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Abstract presupposes that there is an existing baseline model with

: - . . reasonable performance. Many of these baseline models
This paper describes an incremental parsing approack?re themselves used with heuristic search techniques, so

where parameters are estimated using a variant of th X : e
perceptron algorithm. A beam-search algorithm is usednat thg potentlal' gan t.hrough the use of dlscrlmlnatlye
during both training and decoding phases of the methoor_e-ranklng techniques is further dependent on effective
The perceptron approach was implemented with th e_?ﬁ?h' | it i ht

same feature set as that of an existing generative model IS paper expiores an alternative approach 1o pars-
(Roark, 2001a), and experimental results show that {0, based on the perceptron training algorithm intro-
gives competitive performance to the generative modeijUC(ad in Collins (2002). In this approach the training

on parsing the Penn treebank. We demonstrate that trail‘?-nd decoding problems are very closely related — the

ing a perceptron model to combine with the generativetra'n'ng method decodes training examples in sequence,
model during search provides a 2.1 percent F-measu
improvement over the generative model alone, to 88.

percent.

nd makes simple corrective updates to the parameters
E§/\/hen errors are made. Thus the main complexity of the
method is isolated to the decoding problem. We describe
an approach that uses an incremental, left-to-right parser,
. with beam search, to find the highest scoring analysis un-
1 Introduction der the model. The same search method is used in both
In statistical approaches to NLP problems such as tagtraining and decoding. We implemented the perceptron
ging or parsing, it seems clear that the representatioapproach with the same feature set as that of an existing
used as input to a learning algorithm is central to the acgenerative model (Roark, 2001a), and show that the per-
curacy of an approach. In an ideal world, the designerceptron model gives performance competitive to that of
of a parser or tagger would be free to choose any feathe generative model on parsing the Penn treebank, thus
tures which might be useful in discriminating good from demonstrating that an unnormalized discriminative pars-
bad structures, without concerns about how the featuresig model can be applied with heuristic search. We also
interact with the problems of training (parameter estima-describe several refinements to the training algorithm,
tion) or decoding (search for the most plausible candidatend demonstrate their impact on convergence properties
under the model). To this end, a number of recently pro-of the method.
posed methods allow a model to incorporate “arbitrary” Finally, we describe training the perceptron model
global features of candidate analyses or parses. Exanwith the negative log probability given by the generative
ples of such techniques are Markov Random Fields (Ratmodel as another feature. This provides the perceptron
naparkhi et al., 1994; Abney, 1997; Della Pietra et al.,algorithm with a better starting point, leading to large
1997; Johnson et al., 1999), and boosting or perceptroimprovements over using either the generative model or
approaches to reranking (Freund et al., 1998; Collinsthe perceptron algorithm in isolation (the hybrid model
2000; Collins and Duffy, 2002). achieves 88.8% f-measure on the WSJ treebank, com-
A drawback of these approaches is that in the genergbared to figures of 86.7% and 86.6% for the separate
case, they can require exhaustive enumeration of the sgenerative and perceptron models). The approach is an
of candidates for each input sentence in both the trainextremely simple method for integrating new features
ing and decoding phasesFor example, Johnson et al. into the generative model: essentially all that is needed
(1999) and Riezler et al. (2002) use all parses generateid a definition of feature-vector representations of entire
by an LFG parser as input to an MRF approach — giverparse trees, and then the existing parsing algorithms can
the level of ambiguity in natural language, this set canbe used for both training and decoding with the models.
presumably become extremely large. Collins (2000) and
Collins and Duffy (2002) rerank the taj parses from 2 The General Framework
an existing generative parser, but this kind of approachn this section we describe a general framework — linear
1Dynamic programming methods (Geman and Johnson, 2002; Laf-rnOdeIS f(-)r NLR — that C-OUId be appI]ed toadiverse ran_ge
ferty et al., 2001) can sometimes be used for both training and decod(—)f tasks, including parsing and tagglng. We then d.esc'rlbe
ing, but this requires fairly strong restrictions on the features in the@ particular method for parameter estimation, which is a
model. generalization of the perceptron algorithm. Finally, we




