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Abstract

We establish quantitative methods for
comparing and estimating the quality
of dependency annotations or conversion
schemes. We use generalized tree-edit dis-
tance to measure divergence between an-
notations and propose theoretical learn-
ability, derivational perplexity and down-
stream performance for evaluation. We
present systematic experiments with tree-
to-dependency conversions of the Penn-
Il treebank, as well as observations from
experiments using treebanks from multi-
ple languages. Our most important ob-
servations are: (a) parser bias makes most
parsers insensitive to non-local differences
between annotations, but (b) choice of an-
notation nevertheless has significant im-
pact on most downstream applications,
and (c) while learnability does not corre-
late with downstream performance, learn-
able annotations will lead to more robust
performance across domains.

Introduction

plements? And how should we analyze punctua-
tion?

Many dependency treebanks are created by au-
tomatic conversion from pre-existing constituency
treebanks. Since there exist linguistic phenomena
whose analyses linguist do not agree on, it comes
as no surprise that different conversion schemes
have been proposed over the years (Collins, 1999;
Yamada and Matsumoto, 2003; Johansson and
Nugues, 2007). The output of these schemes differ
considerably in their choices concerning head sta-
tus and dependency relation inventories (Schwartz
et al., 2012; Johansson, 2013).

The number of languages for which we have
several dependency treebanks, is limited (Johans-
son, 2013), but the availability of different tree-to-
dependency conversion schemes raises the ques-
tion of what scheme is better? So does the ex-
istence of different parsers relying on different
linguistic formalisms, but whose output can be
mapped to dependencies (Tsarfaty et al., 2012).
But is the question of which is better really a
meaningful question? Better at what?

Schwartz et al. (2012) propose to evaluate con-
version schemes in terms of learnability. We argue
that while learnability is relevant to assess the ro-

Syntactic structures in dependency parsing arbustness of dependency schemes, the most impor-
moving targets. While intrinsic evaluations often tant parameter when choosing conversion schemes
give the impression that syntactic structures arén practice is down-stream performance. We cite
carved in stone, in reality we have little evidenceElming et al. (2013), who show that down-stream
in favor of the structures we posit. While most lin- performance is very sensitive to choice of conver-
guists agree on how to analyze core syntactic phesion scheme. We also suggest that derivational
nomena, there is widespread disagreement aboperplexity (Segaard and Haulrich, 2010) is a less
a number of cases. Do auxiliary verbs head maifpiased measure of robustness than learnability —
verbs? Do prepositions head their nominal comat least the way it is measured in Schwartz et
Section 5 is joint work with Jakob Elming, Anders Jo- al. (2012). . .
hannsen, Sigrid Klerke, Emanuele Lapponi and Hector Mar- The paper presents (a) an empirical analysis
tinez, published at NAACL 2013. of distance between conversion schemes, (b) an
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Clear cases Difficult cases such as the Prague School's Functional Generative
Head Dependeni ? ? . . ,
Verb  Subject Auxiliary Main verb Description, Meaning-Text Theory, or Hudson’s
Verb  Object Complementizer  Verb Word Grammar. In practice most parsers con-
Noun  Attribute | Coordinator Conjuncts strain dependency structures to be tree-like struc-
Verb  Adverbial | Preposition Nominal .

Punctuation tures such that each word has a single syntac-

tic head, limiting diversity between annotation a

Figure 1: Clear and difficult cases in dependencyPit; but while many dependency treebanks taking
annotation. this format agree on how to analyze many syn-
tactic constructions, there are still many construc-
tions these treebanks analyze differently. See Fig-
ure 1 for a standard overview of clear and more

