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Abstract

Models of text structure are necessary for applications that genexatd bkeese models provide
information about what content fits together and how to organize the dag@oherent text. In
some domains such as newswire, biographies and stories for childresteest to have similar
content and structure. Such regularities have allowed the developmemswbervised methods
to learn text structure using human-written examples from such domainsuiéysome of the
recently proposed approaches in this area and review their use irediftext generation tasks.

First, we consider approaches with a focus on computational semantiggviée work aiming
to discover patterns of related events from news articles and childten'sss We consider one
application of such knowledge—an automatic story-telling system.

Next, we move to methods which focus on coherence and organization.e¥dgluk these in
the context of two generation tasks—sentence ordering and the crebkimg@rticles. In view
of the sentence ordering problem, we survey approaches targeteatrahégproperties of co-
herent transitions between adjacent sentences in texts. Then, weetdhsideneration of long
biographical descriptions. Here we survey recent work on automatigatigrating such articles
using higher level patterns in text structure such as subtopics and taiipation.

1 Introduction

Automatic systems to perform text generation, summarization and questiorramg¥asks should pro-
duce output text that is both informative as well as coherent and rkadEithis end, computers need
knowledge about how information should be structured in written texts. @usfin this survey is to
review of some of the most recent computational methods for automaticallyriggroperties of text
structure using example texts written by humans and requiring no furthetediom.

The development of such unsupervised approaches is possiblesbduaunan-written texts from the
same domain exhibit several regularities (Wray, 2002). Such patterictearly evident in domains such
as newswire. A news report on an earthquake specifies the locatidntandity of the earthquake. It
gives details regarding the extent of damage from the disaster and tHieffelies that were undertaken.
All this content is also organized in a fairly standard manner. Descriptioresoialties typically precede
information about relief efforts. One would expect that most news artmbesarthquakes and other
disasters have similar content and structure. Similarly, biographies mighgéeiped to describe aspects
of early life, education and career, in that order. Such patterns fewvbeen observed in other domains
such as scientific articles and children’s stories. The content in abdimastsentific articles frequently
follow the order of introduction, methods, results and conclusions (Satavigyer, 1990). Propp (1968)
found that there are some frequent patterns of event sequencessiaR{airy tales.

Word level cues in these texts may reflect the similarity in structure. For exapymewould expect
that words such as “damage”, “loss” and “deaths” would often apipeaews texts prior to “medics”,
“support” and “compensation”. Authors also focus on a small set of enttia time (Grosz et al., 1995).
As a result, entities get repeated in subsequent sentences as the watiteneto talk about them. Such
entity links and word co-occurrence properties can be detected addbyseomputational methods.



Some aspects of higher level structure are also explicitly marked by auffloeg demarcate texts into
paragraphs with the intention of presenting the content as a series opmsbtdhese subtopics can
be expected to appear in similar sequences within a domain. Automatic methodsaaimato learn
such patterns. The idea behind unsupervised text structure modelshy thatmining a large collection
of human-written texts from a domain, it is possible to identify common pattermssdhe articles
regarding what content is presented and how it is organized.

In this survey, we review some of the recently proposed automatic methodsnaliscourse structure
from example texts. The work we discuss uses these methods for a fageeeoation tasks spanning
computational story-telling to automatic generation of Wikipedia articles. Someeséthpproaches
involve word co-occurrence and association metrics. Others also makef asreference information
and machine learning methods such as Hidden Markov Models. Theseaahps and methods have
shown varying degrees of success for the proposed applications.

The rest of this survey is organized as follows. We begin with a briefrggmn of some of the
theoretical ideas put forth by linguists and computational linguists on the raittert structure (Section
2). Such theories have been a motivation for several ideas in the autop@atiaahes. We then survey
data-driven approaches by dividing them into two categories for dismusSome approaches focus on
learning semantic content in the form of related entities and events from @xters concentrate on
organizing content for coherence and readability.

In Section 3, we review automatic methods to obtain semantic knowledge front bede approaches
aim to create a repository or ontology of information about text structurere Hve review work by
Chambers and Jurafsky (2009) and Mcintyre and Lapata (2009fadis on narrative texts. In Cham-
bers and Jurafsky (2009), the idea is to learn situation-specific patiEevents and their participants
from a corpus of news articles. For example, a prosecution scenauid vmvolve events related to trial,
judgement, sentence, etc. and these events occur in some temporaChaiabers and Jurafsky (2009)
automatically collect such sets of related events and their participants usifreghency of such pat-
terns in the example articles. Mcintyre and Lapata (2009) work with a sarpchildren’s stories. They
use recurring patterns of entity-event and event-event co-ocmasen these stories to automatically
construct a knowledge base of entity and event properties. This kdgelease is subsequently used to
automatically generate new stories.

We then describe methods for organizing content in text generation ajppiedSection 4). Apart
from learning models of text structure, these approaches also preffasent algorithms to use the
information in the target applications. In the context of Soricut and Ma200®), we overview the
information ordering task, the problem of organizing a set of sententaesdherent text. They use pre-
viously proposed as well as new approaches to learn what propeges coherent transitions between
adjacent sentences in a text. They also develop efficient methods to ssetieerence metrics for or-
dering sentences. We survey this work in Section 4.1. Soricut and N2006) work with collections of
earthquake and accident descriptions. We then discuss very reagnbywSauper and Barzilay (2009)
who consider the problem of automatically generating Wikipedia articles famea glomain. In Section
4.2, we describe how they identify patterns of subtopics in existing Wikipetiches and develop meth-
ods to use this information to create and organize relevant content foanmieles. Sauper and Barzilay
(2009) experiment with two domains—disease descriptions and biogragftieserican film actors.

In Section 5, we conclude with some further discussion and suggestiofusite work in this area.

2 Linguistic theories of text structure

In this section, we highlight some of the linguistic ideas about text structurathanost relevant to our
discussion in this survey. From the linguistic viewpoint, text structure has Hescribed in terms of
semantic relations between text units as well as entity and event-based linkdisd¢burse. Automatic
approaches incorporate some of these notions while learning from hwnitéen texts.



2.1 Scripts

Abelson and Schank (1977) put forward the idea that memory is orghaiea collection of “scripts”.
A script describes a sequence of events commonly encountered in aljgaituation. One of the most
famous examples from Abelson and Schank (1977)’s work is the resizgaript. On a visit to a restau-
rant, one enters the place, finds a table to sit, moves to that table, thenfoatkreats, pays the check
and leaves. Abelson and Schank (1977) propose that such a se@qf@vents is so frequently encoun-
tered by us that we grow to incorporate such information in our memory. Buohledge influences
what we perceive as related and coherent in different situationsexXanple, consider the sentences
below.

John was walking on the street. He thought of cabbages. He pickedhgednern.

Abelson and Schank (1977) explain that we would regard the abotenees as not meaningful at all
because these events do not conform to situations that we know to be common

2.2 Centering

The Centering theory (Grosz et al., 1995) uses entity repetition propertiescribe “local” coherence:
adjacent sentencas a discourse often share entities and in this way, focus and topic is maintained
the text. Centering also describes that certain entity sharing patternseéeergd to others in view of
coherence. This preference is explained based on notions of sallesrcexample, an entity in subject
position is more salient compared to those assuming object and other grammaésalln coherent
texts, the more salient or focal entities in a sentence are assumed to bedimearadikely to continue as
the focus and be mentioned in subsequent sentences. Centeringgsrtimasuch preferred coreference
patterns make the text coherent for the reader.

2.3 Discourse relations

Another perspective on text structure is given by theories of rhetarcdiscourse relations. In these
accounts, clauses or sentences in coherent texts are describethested by semantic relations such as
“cause”, “contrast” and “elaboration”. The Rhetorical StructuredrggRST) (Mann and Thompson,
1988) puts forth the hypothesis that the units of a text can be connectsdchyrelations in dree
structure At the lowest level, adjacent clauses in the text are related to each Bitgarelated units then
recursively participate in relations with other units creating higher levetwires such as paragraphs
and ultimately the entire text. More recently, theory-neutral approacivesiegen developed to describe
rhetorical structure such as the Penn Discourse Treebank (Praahd2008). In the latter case, no
assumption is made regarding the final structure of the full text.

With this understanding of the linguistic views on text structure, we move orvieweapproaches
and techniques that automatic methods employ for modeling text. We start withey siirapproaches
for mining semantic knowledge from texts (Section 3). In Section 4, we ibbesautomatic methods for
organizing content.

3 Semantic knowledge from unannotated text

Manual construction of semantic knowledge is costly in terms of the humart afid time involved.
Further, human annotations are based upon intuitions about relatednessag be restricted to only
some regularities. One interesting question is whether we can automatically legrository of seman-
tic information from a collection of texts.

