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Abstract

This paper dewelopsa generalframework for machine learning based
dependency parsing basedon a pipeline approad, where a task is
decompsedinto sewral sequetiial stages. To overcome the error
accurrulation problem of pipeline models, we propose two natural

principles for pipeline frameworks: (i) make local decisionsas reli-
able as possible,and (ii) reducethe number of sequetial decisions
made. We dewelop an algorithm that provably satis es these princi-

plesand show that the proposedprinciples support seweral algorith-

mic choicesthat improve the dependency parsing accuracy signi -

carntly. We presen state of the art experimental results for English
and seweral other languages*

1 Intro duction

A pipeline processover the decisionsof learnedclassi ersis a commoncom-
putational strategy in natural languageprocessing.In this model a task is
decompsedinto seeral stagesthat are solved sequetially, wherethe com-
putation in the ith stagetypically dependson the outcomeof computations
done in previous stages. For example, a sematic role labeling program
(Punyakanok et al. 2005) may start by using a part-of-speet tagger, then
apply a shallov parserto chunk the serience into phrases,idertify predi-
catesand argumeris and then classify them to types. In fact, any left to
right processingof an English sertence may be viewed as a pipeline com-
putation asit processes token and, potertially, makes use of this result
when processingthe token to the right.

The pipeline model is a standard model of computation in natural lan-
guageprocessingor good reasons.It is basedon the assumptionthat some
decisionsmay be easierto make and that the outcome of earlier decision
may sometimesbe usefulwhen making further decisions.Newertheless,it is
clear that it resultsin error accurnulation and su ers from its inability to
correct mistakesmadein previousstages.Researbershave recenly started
to addresssomeof the disadwantages of this model. Roth & Yih (2004)
suggestsa model in which global constrairts are taken into account in a

1 This paper extendsand uni es our previous works (Chang et al. 2006a,2006b).
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later stageto x mistakes due to the pipeline. Punyakanok et al. (2005)
and Marciniak & Strube (2005) also addresssomeaspects of this problem.
Howe\er, these solutions rely on the fact that all decisionsare made with
respect to the sameinput; speci cally, all classi ersconsideredusethe same
examplesastheir input. In addition, the pipelinesthey study are shallow.

This paper dewelopsa generalframework for decisionsn pipeline models
which addresseghese di culties.  Speci cally, we are interested in deep
pipelinega large number of predictions that are being chained.

A pipeline processis onein which decisionsmade in the ith stage (1)
depend on earlier decisionsand (2) feedon input that dependson earlier
decisions.The latter issueis especially important at evaluation time since,
at training time, a gold standard data set might be usedto avoid this issue.
We dewelop and study the framework in the cortext of a bottom up approach
to dependencyparsing. We suggestthat two principles should guide the
pipeline algorithm dewelopmert:

(i) Make local decisionsasreliable as possible.

(i) Reducethe number of decisionsmade.

Using these as guidelineswe devisean algorithm for dependencyparsing,
prove that it satis es these principles, and shov experimertally that this
improvesthe accuracyof the resulting tree.

Speci cally, our approad is basedon a shift-reducedparsingasin (Ya-
mada & Matsumoto 2003). Our generalframework provides insights that
allow us to improve their algorithm, and to principally justify someof the
algorithmic decisions. Speci cally, the rst principle suggeststo improve
the reliability of the local predictions, which we do by improving the set of
actions taken by the parsing algorithm, and by using a look-aheadseardt.
The secondprinciple is usedto justify the cortrol policy of the parsingalgo-
rithm, namely which edgesto considerat di erent stagesin the algorithm.
We prove that our cortrol policy is optimal in some senseand, overall,
that the decisionswe made guided by theseprinciples lead to a signi cant
improvemern in the accuracyof the resulting parsetree.

1.1 Dependencyparsing and pipeline madels

Dependencytreesprovide a syntactic represemation that encalesfunctional
relationships between words; it is relatively independen of the grammar
theory and can be usedto represen the structure of sertencesin dier-

ernt languages. Dependencystructures are more e cient to parse (Eisner
1996) and are believed to be easierto learn, yet they still capture much of
the predicate-argumen information neededin applications (Haghighi et al.
2005),which is onereasonfor the recen interestin learningthesestructures
(Lin 1994, Eisner 1996, Yamada& Matsumoto 2003,Nivre & Sdolz 2004,
Mcdonald et al. 2005).
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Eisner'swork| O(n?®) parsingtime generative algorithm|em barked the in-
terest in this area. His model, howewer, seemsto be limited when dealing
with complexand long sertences.Mcdonald et al. (2005) build on this work,
and use a global discriminative training approad to improve the edges'
scores,alongwith Eisner'salgorithm, to yield an expectedimprovemer.

A di erent approad wasstudied by Yamada& Matsumoto (2003), that
dewelop a bottom-up approad and learn the parsingdecisionsbetweencon-
secutive words in the sertence. Local actions are usedto generatea depen-
dency tree using a shift-reduce parsing approat (Aho et al. 1986). This
is a true pipeline approad in that the classi ers are trained on individual
decisionsrather than on the overall quality of the parser, and chained to
yield the global structure. Conceptually similar work was done in other
successfuparsers,e.g., (Ratnaparkhi 1997). Clearly, this approad su ers
from the limitations of pipeline processing,sud as accunulation of er-
rors, but newertheless,yields very competitiv e parsingresults. A somewhat
similar approad was usedin (Nivre & Sdolz 2004) to dewlop a hybrid
bottom-up/top-down approad,; there, the edgesare also labeled with se-
marntic types,yielding lower accuracythan the works mertioned above.

