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Abstract

Recent models of document coherence have
focused on the referents of noun phrases, ig-
noring their syntax. However, syntax de-
pends on discourse function; NPs which in-
troduce new entities are often more com-
plex. We develop a generative model for
NP syntax which describes this difference.
It can be used to model discourse coher-
ence in the Wall Street Journal; combining it
with the local coherence model of Elsner et
al. (2007) yields substantial improvements.
Our model is competitive with previous sys-
tems on the discourse-new detection task;
its performance is comparable to Uryupina
(2003).

I ntroduction

If it introduces an unfamiliardiscourse-nejventity,

it is likely to be marked with some explanatory in-

formation:

Herbert M. Baum, the 53-year-old pres-
ident of the company’s Campbell U.S.A.
unit...

Baum for instance, is marked by the use of a ful

new NP$: (Poesio and Vieira, 1998) and (Hawkins,
1978) list several, including comparatives, apposi-
tives, restrictive relative clauses, and expansions of
things (like names) that are usually abbreviated.

We use this variation to model document coher-
ence, a measure of how well the sentences of a doc-
ument fit together. Coherence models can be used in
text generation (Kibble and Power, 2004) and mul-
tidocument summarization (Barzilay et al., 2002) to
impose an order on the generated or selected sen-
tences. Our work is in the tradition of entity-based
coherence models, following (Lapata and Barzilay,
2005; Barzilay and Lapata, 2005). This line of re-
search adapts some generalizations of centering the-
ory (Grosz et al., 1995), tracking references to enti-
ties through a discourse and modeling repetition and
the assignment of prominent syntactic roles.

To our knowledge, no previous coherence mod-
els have exploited discourse-newness. Entity-based
models tend to abstract away from the internal syn-
{ix of NPs to focus on head nouns or referents. Lex-
feal models (Barzilay and Lee, 2004; Lapata, 2003;
Foltz et al., 1998) lack a concept of syntax alto-
gether. Models based on rhetorical relations (Marcu,
2000) tend to operate at the clause level and deal
with events.

We construct a generative model of NP syn-
tax conditioned on discourse-newness which can be
used (along with a naive heuristic for labelling new
INPs) to measure document coherence; thus it ex-

name and an appositional NP explaining who he is. For convenience, we will usdiscourse-new NPstc. to
In subsequent mentions within the same text, he aplean NPs which refer to discourse-new entities. Howevis, th
ntr

troduces a degree of imprecision; it is important to digtiish

pears as merely M_r' BaL_Jm '_There 'S_a Ia_rge Clas§/na<:tic categories like NP from semantic and pragmatie-cat
of structures associated in this way with discoursegories like newness.



ploits a feature which recent models of coherenc2 Our Model
have not considered. It can be generatively com- o
bined with the relaxed entity grid of Elsner et al.Our model is intended to model the syntax of NPs

(2007), an extension of Lapata and Barzilay (2005)€ferring to entities; we consider only the largest NP
for a significant increase in performance. for each head noun. Our grammatr is that of the Penn

Treebank (M. Marcus et al., 1993), essentially for
convenience since we have large quantities of parsed
Much work in coreference resolution has focusegata.

on detecting discourse-newness, since a discourse-Anhough the task of discourse-new detection re-
new NP plainly has no referent earlier in the texbuires only a binary judgement (discourse-new or
and need not be resolved by the system. Se¥jiscourse-old), we follow Fraurud (1990) and di-
eral studies (Denis and Baldridge, 2007; Poesio gide NPs into three groups; the discourse-new class
al., 2005; Uryupina, 2003; Ng and Cardie, 2002 gpjit into initial andisolated . Initial NPs have
Vieira and Poesio, 2000; Bean and Riloff, 1999)5qme coreferent later in the text: isolated NPs do not.
have constructed quite accurate discourse-new clasie Fraurud (1990), we find that most NPs are iso-
sifierg and demonstrated their usefulness in corefated. Discourse-old NPs are rarer, and initial NPs
erence resolution. Our model is competitive for theye rarest of all. The three-way distinction is useful
standard discourse-new detection task on the MUGg ys in our coherence experiments, since reordering

7 corpus (Hirschman and Chinchor, 1997), a s&f text (treating the coreferential chains as fixed) can
of news articles from the Wall Street Journal handmake an initial NP into an old one, but not into an

annotated with coreference information. isolated NP.