give an abstract description of an incremental parser, andie may be interested in representations which do not al-
describe how it can be used with the perceptron algolow efficient dynamic programming solutions. One way
rithm. around this problem is to adopt a two-pass approach,
. whereGEN(z) is the topN analyses under some initial
2.1 Linear Models for NLP ) . . model, as in the reranking approach of Collins (2000).
We follow the framework outlined in Collins (2002; |n the current paper we explore alternatives to rerank-
2004). The task is to learn a mapping from inputs X jng approaches, namely heuristic methods for finding the
to outputsy € . For example’ might be a set of sen- 510 max, specifically incremental beam-search strategies
tences, with)’ being a set of possible parse trees. Werelated to the parsers of Roark (2001a) and Ratnaparkhi

assume: (1999)_
« Training examples$z,,y;) fori =1...n. ]
« A function GEN which enumerates a set of candi- 2.2 The Perceptron Algorithm for Parameter

datesGEN(z) for an inputz. Estimation

« A representation® mapping eacliz,y) € X x )Y We now consider the problem of setting the parameters,
to a feature vectob(z, y) € R%. @, given training example&r;, y;). We will briefly re-

« A parameter vectora € R, view the perceptron algorithm, and its convergence prop-
The component&EN, & anda define a mapping from erties_ — see Collins (2002) for a full description. The
an inputz to an output?’(x) through algorithm and theorems are based on the approach to

classification problems described in Freund and Schapire
F(z) =arg max ®(z,y)-a (1)  (1999).
yEGEN(z)

Figure 1 shows the algorithm. Note that the

where®(z,y) -  is the inner produch™, o, ®,(z, ). most complex step of thg method_ is fmdng =
The learning task is to set the parameter valuesing '8 MaX:cGEN(x,) $(2i, 2)-a —and this s precisely the
the training examples as evidence. Tdecoding algo- d_ecodlng problem. Thus the training algorithm is in prin-
rithm is a method for searching for theg max in Eq. 1.~ CiPI€ @ simple part of the parser: any system will need
This framework is general enough to encompass sev& décoding method, and once the decoding algorithm is
eral tasks in NLP. In this paper we are interested in pars|_mplemented the training algorithm is relatively straight-

. . forward.
ing, where(z;, y;), GEN, and® can be defined as fol- i . . .
|O\?VSZ (wis i) We will now give a first theorem regarding the con-

vergence of this algorithm. First, we need the following
e Each training examplér;, y;) is a pair wherer; is  definition:
a sentence, ang is the gold-standard parse for that
sentence. Definition 1 Let GEN(z;) = GEN(xz;) — {y;}. In
e Given an input sentence, GEN(z) is a set of Other wordsGEN(z;) is the set ofncorrectcandidates

possible parses for that sentence. For examplgfor an exampler;. We will say that a training sequence
GEN(z) could be defined as the set of possible (¥i,¥:) fori = 1...n is separable with marginé > 0
parses for: under some context-free grammar, per- if there exists some vectdf with [|U]| = 1 such that

haps a context-free grammar induced from the train-
ing examples. Vi,Vz € GEN(z;), U-®(z;,y:) —U-®(zi,2) =6

. : 2
e The representatiorP(z,y) could track arbitrary Q\UH is the 2-norm olU, i.e., |[U]| = /3=, UZ2.)

features of parse trees. As one example, suppos ) ) .
that there aren rules in a context-free grammar Next, defineN, to be the number of times an error is

