Semi-supervised dependency parsing using generalized-triaining

Anders Sggaard and Christian Rishgj
Center for Language Technology
University of Copenhagen
{soegaard|crj ensen}@um ku. dk

Abstract Ensemble-based methods have attracted a lot of
attention in dependency parsing recently (Sagae
and Lavie, 2006; Hall et al., 2007; Nivre and
McDonald, 2008; Martins et al., 2008; Fishel
and Nivre, 2009; Surdeanu and Manning, 2010).
Nivre and McDonald (2008) were first to intro-
duce stacking in the context of dependency pars-

Martins et al. (2008) presented what to
the best of our knowledge still ranks as
the best overall result on the CONLL-
X Shared Task datasets. The paper
shows how triads of stacked dependency
parsers described in Martins et al. (2008)
can label unlabeled data for each otherin "9

a way similar to co-training and produce Semi-supervised learning is typically moti-
end parsers that are significantly better vated by data sparseness. For many classifi-
than any of the stacked input parsers. cation tasks in natural language processing, la-
We evaluate our system on five datasets Peled data can be in short supply but unla-

from the CONLL-X Shared Task and ob- beled data is more readily available. Semi-
tain 10-20% error reductions, incl. the supervised methods exploit unlabeled data in ad-

best reported results on four of them. dition to labeled data to improve performance
We compare our approach to other semi- O classification tasks. If the predictions of a

supervised learning algorithms. learner! on unlabeled data are used to improve
) a learnerl’ in semi-supervised learning, the ro-
1 Introduction bustness of learning will depend on the stabil-

Semi-supervised learning of structured variablddy of /. Combining ensemble-based and semi-
is a difficult problem that has received considSupervised methods may thus lead to more ro-
erable attention recently, but most results haist semi-supervised learning.
been negative (Abney, 2008). This paper usesEnsemble-based and semi-supervised meth-
stacked learning (Wolpert, 1992) to reduce strucds are some of the areas that receive most at-
tured variables, i.e. dependency graphs, to multention in machine learning today, but relatively
nomial variables, i.e. attachment and labelinliijtle attention has been given tmmbiningthese
decisions, which are easier to manage in senmiethods (Zhou, 2009). Semi-supervised learn-
supervised learning scenarios, and which camg algorithms can be categorized with respect
later be combined into dependency trees usibg the number of views, i.e. the number of fea-
parsing algorithms for arc-factored dependendyre sets, and the number of learners used to in-
parsing. Our approach thus combines ensembferm each other (Hady and Schwenker, 2008).
based methods and semi-supervised learning. Self-training and expectation maximization are
Ensemble-based methods such as stacksefhaps the best known semi-supervised learn-
learning are used to reduce the instability of clagag algorithms (Abney, 2008). They are both
sifiers, to average out their errors and to consingle-view and single-learner algorithms. Since
bine the strengths of diverse learning algorithmghere is thus only a single perspective on data,
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selecting unlabeled data points with predictionsacted a lot of attention recently (Koo et al.,
is a difficult task. There is an imminent dange2008; Wang et al., 2008; Suzuki et al., 2009),
that the learner amplifies its previous mistakebut there has, to the best of our knowledge, been
and while several technigues such as balancing previous attempts to apply tri-training or re-
and throttling have been developed to avoid sutted combinations of ensemble-based and semi-
caveats, using single-view and single-learner aupervised methods to any of these tasks, ex-
gorithms often requires both caution and expercept for the work of Sagae and Tsuijii (2007)
ence with the modeling task at hand. discussed in Sect. 2.6. However, tri-training

Algorithms with multiple views on data arehas been applied to Chinese chunking (Chen et
known to be more robust. This insight led to thal-» 2006), question classification (Nguyen et al.,
development of co-training (Blum and Mitchell,2008) and POS tagging (Sggaard, 2010).