The papers which we discuss here (Chambers and Jurafsky, 2@0$tyké and Lapata, 2009) focus
on obtaining semantic information about the structure of narrative textsnkdra and Jurafsky (2009)
construct script-like information automatically by identifying related eventstheil participants from
news articles. In Mclntyre and Lapata (2009), the idea is to automatically éelnowledge base about
entities and events in children’s stories so that the resource can theedousutomatically generate
new stories.



3.1 Learning narrative schemas: Chambers and Jurafsky, 2009

A narrative involves several events during its course and a numbéfeyedt entities participate in these
events. Chambers and Jurafsky (2009) hypothesize that this straatutee best described in the form
of narrative schemasA narrative schema, similar to scripts (Section 2.1), is associated with aupartic
situation. Different situations would be modeled by different scripts. Simjlénly idea of a schema
in Chambers and Jurafsky (2009) is targeted to model frequent paittenewss articles of small sets of
related events and their participants.

Such semantic information would be useful in a variety of tasks. Consigemsuization of news
documents, for example. When a system chooses information about semiécewclude in a summary,
it might be beneficial to include content about its related events as well.oSeppe know that someone
wasarrested we would also like to know if the persawas tried found guiltyor released Using schemas
to identify other related events for that scenario, a summarization systdthesqulicitly look for such
information in the source documents. Consider that the schemas also indludestion about the order
in which these events occur, then the system can use this preferreshgridehe summary to make the
text more coherent.

There is some prior work on identifying verb pairs with semantic relations aaclsimilarity” and
“antonymy” as inVerbOcean(Chklovski and Pantel, 2004). However, these pairwise relationstips d
not provide any information about the participants of those verbs. Ortliiee band, work on semantic
role labeling concentrates on the task of identifying for a given verb, #itieqms of how its syntactic
arguments (subject and object) map to semantic participants (agent and) g&renager and Manning,
2006). In this latter case, the focus is on participants of an individuaitemdsolation. The idea of
schemas proposed in Chambers and Jurafsky (2009) differs frommattysof work in three ways by:

(a) Creating larger sets of related verbs describing a situation
(b) Incorporating information about participants of the events
(c) Focusing on temporal relationships between events

3.1.1 Defining relatedness: verb pairs, chains and schemas

Chambers and Jurafsky (2009) start at a low level, learning pairslatedeverbs and then use this
information to create larger groups of verbs called chains and schemas.

Related verb pairs. Given a corpus of articles, one approach for computing the relatedfiea®
verbs would be to use the frequency with which the verbs co-occur initka gocuments. In contrast,
Chambers and Jurafsky (2009) consider two verbs as highly relatgdf ¢mey frequently occur in the
articles such that one of their participants is Hane entity (coreferent)Tlhe common entity is called
the protagonistor main actor in the events.

Chambers and Jurafsky (2009)’s motivation for using coreferens@gt@l relatedness comes from
ideas of entity coherence. Centering theory (Grosz et al., 1995) statesatteference properties of
entities in adjacent sentences are one way in which writers create cobenes discourse and make it
easy to follow. Chambers and Jurafsky (2009) consider the situatiorssriatives as analogous. There
are several events along the course of a narrative, some of themiimytihe same or a common set of
participants. For example, consider that the following sentences refee wathe “car” but appear in
different sections of a document.

Smith drove his car to work.
The car zipped into another lane without proper signaling.

The police pulled the car over.



drive obj°
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\
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pull_over objo o = car,vehicle, truck, toyota...

subf stop

Figure 1. An example narrative chain

subj* rent obj°
subj* drive  obf _ ,
A = driver, man, boy, woman, Smith...

subf stop o = car,vehicle, truck, toyota...

R 1 = police, cops, of ficer,deputy...

Sl/JbJT pu”’over\Objo { = license, heroin...

subj confiscateobj®

Figure 2: An example narrative schema

The verbs “drive”, “zip” and “pullover” are intuitively related because the same car is involved in all
these events. Therefore only verbs with coreferent arguments asaleced as semantically related by
Chambers and Jurafsky (2009).

In other words, a relationship is defined for a pair of verb-dependarics such that these dependency
slots have a coreferring argument. The strength of the association is negdiguthe frequency with
which these dependency slots of the verbs are observed with a emteéettity in the training corpus.
For example < drive, obj > and <pull_over, obj > would be considered strongly related if the verbs
“drive” and “pull_over” frequently co-occur with a coreferent entity filling their objectifoas. The
actual entity in these positions could be different in the different docunmeritee corpus, eg. “car”,
“truck”, “bus” etc.

Narrative chains. A narrative chain is an extension of this idea to more than two verbs. A chain
consists ofa set of strongly related verb-dependency linkEsntities in the dependency slot associated
with a particular verb in the chain often appear in narratives as contfeith entities in the dependency
slots listed for other verbs in the same chain. The construction of chaimsgairs of related verbs is
discussed in the next section. Only a single dependency link is associ#ttezheh verb in a chain, so a
chain models a single actor or common entity. Figure 1 shows an exampleveactadin comprising a

set of verb-dependency links related by entities belonging to the clastimles. The set of lexical items
that are frequently observed in the protagonist slot of these verbs textheollection is also recorded.

A chain also defines a partial ordering for the verbs to indicate their likgjyesgce of occurrence.

Narrative schemas. In contrast to chains, schemas (Chambers and Jurafsky, 2008)catkection of
verbssuch thatall their participants (in different grammatical roles) are highly related to the situatio
ie., all the participants frequently corefer with entities involved with othersartthe schema. In other
words, a schema is not restricted to one main protagonist. It consistsebfcd narrative chainseach
chain corresponding to a different protagonist. An example schemavmshoFigure 2. It involves
four different protagonist entities. In the next section, we descrilbe ®oambers and Jurafsky (2009)
construct these schemas automatically.



3.1.2 Constructing schemas

Computing narrative chains. We first describe the method to compute narrative chains. Chambers
and Jurafsky (2008) use point-wise mutual information to compute relatbedependency pairs. Let
<w,d> represent a verb plus the dependency link to the protagonist, eg< drive, obj > when

the protagonist “car” is in object position. For two veds&ndb, such that the entities in the chosen
dependency linkd, andd,, are coreferent, one can obtain a measure of their co-occurrenckoasst

(1)

P(<a,d;>,<b,d
Sim(<a7 dm>, <b, dy>) = log (P (<a’7 >, < y> ’COT‘@f) >

(<a,dy> |coref)P(<b,dy,> |coref)
where the entities in the dependency positions.efd,> and<b, d,> are coreferent and; € D =
{subject, object, preposition}.

P(<a,dy>,<b,d,> |coref) = | <a,dy>, coref, <b,d,> |
Zs,t Zdi,djeD | <s,di>,coref, <t,d;> ||

e raen |l <a,dy>, coref <c,d.> ||
Zsyt Edi,deD ” <S,di>,COT€f7 <t,d]> H

where|| <s,d;>, coref, <t,d;> || represents the number of times the vestand¢ have coreferent
arguments filling dependencidsandd;.

A table of verb-dependency pairs and their similarities is created in this wastirg with a verb, a
chain is then created by adding new verbs in decreasing order of theirréiynitathe entire chairat
that instant. Similarity of a new verb with a chain is computed as the sum of paisimiskrities with
existing verbs in the chain. Suppose thais a chain with verb-dependency paks:;, d,, >, a new
verb-dependency linka, d,,> is evaluated for relatedness withas below.

P(<a,d;> |coref)

chainsim(C, <a, d,,>) = Z sim(<e, dp>, <a, dy>) (2)
<e,dp>€C

Including argument information. The metrics so far are defined entirely based upon the grammatical
role of the protagonist entity. They only consider the verb and depegdirk but ignore the actual
lexical identity of the protagonist while computing similarity (Egn. 1). But the tdgiof the protagonist
might help improve the estimates of relatedness for verbs.

For example, consider the chain in Figure 1. Suppose that we want tk& teesimilarity of two
verb-dependency linkshalt, subject> and<pierce, subj> with this chain.<halt, subj> might have
coreference with several verb-dependency slots in the chain. Ohteet@and <pierce, subj> might
have frequent coreference withdrive, obj> (...drove a nail, the nail pierced.is a very common con-
struction) but low similarity with other verbs. Suppose that for both candigd#tte sum of similarity to
all verbs in the chainghainsimas described above) ends up being the same value. Then both candidates
are equally good for adding to the chain. Now suppose that we includerafmn that a frequent head
word of the entity in subject position of “halt” is “car”. Then it is indicative stfonger similarity of
<halt, subj> with the chain since “car” is already a frequent lexical realization of tleéggonist for
that chain. On the other hand, the frequent lexicalization of the protagehen <pierce, subj> and
<drive, obj > are coreferent might be “nail” but this entity is infrequent as a protagdéoisexisting
verbs in the chain. So argument information helps to make a better choice, tasieishalt, subject>
for chain construction.

