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Abstract has been less prominent in the NLP community
so far.

This paper is a case study on cross-lingual  Thjs paper investigates a cross-lingual induc-
induction of lexical resources for deep, sy method based on an exemplary problem aris-
broad-coverage syntactic analysis of Ger- o in the deep syntactic analysis of German. This
man. We use a parallel corpus t0 in-  ghoycase is the syntactic flexibility of German
duce a classifier for German participles  aiciples, being morphologically ambiguous be-
which can predict their syntactic category.  yyeen verbal, adjectival and adverbial readings,
By means of this classifier, we induce a 54 it is instructive for several reasons: first, the
resource of adverbial participles from a  ,hanomenon is a notorious problem for linguistic
huge monolingual corpus of German. We  551vsis and annotation of German, such that stan-
integrate the resource into a German LFG 45,4 German resources do not represent the under-
grammar and show that it improves pars-  \ving analysis. Second, in ZarrieR et al. (2010),
ing coverage while maintaining accuracy.  \ye showed that integrating the phenomenon of
adverbial participles in a naive way into a broad-
coverage grammar of German leads to significant

Parallel corpora are currently exploited in a widdParsing problems, due to spurious ambiguities.
range of induction scenarios, including projectiorf hird, it is completely straightforward to detect
of morphologic (Yarowsky et al., 2001), syntacticadverbial participles in cross-lingual data since in
(Hwa et al., 2005) and semantic (Radnd Lap- other languages, e.g. English or French, adverbs
ata, 2009) resources. In this paper, we use crogae often morphologically marked.
lingual data to learn to predict whether a lexi- In this paper, we use instances of adverbially
cal item belongs to a specific syntactic categoryranslated participles in a parallel corpus to boot-
that cannot easily be learned from monolingual restrap a classifier that is able to identify an ad-
sources. In an application test scenario, we shoverbially used participle based on its monolingual
that this prediction method can be used to obtaigyntactic context. In contrast to what is commonly
a lexical resource that improves deep, grammaassumed, we show that it is possible to detect ad-
based parsing. verbial participles using only a relatively narrow
The general idea of cross-lingual induction iscontext window. This classifier enables us to iden-
that linguistic annotations or structures, which aréify an occurence of an adverbial participle inde-
not available or explicit in a given language, campendently of its translation in a parallel corpus,
be inferred from another language where these ageing far beyond the induction methodology in
notations or structures are explicit or easy to obZarrief3 et al. (2010). By means of the participle
tain. Thus, this technique is very attractive forclassifier, we can extract new types of adverbial
cheap acquisition of broad-coverage resources, participles from a larger corpus of German news-
is proven by the approaches cited above. Morgeaper text and substantially augment the size of
over, this induction process can be attractive fathe resource extracted only on Europarl data. Fi-
the induction of deep (and perhaps specific) linnally, we integrate this new resource into the Ger-
guistic knowledge that is hard to obtain in a monoman LFG grammar and show that it improves cov-
lingual context. However, this latter perspectiveerage without negatively affecting performance.

1 Introduction
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The paper is structured as follows: in Secadverb conversion of participles in the grammar.
tion 2, we describe the linguistic and computaHowever, in Zarriel3 et al. (2010), we show that
tional problems related to the parsing of adversuch a rule can have a strong negative effect on
bial participles in German. Section 3 introduceshe overall performance of the parsing system, de-
the general idea of using the translation data tepite the fact that it produces the desired syntac-
find instances of different participle categories. Ific and semantic analysis for specific sentences.
Section 4, we illustrate the training of the clas-This problem was illustrated using a German LFG
sifier, evaluating the impact of the context win-grammar (Rohrer and Forst, 2006) constructed as
dow and the quality of the training data obtainegart of the ParGram project (Butt et al., 2002).
from cross-lingual text. In Section 5, we apply theThe grammar is implemented in the XLE, a gram-
classifier to new, monolingual data and describmar development environment which includes a
the extension of the resource for adverbial particivery efficient LFG parser and a stochastic dis-
ples. Section 6 evaluates the extended resource Gsnbiguation component which is based on a log-
means of parsing experiments using the Germdmear probability model (Riezler et al., 2002).