1998), a two-view method where views inform \We compare generalized tri-training to other
each other, but it also paved the way for the int&&mi-supervised learning algorithms, incl. self-
gration of ensemble-based and semi-supervisé@ining, the original tri-training algorithm based
methods, i.e. for methods with multiple learner®n bootstrap samples (Li and Zhou, 2005),
It was mentioned that relatively little work hasco-forests (Li and Zhou, 2007) and semi-

been devoted to this topic, but there are notabklpervised support vector machines (Sindhwani
exceptions: and Keerthi, 2006).

Sect. 2 introduces dependency parsing and

Bennett et al. (2003) generalized boosting to } M
acked learning. Stacked learning is general-

semi-supervised learning in a seminal papeﬁ1

where the idea of iterative or recursive ensemblézsed to dependency parsing, and previous work is

was also introduced. Li and Zhou (2005) introbrieﬂy surveyed. We then describe how stacke_d
ducetri-training, a form of co-training that trains dependency parsers -c_an be further stacked _as n-
an ensemble of three learners on labeled data for two end classifiers that can be combined
runs them on unlabeled data. If two learnef® produce dependency structures. These two
agree on their labeling of a data point, the dapiassifiers will learn multinomial variables (at-
point is added to the labeled data of the thirIEf‘ghlmgndt and I?jbellr;gt)) flrodmda compmatlon of
learner with the prediction of the first two. Di- abele ata_an | uniabele ata using a gener-
daci and Roli (2006) extend self-training and COa_\llzatlon of tri-training. Sect. 3 describes our ex-

training to multiple learners. Liand Zhou (2007f)her|melntt)s.l \évg describe the da:jta sets, and how
generalize tri-training to larger ensembles of rafne Uniabeled data was prepared. Sect. 4 presents

dom trees. The technique is also known as cgur results. Sect. 5 presents an error analysis and

forests. Hady and Schwenker (2008) generrﬂjscgsses the results in light of other results in
ize existing ensemble-based methods for senfii€ literature, and Sect. 6 concludes the paper.

supervised learning scenarios; in particular theé/
embed ensembles in a form of co-training that IS
shown to maintain the diversity of the ensemblg.1 Dependency parsing
over time. Milidiu and Duarte (2009) generaliz
boosting at start to semi-supervised learning.

Background and related work

‘?Dependency parsing models a sentence as a tree
where words are vertices and grammatical func-
This paper applies a generalization of trijons are directed edges (dependencies). Each
training to two classification problems, attachyord thus has a single incoming edge, except
ment and labeling. The attachment classifiergne called the root of the tree. Dependency pars-
weights are used for arc-factored dependengyy js thus a structured prediction problem with
parsing, and the labeling classifier's weights akgees as structured variables. Each sentence has
then used to label the dependency tree de”VeFSonnentially many possible dependency trees.
by the parser. Our observed variables are sentences with words
Semi-supervised dependency parsing has &tbeled with part-of-speech tags. The task for
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each sentence is to find the dependency tree thaltParser (Nivre et al., 2007) could be im-
maximizes an objective function which in oumproved by stacking each parser on the predic-
case is learned from a combination of labeletibns of the other. Martins et al. (2008) general-

and unlabeled data. ized their work, considering more combinations
More formally, a dependency tree for af parsers, and stacking the end parsers on non-
sentencex = wi,...,w, iS a treeT = local features from the predictions of the input