(CFG) that define&EN (). Then we could define made by the algorithm in figure 1 —that is, the number of
the i'th component of the representatiob;(z, y), times thatz; # y; for some(t, 1) pair. We can then state
to be the number of times thih context-free rule  the following theorem (see (Collins, 2002) for a proof):
appears in the parse trée, y). This is implicitly

the representation used in probabilistic or WeightedTheorem 1 For any training sequencéz;, y;) that is

separable with marginy, for any value ofT’, then for
CFGs. 2 L
the perceptron algorithm in figure 1
Note that the difficulty of finding therg max in Eq. 1 R2
is dependent on the interactionGEN and®. In many Ne < 52

casesGEN(z) could grow exponentially with the size
of z, making brute force enumeration of the memberswhere R is a constant such thatVi,Vz c

of GEN(z) intractable. For example, a context-free GEN(xz;) ||®(zy, ;) — ®(4, 2)|| < R.

grammar could easily produce an exponentially growing

number of analyses with sentence length. For some rep- This theorem implies that if there is a parameter vec-
resentations, such as the “rule-based” representation désr U which makes zero errors on the training set, then
scribed above, therg max in the set enumerated by the after a finite number of iterations the training algorithm
CFG can be found efficiently, using dynamic program-will converge to parameter values with zero training er-
ming algorithms, without having to explicitly enumer- ror. A crucial point is that the number of mistakes is in-
ate all members oGEN(z). However in many cases dependent of the number of candidates for each example



Inputs: Training example$z;,y;)  Algorithm:

Initialization: Seta =0 Fort=1...T,i=1...n

Output: Parameters Calculatez; = arg max,cgeN(,) ®(2i,2) - &
If(2z; # yi) thena = a + ®(x4,y;) — (24, 24)

Figure 1: A variant of the perceptron algorithm.

(i.e. the size ofGEN(z;) for each:), depending only number of parses, and searching for the highest scor-
on the separation of the training data, where separatioing parsearg maxpc., (») () - &, will be intractable.
is defined above. This is important because in many NLAFor this reason we introduce one additional function,
problemsGEN((z) can be exponential in the size of the FILTER(?), which takes a set of hypothesks and re-
inputs. All of the convergence and generalization resultgurns a much smaller set of “filtered” hypotheses. Typi-
in Collins (2002) depend on notions of separability rathercally, FILTER will calculate the scor@(h) - & for each
than the size o GEN. h € H, and then eliminate partial analyses which have
Two questions come to mind. First, are there guarlow scores under this criterion. For example, a simple
antees for the algorithm if the training data is not sepa-version of FILTER would take the toy highest scoring
rable? Second, performance on a training sample is alinembers of for some constanv. We can then rede-
very well, but what does this guarantee about how wellfine the set of partial analyses as follows (we #zér)
the algorithm generalizes to newly drawn test examples®o denote the set of filtered partial analyses for the first
Freund and Schapire (1999) discuss how the theory fowords of the sentence):
classification problems can be extended to deal with both
of these questions; Collins (2002) describes how these Fo(x) = {(x,0,0)} ,
results apply to NLP problems. Fi(z) = FILTER (Uprez, ,()ADV (1)) fori=1...n
As a final note, following Collins (2002), we used the
averagedparameters from the training algorithm in de-
coding test examples in our experiments. $ays the
parameter vector after thé&h example is processed on
the t'th pass through the data in the algorithm in fig-

ure 1. Then the averaged parametefs ¢ are defined : : :
i i ~y . create errors in decoding test sentences, and also errors in

aS.O‘.A"lCl" - Zi,t aé/]\r:T' Freunddand Schapire (1ﬁ93_) implementing the perceptron training algorithm in Fig-

originally proposed the averaged parameter method; ;e 1 |, his paper we give empirical results that suggest

was shown to give substantial improvements in accurac : : :
for tagging tasks in Collins (2002). ¥hat FILTER can be chosen in such a way as to give ef

ficient parsing performance together with high parsing

2.3 An Abstract Description of Incremental accuracy.
Parsing The exact implementation of the parser will depend on

This section gives a description of the basic incremental€ definition of partial analyses, of ADV and FILTER,

parsing approach. The input to the parser is a sentenc@d,Of the representatiob. The next section describes