) ) - difficult cases.
analysis of the theoretical learnability of conver- e difficult cases in Figure 1 are difficult for
sion schemes, (c) a complexity analysis of converye following reason. In the easy cases mor-
sion schemes in terms of derivational perplexity,phosyntactic and semantic evidence cohere. Verbs
and (d) empirical evalu.atlons of the downstr.eangov._:}rn subjects morpho-syntactically and seem
usefulness of conversion schemes. —Section gemantically more important. In the difficult
introduces a few common conversion schemegases, however, morpho-syntactic evidencénis
and their linguistic differences. In our empiri- confiict with the semantic evidence. While aux-
cal analyses we will focus on standard converjjiary verbs have the same distribution as finite
sions of the Wall Street Journal section of theyerps in head position and share morpho-syntactic
Penn-lil treebank of English (Marcus et al., 1993).5rgperties with them, and govern the infinite main
Section 3 introduces three distance metrics deyerhs, main verbs seem semantically superior, ex-
fined over pairs of output dgpend_ency Structuresyressing the main predicate. There may be dis-
The results presented in this section suggests thgfhtional evidence that complementizers head
parser bias cancels out many of the differencegerps syntactically, but the verbs seem more im-
between conversion schemes. Section 4 disortant from a semantic point of view. Some au-
cusses the learnability and derlivatlonal perplexitnors have distinguished between the notion of
of tree-to-dependency conversion schemes. Segnctional (distributional) and substantive depen-
tion 5 presents a series of experiments, evaluayency heads (lvanova et al., 2012).
ing the downstream performance of conversion Tree-to-dependency  conversion schemes
schemes in negation scope resolution, sentenGgseq to convert constituent-based —treebanks
compression, statistical machine translation, sejiq dependency-based ones also take different
mantic role labeling and author perspective classiands on the difficult cases. In this paper we
sification. Section 6 concludes with a discussiongnsider four different conversion schemes:
of the analyses presented in the previous sectiong,e  yamada-Matsumoto conversion scheme
In our experiments we will use the publicly avail- (Yamada) (Yamada and Matsumoto, 2003), the
able MATE parser (Bohnet, 2010). Obviously thecoNLL (2007) format, the Stanford conversion
downstream performance of a conversion schemgcheme used in the English Web Treebank (Petrov
depends on the parsing model chosen and howng McDonald, 2012), and the LTH conversion
syntactic features are incorporated in the downgcheme (Johansson and Nugues, 2007). The
stream task, but we do not vary parser or syntacti§/smada scheme can be replicated by running

feature representations in our experiments. penn2mait jar available at
2 Tree-to-dependency conversion http://w3. msi . vxu. se/ ~nivre/
schemes resear ch/ Penn2Mal t . ht

Annotation guidelines used in modern depen-\Ve used Malt dependency labels (see online docu-
dency treebanks and tree-to-dependency Convepjentat|on?. The Yamada spheme is an e.Iabgratlon
sion schemes for converting constituent-base@f the Collins scheme (Collins, 1999), which is not

treebanks into dependency treebanks are typicallj’cluded in our experiments. The Stanford conver-

based on a specific dependency grammar theory!©n scheme can be replicated using the Stanford
converter available at
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FORM; FORM, Yamada CoNLL Stanford LTH
Auxiliary Main verb | 1 1 2 2
Complementizer Verb 1 2 2 2
Coordinator Conjuncts 2 1 2 2
Preposition Nominal | 1 1 1 2

Figure 2: Head decisions in conversions. Note: Yamada difews iom CoNLL in proper names.

LTH Stanford Yamada an empirical estimate of the coarser differences
CoNLL |91.1% 89.7% 92.7% between the schemes. The NED scores between
LTH - 89.7%  89.6% the Yamada scheme and the CoNLL and LTH
Stanford - - 90.1% schemes is 91.9-92.0%, for example, while the

. NED score between CoNLL and LTH is 93.9%.
Tabl_e 1: Unlabeled TED accuracies between Conl'nterestingly, the NED between pairs of MATE
version schemes outputs on our SMT tuning section (see Section
5.3) using different conversion schemes is 100% in
all cases. This seems to indicate that differences
in down-stream performance (see Table 4) should
not be found in major theoretical differences, but
rather small differences such as edge flippings and
Table 2: L-distances between conversionlabel granularity.
schemes The UA scores (unlabeled attachment) punish
edge flippings, and the fact that we observe low
UA scores between conversion schemes support
the above picture and also indicate that the differ-
ences are quite substantial. The overlap as mea-
http://nl p. stanford. edu/ sof t war e/ sured by UA score between the Yamada and the
st anf or d- dependenci es. sht m CoNLL scheme is 78.9%, for example. These two