({0,1,...,n}, A) with A C V x V the set of parser, e.g. siblings and grand-parents. In this
dependency arcs. Each vertex correspondswork we use three stacked dependency parsers
a word in the sentence, except O which is ther each language: mst2;(), malt/mst2 f,) and
root vertex, i.e. for anyi < n (i,0) ¢ A. malt/mstl p3).
Since a dependency tree is a tree it is acyclic. The notation "malt/mst2” means that the
A tree is projective if every vertex has a continusecond-order MSTParser has been stacked on the
ous projection, i.e. if and only if for every arcMaltParser. The capital letters refer to feature
(i,7) € Aand nodek € V,if i < k < j configurations. Configuration D stacks a level 1
or j < k < i then there is a subset of arcparser on several (non-local) features of the pre-
{(i,11), (i1,12), ..., (ik—1,9%)} € A such that dictions of the level 0 parser (along with the in-
i = k. put features): the predicted edge, siblings, grand
In this paper we use a maximum spanning trggarents and predicted head of candidate modifier
algorithm, the so-called Chu-Liu-Edmonds algaf predicted edge is 0. Configuration E stacks
rithm (CLE) (Edmonds, 1967) to turn the prea level 1 parser on the features in configuration
dictions of our semi-supervised classifiers into@ and all the predicted children of the candi-
dependency tree. date head. The chosen parser configurations are
_ those that performed best in Martins et al. (2008)
2.2 Stacked leamning across the different datasets.
Stacked generalization, or simpdyacking was , _
first proposed by Wolpert (1992). Stacking is aA-4 Stacking stacked dependency parsing
ensemble-based learning method where multipldie input features of the input classifiers in
weak classifiers are combined in a strong ersflacked learningc can of course be removed
classifier. The idea is to train the end classifidrom the input of the end classifier. It is also
directly on the predictions of the input classifiergoossible to stack stacked classifiers. This leaves
Say each input classifier; with 1 < i < us with four strategies for recursive stacking;
n receives an inpuk and outputs a predictionnamely to constantly augment the feature set,
¢i(x). The end classifier then takes as inputith leveln classifiers trained on the predictions

(x,c1(x),-..,cn(x)) and outputs a final predic- of the classifiers at alt — 1 lower levels with or
tion co((x, ¢1(x), ..., cn(x))). Training is done without the input features, or simply to train a
by cross-validation. In sum, stacking is trainindevel n classifier on the predictions of the level
a classifier on the output of classifiers. n — 1 classifiers with or withouk.

_ In this work we stack stacked dependency
2.3 Stacked dependency parsing parsers by training classifiers on the output of

Stacked learning can be generalized to structurtidee stacked dependency parsers and POS tags.
prediction tasks such as dependency parsing. AZonsequently, we use one of the features fsom
chitectures for stacking dependency parsers tyfpNote that we train classifiers and not parsers on
cally only use one input parser, but otherwise thbis new level 2.
intuition is the same: the input parser is used to The reduction is done the following way: First
augment the dependency structures that the emd train a classifier on the relative distance from
parser is trained and evaluated on. a word to its head to induce attachments. For
Nivre and McDonald (2008) first showed howexample, we may obtain the following features
the MSTParser (McDonald et al., 2005) and thigom the predictions of our level 1 parsers:
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label | p1 p» ps POS 1: for i € {1..3} do

1 1 -1 1 NNP . . : : .
0 O 0 0 VBD 2. ¢ < train_classifier(l;, L)
3: end for

In the second row all input parserg;_3 in 4: repeat
columnsaa 2—4, agree that the verb is the root Oé for i € {1..3} do
the sentence. Column 1 tells us that this is cor-

_ 6: for x € U do
rect. In the first row, two out of three parsers .. Li 0
agree on attaching the noun to the verb, which,. if ¢;(2) = e (2)(j, k # i) then
again is correct. We train level 2 classifiers on,, iz &L U (e ()
feature vectors produced this way. Note that Ot end if Y
acle performance of the ensemble is no uppet. end for
bound on the accuracy of a classifier trained op,. ¢ train_classifier(li, LU L;)
level 1 predictions this way, since a classifief,. o4 for

may learn the right decision from three wrongl4; until stopping criterion is met
predictions and a POS tag. 15: applyc,

Second we train a classifier to predict depen-
dency relations. Our feature vectors are similar Figure 1: Generalized tri-training.
to the ones just described, but now contain de-
pendency label predictions, e.qg.:

label | p1 P2 P3 POS sifiers are identical, tri-training degenerates to

SBJ | SBJ SBJ SBJ NN self-training As already mentioned, Li and

ROOT | ROOT  ROOT  COORD VBN Zhou (2005) obtain this diversity by training
2.5 Generalized tri-training classifiers on bootstrap samples. In their exper-

iments, they consider classifiers based on deci-

Zhou (2005). The method involves three learnereo" trees, BP neural networks and naive Bayes