Following this motivation, Chambers and Jurafsky (2009) update the methoehipute similarity
(Egn. 1) to also consider the head wardised for the coreferent entity. Now similarity (callggbed
similarity) between two verb-dependency pairs with respect to that eniitgdefined as:

$1Miyped(<a, dy>, <b, dy>,p) = sim(<a,dy>, <b, dy>) + Mog(|| <a, d,>, coref, <b, dy>,pl|)



where|| <a,d,>, coref, <b,d,>,p|| is the number of times the dependency positidpsindd, of
eventse andb had a coreferent entity lexicalized as\ is a constant weighting factor.

The method to compute suitability of a new verb-dependency aird,, > for a chain (Eqn. 2)
is then modified as followschainsim,,.q considers the argumeptwhich would result in maximum
similarity between all pairs of verbs in the chaihwith the candidate verb included. Letk;, d,,> be
events in the chain, andbe the chain length.

n
chainsimyyped(C, <a, dy>) = max(score(C, p) + Z $iMiyped(<€s, dz,>, <a,dm>,p)  (3)
P
i=1

n—1 n
SCOT‘G(C, p) = Z Z Simtyped(<eia dCL‘Z‘>7 <fja dyj>7p)
i=1 j=i+1
In our example, even thoughuil frequently occurs in the slotsdrive, obj> and <pierce, subj>,
it is a very uncommon entity to be coreferent between other pairs of \v&@bsore(C, “nail”) would
turn out very low compared tecore(C, “car”).

Creating schemas. Now we turn to creating schemas which are a collection of chains. Each chain
models one of the participants for the set of related events. To add a niew teea schemaV, we must
check for relatedness not only with one chain which accomodates argearfjuments but also whether
its other arguments can be assigned to chains within the same schema.

For example, “search” might be a good verb to add to the schema in Figeaf$e both the frequent
subjects of search (police, officer...) and its objects (vehicle, car...) mitgnt be coreferent with the
verbs in the schema and can become part of existing chains. On the atdecbasider the verb “grant”,
with frequent object “license” and frequent subjects—company,nizgdon, authority. Although its
object is already modeled by a chain in the schema, its subject may not beivgligr to any of the
existing chains. It would be preferrable to add the verb “search” in tée.c

Therefore the similarity of a verb with a schema is computed by checking theatimtipy of all the
dependency slot$, of the candidate verb with chaidgy belonging to the schemsl.

schemasim(N,v) = Z max(f, max chainsimyyped(c, <v, dz>)) 4)
€D ceCn

The parametes is a threshold on similarity with the existing chains. When a verb-dependexicy p
<w, d,> does not have enough similarity with any of the existing chains in the schemdiciaias that
the entity ind,,, cannot be assigned to an existing chain. In this case, Chambers afsky(2909),
check whether it would be beneficial to create a new chain to accomodagatibein d,,,. This new
chain would have an initial score 6f

Suppose that the training corpus contdivi$ verbs, each candidate verbhis checked for similarity
with a schema using the above equation and the one scoring maximum similaritgadeshch step.

Vto_add = arg max,cy schemasim(N,v)

But Chambers and Jurafsky (2009) do not have a way of determinieg ¥chstop adding verbs to a
schema and indicate its completion. A schema should have a small set of efielbtirg a particular
situation. But different situations are likely to comprise different numbeewants. This issue has
remained unaddressed in Chambers and Jurafsky (2009). For testpuses, Chambers and Jurafsky
(2009) limit the number of verbs in the schema to six. This limit was chosen tdeeaalmmparison of
the schemas with FrameNet (Baker et al., 1998), a manually constructettkige base.



3.1.3 Results

Chambers and Jurafsky (2009) collect all verbs which occur more38@é but less than 50000 times
from a section of the Gigaword Corpus. This filtering removes very fatjuerbs which might not be
specific to any individual schema. Starting with each of these verbsdeippately 1800 verbs), they
create a schema limiting the number of verbs added to six.

Chambers and Jurafsky (2009) do not add temporal relations betwegarths in the schemas. How-
ever, this task was addressed for narrative chains in Chambersrafiekyy(2008). A temporal classifier
was trained over the TimeBank corpus (Pustejovsky et al., 2003) to gléssédvery pair of verbsga, b)
(containing coreferring arguments) whether a 'before’ relation wasent or otherwise. Then using the
frequency with whichu is classified to appear befobeelative to the frequency with whidhis classified
as appearing beforg the precedence af in the pair(a, b) was determined. The orderings produced in
Chambers and Jurafsky (2008) were tested in a coherence evaluaii@nthfound to produce reason-
able performance.

Comparison with FrameNet FrameNet (Baker et al., 1998) is a manually constructed database of se-
mantic “concepts”. Each concept is represented frgrmecontaining a set of lexical items and partici-
pants related to the concept. This information is collected using human annstattiange text corpora.
For example, the frame fattack comprises words such as “onslaught”, “raid”, “ambush”, “assault”,
etc. and lists the main participants involved in this situat@massailananda victim

Chambers and Jurafsky (2009) compare the schemas produced stdttinge most frequent 20
verbs to frames in FrameNet. Narrative structures, however, are @wtigel to frame relationships.
In FrameNet, the relationship between two frames is defined in terms of withtheshare the same
participants but in narratives, the similarity also requires them to co-ocdineisame narrative. For
example, the frames faomplainandquestionare related as both are types of “statements”. However,
both need not necessarily appear over the course of a discoursgevetp comparison with such a
database provides one way of evaluating the automatically learned kn@wledg

Each of the 20 schemas was examined for closeness to some frame (thedxemrsamost of the verbs
in the schema) in FrameNet. Only 13 schemas could be mapped in this way. Chadedbthe verbs
in these mapped schemas occurred either in the same frame or in a relatege@mag one link.
However, around 20% of the verbs did not occur in related framesnBéis and Jurafsky (2009) report
that upon examination the vast majority of them were found to be cases whergould still consider
them related in a ‘narrative’ sense.

These results however do not fully bring out the quality of the schemaman@érs and Jurafsky (2009)
only evaluate their top 20 schemas. This is a very small test set to obtainasgneble conclusions.
Even for this data, several schemas do not have mappings to FrameNsehang those which do, only
some of the verbs are in related frames. It is true that FrameNet use@ulifhotion of relatedness
and hence the comparison should not be taken as robust evaluation. thitidéact brings us to the
question of whether this assessment tells us much about the quality of theepdosthemas: probably
not. Chambers and Jurafsky (2009) also present an “event prediatk’ to evaluate the schemas.

Narrative cloze task Narrative cloze experiments are frequently done in psycholinguistic studie
word is removed from a sentence, and a person or system is asked to@i#pending on the choice
made by the person or system, we can say how well they performed onkh€tasnbers and Jurafsky
(2009) use a similar experiment to test the predictions of relatedness feimsithilarity metrics.

The chains of events with coreferent arguments in about 70 documergsdeeatified. One of these
events was chosen at random and removed from the chaircafitgdateverbs for the missing slot were
generated from the training data. For each verb in the training corpusjatedness to the remaining
verbs in the chain is measured. The verbs are ranked on the basis dft#ireed scores and the rank
of the gold standard verb in this list is noted. Ideally, if the relatednesescould predict the missing
verb well, one would end up with a low (better) rank on average for thmshathe test documents.

When relatedness was computed in a schema-like manner (consideringeaaidéacies to compute
similarity as in Eqn. 4), the results turned out better compared to using onlyrotagonist dependency



link as in narrative chains. In addition, the gold standard verb was damkesh lower when argument
information was also used while computing the similarity (Eqn. 3). Chambers wmaésky (2008)
also show that the baseline of computing relatedness based on verbwoeoce in documents gives
significantly lower results as opposed to also requiring that their participantereferent.

However, in all the setups, the average rank of the true event is al@@@vthich means that the
true event is only predicted after nearly 1000 misses. In fact, it is pipliad case that several options
could fit the missing event, but given how the evaluation can be done, wielwaly be looking for one
specific event which occurred in the text. All improvements suggested agnGérs and Jurafsky (2008)
and Chambers and Jurafsky (2009) lower the rank for the gold sthbdastill the rank is over a 1000.
Hence this evaluation again has the same weakness as the comparison tdétrdnumes not robustly
predict the quality of automatically created schemas.

