-
tion of 41% for English and 40.2% for French.

4.3 Adding the Reranker
4.3.1 Learning Feature Weights

The discriminative model, i.e. template instances
and their weights, is learnt on the training set parses
obtained via 10-fold cross-validation. The genera-
tive parser generates 100-best lists that are used as
learning example for the MIRA algorithm. Feature
extraction produces an enormous number of fea-
tures: about 571 millions for English and 179 mil-

SWe use a modified version of evalb that gives the ora-
cle score when the parser outputs a list of candidates for each
sentence.

8 All scores are measured without punctuation.
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Figure 2: Oracle and reranker scores on PTB and FTB data on the dev. set, according to the depth of the n-best.

lions for French. Let us remark that this large set of
features is not an issue because our discriminative
learning algorithm is online, that is to say it consid-
ers only one example at a time, and it only gives
non-null weights to useful features.

4.3.2 Evaluation

In order to test our system we first tried to eval-
uate the impact of the length of the n-best list over
the reranking predictions’. The results are shown in
Figure 2, parts (c) and (d).

For French, we can see that even though the LAS
and UAS are consistently improving with the num-
ber of candidates, the F-score is maximal with 50
candidates. However the difference between 50 can-
didates and 100 candidates is not statistically signifi-
cant. For English, the situation is simpler and scores
improve continuously on the three metrics.

Finally we run our system on the test sets for both
treebanks. Results are shown® in Table 1 for En-
glish, and Table 2 for French. For English the im-
provement is 0.9% LAS, 0.7% Parseval F-score and

"The model is always trained with 100 candidates.
8F < 40 is the parseval F-score for sentences with less than
40 words.
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0.8% UAS.
Baseline Reranker
F 90.4 91.1
F <40 91.0 91.7
LAS 88.9 89.8
UAS 93.1 93.9

Table 1: System results on PTB Test set

For French we have improvements of 0.3/0.7/0.9.
If we add a template feature indicating the agree-
ment between part-of-speech provided by the PCFG-
LA parser and a part-of-speech tagger (Denis
and Sagot, 2009), we obtain better improvements:
0.5/0.8/1.1.

Baseline Reranker Rerank + MEIt
F 86.6 87.3 87.4
F <40 88.7 89.0 89.2
LAS 87.9 89.0 89.2
UAS 91.0 91.9 92.1

Table 2: System results on FTB Test set



4.3.3 Comparison with Related Work

We compare our results with related parsing re-
sults on English and French.

For English, the main results are shown in Ta-
ble 3. From the presented data, we can see that
indirect reranking on LAS may not seem as good
as direct reranking on phrase-structures compared to
F-scores obtained in (Charniak and Johnson, 2005)
and (Huang, 2008) with one parser or (Zhang et
al., 2009) with several parsers. However, our sys-
tem does not rely on any language specific feature
and can be applied to other languages/treebanks. It
is difficult to compare our system for LAS because
most systems evaluate on gold data (part-of-speech,
lemmas and morphological information) like Bohnet
(2010).

Our system also compares favourably with the
system of Carreras et al. (2008) that relies on a more
complex generative model, namely Tree Adjoining
Grammars, and the system of Suzuki et al. (2009)
that makes use of external data (unannotated text).

F LAS UAS

Huang, 2008 91.7 - -
Bohnet, 2010 - 90.3 -
Zhang et al, 2008 914 - 93.2
Huang and Sagae, 2010 - - 92.1
Charniak et al, 2005 91.5 90.0 94.0
Carreras et al. 2008 - - 93.5
Suzuki et al. 2009 - - 93.8
This work 91.1 89.8 939

Table 3: Comparison on PTB Test set

For French, see Table 4, we compare our system
with the MATE parser (Bohnet, 2010), an improve-
ment over the MST parser (McDonald et al., 2005)
with hash kernels, using the MELT part-of-speech
tagger (Denis and Sagot, 2009) and our own lemma-
tiser.

We also compare the French system with results
drawn from the benchmark performed by Candito et
al. (2010a). The first system (BKY-FR) is close to
ours without the reranking module, using the Berke-
ley parser adapted to French. The second (MST-
FR) is based on MSTParser (McDonald et al., 2005).
These two system use word clusters as well.

The next section takes a close look at the models
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of the reranker and its impact on performance.

F <40 LAS UAS
This work 89.2 89.2 921
MATE + MELT - 89.2 91.8
BKY-FR 88.2 86.8 91.0
MST-FR - 88.2 909

Table 4: Comparison on FTB Test set

4.3.4 Model Analysis

It is interesting to note that in the test sets, the
one-best of the syntagmatic parser is selected 52.0%
of the time by the reranker for English and 34.3% of
the time for French. This can be explained by the
difference in the quantity of training data in the two
treebanks (four times more parses are available for
English) resulting in an improvement of the quality
of the probabilistic grammar.