The CoNLL 2007 conversion scheme can be Ob_schemes agree on the syntactic heads of about 4/5
words. The UA score between Yamada and LTH
is 63.1%. Again we see that differences between

http://nlp.cs.lth. se/sof tware/ gold annotated datasets using different conversion
treebank converter/ schemes are bigger than when comparing output
with the ’conll07’ flag set. The LTH conver- pairs. It seems that parser bias is canceling out
sion scheme can be obtained by running penncortlifferences between conversion schemes.
verter.jar with the oldLTH’ flag set. We also report unlabeledED scores (Tsar-

We list the differences in Figure 2. It is clear faty et al., 2012) between output trees. TED is a
from this list that the LTH scheme uses substanthree-step distance computation that first abstracts
tive heads more often than the other schemes. Thigvay from the directionality of head-dependent re-
makes sense as it was designed for downstreafations. In the second step, we separate the com-
semantic role labeling (Johansson and Nuguegnon and consistent parts of the two output trees,
2007). Somewhat surprisingly the scheme doegnd in the third step we compute the tree-edit oper-
not always lead to better semantic role labelingations necessary to translate between the inconsis-
performance when relying on predicted syntactident subtrees. We use the SMT tune section again.

| LTH Stanford Yamada
CoNLL | 6.05 5.70 5.14
LTH - 6.85 7.06
Stanford| - - 6.24

tained by running pennconverter.jar available at

parses, however (see Results). The unlabeled TED accuracy between CoNLL and
_ Yamada is 92.7%, and the;idistance is only
3 Distance between schemes 5.14. See tabels 1 and 2 for more results. The L

We use three parse evaluation metrics to estimat(%iStanceS’ together with the other metrics, suggest

distances between tree-to-dependency schemes that CoNLL is more similar to the other conver-
The NED scoresbetween pairs of gold anno-

tated data using different conversion schemes givgI
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bl |

Yamada CoNLL Stanford LTH

DEPRELS [ - [ 12 21 a7 41
PTB-23 (LAS) - 88.99 88.52 81.36 87.52
PTB-23 (UAS) - 90.21 90.12 84.22  90.29
Neg: scope F - 81.27 80.43 78.70 79.57
Neg: event I - 76.19 72.90 73.15 76.24
Neg: full negation It | - 67.94 63.24 61.60 64.31
SentCompF 68.47 | 72.07 64.29 71.56 71.56
SMT-dev-Meteor 35.80 | 36.06 36.06 36.16 36.08
SMT-test-Meteor 37.25| 37.48 37.50 37.58 37.51
SMT-dev-BLEU 13.66 | 14.14 14.09 14.04 14.06
SMT-test-BLEU 14.67 | 15.04 15.04 1496  15.11
SRL-22-gold - 81.35 83.22 8472 84.01
SRL-23-gold - 79.09 80.85 80.39 82.01
SRL-22-pred - 74.41 76.22  78.29 66.32
SRL-23-pred - 73.42 74.34  75.80 64.06
bitterlemons.org 96.08 | 97.06 95.58 96.08 96.57

Table 4: Results’: Low parsing results on PTB-23 using Stanford are explalmedhanges between
the PTB-IIl and the Ontonotes 4.0 release of the Englishiaelk.

Yamada Stanford
CoNLL
LTH
Figure 3: L-distances between conversion
schemes
gold smt-tune
w-ppl  d-ppl | w-ppl d-ppl
CoNLL | 243.3 545.6| 273.5 430.4
LTH 243.3 536.2| 273.5 428.0
Stanford| 243.3 541.9| 273.5 425.4
Yamada | 243.3 520.8| 273.5 426.5

Table 3: Derivational perplexity of converted tree-

banks

4 Learnability and derivational
perplexity

Schwartz et al. (2012) study the learnability of
different conversion schemes, by relating choises
concerning head status to parser performance.
How does making prepositions head their com-
plements affect parser performance, for example?
The first two lines in Table 4 suggest, in line with
Schwartz et al. (2012), that Yamada is more learn-
able than the other three schemes.