To generate an NP (see figure 1), we first decide

The linguistics literature has also paid a good‘_s label L, initial, discourse—ol_obr isolated condi-
deal of attention to discourse-newness and its syHoned on the parent non-terminak(’) and whether
tactic marking. Much work has focused on the typel’® head noun has occurred in this discourse be-
of NPs which can be definite, receive focus or b€ (rew). Using the parent non-terminal allows
pronominalized (Gundel et al., 1993; Fraurud, 199dN€ model to leam that discourse-new phrases occur
Hawkins, 1978). Fox and Thompson (1990) als§ore often in some syntactic positions than others

provides a detailed explanation of the common did@S shown by (Fraurud, 1990)). In the figure, given
course uses of relative clauses. that the head nourBaum has not occurred previ-

ously, and that the NP’s parent i the labelL is
chosen asnitial.

Given L, we generate the syntactic structuse
in the following way: first we pickd, the depth of
the substructure. In the figurd, = 2, since the

, new head phrase has the doubly-nested structsie(NP ... ))
Discourse-new phrases often have more levels than
@) @ discourse-old since they contain more phrasal mod-

ifiers. Givend we generate the actual structusg

@' o @» (the head and modifiers) at each nesting level. We

generate the lowest level, which contains the head
@ @ @ word and its preterminal modifiers, from a differ-
ent distribution than the others, which contain a head
Figure 1: One [ = initial) of three possible gen-  2gean and Riloff (1999) actually detect non-anaphoric NPs,
erations of(NP (NP (NNP Herbert) (NNP M.) (NNP Baum) Which include discourse-new NPs and those whose referent is

y y . unique, e.gthe FBL
) (;.) (NP the 53-year-old (NN president) (PP of the company 30ur discourse-new class is Fraurud (1990)'s “first men-

's Campbell U.S.A. unit))) tion”; our discourse-old class is her “subsequent mention”



phrase and phrasal modifiers. So our model is: Estimation of these distributions requires some
smoothing. We smooth in a fairly simple manner;

P(L,S) =P(L|par,new)P(d|L) we use constant discounting, and for Markov chains

d-1 we interpolate linearly between estimates of various
x P(Sald, L) x H P(Sild, L) orders, using the EM algorithm to find interpolation
=1 constants.

The syntax of a levelS;, contains a head/; and
some modifiers to either sid@/; ;. s and M; ,.igh:.
(Head nonterminals are almost always NP, but NXo train our model, we require a large amount of
and QP sometimes occur.) The modifiers are geneatata; when we train the full model on the labeled
ated by a Markov chain, in order from the head outMUC-7 data, it performs poorly due to sparsity. In
ward. The chain terminates by generating a speciah attempt to compensate, we use a bootstrapping
STOP symbol. In the figure, for instancé/, ;s is scheme; we construct a simplified version of our
the setNNP NNP, representing the preterminal modi-classifier, which we call thérst stage using labeled
fiersHerbert M.to the left of the hea@aunf. data, and use it to label a large corpus on which we

train the full model (thebootstrappednodel). Be-
P(Si|d, L) = P(H;|d, L) x P(Miepelleft, Hi, L) cayse of sparsity, our first-stage model does not use
X P(M; rignt|right, H;, L) the full Markov chain to generate modifiers. Instead
it distinguishes only two contexts, adjacent to the

2.1 Bootstrapping

M head and non-adjacent.
P(M|dir,h,L) = HP(mi|mi_1,i_2, dir,h, L) On our development set, bootstrapping results in
i=1 significant gains on the coherence task. However,
XP(STOP|mppr—1,dir, h, L). in testing, our bootstrapped model seems to perform

] ] around the same as the first-stage model. Since our

Some of the syntactic markers of diSCOUrSes harence test set is much smaller than the develop-

NEWNess desgrlbed by (PQ?S'O and Vieira, 1998) qq set, we currently guess that the discrepancy is

not have their own specific Penn Treebank nory e 14 chance. However, we report our development
terminals; for instance one cannot distinguish bqﬁumbers as well as final scores.