LFG grammar. In ZarrieR et al. (2010), we found that the
naive implementation of adverbial participles in
2 The Problem the German LFG, i.e. in terms of a general gram-

In German, past perfect participles are ambiguouar rule that allows for participles-adverb conver-
with respect to their morphosyntactic category. A§IOn, leads to spurious ambiguities that mislead
in other languages, they can be used as part Bfe disambiguation component of the grammar.
the verbal complex (Example (1-a)) or as adjeclyloreover, the rule increases the number of time-
tives (Example (1-b)). Since German adjective8UtS i.e. sentences that cannot be parsed in a pre-
can generally undergo conversion into adverb§efined amount of time (20 seconds). Therefore,
participles can also be used adverbially (Exampl&€ observe a drop in parsing accuracy although

(1-c)). The verbal and adverbial participle formsgrammar coverage is improved. As a solution, we
are morphologically identical. induced a lexical resource of adverbial participles

based on their adverbial translations in a paral-

(1) a.  Sie haben das Experimaviederholt. lel corpus. This resource, comprising 46 partici-

‘They have repeated the experiment.’

b. Daswiederholte Experiment war erfolgreich. ple types, restricts the adverb conversion such that
‘The repeated experiment was succesful. most of the spurious ambiguities are eliminated.

c. Sie haben das Experimenwiederholt abge- . - .
brochen. To assess the impact of specific rules in a broad-
‘They cancelled the experiment repeatedly. coverage grammar, possibly targeting medium-to-

M G diectival modif b low frequency phenomena, we have established a
oreover, erman adjectival modiiiers can ?ine-grained evaluation methodology. The chal-

generally used as predicatives that can be eith%rnge posed by these low-frequent phenomena is
selected by a verb (Example (2-a)) or that can 9Gpically two-fold: on the one hand, if one takes

cur as free predicatives (Example (2-D)). into account the disambiguation component of the
(2) a. Erscheinbegeistertvon dem Experiment. grammar and pursues an evaluation of the most
‘He seems enthusiastic about the experiment”  probable parses on a general test set, the new
b ‘EHrehﬁ;t;egfgsetﬁgZﬁ?ggrgriﬂtt'gigstic_, grammr rule cannot be expected to show a positive
effect since the phenomenon is not likely to occur
Since predicative adjectives are not inflectedyery often in the test set. On the other hand, if one
the surface form of a German participle is ambiguis interested in a linguistically precise grammar,
ous between a verbal, predicative or adverbial usi.is very unsatisfactory to reduce grammar cov-
erage to statistically frequent phenomena. There-
fore, we combined a coverage-oriented evaluation
In order to account for sentences like (1-c), an inen specialised testsuites with a quantitative evalu-
tuitive approach would be to generally allow foration including disambiguation, making sure that

2.1 Participles in the German LFG
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the increased coverage does not lead to an overad) Der menschlicheGeistlaRtsich rechnerisch  nicht
drop in accuracy. The evaluation methodolgy will ~ Thehuman  mind lets itself computationallynot
. . angemesselslmulleren.
also be applied to evaluate the impact of the new adequately simulate.
participle resource, see Section 6. "The human mind cannot be adequately simulated in a
computational way.’

2.2 The Standard Flat Analysis of Modifiers

The flat annotation strategy adopted for modi-
The fact that German adjectival modifiers can gefjers in the standard German tag set and in the tree-
erally undergo conversion into adverbs withouhank TIGER entails that instances of adverbs (and
overt morphological marking is a notorious probzdyverbial participles) cannot be extracted from au-
lem for the syntactic analysis of German: ther%maﬁca”y tagged, or parsed, text. Therefore,
are no theoretically established tests to distinguish would be very hard to obtain training mate-
predicative adjectives and adverbials, see Geudgg| from German resources to train a system that
(2004). For this reason, the standard German tag,tomatically identifies adverbially used partici-
set assigns a uniform tag ("ADJD") to modifiersples. However, the intuition corroborated by the
that are morphologically ambiguous between apyxamples presented in this section is that the struc-

adjectival and adverbial reading. Moreover, ifyres can actually be disambiguated in many cor-
the German treebank TIGER (Brants et al., 2003)ys sentences.