« with lengthn. A hypothesiss a triple (z, ¢,i) such ~ OU' instantiation of these choices.

thatx is the sentence being parseds a partial or full P .

analysis of that sentence, gﬂpdt an integ;)er specifying 3 Afull description of the parsing

the number of words of the sentence which have been ~a@Pproach

processed. Each full parse for a sentence will have th&he parser is an incremental beam-search parser very

form (z,t,n). The initial state is(z, 0, 0) where) is a  similar to the sort described in Roark (2001a; 2004), with

“null” or empty analysis. some changes in the search strategy to accommodate the
We assume an “advance” function ADV which takes perceptron feature weights. We first describe the parsing

a hypothesis triple as input, and returnsediof new hy-  algorithm, and then move on to the baseline feature set

potheses as output. The advance function will absorlfor the perceptron model.

another word in the sentence: this means that if the inpu

The parsing algorithm returnsrg maxp,ez, ®(h) - a.
Note that this is a heuristic, in that there is no guar-
antee that this procedure will find the highest scoring
parse,arg maxpecy, ®(h) - @. Search errors, where
argmaxpcr, P(h) - @ # argmaxpep, ®(h) - a, will

to ADV is (x,t,1), then each member of ADNz, ¢, i)) 1 .Parser control _ _

will have the form(z, #',i+1). Each new analysig will ~ The input to the parser is a string;, a grammaiG, a

be formed by somehow incorporating thet’th word mapping® from derivations to feature vectors, and a pa-
into the previous analysis rameter vectorv. The grammaty = (V,T,S',S,C, B)

With these definitions in place, we can iteratively de-consists of a set of non-terminal symbdlsa set of ter-
fine the full set of partial analys@s, for the firsti words ~ minal symbolsT’, a start symbol § € V, an end-of-
of the sentence ai(r) = {(z,0,0)}, andH;(x) =  constituent symbdb € V, a set of “allowable chaing”,
Upen,_,(«)ADV (R') for i = 1...n. The full set of and a set of “allowable tripless. S is a special empty
parses for a senteneds thenGEN(z) = H,,(z) where  non-terminal that marks the end of a constituent. Each
n is the length ofr. chain is a sequence of non-terminals followed by a ter-
Under this definitionGEN(x) can include a huge minal symbol, for exampléSt — S — NP — NN —



§T Tree POS | f24 f2-21 f2-21, #> 1

S transform | tags | Type | Type | OOV | Type | OOV
LR le None | Gold | 386 | 1680 | 0.1% | 1013 | 0.1%
/NP. . Celyp WP None | Tagged| 401 | 1776 | 0.1% | 1043 | 0.2%
NN el | I FSLC Gold | 289 | 1214 | 0.1% | 746 | 0.1%
Trhsh NN MD - MD FSLC | Tagged| 300 | 1294 | 0.1%| 781 0.1%

Table 1: Left-child chain type counts (of length2) for
sections of the Wall St. Journal Treebank, and out-of-
vocabulary (OQV) rate on the held-out corpus.

Figure 2: Left child chains and connection paths. Dotted

lines represent potential attachments

for the firsti 4 1 words, Uy, c 7, () ADV (1), where the

ADV function uses the grammar as described above. We
Trash ). Each “allowable triple” is a tupléX, Y, z)  then calculateb(h) - & for all of these partial hypotheses,
where X,Y,Z € V. The triples specify which non- andrankthe setfrom besttoworst. AFILTER functionis
terminalsZ are allowed to follow a non-terminal un-  thenapplied to this ranked set to gi%e, , . Leth;, be the
der a parentX. For example, the tripléS,NP,vP )  kth ranked hypothesis i; (). Thenhy € Fiyy if
specifies that &/P can follow anNP under anS. The ~ andonly if®(hy) - @ > 6. In our case, we parameterize
triple (NP,NN, S) would specify that thé symbol can  the calculation of, with  as follows:
follow an NNunder anNP — i.e., that the symbadNNis ~
allowed to be the final child of a rule with parexP 0, = ®(ho) - a— =R 3)