tween different types of relative clause, which are We expected bootstrapping to improve overall
all mark_edISBAfR' r;l’herelzfored_\]:ye generate the heaqjerformance on the coherence task because adding
preterminals of phrasal ModifierSEAR-WDT, SBAR- more training data sharpens the probability distribu-
IN’FetC'I)I' lexicall i £ modif tion for common features. Thus it may increase the
|n'_a y,_ we lexicalize ger_tam types o mq INErS. c|assifier's confidence in its most reliable decisions,
Certa|r_1 t!tles or gbbrewanons are more likely ©3nd so lead to better overall judgements when many
occur in introductions (Lt. Greg Geisen”, SUbse_'decisions are combined. However, since the training

quently referred to as “Geisen’), others occur MNata added is noisy (especially for edge cases), we

anaphoric references ("Mr”) and some abbreviagy ot expect bootstrapping to increase the classi-
tions do not alternate at all (“U.S.”). We IeX|caI|zeﬁer,S accuracy,

any word which is the first or last at its syntactic bootstrap, we use the first-stage model to clas-
level and contains a period. In addition, as the Iongify all NPs in 3 million words of NTC newswire

literature on definiteness (Hawkins, 1978; Frauruqext We do “soft” bootstrapping; we add each NP
1990)_shows.,,.there are many pragma'gg cons_tram{g the training data for label with partial count
on which entities can be realized by definite or mdefP(L —IINP)

inite NPs. Therefore our system distinguishes “the”
and “a/an” from other determiners.

We train the first stage on the 30 dryrun doc-
uments from the MUC-7 corpus. Following

4As shown in the equations, our model generates the ”el(llryupina (to appear), we segment the data using
modifier given the two previous modifiers and the head; the fig- d Rat khi (1997 it usina Ch
ure shows only a single arrows between adjacent modifiers fgr€Ynar and Ratnaparkhi ( ), parse it using Char-

legibility. niak and Johnson (2005) and process all mark-



Prec. Rec. F

. Base - - 732
(Ng and Cardie, 2002) Res i . 840
(Uryupina, to appear) Base 66.52 100 79.89
’ Res 82.29 93.54 87.56
: Base 67.30 100 80.45
Generative (Test) First Stage 8593 88.73 87.31
= Bootstrapped= 85.43 87.60 86.50
Generative (Development) B_ase 67.95 100 80.91
First Stage 85.54 90.44 87.92
Bootstrapped 85.90 91.03 88.39

Table 1: Results of discourse-new detectors on MUC-7 data.

able NPs. Any NP with an antecedent is labelledive with the alternative’s
discourse-old; the remainder are split between ini- .
tial and isolated depending on whether they have afy Modeling Coherence

coreferents later in the document. Only the first item in a coreferential chain can be an
initial NP. Thus one measure of the coherence of a
3 Modeling Discour se-newness document is the likelihood of the syntax of its NPs

given that the first item in each chain is initial and the
In discourse-new detection, our goal is simpl;femammg items are discourse-old. Unfortunately,

to classify all markable NPs as discourse-new op/® cannot apply this measure directly. We do not in

discourse-old (again, the discourse-new class is tlgNaneral Ignow the trui tc;]oreferf[ance rela]:ttlﬁnsdbetweerl
union of the initial and isolated classes). All previ- S, and moreover, IThe sentences ot the documen

ous work on this dataset reports a majority bas elindre out of order, state-of-the-art coreference systems
ay not work well.

(the scores obtained if all NPs are marked discoursé’ We simpli ht thi b
new), but due to the lack of standardization in pars- e simplify our approach to overcome this prob-

ing the MUC-7 data and extracting markable NPSI,ern by taking all NPs with the same head to be

there are disagreements in exactly what this baseliff® referent. This represents a substantial sacrifice;

should be. For the test set, we obtain 2505 exampl3§ Poesio and Vieira (1998) show, only about 2/3 of

of which 1686 are positive. This produces a baselin(ge‘cmite descriptions which are anaphoric have the

close to that of (Uryupina, to appear). Our baselingame head as their antecedent. In addition, since we

is substantially higher than that of (Ng and Cardie?"® UsIN9 the new-head feature to assign labels, we

2002): we are unable to explain the discrepancy. may no longer condition on it in the model itself, so
P(L|par,new) becomesP(L|par).

As in previous work, we train on the 30 dryrun - model determines the probability of a docu-
documents and test on the 20 formal evaluation do?ﬁentD containing a set of NPs. Each NP has a label
um_ents. Development for this task u§es crossvalknp and syntaxs,,,. Both the syntax and the labels
dation on the dryrun documents, treating each dO(éfre visible; we determine the labels using the “coref-

ument as a separate fold. We report precision, r&eniial chains” given by our same-head heuristic.
call and F-score of the discourse-new class. Our re-

sults are shown in table 1. The result of the bootP (D) = H P(Lyp, Snp) = P(Lypp)P(Snp|Lnp).
strapped system (marked by / < arrows) is our np:NPs
final result, selected based on development perfor- 1)

mance. The remaining results are provided only as a 5The comparison results we provide represent the state of
comparison. the art on MUC-? data: Poesio et al. (2005) report an F-score
] of 90.2 against a baseline of 67.9 on the GNOME corpus, but

These results suggest that our system is competiave not yet completed tests on MUC-7.