The derivational perplexity of a treebarik
(Sggaard and Haulrich, 2010) is defined as the per-
plexity (per word) of the derivation language of
f(T), where f(T) is the canonical derivation or-
ders of the dependency trees in T: The derivation
language off (T') is the set of strings : w;...w,
such that for anyw;, w; w; < w; in dependency
structured if w; was attached td in f(7") prior
to the attachment ab;, according to their canoni-
cal derivation. Canonical derivations are also used
to train transition-based dependency parsers, and
we use the arc-eager algorithm in our experiments
below (Nivre et al., 2007). We use a trigram lan-
guage model with Knesser-Ney smoothing, repli-
cating the setup in Sggaard and Haulrich (2010).

The results in Table 3 seem to indicate that the
Yamada scheme is more learnable than the more
recent ones, but again the differences seemed to
be cancelled out by parser bias, and differences
in derivational perplexity of the output (again
using the tuning section of the SMT data) become
insignificant. The reason for the absolute drop
in numbers, as well as the drop in differences, is
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probably the shorter sentence length and morevaluations of the downstream effects of the four
straight-forward syntax often associated with spo-conversion schemes in these five applications, first
ken language such as the parliament discussiormublished in EIming et al. (2013).
in the Europarl data. In the five applications we use syntactic fea-
tures in slightly different ways. While our statisti-
Learnability vs. derivational perplex- cal machine translation and sentence compression
ity. Segaard and Haulrich (2010) show thatsystems use dependency relations as additional in-
derivational perplexity correlates well with per- formation about words andn a par with POS,
formance in multi-lingual parsing (using data from our negation resolution system uses dependency
the CoNLL-X and CoNLL 2007 shared tasks), paths, conditioning decisions on both dependency
and therefore also with learnability (Schwartz etarcs and labels. In perspective classification, we
al., 2012). We think derivational perplexity is a use dependency triples (e.g. SUBJ(John, snore)) as
better measure of performance robustness for twteatures, while the semantic role labeling system
reasons: because it is a parser-independent metriegonditions on a lot of information, including the
(i) derivational perplexities are not influenced byword form of the head, the dependent and the argu-
regularization, and (ii) derivational perplexities ment candidates, the concatenation of the depen-
are not influenced by different parser biasesdency labels of the predicate, and the labeled de-
Changing a parameter in a tree-to-dependencpendency relations between predicate and its head,
conversion scheme may affect parser perforits arguments, dependents or siblings.
mance for several reasons: It is well known that . .
adding features that never fire sometimes Ieadg'1 Negation resolution
to improved performance with state-of-the-artNegation resolution (NR) is the task of finding
parsers such as the MaltParser (Nivre et al., 2007)legation cues, e.g. the wortbt, and determin-
because regularization is sensitive to the totaing their scope i.e. the tokens they affect. NR
number of features, and it is not always clearhas recently seen considerable interest in the NLP
whether a choice of head status leads to improvegommunity (Morante and Sporleder, 2012; Velldal
performance because the head choice is morét al., 2012) and was the topic of the 2012 *SEM
learnable, or because it has an effect on regulashared task (Morante and Blanco, 2012).
ization. Finally, annotation interacts with parser The data set used in this work, the Conan Doyle
bias. Some choices of head status may be eagprpus (CD); was released in conjunction with
to learn for transition-based dependency parserghe *SEM shared task. The annotations in CD
but comparatively harder for graph-based onesextend on cues and scopes by introducing an-
See McDonald and Nivre (2007) for an analysisnotations for in-scope events that are negated in
of the biases of transition-based and graph-base@ctual contexts. The following is an example
dependency parsers. Since derivational perplexitfrom the corpus showing the annotations for cues
is parser-independent we are not sensitive t¢bold), scopes (underlined) and negated events
regularization or parser bias, only to the choice of(italicized):

canonical derivation scheme. .
(1) Since we have been so

5 Downstream performance unfortunateas to miss hinj...]

Dependency parsing has proven useful for a widéD-style scopes can be discontinuous and over-
range of NLP applications, including statistical lapping. Events are a portion of the scope that is
machine translation (Galley and Manning, 2009;semantically negated, with its truth value reversed
Xu et al., 2009; Elming and Haulrich, 2011) by the negation cue.