It would have been more useful if Chambers and Jurafsky (200®9)mpeed a small experiment with
human judges instead to score some of their schemas on a scale for wheyharettikely to represent
some situation or whether they are noisy. However, a thorough evaludtiifeoent schemas would be
impossible to do with human judges. Alternatively, we could use the automaticalgraged scripts in
some application and evaluate their usefulness in this way. The next pagetyre and Lapata, 2009)
which we discuss involves such a task-based setting to evaluate the essfofrautomatically generated
semantic information.

3.2 Automatic story generation: Mcintyre and Lapata, 2009

While comparison with manually constructed knowledge bases provide soigktimto the quality of
automatic scripts, testing the use of such information in a real task would be marn@aling. Mcintyre
and Lapata (2009) present a completely automatic story generation syasenh ippon exactly the kind
of co-occurrence information constructed in Chambers and Jura2§gy.

Automatic methods of generating stories would be very useful in educatipmdications. Story
writing tasks are a great way of encouraging children to improve their writlkills and creativity. An
automatic generation system could help in such situations by tracking the gittgnvgo far and pro-
viding suggestions regarding turns in the story. The task of generatingsstsing computers is also
investigated for its nature as a good artificial intelligence task, becauseivésvconsiderable world
knowledge which a system must use (Mateas and Sengers, 1999).

But stories, especially those written for children tend to have a more formatlaicture. So Mcln-
tyre and Lapata (2009) ask the following question: Given a large colledfiahildren’s stories, can
we identify patterns in them automatically and how useful will this information beémerating new
stories?

3.2.1 Construction of knowledge base from data

Mcintyre and Lapata (2009) use the knowledge base for both the ¢ovft¢heir stories as well as
information for constructing story sequences. Therefore, McIntgiceLlaapata (2009) incorporate two
types of information into their knowledge base: a) entities and their assoaietieds and properties, b)
closely related events and in what temporal order they are likely to appear.

Agents and actionsThis portion of the knowledge base is intended to convey what properéessao-
ciated with different entities and actions, and also which actions are likely peidermed by a given
entity. For this purpose, Mcintyre and Lapata (2009) parse a collecfiohildren’s stories and obtain
predicate-argument relationships. They identify all verb-subject-objbverb-adverb, noun-adjective
dependencies and use a mutual information metric to identify the dependératieave high association
values. For example, we would like to know if “d@gbjectof-bark” is a frequent construction.

We can denote each of these dependencies as a relationship betweeortiso lw “dogsubjectof-
bark”, the words “dog” and “bark” are related by the subject relatigmsFor any two wordsv andw’
and relation-, the task is to compute how much information is obtained from the combined kngsvied
of the words and their relationshigyunt(w, r,w’) as opposed to the individual descriptions of the two
words and the relatiomount(w), count(w’) and count(r). Mutual information provides a way to



quantify this property.

P(w,r,w")
P(w)P(r)P(w')
However it is not always the case that all theegr, andw’ be independent. Once we know that
“subj_of”, we can identify thatv must be a noun and’ a verb. Hence following Lin (1998), Mclintyre
and Lapata (2009) modify Eqn. 5 with the assumption thandw’ are conditionally independent given

the relation-:*

MI(w,r,w") = log ()

P(w,r,w")
P(r)P(w|r)P(w'|r)

Properties of entities and events and entity-event associations arel laaded upon this score and
listed in the knowledge base. Mcintyre and Lapata (2009) compute sont®addassociations so as
to avoid certain problematic constructions being generated. For examptmulehave a noun phrase
such as “the boy” which is likely to occur both as the subject or object @k such as “saw”. So we
might obtain high association values for the dependenmigssubjof-sawas well asboy-objof-saw
However, a combination of the two in tleamesentence is unlikelyThe boy saw the boySo one
would need some measure of compatibility between the subject and objectiteace Similarly, with
double-object verb constructions, one would like both objects to be cortgatilities.“l gave Mary a
book” would be a more frequent construction comparet! trave the dog a book”

As a check on such constructions, Mcintyre and Lapata (2009) corapdtstore a score for ternary
relationships as follows:

MI(w,r,w') = log

P(ay, az|s,v) = lIs,v, a1, as]
IIs, v, *, ||

Herea,, a2 denote the first and second arguments of the vexbds stands for the subject. When
is €, the equation encodes the likelihood of a single object construction.

These components of the knowledge base will be involved in content ptaforia sentence. But sen-
tences cannot be constructed in isolation without any dependenceviousreontext of the story. There
are two components of context that are necessary to consider for tlothsfioov of a newly constructed
sentence: a) previously mentioned entities and b) events that haveestcior the event sequence
model, Mcintyre and Lapata (2009) learn likallgainsof events involving a&ommon protagonistising
a similar technigue as Chambers and Jurafsky (2009). Mcintyre aratd é2009) do not have a model
of entity co-occurrence. Rather, they make a simplistic assumption inspirtbe IGentering theory that
either the entity in subject or object positions of the previous sentence wilidbsubject of the next
sentence. ltis in fact a very difficult task to pick entities to talk about witlgmirig off-topic and losing
focus. On the other hand, always picking an entity from the previousisea would create stories that
have a routine structure. We return to a discussion of this aspect latectinrgg.2.4.

Event sequencesdvicintyre and Lapata (2009) follow the same approach as Chambersuaaidky
(2009): they extract verbs with coreferent arguments and scors ghairerb-dependency links using
mutual information. However, in contrast to Chambers and Jurafsky8j2@@ey do not use a temporal
classifier to get precedence relationships. Rather they simply recorddéeio which the events occur
in the example documents. This is done by defining the relation between twe ivetdrms of both
temporal order as well as a common protagonist. Mutual information valeesoanputed for both the
transitions<chase, obj> precedes and coreferent withrun, subj> as well as<run, subj> precedes
and coreferent with< chase, obj >—the former is probably the more likely one. Here “precedes” is
defined by whether the event was mentioned before the other one in ties shoring training.

In the work by Chambers and Jurafsky (2008), a temporal classifiesad instead of document
order because the latter might not always be indicative of the actuailreoce order of the events. For

1This definition is identical to the mutual information criterion used in ChambedsJurafsky (2009). In Chambers and
Jurafsky (2009)P(w, r, w") was written asP(r) P(w, w’ /7).
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Figure 3: Entity Grid representation for the example text in Section 3.2.2

example, a news report about an accident might first mention the aceitetdater provide a description
of prior events leading to the accident. But children’s stories have a sitnpt#ige and document order
might be more or less indicative of the actual order of events. So it is liketythleasimplification used
by Mcintyre and Lapata (2009) would be sufficient in this case.

3.2.2 Models for ranking stories

However, stories cannot be generated based only on the likelihoodité®m@and event sequences in
them. The text must also be coherent and for stories, one would alse tesirthey be interesting.
Therefore Mcintyre and Lapata (2009) wish to integrate both aspe&dtsrence and interest—during
story generation. In this section, we describe how scores along theskneasions were obtained. In
the next section, we detail how the different scores from the knowlbdge, and coherence and interest
models were combined to select the best stories.

Local coherenceThere have been several work investigating factors which influertoerence of writ-
ten texts. Several data-driven methods to capture coherence alsmeristf which is theentity Grid
model (Barzilay and Lapata, 2005). The goal of these methods is to ideatifgrns from training doc-
uments that are indicative of coherence and proper sentence flovsaridase for analyzing new texts.
We return to a discussion of the Entity Grid and other data-driven cobenmedels in Section 4.1.1
when we detail the work of Soricut and Marcu (2006).

Barzilay and Lapata (2005)’s Entity Grid method is inspired by the Centeriggryhand focuses on
coreference and salience properties of entities in text. It may be expibetethe entity coreference
patterns in coherent texts differ from those in texts which lack cohereBazilay and Lapata (2005)
aim to capture this difference automatically by observing a large collectionharent and incoherent
articles. Coherent articles are just texts written by people and incohemtéaies are generated by ran-
domly permuting the sentences of coherent articles. We briefly descrilbeaitméng procedure for the
Entity Grid method below.

Consider an example text containing three senteftds S3.

(S1) The fairy appeared before the girl.
(S2) The girl wished to be freed from the giant.
(S3) The fairy waved her wand and granted the wish.

In this framework, every text is represented by a set odws corresponding to the sentences (here 3)
andp columns one for each unique entity mentioned in the text. In our case, we hawddive columns
as shown in Figure 3.

The cell corresponding to thi& sentence (row) angl” entity (column) is filled with the given entity’s
grammatical role (S-subject, O-object and X-other) in that sentenceali$ence of entity in sentence
1 is recorded by a-’ in cell i5. Figure 3 shows the populated Entity Grid for our example sentences. In
thisgrid, a column’s entries from top to bottom reflect that entity’s transitions in the Téad entityfairy
is the subject of the first sentence, absent in the second and reappdae subject of the third. Therefore
between any two adjacent sentences, different types of transBiOnSX, O—, XX, —X.can occur for
the different entities. A total o/ = 16 such transitions are possible including the transition.