that inform each other. mferen.ce. _ o
Let L denote the labeled data arid the In this paper we generalize the tri-training al-

unlabeled data. Assume that three classified@"thm and use three different leaming algo-
¢1, ¢y, ¢3 have been trained of. In the origi- rl_thms_ rather F_han bootstrap _samples to create
nal algorithm, the three classifiers are obtaingllVersity: a naive Bayes algorithm (no smooth-
by applying the same learning algorithm to threlfd). random forests (Breiman, 2001) (with 100
bootstrap samples of the labeled data; but in ge?Pruned decision trees) and an algorithm that
eralized algorithms, three different learning afhduces unpruned decision trees. The overall al-

gorithms are used. An unlabeled datapoint gorithm is sketched in Figure 1 witha learning

U is labeled for a classifier, say, if the other algorithm.'
two classifiers agree on its label, i®.andcs. Our weights are those of the random forest

Two classifiers inform the third. If the two clas-classifier after a fixed number of rounds. The
sifiers agree on a labeling, we assume there i@ttachment clagsifier iterates once over the unla-
good chance that they are right. In the origianeIed data, while the dependency relations clas-
algorithm, learning stops when the classifiers rﬁgfi_er uses three iterations. The optimal number
longer change; in generalized tri-training, afixe@f iterations could of course be estimated on de-
stopping criterion is used. The three classifieMelopment data instead. Given the weights for an
are combined by voting. Li and Zhou (2005jnput sentence we use CLE to find its most likely
show that under certain conditions the increag¢Pendency tree.
in classification noise rate is compensated by the
amount of newly labeled data points. 26 Related work

The most important condition is that theThis paper uses stacking rather than voting to
three classifiers are diverse. If the three clasenstruct ensembles, but voting has been more

Tri-training was originally introduced in Li and
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widely used in dependency parsing than stackriginal training set. The first parser is retrained
ing. Voting was first introduced in dependencand used to parse the test data. In sum, the au-
parsing in Zeman and Zabokrtsky (2005). Sagdleors do one round of co-training with the fol-
and Lavie (2006) later used weighted voting andwing selection criterion: If the two parsers pro-
reparsing, i.e. using CLE to find the dependen@uce the same dependency structures for a sen-
tree that reflects the maximum number of votetence, the dependency structure is added to the
They also showed that binning the vote ovdabeled data. This criterion is also the selection
part-of-speech tags led to further improvementstiterion in tri-training.

This set-up was adopted by Hall et al. (2007) in _

the best performing system in the CONLL 2008 Experiments

Shared Task. Fishel and Nivre (2009) later %1 Data

perimented with binning the vote on other fea- _
tures with modest improvements. We use five datasets from the CONLL-X Shared
. . , Task (Buchholz and Marsi, 2006)Lemmas and
Semi-supervised dependency parsing has or#}/ . .
: orphological features (FEATS) are ignored,
recently been explored, and failures have been
Since we only add POS and CPOS tags to un-
more frequent than successes. There afe

however, noteable exceptions such as Koo [gtbeled data. For German and Swedish, we
' b se 100,000 sentences from the Leipzig Corpora

Z:' é%%%?)a'mgvggga:;nzl'ngrggﬁ)&zoigum eEollection (Biemann et al., 2007) as unlabeled
' ' data. For Danish, Dutch, and Portuguese we
The semi-supervised methods employed {fse 100,000 sentences from the Europarl cor-

these experiments are very different from MONSys (Koehn, 2005). The data characteristics are

traditional scenarios such as self-training and CBrovided in Figure 2. The unlabeled data were
training. Two approaches (Koo et al., 2008>0s tagged using the freely available SVMTool

Sagae and Gordon, 2009) use clusters obtain@ggmenez and Marquez, 2004) (model 4, left-
from large amounts of unlabeled data to augmeggnt-jeft).

their labeled data by introducing new features,
and two approaches (Wang et al., 2008; Suzuki® Algorithm

al., 2009) combine probability distributions obpynce our data has been prepared, we train the
tained from labeled data with probability distritscked dependency parsers and use them to la-
butions obtained from unlabeled data. bel training data for our classifiers-¢,000 to-

Successes with self-training and co-trainingens), our test data and our unlabeled data. This
are rare, and several authors report negative tfives us three sets of predictions for each of the
sults, e.g. Spreyer and Kuhn (2009). A notehree data sets. Using the features described in
able exception in constituent-based parsing is tct. 2.4 we then construct data for training our
work of McClosky et al. (2006) who show thattwo triads of classifiers (for attachment and de-
self-training is possible if a reranker is used tpendency relations). The entire architecture can
inform the underlying parser. be depicted as in Figure 3.