and sentiment analysis (Joshi and Penstein-Rose, The NR system used in this work (Lapponi et
2009; Johansson and Moschitti, 2010). Belowal., 2012), one of the best performing systems in
we introduce five NLP applications where depen-the *SEM shared task, is a CRF model for scope
dency parsing has been succesfully applied: negdesolution that relies heavily on features extracted
tion resolution, semantic role labeling, statisti-from dependency graphs. The feature model con-
cal machine translation, sentence compression ariéins token distance, directiom-grams of word
perspective classification. We will then report on

http://www.clips.ua.ac.be/sem2012-st-neg/data.html
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REFERENCE Zum Glick kam ich beim Strassenbahnfahren an die ricl8tg#e .

SOURCE Luckily , on the way to the tram , | found the right place .

Yamada: Glucklicherweise hat auf dem Weg zur S-Bahn teteh fest , dass der richtige Ort .
CoNLL: Glucklicherweise hat auf dem Weg zur S-Bahn , stetih fest , dass der richtige Ort .
Stanford: Zum Glick fand ich auf dem Weg zur S-Bahn , am igeint Platz .

LTH: Zum Gluck fand ich auf dem Weg zur S-Bahn , am richtigéat®.

BASELINE: Zum Gluck hat auf dem Weg zur S-Bahn , ich fand den richtigktz .

Figure 4: Examples of SMT output.

ORIGINAL: * 68000 sweden ab of uppsala , sweden , introduced the tekesan integrated answering
machine and voice-message handler that links a macintdsli¢b-tone phones .
BASELINE: 68000 sweden ab introduced the teleserve an integratedceang
machine and voice-message handler .

Yamada 68000 sweden ab introduced the teleserve integrasseering
machine and voice-message handler .

CoNLL 68000 sweden adwedenintroduced the teleserve integrated answering
machine and voice-message handler .

Stanford 68000 sweden ab introduced the teleserve ineshjeatswering
machine and voice-message handler .

LTH 68000 sweden ab introduced the teleseaméntegrated answering
machine and voice-message handler .

HUMAN': 68000 sweden ab introduced the teleserve integrated angwe

machine and voice-message handler .

Figure 5: Examples of sentence compression output.

constituent . bel their arguments with semantic roles. In our
dependency relation .
_ parent head POS experiments we have reproduced the second best-
Syntactic grand parent head POS performing system in the CoNLL 2008 shared task
word form+dependency relation ; ; ; ;
POS+dependency relation in syntactic and semantic parsing (Johansson and
directed dependency distance Nugues, 20983- o
Cue-dependent ggﬂlfﬁégg' dt;l?ﬁndency distance The English training c!ata for the CoNLL 2008
p y P shared task were obtained from PropBank and

lexicalized dependency path

NomBank. For licensing reasons, we used
Figure 6: Features used to train the conditionalOntoNotes 4.0, which includes PropBank, but not
random field models NomBank. This means that our system is only

o trained to classify verbal predicates. We used
forms, lemmas, POS and combinations thereof, ag,q Clearparser conversion t3dio convert the

well as the syntactic featgres presented ir_l Figure &9ntoNotes 4.0 and subsequently supplied syntac-
The_result.s in our experiments are obtained fromy. dependency trees using our different conver-
configurations that differ only in terms of tree-to- gio, schemes. We rely on gold standard argument

dependency conversions, and are trained on th@engification and focus solely on the performance
training set and tested on the development set Qf,qtric semantic labeled F1.