The overall goal of dependencyparsing (DP) learning is to infer a tree
structure. An exampleof a dependencytree is shavn in Figure 1.

vl v

John gives me a beautiful puppy

Fig. 1: An exampleof a dependencytree

A common way to do that is to predict with respect to ead potertial
edge(i; j) in the tree, and then choosea global structure that (1) is a tree
and that (2) maximizessomescore. The rst provides a set of structural
constrairts on the resulting structure, and the secondprovidesa principled
way to chooseamong(possiblymany) resulting trees. In the cortext of DPs,
this \edge basedfactorization method" was proposedby (Eisner 1996). In
other cortexts, this is similar to the approad of (Roth & Yih 2004)in that
scoring eaty edgedependsonly on the raw data obsened and not on the
classi cations of other edgesand that global considerationscan be usedto
overwrite the local (edge-based)ecisions.

The keyin a pipelinemodel is that making a decisionwith respectto the
edge(i; ) may gain from taking into accoun decisionsalready made with
respect to neighboring edges.However, giventhat thesedecisionsare noisy,
there is a needto devisepoliciesfor reducingthe number of predictionsin
order to make the parser more robust. This is exempli ed in (Yamada &
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Matsumoto 2003)|a bottom-up approad, that is most related to the work
presened here. Their model is a \traditional" pipeline modella classi er
suggestsa decisionthat, oncetaken, determinesthe next action to be taken
(as well asthe input the next action obsenes).

For many languagessud as English, Chineseand Japanesgwith a few
exceptions),DPs without edgecrossingsgcalled projective degendencytrees
aresu cien t to analyzemost sertences. Even for non-projective languages,
usually the proportion of non-projective edgesis low (Buchholz & Marsi
2006). As is commonin most earlier work on DP, the work descriked here
is also concernedmainly with projective trees. Howewer, we also discuss
an extensionthat dealswith non-projective trees by corverting them into
projective trees (Nivre & Nilsson 2005).

In the rest of this paper, we proposeand justify a framework for im-
proving pipeline processingbasedon the principles mertioned above: (i)
make local decisionsas reliably as possible,and (ii) reducethe number of
decisionsmade. We usethe proposedprinciplesto examinethe (Yamada&
Matsumoto 2003) parsing algorithm and show that the framework suggests
modifying someof the decisionsmade there and, consequetty, results in
better overall dependencytrees. After introducing the task and our general
approad, Section 2 formally de nes the model we consider, the pipeline
dependencyparsing approad and its properties. Our experimertal results
on English are presented in Section3. In Section4 we discussa few exten-
sionsto the model, and experimertal results on other languages.Section5
concludesand discussesomefuture directions.

2 Dependency parsing as a pip eline model

This section descrikes our dependencyparsing algorithm and justi es its
advantagesby viewing and analyzingit asa pipeline model.

De nition 1 For words x;y in a sentene T, we introduce the following
notation:

x ! y: xisthe direct parent of y.

x! y: xisanancestor of y.

x$ y:x! yory! x.

X<y :xistotheleftof yinT.

We now introducethe conceptof a projective language(Nivre 2003):

De nition 2 (Pro jectiv e language)
8a;b;c2 T;a$ banda< c< bimplythata! c¢ or b! vc
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2.1 A pipeline degendencyparsing algorithm

Our parsing algorithm is a modi ed shift-reduce parser (Aho et al. 1986)
that appliesa set of actions (described below) in a left to right manneron
consecutie pairs of words (a;b) (a < b) in a sertence. A madine learning
algorithm is usedto determine what actions (namely, parsing decisions)
to take betweentwo candidate words in the serience, and a tree is thus
constructedin a bottom up manner. The basicactions usedin this model,
asin (Yamada& Matsumoto 2003),are:

Shift: thereis no relation betweena and b, or the action is deferredbecause
the child word of a and bstill hassomeunlinked children. For example,
if ais the parert of band b hasa child to the right of b, we must defer
the action.

Right: bis the parert of a (and a is thus eliminated from further consider-
ation).

Left: aisthe parert of b (and bis thus eliminated from further considera-
tion).

I—
Py
X0

[ [ 2 [ |
a b a b a b

Fig.2: This gur e demonstatesthe basic parsing actions:
L eft, Right and Shift

Thesethree actions areiillustrated in Figure 2. It is important to note that
oneword (the child word) will be eliminated from T after performing L eft
or Right. We remove the child word becausewe already found its parent.

This is a true pipeline approad in that (1) the classi ersare trained on
individual decisionsrather than on the overall quality of the parsetree, and
are chained to yield a global structure; and consequetly, decisionsmade
with respect to a pair of words a ect what pair of words is considerednext
by the algorithm.

In orderto completethe descriptionof the algorithm we needto describe
which edgeto consideroncean action is taken. We descriteit via the notion
of the focus point:

De nition 3 (Focus point) Whenthe algorithm considersthe pair (a;b),
a< b, we call the word a the current “focus point'.

Next we descrike seweral policiesfor determining the focuspoint of the algo-
rithm following an action. We note that, with afew exceptions,determining
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the focus point doesnot a ect the correctnessof the algorithm. It is easy
to show that for (almost) any focus point chosen,if the correct action is
selectedfor the correspnding word pair, the algorithm will evertually yield
the correcttree (but may require multiple cyclesthrough the sertence). In
practice, the actions selectedare noisy, and a wasteful focus point policy
will resultin a large number of actions, and thusin error accunulation. To
minimize the number of actions taken, we want to nd a good focus point
placemen policy.