The initial state of the parser is the input string alone,
wg. In absorbing the first word, we add all chains of the  The problem with using left-child chains is limiting
form S'... — w,. For example, in figure 2 the chain them in number. With a left-recursive grammar, of
(St — S — NP — NN— Trash ) is used to construct course, the set of all possible left-child chains is infinite.
an analysis for the first word alone. Other chains whichWe use two techniques to reduce the number of left-child
start withSt and end withTrash would give competing chains: first, we remove some (but not all) of the recur-
analyses for the first word of the string. sion from the grammar through a tree transform; next,
Figure 2 shows an example of how the next word inwe limit the left-child chains consisting of more than

a sentence can be incorporated into a partial analysis fdwo non-terminal categories to those actually observed
the previous words. For any partial analysis there willin the training data more than once. Left-child chains of
be a set of potential attachment sites: in the example, thiength less than or equal to two are all those observed
attachment sites are under thé or the S. There will  in training data. As a practical matter, the set of left-
also be a set of possible chains terminating in the nexehild chains for a terminat is taken to be the union of
word — there are three in the example. Each chain couléhe sets of left-child chains for all pre-terminal part-of-
potentially be attached at each attachment site, givingpeech (POS) tags for z.
6 ways of incorporating the next word in the example. Before inducing the left-child chains and allowable
For illustration, assume that the sBtis {(S,NP,VP ), triples from the treebank, the trees are transformed with a
(NP,NN,NN), (NP,NN, S), (S,NP,VP )}. Then some selective left-corner transformation (Johnson and Roark,
of the 6 possible attachments may be disallowed becaus#000) that has been flattened as presented in Roark
they create triples that are not in the &&tFor example, (2001b). This transform is only applied to left-recursive
in figure 2 attaching either of theP chains under the Pproductions, i.e. productions of the forh — A-.
NPis disallowed because the trip{&lP,NN,VP) is not ~ The transformed trees look as in figure 3. The transform
in B. Similarly, attaching thédNchain under thé will has the benefit of dramatically reducing the number of
be disallowed if the triplgS,NP,NN) is not in B. In left-child chains, without unduly disrupting the immedi-
contrast, adjoiningNN — can ) under theNPcreates a  ate dominance relationships that provide features for the
single triple,(NP,NN,NN), which is allowed. Adjoining model. The parse trees that are returned by the parser are
either of theVP chains under thé& creates two triples, then de-transformed to the original form of the grammar

(S,NP,VP ) and (NP,NN, S), which are both in the set for evaluatior.
B. Table 1 presents the number of left-child chains of

Note that the “allowable chains” in our grammar are Iength greatel’ than 2in Sections 2-21 and 24 Of the Penn
what Costa et al. (2001) call “connection paths” from Wall St. Journal Treebank, both with and without the
the partial parse to the next word. It can be shown thaflattened selective left-corner transformation (FSLC), for
the method is equivalent to parsing with a transformeddold-standard part-of-speech (POS) tags and automati-

context-free grammar (a first-order “Markov” grammar) cally tagged POS tags. When the FSLC has been applied
— for brevity we omit the details here. and the set is restricted to those occurring more than once

In this way, giV_en a set of candidat&y(x) for the ﬁrs_t 2See Johnson (1998) for a presentation of the transform/de-
1 words of the string, we can generate a set of candidategansform paradigm in parsing.




(@) (b) ()

NP NP NP
NP PP NNP  POS NP/NP NNP POS NP/NP NP/NP
| | | | | |
NP NN IN NP Jim 'S NN NP/NP Jim 'S NN PP
| | | |
NNP POS dog with... dog PP dog IN NP
| | N\ |
Jim 'S IN NP with . ..
|
with ...