the resulting syntactic differences between the two |, the following sections, we show how we ex-

readings are annotated by the same flat structuggit parallel text to obtain training material for

that does not disambiguate the sentence. learning to predict occurences of adverbial par-
Despite certain theoretical problems related ttciples, without any manual effort. Moreover, by

the analysis of German modifiers, their interpremeans of this technique, we can substantially ex-

tation in real corpus sentences is often unambigwend the grammatical resource for adverbial par-

ous for native speakers. As an example, considéciples compared to the resource that can be di-

example (3) from the TIGER treebank. In therectly extracted from the parallel text.

sentence, the participlanterschrieben(signed

clearly functions as a predicative modifier of the3  Participles in the Parallel Corpus

sentence’s subject. The other, theoretically possi—he intuition of the cross-lingual induction ap-

ble reading where the participle would modify the, 401, s that adverbial participles can easily be
verb s_endls semanncally_ n_ot a_cceptable. HOW-eytracted from parallel corpora since in other lan-
ever, in TIGER, the participle is analysed as a,5qes (such as English or French) adverbs are
ADJD modifier attached under the VP node whicfye, morphologically marked and easily labelled
is the general analysis for adjectival and adverbleﬂy statistical PoS taggers. As an example, con-

modifiers. sider sentence (5) extracted from Europarl, where
(3) Diesolite unterschriebenandie Leitung the German participleersérktis translated by an

It shouldsigned to theadministration English adverbificreasingly.

zuruckgesanditverden.

sent back be. (5) a. Nichtohne Grundsprechemwir verstarkt

"It should be sent back signed to the administation.’ Not withoutreasorspeak we increasingly

vom Europader Regionen.
of a Europeof the Regions.
b.  Itis not without reason that wacreasingly speak

Sentence (4) (also taken from TIGER) illus- in terms of a Europe of the Regions.

trates the case of an adverbial participle. In this

example, the reading wherahgemessertade- The idea is to project specific morphological
guately modifies the main verb is the only oneinformation about adverbs which is overt in lan-
that is semantically plausible. In the treebank, thguages like English onto German where adverbs
participle is tagged as ADJD and analysed as @nnot be directly extracted from tagged data.
modifier in the VP. While this idea might seem intuitively straightfor-
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ward, we also know that translation pairs in paralen word-alignments alone, its precision would be
lel data are not always lingusitically parallel, andelatively low.

as a consequence, word-alignment is not always

reliable. To assess the impact of non-parallelisfyon-Parallel Cases Taking a closer look at the

in adverbial translations of German participleson-parallel cases in our sample (57% of the

we manually annotated a sample of 300 trans|dranslation pairs), we find that 47% of this set are

tions. This data also constitutes the basis for tHU€ to incorrect word alignments. The remain-
experiments reported in Section 4. ing 53% thus reflect regular cases of non-parallel

translations. A typical configuration which makes
3.1 Data up 30% of the the non-parallel cases is exempli-
0 . N based on th dat fied in (6) where the German main vevbrlegen
ur experiments are based on the same dala asdfy , qjated by the English multiword expression
(ZarrieR et al., 2010). For convenience, we pro-
. o put forward
vide a short description here.
We limit our investigations to non-lexicalised(6) a.  Wir haben eine Reihe von Vorsagenvorgelegt

participles occuring in the Europarl corpus and We haveput forward a number of proposals.

not yet recorded as adverbs in the lexicon of the An example for the general paraphrase or trans-
German LFG grammar (5054 participle types ifation shift category is given in Sentence (7).
total). - Given the participle candidates, we €xpjere, the translational correspondence between
tract the set of sentences that exhibit a word aligryekommenr(arrived) and the advermow is due
ment between a German participle and an Englisky |anguage-specific, idiomatic realisations of an
French or Dutch adverb. The word alignment§gentical underlying semantic concept. The para-
have been obtained with GIZA++. The extraCpprase translations make up 23% of the non-
tion yields 27784 German-English sentence pairﬁarallel cases in the annotated sample.
considering all alignment links, and 5191 sen-

tence pairs considering only bidirectional align{") & %;i‘;‘te:zt ”gfhgigthtgﬁ'i‘\?e”;me”'

ments between a participle and an English adverb. y  That time isﬁonow_ '