Sagae and Tsujii (2007) participated in (and We first stack three dependency parsers as
won) the CONLL 2007 Shared Task on dodescribed in Martins et al. (2008). We then
main adaptation. They first trained a maxstack three classifiers on top of these dependency
imum entropy-based transition-based depeRarsers (and POS tags): a naive Bayes classifier,
dency parser on the out-of-domain labeled dagarandom forest, and a decision tree. Finally,
and an SVM-based tranS|t|on-baseq dependencylThe CONLL-X Shared Task consists of 12 datasets,
parser on thereversedout-of-domain labeled but we did not have consistently tokenized unlabeled data

data. The two parsers parse the in-domain | Arabic, Chinese, Japanese, Slovene and Turkish. Mar-
ins et al. (2008) ignore Czech. Our experiment with the

beled data (reverse(_j’ in the case of the SV'\%panish dataset crashed unexpectedly. We will post results
based parser). Identical analyses are added to thehe website as soon as possible.
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| tokens sents tokens/sents POSs DEPRELs

Danish train 94,386 5,190 18.2 24 52
unl (Europarl) | 2,422,144 100,000 24.2 - -
test 5,852 322 18.2 - -

Dutch train 195,069 13,349 14.6 13 26
unl (Europarl) | 2,336,176 100,000 23.4 - -
test 5,585 386 14.5 - -

German train 699,610 39,216 17.8 52 46
unl (LCC) 1,763,281 100,000 17.6 - -
test 5,694 357 15.9 - -

Portuguese train 206,678 9,071 22.3 21 55
unl (Europarl) | 2,882,967 100,000 28.8 - -
test 5,867 288 22.8 - -

Swedish train 191,467 11,042 17.4 37 56
unl (LCC) 1,727,068 100,000 17.3 - -
test 5,656 389 14.5

Figure 2: Characteristics of the data sets.

results to semi-supervised support vector ma-
chines (S3VMs) (Sindhwani and Keerthi, 2006).
nb forests tree Since S3VMs produce binary classifiers, and
one-vs.-many combination would be very time-
consuming, we train a binary classifier that pro-
msta/mst2 . maymstz - malymstl  gyces a probability that any candidate arc is cor-
- ‘ rect and do greedy head selection. We optimized
: the feature set and included a total of seven fea-
mst2 malt mstl tures (head POS, dependent POS, dependent left
neighbor POS, distance+direction, predictions of
Figure 3: Tri-training stacked classifiers. the three classifiers).

tri-training

stacking

stacking

o N 4 Results
we tri-train these three stacked classifiers and for

each test sentence output the weights provid€dir results are presented in Figure 4. Labeled
by the random forest classifier. These weigh{6AS) and unlabeled attachment scores (UAS)
are used to find the best possible dependency tastd labeling accuracy (LA) are defined as usual

using CLE. and include punctuation signs unless otherwise
_ noted. Difference &) in LAS, error reduction
3.3 Baselines andp-value compare our results to the best input
The best of the stacked input parsers is of courstacked parser (malt/mst2, excerpt for Swedish).
our natural baseline. Generalized tri-training (tri-training-CLE),