CD. Since the negation cue classification compo-
nent of the system does not rely on dependenc$.3 Statistical machine translation

features at all, the models are tested using golghe effect of the different conversion schemes
cues. was also evaluated on SMT. We used toerder-
Table 4 shows Fscores for scopes, events anding by parsingframework described by Elming
full negations, where a true positive correctly as-3nq Haulrich (2011). This approach integrates
signs both scope tokens and events to the rightfl syntactically informed reordering model into a
cue. The scores are produced using the evaluati%hrase-based SMT system. The model learns to
script provided by the *SEM organizers. predict the word order of the translation based

5.2 Semantic role labeling on source sentence information such as syntactic

Semantic role labeling (SRL) is the attempt to de- 2http://nip.cs.lth.se/software/semantiarsing:propbank
_nombankframes

termine semantic predicates in running textand 1a-"s;,./code. google.com/p/clearparser/
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dependency relations. Syntax-informed SMT isDavis corpus. A widely used baseline for sen-
known to be useful for translating between lan-tence compression experiments is the two mod-
guages with different word orders (Galley andels introduced in Knight and Marcu (2002): the
Manning, 2009; Xu et al., 2009), e.g. English andnoisy-channel model and the decision tree-based
German. model. Both are tree-based methods that find the
The baseline SMT system is created as demost likely compressed syntactic tree and outputs
scribed in the guidelines from the original sharedthe yield of this tree. McDonald et al. (2006)
task? Only modifications are that we use truecas-instead use syntactic features to directly find the
ing instead of lowercasing and recasing, and allownost likely compressed sentence.
training sentences of up to 80 words. We used data Here we learn a discriminative HMM model
from the English-German restricted task:3M  (Collins, 2002) of sentence compression using
parallel words of news;v46M parallel words of MIRA (Crammer and Singer, 2003), compara-
Europarl, and~309M words of monolingual Eu- ble to previously explored models of noun phrase
roparl and news. We use newstest2008 for tuningchunking. Our model is thus neither tree-based
newstest2009 for development, and newstest2018or sentence-based. Instead we think of sentence
for testing. Distortion limit was set to 10, which compression as a sequence labeling problem. We
is also where the baseline system performed bestompare a model informed by word forms and
The phrase table and the lexical reordering modepredicted POS with models also informed by pre-
is trained on the union of all parallel data with adicted dependency labels. The baseline feature
max phrase length of 7, and the 5-gram languagenodel conditions emission probabilities on word
model is trained on the entire monolingual dataforms and POS using &2 window and combi-
set. nations thereoff. The augmented syntactic feature
We test four different experimental systems thatmodel simply adds dependency labels within the
only differ with the baseline in the addition of same window.
a syntactically informed reordering model. The
baseline system was one of the tied best perform5'
ing system in the WMT 2011 shared task on thisFinally, we include a document classification
dataset. The four experimental systems have redataset from Lin and Hauptmann (2086)The
ordering models that are trained on the first 25,00@lataset consists of blog posts posted at bitter-
sentences of the parallel news data that have bed@mons.org by Israelis and Palestinians. The bit-
parsed with each of the tree-to-dependency corterlemons.org website is set up to "contribute to
version schemes. The reordering models conditiomutual understanding through the open exchange
reordering on the word forms, POS, and syntacti®f ideas.” In the dataset, each blog post is labeled
dependency relations of the words to be reordereds either Israeli or Palestinian. Our baseline model
as described in Elming and Haulrich (2011). Thels just a standard bag-of-words model, and the sys-
paper shows that while reordering by parsing leadéem adds dependency triplets to the bag-of-words
to significant improvements in standard metricsmodel in a way similar to Joshi and Penstein-
such as BLEU (Papineni et al., 2002) and ME-Rose (2009). We do not remove stop words, since
TEOR (Lavie and Agarwal, 2007), improvementsperspective classification is similar to authorship
are more spelled out with human judgements. Allattribution, where stop words are known to be in-
SMT results reported below are averages based darmative. We evaluate performance doing cross-