3.2 Systematic Non-Parallelism Furthermore, it is noticeable that the cross-

For data exploration and evaluation, we anndingual approach seems to inherently factor out
tated 300 participle alignments out of the 519ihe ambiguity between predicative and adverbial

German-English sentences (with a bidirectiondf2/ticiPles. In our annotated sample, there are no
participle-adverb alighment). We distinguish theoredlcatlve participles that have been translated by

following annotation categories: (i) parallel trans2N English adverb.

!atlon, adve_rb mforma_t_!on can be prOJected, (||)3_3 Filtering Mechanisms

incorrect alignment, (iii) correct alignment, but o _ _
translation is a multi-word expression, (iv) correct! e data analysis in the previous section, show-

alignment, but translation is a paraphrase (posdPd only 43% of parallel cases in English adverb
bly involving a translation shift). translations for German participles, mainly con-

firms other studies in annotation projection which
Parallel Cases In our annotated sample of En-find that translational correspondences only allow
glish adverb - German participle pairs, 43%f for projection of linguistic analyses in a more or
the translation instances are parallel in the sensess limited proportion (Yarowsky et al., 2001;
that the overt adverb information from the EnglistHwa et al., 2005; Mihalcea et al., 2007).
side can be projected onto the German participle. In previous studies on annotation projection,
This means that if we base the induction techniquguite distinct filtering methods have been pro-
— . . ) posed: in Yarowsky et al. (2001), projection er-

The diverging figures we report in Zarrief3 et al. (2010) . . .
ors are mainly attributed to word alignment er-

were due to a small bug in the script and it does not affect th ) X "
overall interpretation of the data. rors and filtered based on translation probabilities.
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Hwa et al. (2005) find that errors in the projectracted a small, corpus-dependent subset of the
tion of syntactic relations are also due to systenclass of adverbial participles.
atic grammatical divergences between languagesin this section, we use instances of adverbially
and propose correcting these errors by means wanslated participles as training material for a
specific, manually designed filters. Bouma et aklassifier that learns to predict adverbial partici-
(2008) make similar observations to Hwa et alples based on their monolingual syntactic context.
(2005), but try to replace manual correction ruleThus, we exploit the translations in the parallel
by filters from additional languages. corpus as a means of obtaining “annotated” or dis-
In Zarrie3 et al. (2010), we compared a numambiguated training data without any manual ef-
ber of filtering techniques on our participle datafort. During training, we only consider the mono-
The 300 annotated translation instances are uskdgual context of the participle, such that the fi-
as a test set for evaluation. In particular, wenal application of the classifier is not dependent
have established that a combination of syntaction cross-lingual data anymore.
dependency-based filters and multilingual filters
can very accurately separate non-parallel transl4-1 Context-based Identification of
tions from parallel ones where the adverb infor- ~ Adverbial Participles