Since we have generalized tri-training, wee. using CLE to find the best well-formed de-
also compare generalized tri-training to the origegendency trees given the weights provided by
inal tri-training algorithm based on bootstraur tri-trained random forest classifier, leads to
samples. The original tri-training algorithmhighly significant improvements call data sets
is run with the same decomposition and th@ < 0.001) with an average error reduction of
same features as our generalized tri-training dl4,9%. The results for the other semi-supervised
gorithm. We use the learning algorithm origlearning algorithms are presented in Figure 5.
inally used in Li and Zhou (2005), namelyWe only used 10% of the unlabeled data (10k
C4.5. We also compare our results to selsentences) in this experiment and only did un-
training (no pool, no growth rate) and co-forestlabeled parsing, but it is quite evident that these
(Li and Zhou, 2007). Finally, we compare oufearning strategies seem less promising than gen-
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Danish LAS(%) UAS(%) LA(%) | EM(%) | ALAS errred(%) p-value
mst2 84.64 89.11 91.35| 24.84
malt/mst2 86.36 90.50 92.09| 27.64
malt/mstl 86.11 90.23 91.87| 25.78
tri-training-CLE 87.76 92.11 92.87] 27.95 1.40 10.26  <0.0001

tri-training-CLE (excl. pnc.)| 87.54 92.61 91.68
CONLL-X best (excl. pnc.) | 84.79 90.58 89.22
Martins et al. (excl. pnc.) 86.79 - -

Dutch

mst2 80.27 84.32 84.96| 23.32

malt/mst2 81.00 84.58 85.46| 24.35

malt/mstl 80.72 84.17 85.34| 26.17

tri-training-CLE 83.42 88.18 87.82| 28.00 2.42 12.74 <0.0001

tri-training-CLE (excl. pnc.)| 81.73 86.97 86.61
CONLL-X best (excl. pnc.) | 79.19 83.57 83.89
Martins et al. (excl. pnc.) 81.61 - -

German

mst2 87.32 89.88 93.05| 35.85

malt/mst2 88.06 90.53 93.52| 40.06

malt/mstl 88.04 90.50 93.48| 38.10

tri-training-CLE 90.41 93.22 94.61| 43.14 2.35 19.68 <0.0001

tri-training-CLE (excl. pnc.)| 90.30 93.49 93.87
CONLL-X best (excl. pnc.) | 87.34 90.38 92.11
Martins et al. (excl. pnc.) 88.66 - -

Portuguese

mst2 84.83 88.44 92.04| 25.69

malt/mst2 85.39 88.80 92.59| 28.13

malt/mstl 85.00 88.39 92.23| 25.69

tri-training-CLE 88.03 91.89 93.54| 29.86 2.64 18.07 <0.0001

tri-training-CLE (excl. pnc.)| 89.18 93.69 92.43
CONLL-X best (excl. pnc.) | 87.60 91.36 91.54
Martins et al. (excl. pnc.) 88.46 - -

Swedish

mst2 81.82 87.36 87.29| 27.76

malt/mst2 84.42 89.57 88.68| 31.62

malt/mstl 84.74 89.83 89.07| 31.11

tri-training-CLE 86.83 92.04 90.65| 32.65 2.09 13.70 <0.0001

tri-training-CLE (excl. pnc.)| 86.66 92.45 89.58
CONLL-X best (excl. pnc.) | 84.58 89.50 87.39
Martins et al. (excl. pnc.) 85.16 - -

A | | [ 2.18 14.89

Figure 4. Results on CONLL-X datasets. Scoresmeckiding punctuation unless otherwise noted.
A andp-value is difference with respect to best input parser.

UAS malt-mst2 | S3VMs  self-training  orig-tri-training  co-forests  triaining | tri-training[full]
Danish 90.50 90.47 89.68 89.66 88.79 90.60 92.21
Dutch 84.58 85.34 84.06 83.83 83.97 86.07 88.06
German 90.53 90.15 89.83 89.92 88.47 90.81 93.20
Portuguese| 88.80 65.64 87.60 87.62 87.06 89.16 91.87
Swedish 89.83 81.46 89.09 89.20 88.65 90.22 92.24
AV 88.80 82.61 88.05 88.05 87.44 89.37 91.52

Figure 5: Comparison of different semi-supervised leayratgorithms (10% of unlabeled data)
using 2-fold CV and no reparsing, UABcluding punctuation.
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eralized tri-training. reduction in LA is 14.0%. In two-stage depen-
dency parsers or dependency parsers with joint
models, improvements in UAS are typically fol-