Figure 3: Three representations of NP modifications: (a) the original treebank representation; (b) Selective left-corner
representation; and (c) a flat structure that is unambiguously equivalent to (b)

Fo = {Loo, L1o} Fy = F3U{Los} Fy = F; U{La} Fip = Fiy U{L1}
Fi=FyU{LKP} Fs=F U{Ly} Fo=FsU{CL}  Fi3=FU{Ly)
F2:F1U{L01} F6=F5U{L11} F10=F9U{LK} F14:F13U{COP}
F3=F2U{L02} F7=F6U{L30} Fiq ZF()U{LQ()} F15:F14U{CC}

Table 2: Baseline feature set. Featufgs— Fi fire at non-terminal nodes. FeaturEsg Iy, — Fi5 fire at terminal
nodes.

in the training corpus, we can reduce the total number opresent results using features that would be more dif-
left-child chains of length greater than 2 by half, while ficult to embed in a generative model. We included
leaving the number of words in the held-out corpus withsome punctuation-oriented features, which included (i)
an unobserved left-child chain (out-of-vocabulary rate —a Boolean feature indicating whether the final punctua-

OOQV) to just one in every thousand words. tion is a question mark or not; (ii) the POS label of the
word after the current look-ahead, if the current look-
3.2 Features ahead is punctuation or a coordinating conjunction; and

For this paper, we wanted to compare the results of diii) a Boolean feature indicating whether the look-ahead
perceptron model with a generative model for a compais punctuation or not, that fires when the category imme-
rable feature set. Unlike in Roark (2001a; 2004), therediately to the left of the current position is immediately
is no look-ahead statistic, so we modified the feature sepreceded by punctuation.
from those papers to explicitly include the lexical item ) o .
and POS tag of the next word. Otherwise the featured Refinements to the Training Algorithm
are basically the same as in those papers. We then buifthis section describes two modifications to the “basic”
a generative model with this feature set and the samegaining algorithm in figure 1.
tree transform, for use with the beam-search parser from
Roark (2004) to compare against our baseline perceptrofi.1 Making Repeated Use of Hypotheses
model. Figure 4 shows a modified algorithm for parameter es-
To concisely present the baseline feature set, let usimation. The input to the function is a gold standard
establish a notation. Features will fire whenever a newparse, together with a set of candidatEsgenerated
node is built in the tree. The features are labels from théby the incremental parser. There are two steps. First,
left-context, i.e. the already built part of the tree. All the model is updated as usual with the current example,
of the labels that we will include in our feature sets arewhich is then added to a cache of examples. Second, the
i levels above the current node in the tree, gmtbdes  method repeatedly iterates over the cache, updating the
to the left, which we will denotd.;;. Hence,Lq is the  model at each cached example if the gold standard parse
node label itselfL, is the label of parent of the current is not the best scoring parse from among the stored can-
node; Ly; is the label of the sibling of the node, imme- didates for that example. In our experiments, the cache
diately to its left; L1, is the label of the sibling of the was restricted to contain the parses from upMaqore-
parent node, etc. We also include: the lexical head of th&iously processed sentences, whafavas set to be the
current constituent (CL); the c-commanding lexical headsize of the training set.
(CC) and its POS (CCP); and the look-ahead word (LK) The motivation for these changes is primarily effi-
and its POS (LKP). All of these features are discussed atiency. One way to think about the algorithms in this
more length in the citations above. Table 2 presents th@aper is as methods for finding parameter values that sat-
baseline feature set. isfy a set of linear constraints — one constraint for each
In addition to the baseline feature set, we will alsoincorrect parse in training data. The incremental parser is



Input: A gold-standard parse= g for sentencek of N. A set of candidate parses. Current parameters
a. A Cacheof triples (g;, F;,¢;) for j = 1...N where eachg; is a previously generated gold standard
parse,F; is a previously generated set of candidate parses,carisl a counter of the number of times that
has been updated due to this particular triple. Paraméterand 75 controlling the number of iterations be-
low. In our experiments]; = 5 and7, = 50. Initialize the Cacheto include, forj = 1...N, (g;,0,T5).