We also looked at the reranking models, specifi-
cally at the weight given to each of the features. It
shows that 19.8% of the 571 million features have
a non-zero weight for English as well as 25.7% of
the 179 million features for French. This can be ex-
plained by the fact that for a given sentence, features
that are common to all the candidates in the n-best
list are not discriminative to select one of these can-
didates (they add the same constant weight to the
score of all candidates), and therefore ignored by the
model. It also shows the importance of feature engi-
neering: designing relevant features is an art (Char-
niak and Johnson, 2005).

We took a closer look at the 1,000 features of
highest weight and the 1,000 features of lowest
weight (negative) for both languages that represent
the most important features for discriminating be-
tween correct and incorrect parses. For English,
62.0% of the positive features are backoff features
which involve at least one wildcard while they are
85.9% for French. Interestingly, similar results hold
for negative features. The difference between the
two languages is hard to interpret and might be due
in part to lexical properties and to the fact that these
features may play a balancing role against towards
non-backoff features that promote overfitting.

Expectedly, posterior probability features have
the highest weight and the n-best rank feature has the
highest negative weight. As evidenced by Table 5,



en(+) en(-) | fr(+) fr()
Linear 304 36.1 | 448 440
Unigram | 20.7 163 9.7 8.2
Bigram 274  29.1 | 208 244
Chain 154 153 | 137 194
Siblings 5.8 3.0 10.8 3.6

Table 5: Repartition of weight (in percentage) in the
1,000 highest (+) and lowest (-) weighted features for En-
glish and French.

among the other feature templates, linear context oc-
cupies most of the weight mass of the 1,000 highest
weighted features. It is interesting to note that the
unigram and bigram templates are less present for
French than for English while the converse seems to
be true for the linear template. Sibling features are
consistently less relevant.

In terms of LAS performance, on the PTB test
set the reranked output is better than the baseline
on 22.4% of the sentences while the opposite is true
for 10.4% of the sentences. In 67.0% of the sen-
tences, they have the same LAS (but not necessar-
ily the same errors). This emphasises the difficulty
of reranking an already good system and also ex-
plains why oracle performance is not reached. Both
the baseline and reranker output are completely cor-
rect on 21.3% of the sentences, while PCFG-LA cor-
rectly parses 23% of the sentences and the MIRA
brings that number to 26%.

Figures 3 and 4 show hand-picked sentences for
which the reranker selected the correct parse. The
French sentence is a typical difficult example for
PCFGs because it involves a complex rewriting rule
which might not be well covered in the training
data (SENT — NP VP PP PONCT PP PONCT PP
PONCT). The English example is tied to a wrong
attachment of the prepositional phrase to the verb
instead of the date, which lexicalized features of the
reranker handle easily.

5 Conclusion

We showed that using a discriminative reranker, on
top of a phrase structure parser, based on converted
dependency structures could lead to significant im-
provements over dependency and phrase structure
parse results. We experimented on two treebanks
for two languages, English and French and we mea-
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sured the improvement of parse quality on three dif-
ferent metrics: Parseval F-score, LAS and UAS,
with the biggest error reduction on the latter. How-
ever the gain is not as high as expected by looking
at oracle scores, and we can suggest several possible
improvements on this method.

First, the sequential approach is vulnerable to cas-
cading errors. Whereas the generative parser pro-
duces several candidates, this is not the case of the
functional annotators: these errors are not amend-
able. It should be possible to have a functional tag-
ger with ambiguous output upon which the reranker
could discriminate. It remains an open question as
how to integrate ambiguous output from the parser
and from the functional tagger. The combination
of n-best lists would not scale up and working on
the ambiguous structure itself, the packed forest as
in (Huang, 2008), might be necessary. Another pos-
sibility for future work is to let the phrase-based
parser itself perform function annotation, but some
preliminary tests on French showed disappointing
results.

Second, designing good features, sufficiently gen-
eral but precise enough, is, as already coined
by Charniak and Johnson (2005), an art. More for-
mally, we can see several alternatives. Dependency
structures could be exploited more thoroughly using,
for example, tree kernels. The restricted number of
candidates enables the use of more global features.
Also, we haven’t used any language-specific syntac-
tic features. This could be another way to improve
this system, relying on external linguistic knowledge
(Iexical preferences, subcategorisation frames, cop-
ula verbs, coordination symmetry ...). Integrating
features from the phrase-structure trees is also an op-
tion that needs to be explored.

Third this architecture enables the integration of
several systems. We experimented on French using a
part-of-speech tagger but we could also use another
parser and either use the methodology of (Johnson
and Ural, 2010) or (Zhang et al., 2009) which fu-
sion n-best lists form different parsers, or use stack-
ing methods where an additional parser is used as
a guide for the main parser (Nivre and McDonald,
2008).

Finally it should be noted that this system does not
rely on any language specific feature, and thus can
be applied to languages other that French or English
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Figure 3: English sentence from the WSJ test set for which the reranker selected the correct tree while the first
candidate of the n-best list suffered from an incorrect attachment.
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Figure 4: Sentence from the FTB for which the best parse according to baseline was incorrect, probably due to the
tendency of the PCFG-LA model to prefer rules with more support. The reranker selected the correct parse.

without re-engineering new reranking features. This
makes this architecture suitable for morphologically
rich languages.
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