5 Perspective classification

5 MERT runs following Clark et al. (2011). validation over the official training data, setting
) the parameters of our learning algorithm for each
5.4 Sentence compression fold doing cross-validation over the actual train-

Sentence compression is a restricted form of sering data. We used soft-margin support vector ma-
tence simplification with numerous usages, in-chine learning (Cortes and Vapnik, 1995), tuning
cluding text simplification, summarization and the kernel (linear or polynomial with degree 3) and
recognizing textual entailment. The most com-C = {0.1,1,5,10}.

monly used dataset in the literature is the Ziﬁ'mg No.: LDCO3T3A

4 http://www.statmt.org/wmt11/translation-task.htm| ®hitps://sites.google.com/site/weihaolinatcmu/data
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5.6 Results when relying on gold-standard syntactic depen-

Our results are presented in Table 4. The parsdéncy trees. This supports the claims put for-

ing results are obtained relying on predicted pogvard in Johansson and Nugues (2007). These an-
rather than, as often done in the dependency par§tations also happen to use a larger set of de-
ing literature, relying on gold-standard POS. NotePendency labels, however, and syntactic structures
that they comply with the result in Schwartz et My be harder to reconstruct, as reflected by la-

al. (2012) that Yamada annotation is more easilyP€led attachment scores (LAS) in syntactic pars-
learnable. ing. The biggest drop in SRL performance going

The negation resolution results are signifi- from gold-standard to predicted syntactic trees is

cantly better using syntactic features in Yamadg!early for the LTH scheme), atan averagle 17.8%
annotation. It is not surprising that a syntactically@°Solute loss (Yamada 5.8%; CoNLL 6.8%; Stan-

oriented conversion scheme performs well in thigord 5.5%; LTH 17.8%). _
task. The Stanford scheme resembles LTH in most

The case-sensitive BLEU evaluation of the€SPects, butin p_reposition—noun dependencies it
SMT systems indicates that choice of conversiorarks the preposition as the head rather than the
scheme has no significant impact on overall pernoun. This is an important difference for SRL, be-
formance. The difference to the baseline systenf2USe semantic arguments are often nouns embed-
is significant p < 0.01), showing that the re- dedin prep05|t|onal phrases, like agents in passive
ordering model leads to improvement using anyconstructions. It may also be that the difference

of the schemes. Differences between schemes alfé Performance is simply explained by the syntac-
insignificant. The reason probably is that |0ng_tIC analysis of prepositional phrases being easier

distance differences between the schemes are calf-réconstruct. .
celled out by parser bias. However, the conversion 1hesentence compressioresults are generally
schemes lead to very different translations. Thignuch better than the models proposed in Knight
can be seen, for example, by the fact that the (nor@"d Marcu (2002). Their noisy channel model ob-
malized) string edit distance between translationd2ins ank’ compression score of 14.58%, whereas
of different syntactically informed SMT systems e d?C'S'O” tree-based model. obtainsFarcom-
is 12% higher than within each system (across difPression score of 31.71%. Whifg scores should
ferent MERT optimizations). be complemented by human judgements, as there
The reordering approach puts a lot of weight2'€ typically many good sentence compressions of
on the syntactic dependency relations. As a condny Source sentence, we believe that error reduc-
sequence, the number of relation types used itjons of more than 50% indicate that the models

the conversion schemes proves important. CoriSed here (though previously unexplored in the it-
sider the example in Figure 4. German requireserature) are fully competitive with state-of-the-art

the verb in second position (V2), which is picked Models. . _

up by the Stanford and LTH systems. Interest- We also see that the models using syntactic
ingly, the four schemes produce virtually identi- features perform better t.han our baseline model,
cal structures for the source sentence, but they difXCept for the model using CoNLL dependency
fer in their labeling. Where CoNLL and Yamada @nnotation.  This may be surprising to some,
use the same relation for the first two constituent$ince distributional information is often consid-