Step 1: Step 2:
Calculatez = argmax;cr (1) - & Fort=1...7Ty,5=1...N
If (2 # g)thena = a + ®(g) — D(z2) If ¢; < T then
Set thekth triple in theCacheto (g, F, 0) Calculatez = arg max;e 7, ®(t) - @

If (2 # g;) then
a=a+ o(g;) — (2)
cj=c¢;+1

Figure 4: The refined parameter update method makes repeated use of hypotheses

a method for dynamically generating constraints (i.e. in- g : : :
correct parses) which are violated, or close to being vio- o7 No early update, no repeated use of examples
. . & Early update, no repeated use of examples

lated, under the current parameter settings. The basic al- —4- Early update, repeated use of examples
gorithm in Figure 1 is extremely wasteful with the gener- I
ated constraints, in that it only looks at one constraint on
each sentence (therg max), and it ignores constraints
implied by previously parsed sentences. This is ineffi-
cient because the generation of constraints (i.e., parsing
an input sentence), is computationally quite demanding.

More formally, it can be shown that the algorithm in 8 oal” |
figure 4 also has the upper bound in theorem 1 on the £
number of parameter updates performed. If the cost of
steps 1 and 2 of the method are negligible compared to 83f o g T 1
the cost of parsing a sentence, then the refined algorithm | - -
will certainly converge no more slowly than the basic al- g
gorithm, and may well converge more quickly. ! Number of passes over training data

As a final note, we used the parameté&ysandT; to
limit the number of passes over examples, the aim being
to prevent repeated updates based on outlier exampl@sigure 5: Performance on development data (section f24)
which are not separable. after each pass over the training data, with and without

repeated use of examples and early update.

861

85

asure parsing accuracy

&

4.2 Early Update During Training
As before, defingy; to be the gold standard parse for the

g itgusnedn;??r?ee,giﬂjd- ;I;,r?diﬁgQfatéeb?otrhtﬂ)eagrlgt!oigzlﬁf an enormous difference in the quality of the resulting
thei'th sentence. Then i§/ ¢ F;(z;) a search error has mogtel,r;eirr)ﬁa?ﬁc: use" of examples gives a small improve-
been made, and there is no possibility of the gold stan- ent, mainty i recat.

dard parsey; being in the final set of parses,, (x;). We -

call the following modification to the parsing(] al)gorithm 5 Empirical results
during training “early update™: if// ¢ F;(x;), exitthe  The parsing models were trained and tested on treebanks
parsing process, pagﬁ', F;(x;) to the parameter estima- from the Penn Wall St. Journgl Treebank: sections 2-21
tion method, and move on to the next string in the train-Were kept training data; section 24 was held-out devel-
ing set. Intuitively, the motivation behind this is clear. It ©PMent data; and section 23 was for evaluation. After
makes sense to make a correction to the parameter valu8&ch pass over the training data, the averaged perceptron
at the point that a search error has been made, rather th&pdel was scored on the development data, and the best
allowing the parser to continue to the end of the sentencd?€rforming model was used for test evaluation. For this
This is likely to lead to less noisy input to the parameterPaper, we used POS tags that were provided either by
estimation algorithm; and early update will also improve the Treebank itself (gold standard tags) or by the per-
efficiency, as at the early stages of training the parser wilF€Ptron POS taggéipresented in Collins (2002). The
frequently give up after a small proportion of each sen-former gives us an upper bound on the improvement that
tence is processed. It is more difficult to justify from a We might expect if we integrated the POS tagging with

formal point of view, we leave this to future work. the parsing.