We always let the focuspoint move oneword to the right after S. After
L or R there are se\eral natural placemen policiesto considerfor the focus
point:

Start Over: Move focuspoint to the rst wordin T.

Stay: Move focus point to be the next word to the right. That is, for
T = (a;b;c), and the focus point is a, an L action resultsin a asthe
focuspoint (and the pair considersa; c), while R action resultsin the
focusbeing b (and the pair considered(b;c)).

Step Back: The focuspoint movesto the previousword (on the left). That
is, for T = (a;b;c), andthe focuspoint is b, in both casesa will bethe
focus point (and the pair consideredare (a;c) in caseof a R action,
and (a;b) in caseofal).

In practice, di erent placemen policieshave a signi cant e ect onthe num-
berytznf pairs consideredby the algorithm and, therefore, on the nal accu-
racy-.

The following analysisjusti es the Step Back policy. We claim that
if Step Back is used, the algorithm will not waste any action. Thus, it
achieves the goal of minimizing the number of actions taken in a pipeline
algorithm. Notice that using this policy, whenL is taken, the pair (a;b) is
reconsideredput with newinformation, sincenow it is known that cis the
child of b. Although this seemswasteful, we will shav in Lemma that this
movemen is necessaryin order to reducethe number of actions.

As mertioned above, eah of thesepoliciesyields the correct tree. Ta-
ble 1 provides an experimertal comparisonof the three policiesin terms of
the number of actions required to build a tree. As a function of the focus
point placemem policy, and usingthe correctaction for eat pair considered,
it shavsthe number of word pairs consideredn the processof generatingall
the treesfor section23 of Penn Treebank. It is clear from Table 1 that the
policiesresult in very di erent number of actions and that Step Back is
the best choice. Note that sincethe actions are the gold-standardactions,

2 Note that Yamada & Matsumoto 2003) mertion that they move the focus point badk
after R, but do not state what they do after executing L actions, and why. Yamada
(p.c. 2006) indicates that they also moved the focus point badk after L.
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Policy # Shift  # Left # Right
Start over 156545 26351 27918
Stay 117819 26351 27918
Stepbadk 43374 26351 27918

Table 1: The numker of actions required to build all the treesfor the
sentenesin section 23 of Penn Treelank (Marcus et al. 1993) asa
function of the focus point placementpolicy. The statistics are taken with
the correct (gold-standad) actions

the policy a ects only the number of S actions used, and not the L and
R actions, which are a direct function of the correct tree. The number of
required actions in the test stage (when the actions taken are basedon a
learned classi er) shavs the sametrend and consequetty the Step Back
also givesthe best dependencyaccuracy The parsing algorithm with this
policy is given Algorithm 1. Note that a good policy should always try to
considera child before consideringits parent to save the number of deci-
sions. As we will show later, the Step Back hasse\eral nice properties to
be consideredas a good policy.

2.2 Correctnessand pipeline properties

We can prove se\eral properties of our algorithm. First we shav that the
algorithm builds the dependencytree in only one passover the serience.
Then, we show that the algorithm doesnot wasteactionsin the sensehat it
never considersa word pair twice in the samesituation. Consequetly, this
showsthat underthe assumptionof a perfectaction predictor, our algorithm
makes the smallest possiblenumber of actions, among all algorithms that
build a tree sequetially in one pass. Finally, we showv that the algorithm
only requireslinear number of actions. Note that this may not be true if
the action classi er is not perfect, and one can cortrive examplesin which
an algorithm that makes seeral passeson a sertence can actually make
fewer actions than a single passalgorithm. In practice, howewer, as our
experimenrtal data shaws, this is unlikely.

The following analysisis made under the assumptionthat the action
classi ers are perfect. While this assumptiondoesnot hold in practice, it
makes the following analysistractable, and still givesa very good insight
into the practical properties of our algorithm, given that, as we shawv the
action classi er is quite accurate,ewen if not perfect.

For example,in Lemma 1, we show that the algorithm requires only
one round to parsea sertence under this assumption. In practice, in the
ewvaluation stage, we allow the parsing algorithm to run multiple rounds.
That is, when the focus point readesthe last word in T, we will setthe
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Algorithm 1 Dependency parsing with Step Back policy. getFeatures
extracts the featuresdescribingthe word pair currently considered;getAc-
tion determinesthe appropriate action for the pair; assignPaent assignsa
parert for the child word basedon the action; and deleteWod deletesthe
child word in T at the focus oncethe action is taken. Note that if other
policies are used, the algorithm needsto setf ocus= 0O after f ocus= T if
the tree is not completed.

t: a word token

focus index into the sertence

focus=1
while focus< jTj do
v = getFeatures(ts ocus; tt ocus+1)
= getAction (tf ocus; tf ocus+1 ; ¥)
if =Lor =R then
aSSignP arent(tf ocus; Uf ocus+1 ; )
deleteWord(T;f ocus; )
/I performing Step Badk here
if focus6 1then focus= focus 1
else
if focus6 1then focus= focus 1
end if
end while

focuspoint at the beginningof the sertenceif the tree is not complete. We
found that over 99% of the sertencescan be parsedin a single round and
that, the average number of rounds neededto parse a serence (average
taken over all sertencesin the test corpus)is 1:01. Therefore, we believe
that the following analysis, done, under the assumption of golden actions
canstill be quite useful.