Error reductions are higher with dependencid@Wed by comparable improvements in LAS.
to the root node and long distance dependencigs
than with local dependencies. The table below
lists the labeled attachment{scores for the five This paper showed how the stacked depen-
datasets binned on dependency length. The @ency parsers introduced in Martins et al. (2008)
erage error reduction is the same for root depesan be improved by inference from unlabeled
dencies and long distance dependencies (lengkhta. Briefly put, we stack three diverse clas-
>T7), but significantly lower for local dependensifiers on triads of stacked dependency parsers
cies. This seems to indicate that large amountsafd let them label unlabeled data for each
data are necessary for the parser to recover loggher in a co-training-like architecture. Our
distance dependencies. average error reductions in LAS over the best
root 1 2 4-7 >7 of our stacked input parsers is 14.9%; in

Da(F) 9845 96.21 92.09 88.17 90.93 YAS, it is 23.6%. The code is available at
—errred | 41.34 10.69 13.92 1575 21.92

Du(Fy) 8365 9447 88.60 8240 gisa http:/icst.dk/anders/tridep.html.
—errred | 28.39 16.74 20.72 17.00 31.88

Ge(R) 97.33 96.47 94.28 9242 93.94

—errred | 2665 19.77 1746 25253897 Referen

Po(R) 96.23 97.05 95.17 84.80 87.11 elerences

—errred | 2247 1956 24.86 22.56 26.97  Abney, Steven. 2008Semi-supervised learning for

Sw(R) | 96.37 95.67 9346 8842 89.57  computational linguisticsChapman & Hall.
—err.red 3285 1410 15.04 2597 31.50

Averrred| 30.34 16.17 1840 21.31 30.25 peppett, Kristin, Ayhan Demiriz, and Richard
Our results for Danish, Dutch, German and Maclin. 2003. Exploiting unlabeled data in en-
Portuguese are to the best of our knowledge theSemble methods. IKDD.
best reported results in the literature. Zhang afgbmann, Chris, G. Heyer, U. Quasthoff, and
Chan (2009) obtain a LAS of 87.20 for Swedish M. Richter. 2007. The Leipzig corpora collection.
with transition-based parsing based on reinforce- In Corpus Linguistics
ment leaming. They evaluate their system 0J%?Ium, Avrim and Tom Mitchell. 1998. Combining
a S'ubset of the C_ONLL'X datasets and Obt?'n labeled and unlabeled with-co-training. QOLT.
their (by far) best improvement on the Swedish
dataset. They speculate that "the reason mighteiman, Leo. 2001. Random forestMachine
be that [long distance dependencies] are not pop--€a"Ming 45:5-32.

ular in Swedish”. Since our parser is particUgychholz, Sabine and Erwin Marsi. 2006. CONLL-
larly good at long distance dependencies, this X shared task on multilingual dependency parsing.
may also explain why a supervised parser outper-n CONLL
forms our system on this dataset.' Interestlngléhen’ Wenliang, Yujie Zhang, and Hitoshi Isahara.
our unlabeled attachment score is a lot better 2006, Chinese chunking with tri-training learning.
than the one reported by Zhang and Chan (2009),In Computer processing of oriental languages
namely 92.45 compared to 91.84. pages 466—473. Springer, Berlin, Germany.
.Generally, our UASs are better than our !‘As%idaci, Luca and Fabio Roli. 2006. Using co-
Since we separate attachment and labeling outyaining and self-training in semi-supervised mul-
in two independent steps, improvements in UAS tiple classifier systems. I8SPR& SPRpages
and improvements in LA do not necessarily lead 522-530. Springer, Berlin, Germany.
to improvgmgnts in ITAS' While our average erI-Edmonds, J. 1967. Optimum branching®urnal
ror reduction in LAS is 14.9%, our average error of Research of the National Bureau of Standards
reductions in UAS is 23.6%. The average error 71:233-240.

5 Error analysis and discussion

Conclusion
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