(ADV and vMOD, respectively), Stanford and ered important in sentence compression (Knight
LTH distinguish between them (ADVMOD/PREP and Marcu, 2002). Some output examples are
and ADV/LOC). This distinction may be what en- Presented in Figure 5. Unsurprisingly, it is seen
ables learning V2 translations, since the modefhat the baseline model produces grammatically
may learn to move the verb after the sentence adcorrect output, and that most of our syntactic
verbial. In the other schemes, sentence adverbia!%‘o‘_j":‘IS correct the error leading to ungrammat-
are not distinguished from locational adverbials.ic@lity. The model using Stanford annotation is

Generally, Stanford and LTH have more than twice®" €xception.  We also see that CoNLL intro-
as many relation types as the other schemes. duces another error. We believe that this is due

The schemes Stanford and LTH lead to betl0 the way the CoNLL tree-to-dependency conver-
ter SRL performance than CoNLL and Yamada SI0n scheme handles coordination. While the word
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We also note that the number of dependency la-
= nes bels have less impact on results in general than
we would have expected. The number of depen-
dency labels and the lack of support for some of
them may explain the drop with predicted syntac-
tic parses in our SRL results, but generally we ob-
tain our best results with Yamada and LTH anno-
” H tations, which have 12 and 41 dependency labels,

o vm!o_‘n cccoIO_R‘DD.E; G GAP 108) LGSN on!] g mow{u‘ RN PRT a!]w ) \!]vr!]n respectlvely

Figure 7: Distributions of dependency labels in the6 Discussion and conclusion

Yamada-Matsumoto scheme In our experiments we made several observations.

i i i ) Available tree-to-dependency conversion schemes
Swederis not coordinated, it 0CCUrS in a CONtext, o yery different, On the other hand we saw that
surrounded by commas, that is very similar to COy,5y of the non-local differences between conver-
ordinated items. sion schemes are not learned by state-of-the-art

In perspective classificatiorwe see that syn- parsers, making parser output across conversion

tactic features based on Yamada and LTH arm()tas'chemes less different from gold annotations. This

tlons_ lead to improvements, with Yamada Iead'ng:suggests that only more local differences are im-
to slightly better results than LTH. The fact that a ortant for downstream performance, which may

syntactically oriented conversion scheme leads t Iso explain the small differences observed in our
the best results may reflect that perspective clasyy,t experiments

sification, like authorship attribution, is less about

°°”tef‘t than stylistics. (Schwartz et al., 2012), second to Yamada, down-

While LTH seems to lead to the.overall beststream performance suggest that it is a subopti-
results, we stress the fact that the five tasks COMNmal conversion scheme. The Yamada scheme is
;ldered'her{a arﬁ mcoanensuraIiJIe. erwat IS MOMBoth very learnable (1st), leads to very good down-
Interesting Is that, task to task, results are SQtream performance (1st or 2nd in 4/5 downstream

dlfI]erent. The fse(rjnantécally olrler;ced Choméers'onapplications), and it has low derivational perplex-
SC emes, Stanfor .an LTH ead to the best re’Tty. We have argued that this is a better metric for
sults in SRL, but with a significant drop for LTH

. . X performance robustness than learnability.

when relying on predlctfeq parses, while the Ya- \ 5o that our results extend beyond dependency
mada scheme is competitive in the other fourtasksparsing lvanova et al. (2012) show that con-

This may be begause dlstrlbkutltr)]nal.|nformat|on 'Sverted dependency structures bear similarities to
more important in these tasks than in SRL. both Stanford dependencies and DELPH-IN syn-

lThe Idlstrlbgltlon of depentlj_en(_:y IabEIs fff?mﬁactic derivation structures, but they are not ex-
relatively stable across applications, but di er'plicit about what conversion scheme was used.

enc;asi in da’;ad'rfr;ay of coursg also affect :]he In future work we would like to combine the
usefulness of different annotations. Note t atdifferent methodologies discussed here to be able

()loNLL Igadztc;very ?O?d results for ”ega“on r‘]?S'to learn robust annotation for given end applica-
olution, but bad results for SRL. See Figure 7 for; o 1o optimize end performance.
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