11



Barzilay and Lapata (2005) record the total count of each of thessiticars over the entire text. The
proportion of each transition type among the total transitions is calculatedn@igollection of coherent
and incoherent articles in a particular domain, these proportions are texdrfou the example texts and
are used as features to train a discriminative model to predict the cokesenme of the article.

Mclintyre and Lapata (2009) train an Entity Grid model using a collection ioy tales as positive
examples; incoherent texts to use as negative examples are obtainaddyhapermuting the sentences
from the original articles.

InterestingnessThis is the second aspect that Mcintyre and Lapata (2009) considepastant for
scoring stories. But there have been no studies previously showind Viumguistic properties of a text
are indicative of how interesting it is.

Mclintyre and Lapata (2009) elicited human judgements for the level of sttegmess of 40 stories
from a collection of Aesop’s fables. Mclintyre and Lapata (2009) thietained several word-based
features from the texts and measured their correlations with the human judigeme

Some were basic features such as number of tokens and types of meths, etc. and counts of
dependency relations such as subject-verb and verb-object. The pdiRfBolinguistic database was
also used to extract features. It contains several large word listewlw@ds have been assigned scores
reflecting different aspects such as familiarity, concreteness, imagdmnaaningfulness. Imagery rat-
ings, for example, were obtained from an experiment (Paivio et al.,)i8&&ich humans were asked to
score words on a given scale depending on how quickly they couldiassthe word with some image.
A word such as “apple” would receive a higher rating compared to the {Wact”.

Mclintyre and Lapata (2009) found that the number of objects was thehesictor of interest level-
with a correlation value of about 0.2. The next best features were tiderof noun tokens and noun
types. The features from MRC database—concreteness, meanisgfainé imagery—were also good
correlates of interest level of stories. Surprisingly, the number ofradvar adjectives were uncorrelated
with interest in this analysis. One might expect that such descriptive veaidisnore excitement to the
story, however it turns out that this is not the case.

The significantly correlated features were combined in a regression noogieddict the interest level.

3.2.3 Generation of story possibilities and search process

With the knowledge base and the two models for local coherence and triemedsn place, the task now
is the generation of stories with a good combination of these aspects. MeamgrLapata (2009) use a
beam search method which we describe in this section.

Mcintyre and Lapata (2009) require the user to specify a starting senterset of entities. Consider
that a sentence such as “The lion pounced on the rabbit.” was obtaisatbsaribed before, the system
assumes that the entity in subject or object position of the previous semendeg become the main
entity of the next sentence. In this caien andrabbit are possibilities for the “subject” of the next
sentence.

Next, a list of most associated verbs with the chosen entities is obtained feokmtlwledge base.
This list is also ordered by considering which verbs are more likely to follevgievious event of
“pounced”. Therefore both the entities as well as previous event mduéhe next event in the story.
These dependencies are shown in the first level in Figure 4. Mcintygté apata (2009) do not provide
details about how the association scores for these two factors—whatisaat®likely for that entity and
the likelihood of the event sequence—were combined. However, it eppaaect that both factors would
influence the choice of the next event. For our example story in Figuré ds leonsider that the verb
escapds the most highly ranked by the combined criteria. To keep the search spedie only the top
five events are kept in the search tree.

Next the system obtains subcategorization information (number and typatatcic arguments) for
each of the verbs in the story tree. For example, the esdapecould appear without objects and
adverbs or in conjunction with them. This information is provided by a datatikexted in Korhonen
et al. (2006). The most plausible set of five subcategorization templaeagtained. The adverb, or
object slots for a verb are then populated using the knowledge bas®asidering which lexical items
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The Iion on the rabbit

fled

T

escape(rabbit)  escape(rabbit, ADV) escape(rabbit, OBJ)

hop...

safely quickly  luckily...

Figure 4: Generation of possible sentences to foll@ive' lion pounced on the rabbit.

are very likely to fill these syntactic positions for that verb. This choiceMw@htyre and Lapata (2009)
make is bound to be problematic. We would pick out frequently co-occuobjgcts for that verb,
without consideration of how they fit with the rest of the story, the alreadisting entities and past
actions. Note that in this case, we would ideally like the object of escape tmbé ‘But Mcintyre and
Lapata (2009) ignore prior context and so the stories produced algtiikeot be very focused.

At this point we have abstract representations for several possiilerses for the next level of the
story. Each of these is realized into a sentence by a language geneoatiporent (RealPro (Lavoie and
Rambow, 1997)) which handles the other parameters such as choosipgrapriate tense , adding arti-
cles, etc. Several combinations are experimented and the sentencesradeusing a trigram language
model. The best scoring realization for each sentence is returned.

This generation process using the knowledge base produces semet@hce choices at each step.
Now the task is to find a sequence yielding a good story. Mcintyre andth4p@09) aim to combine
the information from the knowledge base together with the coherence anekingeores to find the best
stories. They use a beam search method and keep at each level oréntitreces corresponding to the
top scoring 500 stories. They perform a study with human judges durwedagenent to identify which
setup for scoring would be best—only coherence, interest or bothbf&inahis information, Mclntyre
and Lapata (2009) generated a few stories by ranking according boofdbese options and asked
humans to rate the quality of the stories produced. The combination of batsgmoved best from this
study and forms the settings for their final model at test time.

Also, note from the previous section, that Entity Grid and interest models tv&ned on full text
stories. During beam search, as the story is being built, we might haveleoasdy fewer sentences
(starting with two) for which we would like to obtain a score from these methieddher, the final stories
generated by Mcintyre and Lapata (2009) are also only five sentéorngs So the predictions from
both these methods trained on longer articles may not be robust for caididemallertestarticles.
Mcintyre and Lapata (2009) specifically refrain from training the Entityjd@n short stories because
they consider them less appropriate and use stories of more than 10@cesntdowever, this could be
a problematic choice. The distribution of lexical items as well as corefeffeateres could be different
in long versus short stories. It might be much better to define scores lavief sentence-to-sentence
transitions so that these scores can be summed up for the partial text aauttle grogresses. Recall
that the Entity Grid simply used human-written articles as coherent examplesoWéget finer level
coherence judgements by considering that adjacent sentences in fwitten-articles are coherent and
define features for pairs of sentences. We later describe how thisregdtication is done to the Entity
Grid model in the work of Soricut and Marcu (2006) for their search ritilgm. The interestingness
features are all word-based and harder to split to a lower level withbetléal data at the same level,
but since the training articles in this case were much smaller, four sentem@@®K@age, it is not very
different from the test examples in Mcintyre and Lapata (2009).
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3.2.4 Results

Mclintyre and Lapata (2009) train their story generation model on a coltecfid37 fairy taleslit t p:

[ I ww. myt hf ol kl ore. net/ andr ewl ang/ ) each approximately 125 sentences in length. Mcln-
tyre and Lapata (2009) obtainése sentence stories from their search process one each fiaftihg

or input sentences. Apart from the full model, two baselines were incatpd in the evaluation. One
of these chooses the next event and entitiesradom The other also does not use the coherence and
interestingness models and simply choosestthst plausibleext event and entifyfrom the knowledge
base. Both these baselines generate a single story hypothesis. Humes juetg asked to rate these
stories on a scale from 1 to 5 on three aspefitency coherenceandinterest Mcintyre and Lapata
(2009) found that the stories produced by their full search-base@Insodred significantly better than
the random and most plausible story baselines. This shows that multipledsaspeb as coherence,
interest and likelihood play a role in generation and a combination of thesevegstory quality.

However, the scores provided by humans for Mcintyre and Lapa@9j20generated stories as well
as the baselines are around 2 (maximum score is 5). Therefore th# quality of the automatic stories
is not high. The system performs generation starting at a very fine leadizing sentences from entity
and event specifications. This turns out to be very hard, most of thersms even from the full model
are not grammatical.

The choice that Mcintyre and Lapata (2009) make to keep an entity fremqus sentence in the next
helps to maintain some focus in the text. But from the example stories in the papelear that linking
all sentences in this way makes the story appear cliched. It is important tthadtgenerating pronouns
or other ways of referring to the same entity is another hard task and &etities are simply repeated as
such. The lack of a better notion of entity co-occurrence also showsatpén situations. For example,
the system generates a predicate and argument such as “rescueas tivehsoe there is no mention of
“the son” previously. In fact, even without the definite article, the woh"scannot be used except if a
family or other entities provide a context for its use in the discourse.