mation can be projected. In Section 4, we shousiven the general linguistic problems related to
that these filtering techniques are also very usefglqyerbial participles (see Section 2), one could
for removing noise from the training material thatyssyme that it is very difficult to identify them
we use to build a classifier. in a given context. To assess the general dif-
ficulty of this syntactic problem, we run a first
experiment comparing a grammar-based identifi-
cation method against a classifier that only con-
In the previous section, we have seen that Germaiders relatively narrow morpho-syntactic context.
adverbial participles can be easily found in cross=or evaluation, we use the 300 annotated partici-
lingual text by looking at their translations in aple instances described in Section 3. This test
language that morphologically marks adverbialsset divides into 172 negative instances, i.e. non-
In previous work, we exploited this observationadverbial participles, and 128 positive instances.
by directly extracting types of adverbial partici-We report accuracy of the identification method,
ples based on word alignment links and the filteras well as precision and recall relating to the num-
ing mechanisms mentioned in Section 3. Howber of correctly predicted adverbial participles.
ever, this method is very closely tied to data in For the grammar-based identification, we use
the parallel corpus, which only comprises arounthe German LFG which integrates the lexical
5000 participle-adverb translations in total, whictresource for adverbial participles established in
results in 46 types of adverbial participles after fil{Zarriel3 et al., 2010). We parse the 300 Europarl
tering. Thus, we have no means of telling whethesentences and check whether the most probable
we would discover new types of adverbial participarse proposed by the grammar analyses the re-
ples in other corpora, from different domains tospective participle as an adverb or not. The gram-
Europarl. As this corpus is rather small and genrgar obtains a complete parse for 199 sentences
specific, it even seems very likely that one couldut of the test set and we only consider these in
find additional adverbial participles in a biggerthe evaluation. The results are given in Table 1.
corpus. Moreover, we cannot be sure that certain The high precision and accuracy of the
adverbial participles have systematically diverggrammar-based identification of adverbial partici-
ing translations in other languages, due to crosgles suggests that in a lot of sentences, the adver-
lingual lexicalisation differences. Generally, it isbial analysis is the only possible reading, i.e. the
not clear whether we have learned something gepnly analysis that makes the sentence grammati-
eral about the syntactic phenomenon of adverbiahl. But of course, we have substantially restricted
participles in German or whether we have just exthe adverb participle-conversion in the grammar,

4 Bootstrapping a German Participle
Classifier from Crosslingual Data
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Training Data Precision Recall Accuracy inni ini i
S 53 01 ST 4.2 Designing Training Data for Participle

Classifier Unigram  87.10  84.38  87.92 Classification
Classifier Bigram 88.28 88.28 89.93 . .
Classifier Trigram 89.60 875 90.27 There are several questions related to the design

of the training data that we use to build our clas-
Table 1: Evaluation on 300 participle instancesifier. First, it is not clear how many negative
from Europar instances are helpful for learning the adverbial -
non-adverbial distinction. In the above experi-
ment, we simply use the instances that do not pass
the cross-lingual filters. In this section, we exper-
iment with an augmented set of negative instances
Mat was also obtained by extracting German par-
sticiple that are bi-directionally aligned to an En-
glish participle in Europarl. This is based on the

N . o assumption that these participles are very likely
For the classifier-based identification, we US§, pe verbal. Second. it is not clear whether we

the adverbially translated participle tokens in OUfeally need the filtering mechanisms proposed in
Europarl data (5191 tokens in total) as training 5 rieR et al. (2010) and whether we could im-
material. We remove the 300 test instances frO’TBrove the classifier by training it on a larger set
this training set, and then divide it into a set Oy positive instances. Therefore, we also experi-
positive and negative instances. To do this, Weent with two further sets of positive instances:
use the filtering mechanisms already proposed ghe where we used all participles (not necessarily
ZarriefS et al. (2010). These filters apply on the;girectionally) aligned to an adverb, one where
type level, such that we first identify the positiveye only use the bidirectional alignments. The re-
types (46 total) and then use all instances of thesg|is obtained for the different sizes of positive
types in the 4891 sentences as positive iNstancggy negative instance sets are given in Table 2.
of adverbial participles (1978 instances). The re- 1,4 picture that emerges from the results in Ta-

maining sentences are used as negative INStancefs 2 js very clear: the stricter the filtering of the
training material (i.e. the positive instances) is,
For the training of the classifier, we usethe petter the performance of the classifier. The
maximum-entropy classification, which is alsofact that we (potentially) loose certain positive in-
commonly used for the general task of taggingtances in the filtering does not negatively impact
(Ratnaparkhi, 1996). In particular, we use they the classifier which substantially benefits from
open source TADM tool for parameter estimationrhe fact that noise gets removed. Moreover, we
(Malouf, 2002). The tags of the words surroundfing that if the training material is appropriately
ing the participles are used as features in the claitered, adding further negative instances does not
sification task. We explore different sizes of theye|p improving the accuracy. By contrast, if we
context window, where the trigram window is thetrain on a noisy set of positive instances, the clas-
most succesful (see Table 1). Beyond the trigrafier benefits from a larger set of negative in-
window, the results of the classifier start decreastances. However, the positive effect that we get
ing again, probably because of too many misleagrom augmenting the non-filtered training data is

ing features. Generally, this experiment showstj|| weaker than the positive effect we get from
that the grammar-based identification is more prehe filtering.