We could use this model to compare one docuhis task, a document is compared with a random
ment to another; in this work we only compare dif-permutation of its sentences, and we score the sys-
ferent orderings of the same set of sentences. In thism correct if it indicates the original as more coher-
case we can make two simplifications: since our inent. We use 20 permutations for each document.
put document must contain a fixed set of trégs, Discrimination becomes easier for longer docu-
we can calculate?(L,,|Syp) o< P(Lpp, Snp), for  ments, since a random permutation is likely to be
which we could in principle use a conditional modelmuch less similar to the original. It is also a some-
rather than a generative one. In addition, reorderingghat artificial task. Therefore we also test our sys-
the document will not change the status of isolatetems on an additional task, insertion. As motivated
NPs, so we need not consider them. by Chen et al. (2007), insertion is a task where an

o i ) ) article (e.g. on Wikipedia) is incrementally updated
4.1 Combining with the Entity Grid with new information. We use an idealized version
Though our model performs fairly well alone (“first- of this task to measure the performance of our sys-
stage” and “bootstrapped” models in table 2), it doesem. We create a synthetic insertion instance for
not match the performance of previous models. Oneach sentence of a document, removing it and find-
popular local coherence model is the entity grid (Laing the point of insertion which yields the highest
pata and Barzilay, 2005; Barzilay and Lapata, 2005 oherence score.
Elsner et al. (2007) describes a “relaxed” variant of Our insertion metrics are averaged over docu-
this model which applies only to syntactic roles ments, not sentences, so that longer documents do
which will be filled by previously mentioned enti- not have a disproportionate influence on the results.
ties, and predicts for each mentioned entityhe We report two scores: precision is simply the aver-
probability P(r — e) given a “history” of occur- age fraction of sentences per document that are rein-
rences for each previously mentioned entity. Thiserted in their original position. However, this mea-
model can be generatively combined with%lyve surement does not distinguish “near misses” from
decide whether an entity will be filled by a men-more distant ones, so we also report a positional
tioned entity (discourse-old) or not, if so, which en-score; for a document of length, where we have

tity will fill it, and what its syntax will be: removed sentenck and reinserted it in positiop
(1 <pk<n)
P(D) = [[ P(L)P(r — e|L; = old) P(S;| L;).
i:NPs score — 1 — Ip — k| x 2n .
(2) k(k—1)+ (n—k+1)(n— k)

This assumes that the syntax of an NP is independe_P
of which coreferential chain it belongs to, which
is untrue (e.g., we expect references to people

have different syntax than references to objects), bverges slightly from -1 except at the beginning, end,

could easily be relaxed in future work.
p o . and exact center of the document.)
For our “combined” model, the discourse-new . P
Both our model and our metrics are “flat”; they

component is the bootstrapped model (our best

model on development data). We train the entity gri Egreetth; hlzecr)%r;hlca; Sggt%urz:c: tr;eado;u'r:l ;Zntél
portion of the combined model on sections 2-22 o n - ) use section paragraph-iev

eatures for insertion and report a hierarchical loss
the Penn Treebank. . N

function. We agree that this is a better approach
4.2 Metrics to the problem, but since their model does use lo-

A popular measure of local coherence has been tﬁgl information, we feel that gains in “flat” perfor-

discrimination task (Barzilay and Lapata, 2005). |nance can easily be adapted to improve a hierarchi-
cal model as well.

h-shapatg-indtfarzilay f(200?‘) use a ﬂ:gl':_t')ll diffetfﬁ“t nﬁtﬁdd For WSJ, we test on sections 23 and 24 of the
whnich predicts the role or each enuty. ulauplying tnis wi

the discourse-new model does not yield a generative modé'-l’,enn T_reebank (M. Marcus et al., 1993), 109 docu-
since it duplicates part of the prior probabiliB(L;). ments in total. Our development measurements are

{. . . . . .

his score varies linearly with distance; it takes
{naximum value 1 for a correct insertion, and ex-
0 . . .
cted chance performance is 0. (The minimum di-



Discr. (%) Ins. Prec. (%) Ins. Pos.