Lemma 1 For projective languagesthe degndencyparsing algorithm that
usesthe Step Back policy completesthe tree whenit reachesthe end of the
sentene for the rst time. That is, whenthe focus point is at the last word
of T, the algorithm completesthe tree.

Beforeproviding our argumert, it is important to recall that onechild word
will be eliminated from T after performing Left or Right. The Step Back
policy and this elimination procedureare the key points in this lemma.
Note that in Algorithm 1, we use the focus point to choosethe word
pair. Since we move the focus point in the word vector T, we can only
consider\consecutive" pairs in T. Note that the elimination after Left or
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Right will generatenew \consecutive" word pairsin T.

In order to prove the lemma, we needthe following de nition. We call a
pair of words (a;b) a free pair if and only if there is a relation betweena
and b and the algorithm can perform either a L or a R actions on that
pair when it is considered. There are two requiremen so that we can say
that the algorithm can perform either L or R. First, the word pair must
be consecutie in the currertly consideredT. Second,the action can be
perform right now (we do not needto deferit). Formally,

De nition 4 (Free pair) A pair (a;b) consideed by the algorithm is a
free pair, if it satis es all the following conditions:
1.a$ b
2. a, bare consecutivein T (but not necessarilyin the original sentene).
3. If a! b, nootherwordin T is thechild of b. If b! a, no other word
in T is the child of a.

Pro of: It is easyto seethat thereis at leastonefree pair in T, with jTj > 2.
The reasonis that if no sud pair exists, there must be three wordsf a;b;cg
st. a$ ba<c<band:(a! c_b! c¢). Howewr, this violates the
properties of a projective language.

Now assumef c;a; bg are three consecutie words in T. We claim that
whenusing Step Back, the focuspoint is always to the left of all free pairs
in T. This is clearly true when the algorithm starts. Assumethat (a;b)
is the rst free pair in T and let c be just to the left of a and b. Then,
the algorithm will not make a L or R action beforethe focus point meets
(a;b), and will make one of theseactionsthen. It's possiblethat (c;a_ b)
becomesa free pair after removing a or bin T sowe needto move the focus
point badk. Howewer, we also know that there is no free pair to the left of
c. Therefore, during the algorithm, the focus point will always remain to
the left of all free pairs. So, whenwe read the end of the serience, ewvery
free pair in the sentence has beentaken care of, and the sertence hasbeen
completely parsed. 2

Lemma 2 All actions made by a depgendencyparsing algorithm that uses
the Step Back policy are necessary. Speci ¢ ally, a pair (a;b) will never be
considered again unlessthere is an additional child linked to a or h.

Pro of: Note that if R or L is taken, either a or bwill becomea child word
and be eliminated from further considerationsby the algorithm. Therefore,
if the action taken on (a;b) is R or L, this pair of words will newer be
consideredagain.

If Sistaken,it is possibleto considerthe word pair (a;b) again. From
Lemmal, the algorithm will completethe tree in oneround and a pair (a;b)
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will be consideredagainonly if the focuspoint \steps bad". Therefore,we
considertwo caseshere. First, if the next action followed S is L, bwill geta
new child and the algorithm will step badk and consider(a;b) again. Since
b gets new information, it is reasonableto ched (a;b) againto seeif the
algorithm canrecover the deferredaction or not. Second,if the next action
followed S is R, bwill be eliminated from T and (a;b) will not be considered
again. 2

The next lemma claims a stronger property: the algorithm requiresonly
O(n) actions, wheren is the length of the input sertence.

Lemma 3 For a sentene T of size n, the numker of actions usal by a
dependencyparsing algorithm with the Step Back policy is bounded by 3n.

Pro of: In order to calculatethe number of actions, we considerthe number
of word pairs processeddy the algorithms, taking into accourt word pairs
that may be processedmultiple times. At the beginning of the algorithm,
the algorithm only hasn 1 word pairs sinceit can only considertwo
consecutie words. Every time the algorithm performsan action other than
S, somewords will be eliminated and new word pairs will be generated.
Furthermore, sincea word gets new information (a new child), someword
pairs may be consideredagain.

From Lemma 2, we know that a word pair will be consideredagainonly
if oneof the words hasa new child connectedto it. Therefore,we only need
to calculate the number of newly generatedword pairs and the number of
word pairs neededto be reconsidered.

Assume,w.l.0.g, that there are four words (a; b;c;d) and the focuspoint
is at b, that is, the algorithm is considering(b;c). If the algorithm performs
R, b becomesc's child and (a;c) becomesa new word pair. We also need
to consider(c;d) (again, if we consideredit before) sincenow ¢ gets more
information. Similarly, if L is performed,we needto reconsider(a; b) for the
new information and examinethe newword pair (b;d). In conclusion,after
performing every L or R action we may needto (re)considertwo additional
word pairs.

Let m be the total number of word pairs which are neededto be consid-
ered. The previousdiscussionshows that we have:

m n 1+2+2r
wherel and r arethe number of L and R actionstaken, respectively. Note

that [+ r n 1sincethe serencehasonly n words. Therefore,m  3n
and the total number of actionsis boundedby 3n. 2
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2.3 Improving the parsing action set

Sofar we consideredthe \standard" set of three actions. While the L and
R actions have a clear meaning, the S action covers se\eral cases. When
we use madine learning techniquesto learn when to perform ead action,
this may result in an inaccurate decisionwith respect to this action. In
order to improve the accuracy of the action predictors, we suggesta new
(hierarchical) set of actions: Shift, Left, Right, WaitLeft, WaitRight. We
beliewe that predicting theseis easierdueto ner granularity { the S action
is broken into sub-actionsin a natural way. The new actions have the
following semarnics:
W aitLeft: a< b aisthe parent of b, but it's possiblethat bis a parert of
other nodes. Action is deferred. Notice that if we mistakenly perform
L eft instead, the child of bcannot nd its parerts later.
W aitRight: a< b. bis the parert of a, but it's possiblethat a is a parert
of other nodes. Similar to WL , action is deferred.