Coming to the issue of whether event sequence information was usefulafianalysis of example
stories in Mcintyre and Lapata (2009), it does not appear that theaar@nce clues are very robust for
use in such applications. One of the baselines in Mcintyre and Lapat@)(@9@e described above used
the most probable event associated with an entity and previous everdrferaging stories. Hence the
chain of events from this approach, should give us some insight into tbe &frchains in the knowledge
base. For the two examples provided in the paper, the sequence ofiveéhesfive sentences of the
stories aréhas — rounds— comes— wonders— meetsandguards— rescues— beats— feels—
hears One can immediately notice that when the system started with a very commondesggsgerb
such as “has” or “comes”, the co-occurrence information from thebdatawould be highly unreliable
for predicting the next event. But in applications such as generation, thiklMe a common case. Even
in the other cases, the event co-occurrence information appears éoybeoisy.

3.3 Discussion

In this section, we compare some properties of Chambers and Jura®l8) @hd Mcintyre and Lapata
(2009) and discuss how the approaches can be improved. We alsibddsmv some of the issues that
arise in the context of these two papers are handled by those which wsslisext in this report.

Domain dependencerlhe idea of learning from example texts is based upon the intuitionsthmakar
texts would have noticable patterns. But, one could define similarity in many. wvBgth Chambers
and Jurafsky (2009) and Mclintyre and Lapata (2009) base theiihgpon texts from the same “genre”,
narratives: news articles and stories respectively.

On the other hand, similarity can be defined in terms of the “topic” of the textekample, within
news articles, those about accidents, would all have very similar corgemelhas organization: de-
scribing the location, cause, casualties, etc. Since the notion of same togiitieato genre is more
fine-grained, it is likely that we can learn more accurate information abrusteicture by examining

2pgain, the combination of both entity-event and event-event associatloasis not specified
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articles on the same topic. It would be interesting to investigate if the narratiigres learnt in Cham-
bers and Jurafsky (2009) and Mcintyre and Lapata (2009) can bewegh by learning entity and event
co-occurrences on topic-tagged texts. The two papers which we disext Soricut and Marcu (2006)
and Sauper and Barzilay (2009), use topical similarity for choosing tlaéning documents.

Combining multiple aspectsin Mclintyre and Lapata (2009), we came across the issue of howaetiffer
properties seemed necessary to create good quality stories: plausibilitgstimgness and coherence.
Their results also show that when these aspects were combined duringestoeh, the generated stories
were given higher scores. This situation is likely to arise in any generasén tbowever, for Mcintyre
and Lapata (2009), the hypotheses generated from different setfipggameters during development
had to be scored by human judges to find the best combination. Thendfeyezould not try different
settings or weights for the component models.

The two papers which we introduce next also deal with applications to gi@meand the problem of
incorporating multiple aspects of text structure comes up in these. But battuSand Marcu (2006)
and Sauper and Barzilay (2009) use automatic and cheap methods daitienplineir output during
development time. We show how this fact enables them to explore a widex cdmapssibilities and
directly train their models to find a way of combining different constraints.

Level of text structure Both Chambers and Jurafsky (2009) and Mclintyre and Lapata (2008
focused on entities and events in the text. At sentence level, entities amibtsg@vents were learnt.
Between sentences, event co-occurrence forms the primary linkntrast, Soricut and Marcu (2006)
and Sauper and Barzilay (2009) work with larger granularities of texitesees or paragraphs. Their
aim is to create coherent texts starting with such larger units of content.

In addition, Chambers and Jurafsky (2009) and Mcintyre and Lagaf0] do not consider the fact
that texts have a hierarchical structure: paragraphs, subtopics @t@x&mple, Mcintyre and Lapata
(2009)'s system has no notion of ‘start’ and ‘end’. Stories are simphegged upto a length of five
sentences. It is unlikely that they would have a plot or be meaningful aestdoreover, apart from
the fact some entities from the previous sentence are repeated in the esxtstho attempt in Mclintyre
and Lapata (2009) to return to topics or entities mentioned in even earlieudigcdn other words, the
component of global structure is missing in Mcintyre and Lapata (2089¥%m. In Soricut and Marcu
(2006), we introduce some models of local structure as well as those mcimtporate some aspects of
the global document structure. The focus of Sauper and Barzilap)28@ show exactly that having
an idea of the overall structure and content of the document greatly aidetieration of articles.

Application needsWhile Chambers and Jurafsky (2009) do not perform any applicatiemied eval-
uation, we saw how to use the same information in a generation task, Mclmgreapata (2009) had
to tackle several other challenges: producing grammatical sentenosgjeng multiple possibilities,
search algorithms, optimizing for multiple desired aspects, etc. Therefomet, faom producing good
models of text structure, in order to use them successfully in applicatiase tiher problems also need
to be addressed. One of the main focus of the papers we discuss nextrisuting efficient algorithms
for specific generation tasks.

4 Models and algorithms for selecting and ordering content irgeneration tasks

So far, we have discussed approaches and tasks where the facleawmméng and use of semantic knowl-
edge. Next we discuss two papers which concentrate on text-to-testtegiem. The content is already
available at the level of sentences or paragraphs. Consider most@irtieat day summarization sys-
tems. They do not generate new text for their summaries. Rather systertif/identences from the
source texts which contain important information and include these sentascesh for creating the
summaries. At this stage, the summary is only a bag of sentences possibly ¢amirdifferent portions
of a source document or even different documents when summarizingtarotfi related articles. These
sentences need to be subsequently ordered to make the text more rdad#ideuser. Similarly, in
natural language generation, a system might select a set of factséseapin the output but a coherent
ordering of these needs to be created before generating the text. droagplications as well, systems
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need information about how humans organize content while writing.

The goal of the two papers we study here Soricut and Marcu (20@63anper and Barzilay (2009) is
to acquire knowledge of text structure for use in organizing content.unitSoricut and Marcu (2006),
we see how properties of coherence between adjacent sentendesleamt and using this information
one can obtain benefits in the task of ordering a given bag of sentencesate coherent text. On
the other hand, Sauper and Barzilay (2009) focus on the coheréacictes at the global level. They
discuss how templates about subtopics in articles from a particular domame earomatically obtained.
Using these templates, they automatically generate Wikipedia articles in two doM#éias.the focus is
on usability in a task, properties and challenges associated with the tasleatsadimportant to solve.
Both Soricut and Marcu (2006) and Sauper and Barzilay (2009)estrate on efficient algorithms and
techniques for their respective generation tasks.

4.1 Learning to order sentences coherently: Soricut and Marcu, @06

One approach to address the task of sentence ordering is to develogswwidh indicate how coherent
the flow between a pair of sentences is. This information can be used t@ @etith sentence pairs may
appear adjacent in the output. Several data-driven models of texbleavedeveloped for this problem.
Soricut and Marcu (2006) propose a new metric based on lexical sta#isticalso test whether existing
approaches can be combined to yield better estimates of coherence.

However, given suclocal metrics to estimate the coherence of pairs of sentences, finding the ordering
of a set of sentences such that the overall coherence score otplug isumaximized is still hard. Althaus
et al. (2004) proved this discourse ordering problem to be NP-completeduzluction from the Traveling
Salesman Problem. Consequently, methods to perform information ordetingrr search methods.
Previous approaches address this problem through a greedy elpgt@gata, 2003) or by methods to
find a local optimum (Mellish et al., 1998). However, if several erroesrande during search, these
errors might undermine the predictiveness of the coherence scooeaddfess this problem, Soricut
and Marcu (2006) propose a compact representation of possiblengslef the input sentences using
IDL (Interleave-Disjunction-Lock) graphs and present an A* sealgorithm on these graphs to reduce
complexity as well as the likelihood of search errors.

4.1.1 Coherence models

Soricut and Marcu (2006) combine three different methods to scorerenbe. Two of them are from
prior work (Barzilay and Lee, 2004; Barzilay and Lapata, 2005). Onihese (Barzilay and Lapata,
2005) is the Entity Grid method already introduced in Section 3.2.2 which usefemence information.
Barzilay and Lee (2004)’s approach, also called a “content modeljdsdbon word patterns in the text.
In this paper, Soricut and Marcu (2006) introduce a hew method to corospb&rence using word co-
occurrence patterns, adapting a technique from statistical machine ti@msla this section, we provide
a brief description of what aspects of text structure are captureddbyreadel and provide motivation
for why we can expect better performance by combining these apm®ach

Soricut and Marcu (2006) are interested in obtaining scores whiclctréiev naturally a given sen-
tence follows after its immediately previous sentence. Sentences furtheirbte discourse are ig-
nored. The coherence of the full text is defined in terms of the coherenel between its adjacent
sentences.

Entity Grid As we described previously, Barzilay and Lapata (2005) focus on eniitithe text and
their coreference and salience properties.