First Stage 78.07 773 0.0130
Bootstrapped 76.65 7.82 0.0232
WSJ Test Entity Grid 85.00 10.04  0.1692
— Combined< 88.62 1235  0.2078
First Stage 75.33 744 0.0151
Bootstrapped 76.85 7.52 0.0241
WSJ Development o o rig 83.14 1023 0.1690
Combined 86.87 13.34  0.1890

Table 2: Results of local coherence models on WSJ.

crossvalidated on sections 2-22, using each sectiangeneral audience. These texts introduce a variety
as a fold, for 1199 documents in total. We discaraf unfamiliar entities (including people, companies,

documents with fewer than 8 sentences. objects and abstract concepts), and are written in a
natural style using a variety of syntactic construc-
4.3 Results tions. Most English texts are more similar to WSJ

In both test and development, the combined syshanAIRPLANE; we feel that developing coherence
tem is significantly betterp( < .05 using a one- models to improve performance for WSJ will pro-
tailed Fisher sign test) than the entity grid alone oduce more robust and general systéms

each of the three metrics. On test, the bootstrapped

model does not differ significantly from the first-44 Syntactic Marking and Hearer-newness

stage model at this level on any of the metrics. Omn analysis of the flaws in our algorithm reveals
our development set, which is much larger than thgome interesting patterns. Our use of the discourse-
test set, we find it improves significantly for discrim-new detector for coherence modeling assumes that
ination and for the positional insertion metric. the detector will work equally well on all discourse-
Our results (table 2) are the first reported for thesgew nouns (even without the new-head feature).
coherence metrics on WSJ data. The insertion tastis turns out not to be the case. As previous
is new; previous work on the discrimination task rework has recognized, discourse-new detectors must
ported results only for theiRPLANE corpus (Barzi- place a great deal of weight on the new-head fea-
lay and Lapata, 2005), which contains short presgire or a more sophisticated search for some likely
releases on airplane crashes. The “relaxed” entihtecedent earlier in the text (Vieira and Poesio,
grid of Elsner et al. (2007) performs reasonably o2000; Ng and Cardie, 2002). This is because many
that corpus, and we feel it is an appropriate baselinfiscourse-new NPs are syntactically unmarked.
for WSJ. Syntactic marking is not spread uniformally over
AIRPLANE texts were originally written for a the space of NPs, but is attached to a particular
highly specific set of readers who are experts 08emantic class. The hearer-new category (Prince,
airplanes, aeronautical engineering and airfield lor992) is the set of entities which the speaker ex-
cations. In addition, they are composed in a vergects to be unknown (or unfamiliar) to the hearer.
constrained and formulaic style. They do not usf|ot all discourse-new entities are hearer-new: some
prolonged introductions for even the most technigre known to the hearer in advance (theused
cal information, and contain little syntactic variety.(prince, 1981) omnique (Uryupina, 2003) class:
Our combined model yields a slight improvement ofhe United StatesThursday. Others, Prince’sn-

AIRPLANE development data, but the corpus doeferrable class, are obvious from context (“ walked
not contain enough useful syntactic features to allow

much improvement. "The corpus used for our discourse-new detection experi-
The WSJ . h iate f ments, MUC-7, also contains Wall Street Journal articles, b
€ Corpus IS much more appropriate 10§ mych smaller than WSJ. The results obtained are broadly

our technique. It contains news articles designed faimilar, but less reliable.



home and openethhe doof). These entities do not can simply select all the discourse-new NPs which
usually receive the special modifiers associated withur syntactic model cannot classify without the new-
discourse-newness, and itis pragmatically strange lad feature. According to our hypothesis, these
apply them: Thursday, the day right after Wednes-mistakes are likely to be uniques or inferrables.
day’, “I walked home and openethe door which In the field of coherence modeling, a variety of
leads into my house Such phrases tend to seemmodels make use of global document structure, us-
sarcastic or condescending. ing hierarchical features or non-local dependencies:
Luckily, not every chain whose first element is un{Chen et al., 2007; Elsner et al., 2007; Soricut and
marked degrades our performance. Many such Ni4arcu, 2006; Barzilay and Lee, 2004). This work
are isolated and can be ignored for the purpose #fs shown that combining local and global features
selecting an ordering. For the same reason, migvariably improves performance. Thus, discourse-
labeling the first item in a sequence of NPs with dew information should be added to the list of local
unique referent (“Thursday”) will not always causefeatures which are used in such model combinations.
an error, since all the NPs in such a chain usuall
have similar (or identical) structures, and in this cas
the model does not prefer any particular ordering ofhis tech report was prepared with the generous
them. However, if the NPs do have small differencesssistance of Olga Uryupina, Regina Barzilay and
in structure, errors can occur, we detected severBrdong Chen, and discussed extensively with Joe
which reduced our performance on the developmemusterweil, Matt Lease, David McClosky, Jenine
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