Consequetly, we also change the meaning of the action S to take e ect
only if there is no relationship betweena and b*. The new set of actions
is showvn to better support our parsing algorithm, when tested on di erent
placemen policies. When W aitL eft or W aitRight is performed, the focus
will move to the next word, asin S.

It is interesting to note that W aitRight is not neededin projective lan-
guagesf Step Back is used. This givesanother strong justi cation to use
Step Back, sincethe action classi cation becomesamore accuratela more
natural classof actions, with a smaller number of candidate actions. We
show this property formally below.

Lemma 4 If weapplythe algorithm on projective languagesthe WaitRight
action is not necessaryif the algorithm usesStep Back policy.

Pro of: Assumew.l.o.g. that the target serience is (a;b;c) with b as the
focusword, and that the algorithm needsto perform W aitRight. That it, c
is the parent of band bis the parert of other words (for example,a). This
implies that there is a free pair to the left of the focus point, cortradicting
Lemma 1. Note that Lemma 1 still holds since W aitRight and W aitL eft
behave as Shift. Therefore,the algorithm never needsto usethe W aitR ight
action. 2

2.4 Improving the actions' accuracy: A pipeline model with look ahead

Oncethe parsingalgorithm, alongwith the focuspoint policy, is determined,
it only remainsto determinea way to choosean action. We do this using

3 Interestingly, Yamada & Matsumoto (2003) mertion the possibility of an additional
single W ait action, but it is not addedit to the model consideredthere.
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a madine learning algorithm. Given an annotated corpus we use of the
parsingalgorithm to determinethe action neededfor eat consecutie pair;
this is usedto train a classi er to predict one of the possibleactions. The
details of the classi er and the feature usedare given in Section3.

When the learned model is evaluated on new data, the sertenceis pro-
cessedeft to right and the parsing algorithm, along with the action clas-
sier, are usedto produce the dependencytree. The parsing processis
somewhatmore involved, since the action classi er is not usedas is, but
rather via a look aheadinferencestep descriked next.

The advantage of a pipeline model is that it can usemore information,
basedon the outcomesof previous predictions. As discussedearlier, this
may result in error accunulation. The importance of having a reliable
action predictor in a pipeline model motivates the following approad. We
devisea look aheadalgorithm and use this policy as a way to determine
the predicted action more accurately This approad can be usedin any
pipeline model but we illustrate it below in the cortext of our dependency
parser.

The following exampleillustrates a situation in which an early mistakein
predicting an action causesa chain reaction and resultsin further mistakes.
This stresseghe importance of correct early decisions,and motivates our
look aheadpoalicy.

""""""""" v
v

Fig. 3: Top: correct degendencyrelations between w, x, y and z. Bottom:
if the algorithm mistakenly decidesthat x is a child of w before deciding
that y and z are x's children, we cannot nd the correct parent for y and z

Let (w;X;y;z) be a sertence of four words, and assumethat the correct
dependencyrelations are as shown in the top part of Figure 3. If the sys-
tem mistakenly predicts that x is a child of w beforey and z becomesx's
children, we can only considerthe relationship betweenw andy in the next
stage. Consequetly, we will never nd the correct parert for y and z. The
previous prediction error propagatesand impacts future predictions. On
the other hand, if the algorithm makes a correct prediction, in the next
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Algorithm 2 Look aheadalgorithm. y represets an action sequenceThe
function search considersall possibleaction sequencesvith jdepth actions
and returns the sequenceavith the highestscore.

Algo predictAction(Model, Depth, State)

X = getNextFeature(State)

y = sarch(x, Depth Model, State)

lab = y[1]

State = update(State lab)

return lab

Algo serch(x, Depth, Model, State)
maxSore = 1
F = fy j kyk = Depthg
for y in F do
s = 0, TmpState = State
for i=1:::Depthdo
X = getNextFeature(TmpState)
s = s+ scoref[i], x, Model)
TmpState = update(TmpState y[i])
end for
if s> maxSore then
y=y
maxSore = s
end if
end for
return ¢

stage,we do not needto considerw andy. As shown, getting usefulrather
than misleadinginformation in a pipeline model, requirescorrect early pre-
dictions. Therefore, it is advisedto utilize someinferenceframework that
may help minimizing the error accurrulation problem.

In order to improve the accuracy of the action prediction, we might
want to examineall possiblecombinations of action sequencesnd choose
the one that maximizes somescore. It is clearly intractable to nd the
global optimal prediction sequencesn a pipeline model of the depth we
consider. Therefore,we usea look aheadstrategy, implemerted via a local
seard framework, which usesadditional information but is still tractable.

The look-aheadseard algorithm is presertied in Algorithm 2. The al-
gorithm acceptsthree parameters,Model, Depth and State:

Model: is our learning model|the classi er that is usedto predict the ac-
tion. We assumea classi er that cangive a con dencein its prediction
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(seeSection3).
Depth: The parameterDepth determinesthe depth of the seart procedure.