The entity transition patterns present in the “grids” of documents fromengiomain form the fea-
tures for training this model. In Section 3.2.2, we described the 16 typesnsiticas that can occur in
the grid between adjacent sentences, eg. SS, SX, O-... where StsObggect, X-other noun phrase
and - represents absence of the entity. The proportion of each trangjimamong the total transitions
in the document were introduced as features in Barzilay and Lapata)(RDpEedict the coherence of
unseen articles. Mcintyre and Lapata (2009) used the same setupuréfefmr search during story gen-
eration. In Section 3.2.3, we discussed that such features definedrtirerarticles may not be suitable
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during search stages when we want to compute the coherence of sirides.

Soricut and Marcu (2006) use the same Entity Grid features but definedahthe level of adjacent
sentences. For two sentenegands;, the features for the transition fromto s;, ¢(s;|s;) are the counts
of different types of entity transitions for that ordering of the two sergen&oricut and Marcu (2006)
take pairs of sentences from the original document as positive exansplearént sentence transitions)
and non-adjacent sentence pairs in the article as negative examplesy Daining, they learn a weight
vectorw of length@ (= 16), to predict the probabiliythat sentence; | follows s; under the Entity
Grid coherence model.

pE(5i+1|5i) =w-: ¢(Si+1|5i)

The overall probability of a text’ with n sentences is then computed as follows:

n—1
7) = [[ pe(sitilsi)
=1

The Entity Grid approach is based entirely on noun phrase corefepatteens in the text. Other words
in the training documents are ignored and the identities of the words themsedvesver used. But the
distribution of words are also important clues to how content is organizeacndents. The two papers
which we have already discussed, Chambers and Jurafsky (2008)antyre and Lapata (2009), were
strongly based upon word co-occurrences. Coreference andll@xiormation could be complementary
clues and one would like to use them simultaneously for predicting coher&wc&oricut and Marcu
(2006) combine the Entity Grid method with some lexical approaches. Wellokesigese next.

Word co-occurrence Soricut and Marcu (2006) introduce two ways to compute the coheretaeén
adjacent sentences using the word co-occurrence patterns in them.afplg an idea from machine
translation to quantify the co-occurrence likelihood.

In machine translation, large amounts of source language sentencesarghthivalent target lan-
guage sentences (translations) are used to train “alignment” models to olgt@irobability of observ-
ing a target language word as the translation of a source language Metdods such as IBM Model
1 (Brown et al., 1993) based upon the Expectation Maximization (EM) algoritte typically used for
this purpose. Soricut and Marcu (2006) apply this idea to compute quteecs two adjacent sentences,
ie., for measuring the likelihood of observing the words present in semtenc after the words in sen-
tences;. For this task, they train the IBM alignment model using pairs of adjacet¢sees rather than
sentences from two languages. In this way, they obtain a table of probabjljiie?, , |s!) wheres? ; is
aword in sentence;.; ands! is a word in the previous sentengge

In the forward model, sentence;; is assumed to be generated from words in sentepcelrhe
probabilities of adjacent sentence transitions and full texts under this ramdEfined as follows.

Isi+l Isil

pr SZ-‘rl‘SZ H |S |+1Zpt 'L—‘rl‘s
i

For each word irs;; 1, the probability of observmg it after each of the wordssjris computed and
the average value is taken. The wordsjralso include a specidNULL word. (In translation, words in
target language sentence which do not align to any source senterd® averassumed to be aligned to
NULL.) € is a small constant probability value for observing a sentence of léngth after a sentence
of lengthls;|.

n—1

Py (T) = [] pw, (sis1lsi)
i=1

3Soricut and Marcu (2006) do not report which classifier they usettdining the Entity Grid. | assume that they predict
probability of membership in the class of coherent sentence pairs.
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The probability of a text can also be measured undsackwardmodel which assumes that words in
sentence; are generated by words in sentenge, .

|si] si41]

bwy 31‘31—&-1 H ’S "l‘l Z pt 1‘52+1
i+

Py, (T) = Hpr(Si|Si+l)

The Entity Grid and Soricut and Marcu (2006)’'s model of word co-o@mces can be expected to
combine to produce a better method. However, both of these methods areddefi pairs of adjacent
sentences, and all pairs in a document are treated the same. They laakianyof global structure. For
example, suppose that we moved the paragraphs around in the docuhmeetitify transition and word
co-occurrence patterns are still preserved within paragraphs, ihel@anges occurring at the beginning
and end of paragraphs. In this case, it is unlikely that Entity Grid or wordazurrence model would be
able to predict that this change has made the document much less coherent.

Content modelsBarzilay and Lee (2004) introduced a Hidden Markov Model (HMM) médttmmodel
text structure as a sequence of topics and transitions between them. Thaxmalled the “content
model” can also capture some global aspects of text structure such asgiheibg and end of docu-
ments. So Soricut and Marcu (2006) suppose that by combining this gidbahation with the local
models it might be possible to obtain an even better predictor of coheremres sc

This method is also based on word co-occurrence patterns. Barzilayeen(®004) cluster similar
sentences from articles in their training corpus and each cluster raggestopic”. These topics are the
states of the HMM for modeling that domain’s articles.

The sentences clustered under each topic (hidden state) are used tdearbjyram language model
for estimating the emission probabilities(s;|h;) for sentences; from that hidden stat#;.

The transition probability; between two states, andh;,; is computed as follows. Letandc’ be
the clusters of sentences corresponding to these states respectiredide® that the sentences in cluster
¢ came fromD(c) unique documents in the training corpus. Lefc, ¢’) be the number of training
documents where some sentence from clustappears immediately before a sentence in cluster
Using this information about precedence relationships, the transitionlghbpé computed as:

pe(hiy1lhi) = Dl()c(,cc)’)

The probability of a sequence afsentences is given both by the likelihood of transitioning between
topicsp; as well as the probability of a sentence being generated in particular tojgpstahe follow-
ing equations represent this computation for adjacent sentences arektull

pe(<siy1, hiv1> | <si, hi>) = pi(hig1lhi) - pe(sit1lhir1)

n—1
Po(T) = hrlnax Hpc <Sit1, hiv1> | <si, hi>)
The probability of the text is computed as the maximum probability from the seqeesf hidden
states.

A loglinear representation for combining coherence model$§oricut and Marcu (2006) combine the
three coherence models described above in a loglinear framework.alQvkere areM = 4 feature
functions, one each corresponding to the forward and inverse vasaifdhe word co-occurrence model,
the Entity Grid and the content model. Each feature function is the probabiti @éxtT” under a model
P, (T) and is associated with a weight parametgy. The probabilityP(7") for the text under all the
models taken together is written as follows:
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e me1 Am P (T)

P(T) =
LSS Y A

During search, we would like to find the ordering of sentences which maxintige probability and
hence the coherence. For all orderings, the denominator of the atpoaan would be the same. Hence
the objective can be written as follows ignoring the normalization term.

M
arg max P(T) = arg mTin(— z_:l Am log P (T)) (6)

These weights\,,,, are tuned such that they improve tipeality of the orderings. In Section 4.1.5, we
describe the training procedure used by Soricut and Marcu (2006 o tleese weights and the metrics
defining the quality of orderings.

All the coherence models in Soricut and Marcu (2006) are defined #&\bheof adjacent sentences
However, optimizing for the best order according to thiesal coherence metrics is hard because of
the huge search space. Soricut and Marcu (2006) seek to tackle abiemrby using IDL graphs, a
framework which can represent the ordering possibilities in a very canmpacner. They develop an
A* search algorithm to use on these graphs to find good quality orderiviggs first provide a brief
description of IDL graphs and discuss how Soricut and Marcu (2@8¥esent the information ordering
problem with these graphs. In Section 4.1.4, we detail their search algorithm.

4.1.2 Introduction to IDL (Interleave-Disjunction-Lock) graphs

In generation tasks such as sentence ordering, the set of possiblbésgs for the system to consider
is very large. Forn sentences, there an¢ possible orderings. It becomes difficult to represent all these
possibilities and compare them. IDL (Interleave-Disjunction-Lock) grggbposed by Nederhof and
Satta (2004) provide a solution to this problem. IDL graphs enable:

(a) avery compact representation of the set of possible constructions
(b) efficient computation on this representation

IDL graphs can generate finite languages only and have equivaléatdiate acceptor (FSA) repre-
sentations. However, compared to FSAs, IDL graphs involve additigrerations which enable IDL
representations to be more compact than FSA. IDL graphs have a awaareand a disjunction oper-
ation: the semantics of these operations are identical to FSAs. Two addijerationsinterleaveand
lock—are also available. Thaterleaveoperator (represented &pis the one relevant for the ordering
task and we illustrate its use through an example.