cise, but that the classifier still performs surpris-

ingly well. Compared to the results from thes |nduction of Adverbial Participles on
grammar-based identification, the high accuracy \onolingual Data

of the classifier suggests that even the narrow syn-

tactic contexts of adverbial vs. non-adverbial parGiven the classifier from Section 4 that predicts
ticiples are quite distinct. the syntactic category of a participle instance

so that it does not propose adverbial analyses f
participles that are very unlikely to function a
modifiers of verbs.
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Training Data Pos. Instances  Neg. Instances Precision Recall /Agcura

Non-Filtered Instances (all alignments) 27.184 10.000 43.10 100 1043.
Non-Filtered Instances (all alignments) 27.184 50.000 74.38 92.97 3.228
Non-Filtered Instances (symm. alignments) 4891 10.000 78.08 89.0B4.56
Non-Filtered Instances (symm. alignments) 4891 50.000 82.31 83.585.23
Filtered Instances 1978 10.000 91.60 85.16 90.27
Filtered Instances 1978 50.000 90.83 77.34 86.91

Table 2: Evaluation on 300 participle instances from Europarl

based on its monolingual syntactic context, wénstances. This leaves us with a set of 210 partici-
can now detect new instances or types of adveples, which comprises 13 of the original 46 par-
bial participles in any PoS-tagged German corpusiciples extracted from Europarl, meaning we have
In this section, we investigate whether the classdiscovered 197 new adverbial participle types.

fier can be used to augment the resource of ad-We performed a manual evaluation of 50 ran-
verbial participles directly induced from Europarldomly selected types out of the set of 197 new

with new types. participle types. Therefore, we looked at the in-
_ stances and their context which the classifier pre-
5.1 Data Extraction dicted to be adverbial. If there was at least one ad-

We run our extraction experiment on the Hugeverbial instance among these, the patrticiple type
German Corpus (HGC), a corpus of 200 milliorwas evaluated as correctly annotated by the clas-
words of newspaper and other text. This corpusifier. By this means, we find that 76% of the par-
has been tagged with TreeTagger (Schmid, 1994)ciples were correctly classified.
For each of the 5054 participle candidates, we ex- This evaluation suggests that the accuracy of
tract all instances from the HGC which have nobur classifier which we trained and tested on Eu-
been tagged as finite verbs (at most 2000 tokemsparl data is lower on the HGC data. The rea-
per participle). For each participle token, we als@on for this drop in performance will be explained
extract its syntactic context in terms of the 3 prein the following Section 5.3. However, assuming
ceding and the 3 following tags. For classificationan accuracy of 76%, we have discovered 150 new
we use only those patrticiples that have more thatypes of adverbial participles. We argue that this is
50 instances in the corpus (2953 types). avery satisfactory result given that we have not in-
In contrast to the cross-lingual filtering mech-vested any manual effort into the annotation or ex-
anisms developed in Zarriel3 et al. (2010) whiclraction of adverbial participles. This results also
operate on the type-level, the classifier makes makes clear that the previous resource we induced
prediction for every token of a given participleon Europarl data, comprising only 46 participle
candidate. Thus, for each of the participle cantypes, was a very limited one.
didates, we obtain a percentage of instances that _
have been classified as adverbs. As we would ex:3 Error Analysis
pect, the percentage of adverbial instances is vefpking a closer look at the 12 participle candi-
low for most of the participles in our candidate setdates that the classifier incorrectly labels as adver-
for 75% of the 2953 types, the percentage is belowial, we observe that their adverbially classified
5%. This result confirms our initial intuition that instances are mostly instances of a predicative use.
the property of being used as an adverb is stronglyhis means that our Europarl training data does
lexically restricted to a certain class of participlesnot contain enough evidence to learn the distinc-
, tion between adverbial and predicative participles.
5.2 Evaluation This is not surprising since the set of negative
Since we know that the classifier has an accunstances used for training the classifier mainly
racy of 90% on the Europarl data, we only cone€omprises verbal instances of participles. More-
sider participles as candidates for adverbs whemyer, the syntactic contexts and constructions in
the classifier predicted more than 14% adverbialhich some predicatives and adverbials are used
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Grammar Prec. Rec. F-Sc. Time Grammar Parsed Starred Time- Time