State: encalesthe con guration of the ervironmernt (in the cortext of the
dependencyparsingthis includesthe sertence, the focuspoint andthe
current parert and children for eat word). Note that State changes
when a prediction is made and that the features extracted for the
action classi er alsodepend on State

The seart algorithm will performa seard of length Depth. Additiv e scoring
is usedto scorethe sequenceandthe rst action in this sequencas selected
and performed. Then, the Stateis updated, the new featuresfor the action
classi ers are computed and search is called again.

One interesting property of this framework is that it allows the use of
future information in addition to past information. The pipeline model
naturally allows accesgo all the pastinformation. Sincethe algorithm uses
a look aheadpolicy, it alsousesfuture predictions. The signi cance of this
becomesclear in Section3. There are se\eral parameters,in addition to
Depth that can be usedto improve the e ciency of the framework. For
example, given that the action predictor is a multi-class classi er, we do
not needto considerall future possibilitiesin orderto determinethe currert
action. In our experimerts, we only considertwo actionswith highestscore
at ead level (which was shovn to produce almost the sameaccuracy as
consideringall four actions). Note that our look aheadseart is a local
seart sothe depth is usually small. Furthermore, we can keepa cade of
the seard paths of the look-aheadseart for the i-th action. Thesepaths
can be reusedin the look-aheadseart for the (i + 1)-th action. Therefore,
our look aheadseart is not very expensie.

3 Exp erimen tal study

In this section, we descrile a set of experimerts done to investigate the
properties of our algorithm and evaluate it. All the experimenrts here were
doneon English. Resultson other languagesare descriked in Section4.

We usethe standard corpusfor this task, the Penn Treebank(Marcus
et al. 1993). The training set consistsof sections02 to 21 and the test set
is section23. The pos tags for the evaluation data setswere provided by
the tagger of (Toutanova et al. 2003) (which has an accuracyof 97:2% on
section23 of the Penn Treebank).
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3.1 Learning algorithm

As our learning algorithm we usea regularizedvariation of the perceptron
update rule, asincorporated in SNoW (Roth 1998,Carlsonet al. 1999}, a
multi-class classi er that is tailored for large scalelearning tasks and has
beenusedsuccessfullyin a large number of NLP tasks, e.g., (Punyakanok
et al. 2005). SNoW usessoftmax over the raw activation valuesasits con-
dence measure,which can be shavn to produce a reliable approximation
of the labels' conditional probabilities. The softmax scorecan be written
asfollows:

€3Cliab
score(x; lab) = p; = 137eact
1in '

where act, meansthe normalized activation value for i-th classof feature
vector X. The activation value is directly comefrom our madine learning
model.

3.2 Features

For ea word pair (wy;w,) we usethe words, their pos tags and alsothese
featuresof the children of w; and w,. We alsoinclude the lexicon and pos
tags of 2 words before w; and 4 words after w, (as in (Yamada & Mat-
sumoto 2003)). The key additional feature we use, relative to (Yamada &
Matsumoto 2003),is that we include the previouspredicted action asa fea-
ture. We also add conjunctions of above featuresto ensureexpressieness
of the model. Yamada& Matsumoto (2003) make use of polynomial ker-
nelsof degree2 which is equivalert to using even more conjunctive features
(Cumby & Roth 2003). Overall, the averagenumber of active featuresin
an exampleis about 50.

3.3 Evaluation methalolagy

We usethe sameevaluation metrics asin (Mcdonald et al. 2005). Depen-
dency accuracyis the proportion of non-root words that are assignedthe
correct head. Serience accuracy indicates the fraction of sertencesthat
have a complete correct analysis. We also measurethe root accuracyand
leaf accuracy asin (Yamada & Matsumoto 2003). When evaluating the
result, we excludethe punctuation marks asdonein (Mcdonald et al. 2005)
and (Yamada& Matsumoto 2003). The punctuation include comma,colon,
dot, quotation, and double quotation. All other symbols are scoringtokens.

4 The packagecan be downloadedfrom http://L2R.cs.uiuc.edu/  cogcomp/software.php
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3.4 Results

We rst presen the results of seweral of the experimerts that were in-
tended to help us analyze and understand some of the design decisions
in our pipeline algorithm.

Action set
Evaluation metric w/o WaitLeft w/ WaitL eft
Dependencies 90.27 90.53
Root 90.73 90.76
Sertence 39.28 39.74
Leaf 93.87 93.94

Table 2: The signi cance of the action WaitL eft

To seethe e ect of the additional action, we presein in Table 2 a com-
parison betweena systemthat doesnot have the WaitL eft action (similar
to the Yamada & Matsumoto's (2003) approad) with onethat does. For
a fair comparison,in both caseswe do not usethe look aheadprocedure.
Note that, as stated above, the action WaitRight is newer neededfor our
parsing algorithm. It is clear that adding WaitL eft increaseshe accuracy
signi cantly.

Evaluation metric Depth=1 Depth=2 Depth=3 Depth=4
Dependencies  90.53 90.67 90.69 90.79
Root 90.76 91.51 92.05 92.26

Sertence  39.74 40.23 40.52 40.68
Leaf  93.94 93.96 93.94 93.95

Table 3: The e ect of di er ent Depth settings. Increasing the Depth
usualy improvesthe accuracy

Table 3 investigatesthe e ect of the look ahead,and presens results with
di erent Depth parameters(Depth= 1 means\no seard"), shaving a con-
sistert trend of improvemer.

Table 4 breaks down the results as a function of the sertence length;
it is especially noticeablethat the systemalso performsvery well for long
sertences,another indication for its global performancerobustness.