. Flgur'e S S_hOWS the converg_ence of the tramlng.algo- SFor trials when the generative or perceptron parser was given POS
rithm with neither of the two refinements presented; Withagger output, the models were trained on POS tagged sections 2-21,

just early update; and with both. Early update makeswhich in both cases helped performance slightly.




Model Gold-standard tagy POS-tagger tags
LP | LR F LP | LR F

Generative 88.1| 87.6| 87.8| 86.8| 86.5| 86.7
Perceptron (baseline) 87.5| 86.9| 87.2|| 86.2| 85.5| 85.8
Perceptron (w/ punctuation features8.1 | 87.6 | 87.8 || 87.0| 86.3 | 86.6

Table 3: Parsing results, section 23, all sentences, including labeled precision (LP), labeled recall (LR), and F-measure

Table 3 shows results on section 23, when either gold- Model POS-tagger tags
standard or POS-tagger tags are provided to the darser LP | LR | F
With the base features, the generative model outperformsGenerative baseline 86.8 | 86.5| 86.7

the perceptron parser by between a half and one point, Perceptron (w/ punctuation features)87.0 | 86.3 | 86.6

but with the additional punctuation features, the percep- Generative + Perceptron (w/ punct] 89.1 | 88.4 | 88.8

tron model matches the generative model performance.
Of course, using the generative model and using th&able 4: Parsing results, section 23, all sentences, in-

perceptron algorithm are not necessarily mutually ex-cluding labeled precision (LP), labeled recall (LR), and

clusive. Another training scenario would be to include F-measure

the generative model score as another feature, with some

weight in the linear model learned by the perceptron al-

gorithm. This sort of scenario was used in Roark et alan external model to present it with candidates, or poten-
(2004) for training an n-gram language model using thejally expensive dynamic programming. When the train-
perceptron algorithm. We follow that paper in fixing the ing algorithm is provided the generative model scores as
weight of the generative model, rather than learning thean additional feature, the resulting parser is quite com-
weight along the the weights of the other perceptron feapetitive on this task. The improvement that was derived
tures. The value of the weight was empirically optimizedfrom the additional punctuation features demonstrates
on the held-out set by performing trials with several val-the flexibility of the approach in incorporating novel fea-
ues. Our optimal value was 10. tures in the model.

In order to train this model, we had to provide gen-  Future research will look in two directions. First, we
erative model scores for strings in the training set. Ofwil| look to include more useful features that are diffi-
course, to be similar to the testing conditions, we cancult for a generative model to include. This paper was
not use the standard generative model trained on evenytended to compare search with the generative model
sentence, since then the generative score would be fromnd the perceptron model with roughly similar feature
a model that had already seen that string in the trainingets. Much improvement could potentially be had by
data. To control for this, we built ten generative mOdE|S,|ooking for other features that could improve the mod-
each trained on 90 percent of the training data, and usegls. Secondly, combining with the generative model can
each of the ten to score the remaining 10 percent that wage done in several ways. Some of the constraints on the
not seen in that training set. For the held-out and testingearch technique that were required in the absence of the
conditions, we used the generative model trained on aljenerative model can be relaxed if the generative model
of sections 2-21. score is included as another feature. In the current paper,

In table 4 we present the results of including the gen-the generative score was simply added as another feature.
erative model score along with the other perceptron feaanother approach might be to use the generative model
tures, just for the run with POS-tagger tags. The gento produce candidates at a word, then assign perceptron
erative model score (negative log probability) effectively features for those candidates. Such variants deserve in-
provides a much better initial starting point for the per- vestigation.
ceptron algorithm. The resulting F-measure on section Overall, these results show much promise in the use of
23 is 2.1 percent higher than either the generative modediscriminative learning techniques such as the perceptron
or perceptron-trained model used in isolation. algorithm to help perform heuristic search in difficult do-

mains such as statistical parsing.

6 Conclusions

In this paper we have presented a discriminative trainACKknowledgements
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