in sec Sent. Sent. outs in sec

46 Part-Adv 84.12 78.2 81.05 665 No Part-Adv 665 315 64 3033
243 Part-Adv 84.12 77.67 80.76 665 46 Part-Adv 710 269 65 3118
243 Part-Adv 767 208 69 3151

Table 3: Evaluation on 371 TIGER sentences o
Table 4: Performance on the specialised TIGER

- _ . test set (1044 sentences)
are very similar. Thus, in future work, we will

have to include more data on predicatives (which
is more difficult to obtain) and analyse the syntactences, the grammar obtained an adverbial analy-

tic contexts in more detalil. sis for clearly predicative modifiers, based on the
_ enlarged resource. In three different sentences, it
6 Assessing the Impact of Resource was difficult to decide whether the participle acts

Coverage on Grammar-based Parsing as an adverb or a predicative. In the remaining 15
. . . . sentences, the grammar established the the correct
In this section, we evaluate the classifier-based in- . . -
. i . analysis of a clearly adverbially used participle.
duction of adverbial participles from a grammar-
based perspective. We integrate the entire set of
induced adverbial participles (46 from Europarl
and 197 from the HGC) into the German LFGWe have proposed a cross-lingual induction
grammar. As a consequence, the grammar akethod to automatically obtain data on adverbial
lows the adverb conversion for 243 lexical parparticiples in German. We exploited this cross-
ticiple types. We use the evaluation methodolglingual data as training material for a classifier that
explained in Section 2. learns to predict the syntactic category of a partici-
First, we conduct an accuracy-oriented evalugle from its monolingual syntactic context. Since
tion on the standard TIGER test set. We compariais category is usually not annotated in German
against the German LFG that only integrates theesources and hard to describe in theory, the find-
small participle resource from Europarl. The reing that adverbial participles can be predicted rel-
sults are given in Table 3. The difference betweeatively precisely is of general interest for theo-
the 46 Part-Adv and 243 Part-Adv resource is natetic and computational approaches to the syntac-
statistically signficant. Thus, the larger participldic analysis of German.
resource has no overall negative effect on the pars-We showed that, in order to obtain an accurate
ing performance. As established by an automatigarticiple classifier, the quality of the training ma-
upperbound evaluation in Zarriel3 et al. (2010)terial induced from the parallel corpus is of crucial
we cannot not expect to find a positive effect inmportance. By applying the filtering techniques
this evaluation because the phenomenon does rfodm ZarrielR et al. (2010), the accuracy of the
occur in the standard test set. classifier increases between 5% and 7%. In future
To show that the augmented resource indeeaslork, we plan to include more data on predicative
improves the coverage of the grammar, we builparticiples to learn a more accurate distinction be-
a specialised testsuite of 1044 TIGER sentencéween predicative and adverbial participles.
that contain an instance of a participle from the Finally, we used the participle classifier to ex-
resource. Since this testsuite comprises setract a lexical resource of adverbial participles for
tences from the training set, we can only reporthe German LFG grammar. In comparison to the
a coverage-oriented evaluation here, see Table rklatively small resource of 46 types that can be
The 243 Part-Adv increases the coverage by 8%irectly induced from Europarl, we discovered a
on the specialised testsuite. large number of new participle types (197 types
Moreover, we manually evaluated 20 sentencea total). In a parsing experiment, we showed that
covered by the 243-Part-Adv grammar and nathis much bigger resource does not negatively im-
by 46-Part-Adv as to whether they contain a corpact on parsing performance and improves gram-
rectly analysed adverbial participle. In two senmmar coverage.

Conclusion
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