Sentene length
Evaluation metric <11 11-20 21-30 31-40 > 40
Dependencies 93.4 924 904 904 89.7
Root 96.7 93.7 91.8 898 87.9
Sertence 85.2 56.1 325 16.8 8.7
Leaf 946 947 934 940 933

Table 4: The e ect of sentene length (Depth = 4). Note that our
algorithm performs very wel on long sentenes
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Table 5 shows the results with three settings of the pos tagger. The best
result is, naturally, whenwe usethe gold standard alsoin testing. Howeer,
it is worthwhile noticing that it is better to train with the samepos tagger
available in testing, even if its performanceis somewhatlower.

Sourcesof tags (train-test)
Evaluation metric gold pos pos pos gold gold

Dependencies  90.7 90.8 92.0
Root 92.0 92.3 93.9
Sertence 40.8 40.7 43.6
Leaf 93.8 94.0 95.0

Table 5: Comparing di er ent sources of POS taggingin a pipeline madel.
We use\gold" if true tagsare applied and we use\pos" if tagsare
genented by a trained tagger (Depth= 4 for all exgeriments in this table).
It is better to usethe POS usel in the evaluationalso whentraining

Dependencyparsing systems
Evaluation metric Y&MO03 N&S04 M&C&PO5 Current

Dependencies  90.3 87.3 90.9 90.8
Root 91.6 84.3 94.2 92.3
Sertence  38.4 30.4 37.5 40.7
Leaf 93.5 n/a n/a 94.0

Table 6: Comparison between the current work and other deendency
parsers. Our systemperforms espcially well at the sentene level

Finally, Table 6 comparesthe performancesof se\eral of the state of the
art dependency parsing systemswith ours. When comparing with other
dependencyparsing systemsit is especially worth noticing that our system
givessigni cantly better accuracyon completely parsedseriences.

4 Extensions: Non-pro jectiv e trees and edge labels

Some languagessud as Czet are very dierent from English. In this
section, we addresstwo major di culties one needsto deal with in order
to extend the approat we descriked here to other languages. First, the
dependencygraph in somelanguagesmay have multiple roots. In this case,
we needto refer to the dependencyedgesof a sertence as a dependency
graph. Second,somelanguagesare non-projective . We discussbelov how
to overcomethese two diculties within the approad descrited in this
work. Fortunately, the multi-ro ot problemis not di cult asit might seem.
In fact, the algorithm described earlier can handle multiple roots problem
if the edgesare projective. Assumethe dependencygraph of a sertence
has multiple roots and that the languageis projective. Then, we can view
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the serience as a union of sewral small sertenceswith no dependencies
amongthem, whereead of them hasa single-rated dependencytree. The
algorithm can generate multiple trees by performing Shift between root
words.

In order to deal with crossingedgeswe can use one of two possible
approadies. The rst oneis to introduce someadditional actionsto handle
the long distance relationships. The new actions, along with S, R and
L, could handle most of the non-projective treese cien tly (Attardi 2006).
Another approad is to cornvert non-projective trees into projective ones
(Nivre & Nilsson 2005). In this article, we adopt the secondmethod, as
descriked belonv. Any projective dependencytree can be mapped into a
projective tree by using the Lift operation, which is de ned as follows:

Lift(w; ' wy) = parent(w;) ! wy; wherea! b meansthat ais the
parert of b, and parent is a function which returns the parert word of the
given word.

The procedureis as follows. First, the mapping algorithm examinesif
there is a crossingedgein the currernt tree. If there is a crossingedge, it
will perform repeated Lift operations and replacethis edgeuntil the tree
becomesprojective. Let E be the dependencygraph of a sertence. The
algorithm for corverting E into a projective graph is as follows (Nivre &
Nilsson 2005):

1. If E is projective, exit. Otherwise,

2. Choosethe smallestnon-projective edgee, and

3. Let €’ be the new edgeafter performing Lift on e.

4. letE E feg[ fely. Goto 1.
After we convert ewvery training non-projective sertencein the training data,
we train the model asbefore,on the modi ed data. In the ewvaluation phase,
we directly apply the trained model to predict the dependency resulting in
projective graphs. In this paper, we do not try to recover the information
lost during the mapping procedure.

4.1 Dealing with dependencylakels

It is often desirableto predict alsothe dependencylabel (type) correspnd-
ing to the edgesn the parsetree. Dependencylabelscanbevery informative
and include, in English, labels sud asthe \ob ject" of a verb or the \sub-
ject" of a verb. In this paper, we ewvaluated a simple two-stageframework
to predict the dependencylabels.

We view labeling the type of the dependenciesas a post-task after the
phaseof predicting the head for eat token in the sertence. Thus, it is
a multi-class classi cation task. The number of the dependencytypes for
eat languagecan be found in (Buchholz & Marsi 2006). In the phaseof
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learning dependencytypes, the parert of ead token, which was labeledin
the rst phase,will be usedamongthe features. The predicted actions can
therefore help us to make accuratepredictions of the dependencytypes.

4.2 Experimenting with multilingual dependencyparsing

In this section, we report the result of applying our system, along with

the simple extensionsdescrilked above in conll-x  sharedtask (Buchholz &

Marsi 2006). The target datasetconsistsof data in 12 languagegEnglish is

not included), listed in Table 7. The resourcegrovided for the 12languages
are descrited in (Hajic et al. 2004,Chen et al. 2003,Bohmova et al. 2003,
Kromann 2003, van der Beek et al. 2002, Brants et al. 2002, Kawata &

Bartels 2000, Afonso et al. 2002, Dzeroskiet al. 2006, Civit Torruella &

Mart Anton n 2002, Nilsson et al. 2005, O azer et al. 2003, Atalay et

al. 2003). We apply the techniques earlier in this sectionto extend our

algorithm to on non-projective languagesand to the prediction of both

head words and dependencylabels.

Language UAS LAS
Ours AV SD Ours AV SD
Arabic 76.09 73.48 4.94 60.92 59.94 6.53
Chinese 89.60 84.85 5.99 85.05 78.32 8.82
Czethr 81.78 77.01 6.70 72.88 67.17 8.93
Danish 86.85 84.52 8.97 80.60 78.31 11.34
Dutch 76.25 75.07 5.78 7291 70.73 6.66
German 86.90 82.60 6.73 84.17 78.58 7.51
Japanese 90.77 89.05 5.20 89.07 85.86 7.09
Portuguese 88.60 86.46 4.17 83.99 80.63 5.83
Slovene 80.32 76.53 4.67 69.52 65.16 6.78
Spanish 83.09 77.76 7.81 79.72 7352 8.41
Swedish 89.05 84.21 5.45 82.31 76.44 6.46
Turkish  73.15 69.35 5.51 60.51 55.95 7.71

Table 7: Our resultsare compared with the averlagesores.
UAS=Unlabeled Attachment Sore, LAS=L aleled Attachment Sare,
AV=A veragesare, and SD=standard deviation

We emphasizethat no special languageenhancemen has beenapplied for
any languagein this experimert. We usethe samefeaturesand the same
parametersfor all languages. In the dataset used, somelanguageshave
additional morphologicalinformation. The information is storedin the col-
umn feat. We incorporated the information of feat for the languages
whenit is available. The evaluation presetied hereis done using the script
provided by conll-x and is thus somewhatdi erent from the ewaluation
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usedin Section3. Two kinds of evaluation metrics are usedhere:

number of tokenswith correct headand correct labels
number of tokens

LAS =

and
number of tokenswith correct head

number of tokens

Note that uas is the proportion of tokens with correct head. The only
di erence betweenuas and dependencyaccuracyis that uas doesconsider
root words.

UAS =

4.3 Multilingual results

Table 7 shaws our results on uas and las . Our results are comparedwith

the averagescoreg(av) and the standard deviations (sd) of all the systems
that took part in the sharedtask of conll-x . Our averageuas for 12
languagess 83.54%with the standard deviation 6.01;and 76.80%with the
standard deviation 9.43 for averagelas . Comparing our results to other
systemsthat participated in the tasks (Buchholz & Marsi 2006),our system
performs better than the averageof systemsparticipated in conll-x  for
ewvery language. Perhaps surprising given that no tuning to any specic

langaugewas made.

Method UAS LAS
w/o WaitL eft 87.95 81.48
w/ WaitL eft 88.47 81.82

w/ WaitLeft + searth 89.07 82.31
Table 8: An algorithmic analysison a Swalish dataset(Depth= 3)

To provide somemore understandingin the cortext of other languageswe
shov next somespeci ¢ cases. Table 8 shavs the results on the Swedish
dataset. We comparethree systems. The rst systemusedonly the three
standard actions, without look-aheadsearti. The secondsystemusedthe
improved action set. The best systemusedimproved action set and look-
ahead searti. Thus, we obsene the sametrends as we obsened when
running theseexperimerts on the English dataset.

5 Conclusions and further work

We have addressedthe problem of using learned classi ers in a pipeline
fashion,wherea task is decompsedinto se\eral stagesand stageclassi ers
are usedsequetially, with ead stageusing the outcomeof previous stages
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asits input. This is a commoncomputational strategy in natural language
processingand is known to su er from error accunulation and an inability
to correct mistakesin previousstages.

We abstracted two natural principles, one which calls for making the
local classi ers usedin the computation more reliable and a second,which
suggestgo devisethe pipeline algorithm in sud a way that minimizesthe
number of decisions(actions) made.

In this work we studied this framework in the context of designinga

bottom up dependencyparsing. Not only we manageto usethis framework
to justify seweral designdecisions,but we also shaved experimertally that
following theseprinciples results in improving the accuracyof the inferred
treesrelative to existing models.
Interestingly, we can show that the trees produced by our algorithm are
relatively good ewven for long senences, and that our algorithm is doing
especially well whenevaluated globally, at a seriencelevel, whereour results
are signi cantly better than thoseof existing approates|p erhapsshawving
that the designgoalswere achieved.

We also presen the primarily results for the multilingual datasetspro-
vided in the conll-x sharedtask. This shows that dependency parsers
basedon a pipeline approad can handle many di erent languages. Re-
cently, (McDonald & Pereira 2006) proposedusing \second-order" feature
information when applying the Einser's algorithm and a global reranking
algorithm. The proposedmethod outperform (Mcdonald et al. 2005) and
the approad proposedin this paper. Although there is more room for com-
parison, we beliewe the the key advantage there is simply using a better
feature set. Overall, the bottom line from this work, as well as from the
conll-x sharedtaskis that a pipelineapproad is competitive with a global
reranking approad (Buchholz & Marsi 2006).

Beyond enhancingour currert results by introducing more and better
features,we intend to considerincorporating moreinformation sourcege.g.,
shallov parsing results) into the pipeline process,to investigate di erent
seard algorithms in the pipeline framework and to study approades to
predicts dependenciesand their type asa singletask.
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