The interleaveof happily and play.piano(the concatenation operator gtay and piano keeps the
precedence constraint that ‘play’ should appear before ‘pian@pieesented by the following expression
(every IDL graph also has an equivalent IDL expression).

| (happily, (play.piano))

The above expression generates strings where ‘happily’ can appeany position in the sequence
‘play.piano’, ie.,happily play piano, play happily piano, play piano happilyhe expression is much
more compact compared to the possible enumerations.

4.1.3 DL graph representation for information ordering

Consider that we have three sentenaeg and-y in our document. Let the symboisd> and</d>
represent the beginning and end of the document. All possible permutafiens? and~ within the
document boundaries can be written using an interleave operation assollow

E=<d> - ||(a, B,7) - </d> (7)
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Figure 5: An IDL graph for ordering three sentences

V2U3V5 V2U4V5

<d>

Vs ©
V1U3

V1V3V¢ V10406

Figure 6: The unfolded IDL graph corresponding to Figure 5

The IDL graph for the expression in 7 is shown in Figure 5. It is conalolgrcompact compared to
a FSA representation of all the orderings.andv. represent the start and end states. The start &f an
argument interleave operation at a state is indicatekl tytgoingt--labelled arcs. The end of interleave
is signaled by arcs labelled withcorresponding to each of the arguments all leading to a new state.

A procedureunfold is defined which expands an IDL graph into the finer level transitions asin th
corresponding FSA. Formal details are available in Nederhof and S@id)and Soricut and Marcu
(2005). For illustration purposes, we provide a brief description. Athginning of an interleave
operation, all- edges must be followed simultaneously, reaching the set of states;(vs) for our
example. After that, one move on the IDL graph can correspond to trageasy one of edges within
the interleave operation. From stdte, vs, vs), the next possible state is one(ob, vs, vs), (v1, v4, v5)
or (v1,vs3,vg). These three transitions correspond to having added oae®fand~ respectively to the
ordering. In the statév;, v4, vg) boldfaced in Figure 53 and~ have already been added to the ordering
anda has still not been added.

Theunfold operation handles this task of enumerating the set of next states fronivanystate. The
fully unfolded graph for our example is shown in Figure 6. This unconga@sepresentation explicitly
shows the path for each ordering of the sentences.

For the information ordering task, Soricut and Marcu (2006) need tp kaek of the previous sen-
tence included before the current state to compute the coherence sctnansition to next sentence.
Their approach also involves hidden variables corresponding to thierdomodel. So, Soricut and
Marcu (2006) split every state into more states. These new states are mesgedined, also containing
information about which input symbol (sentence) was last added to tlegiogdand corresponding to
which hidden variable. For example, the state,vs can be splitintqvyvavs, v, ki) and(vivavs, 8, hj)
corresponding to which senteng®r 8 was added to the ordering in the previous step (see Figure 6) and
the associated hidden variablgsandh ;. The transitions leaving these new states are the same as those
leaving the unsplit state.

The complexity of searching the unfolded graph for the correct orgasinvhat one would like to
avoid. Therefore the aim of Soricut and Marcu (2006) is to use the @ssaed IDL representations and
during search, only selectivelynfold the graph. The reduction in complexity and correctness are both
dependent on thieuristicsused to select the nodes to expand next. The design of a heuristic fér an A
search algorithm is the focus of Soricut and Marcu (2006) and weillegdbis design next.
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4.1.4 An A* search algorithm

A* search is a heuristic based search method and when an “admissibilitgegyads maintained, the
search is guaranteed to lead to the optimal solution even if the search spdietes Consider that at a
certain point during search, we hawvg@ossible nodes which we could include in the path and continue
along. In the case of IDL graphs, these options correspond to nogleswidunfold to search further.

In the A* algorithm, for each of these nodes a cost value:(r;) is computed. This total cos{r;) is

the sum of two componentg(r;) andg(r;). f(r;) is the cost up to the current nodeandg(r;) is a
heuristic future cost—an estimate of the cost frgrto the goal state. A* search returns the optimal path
to the goal state as long @$ér;) is not an overestimate of the future cost (Russell and Norvig, 1995).
This property ofg(r;) is called “admissibility”.

For Soricut and Marcu (2006)’s task, an optimal path through the IRiplyrcorresponds to the or-
dering of sentences which has the maximum probability under a choserenobanetric. Soricut and
Marcu (2006) design an admissible heuristic for this search. Their ideafidlaws. Given a particular
state, they identify all th&uture sentences, ie., sentences that have not been added to the ordeghg as y
In our example, at stat@;v4vg, 7, h;), the future sentences are the symbols on the arcs along all paths
from that node to the goal state. This set is called’afrom Figure 5F = {a, </d>}.

Soricut and Marcu (2006) also define a setcohditioningsentenceg’ for the future sentence set
F. This set(’ contains sentences that are likely to be immediately previous to the sentetcdsiiimg
search. Therefor€' includes all but one of the elementsiéfthe last sentence that might be encountered
(</d> in our example)C' would also include the the most recent sentence added to the ordefimg (
our case when current state(ig v4vg, 7, h;)). ThereforeC' = {«, v} for our example.

For ¢g(r;) to be admissible, it must not overestimate the cost to goal state sfyoritherefore, for
each of the future sentencesc< F', Soricut and Marcu (2006) assume that the conditioning or previous
sentences, € C is the one giving the least transition cost for movingsto In this way, for all the
future sentences, an optimistic cost from previous sentence is estimateinBying these up for the
setF', Soricut and Marcu (2006) obtain a cost measure from current:stébethe goal state which is
guaranteed taot be an overestimate.

Since there aré/ = 4 coherence models in Soricut and Marcu (2006), all costs incorporase th
models using the loglinear framework from Egn. 6. Since the content mdészliravolves hidden
variables (seff), each of the sentences andC can be associated with a variable frdim an event
is represented byp, h> wherep € F orp € C andh; € H. The Entity Grid and word co-occurrence
models would ignore the hidden variables. The future cost frpimestimated as follows.

M
g(r;) = Z Z Am Iglel% —log pm(<sy, hi> | <sp, hj>) (8)
speFm=1 < h>eCxH

The cost of a transition from evests,, h;> to <sy, h;> is defined as the negative value of probability
of coherent transition predicted from each of thiecoherence models,,(<ss, hi> | <sp,h;>). If
coherence is less, the cost is high.

A* search has its disadvantages. It guarantees that the optimal path oliibe with an admissible
heuristic, however, this performance comes at a significant memory cakitpld hypotheses and partial
paths need to be maintained so that they can be explored if the current petlotts suboptimal. For
ordering large bags of sentences, A* search becomes impossible tothis #tage, some approximation
needs to be done to reduce the time complexity. Soricut and Marcu (2008)unt a beam search
version of the algorithmIDL-100, beam width of 100) to use for large input sizes. In this case, at each
step duringunfoldingof the IDL graph, the states are ordered by total e6st) and only the top 100 low
cost options are kept for further search. However, Soricut andWi2006) report that this beam search
version also takes more than a minute to order sets containing 11 senter@esrage (on a 3 GHz
CPU). This time complexity turns out to be a significant disadvantage of Sa@mliMarcu (2006)’s
approach, however, it appears that Soricut and Marcu (200@poctrate more on quality of the resulting
orderings. We discuss this aspect further when we analyze their res8kstion 4.1.6.
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4.1.5 Learning parameters of the loglinear model

In this section, we describe how Soricut and Marcu (2006) learn treers),, for their loglinear
model defined in Egn. 6. The,,’s should maximize the coherence of the ordering obtained. However,
it would be difficult to enumerate all orderings in order to learn the weighisstch argmax operations
defined over a compressed representation, Och (2003) introdunedraum error rate trainingproce-
dure, which has been widely used in machine translation where diffenemil&dge sources are often
combined in loglinear frameworks.

In this method, the actual distribution of all possible hypotheses (all ogkeiimour case) is approx-
imated using a k-best list produced by a search process. Furtherithiagris targeted at reducing the
error rate according to a metric which corresponds to the final evaluattena rather than maximizing
the likelihood of the training data. The idea is that by basing the training on taleefirmluation metric
the resulting model would be tuned to generate candidates that rank betietiag to the specified met-
ric. This metric must be automatically computable in order to evaluate the candillateg training.
The training begins with manually set weights for the parameters. The lchedidates are obtained
using search with these model parameters. The obtained orderingsahratest according to the eval-
uation metric provided and these scores are used to train and updateaheefmsas. A new n-best list
is obtained using the updated model and merged with the existing n-best lisseddor training. The
process continues until the n-best lists do not change between iterations.

In Soricut and Marcu (2006)’s evaluation setup, the test set is a colemftibocuments. The sentences
in each document form one input for testing. The original ordering in thiedigcument is taken as the
reference or gold standard ordering. Therefore, Soricut andtM&006) are able to use two automatic
metrics to define the utility of a produced ordering by comparing it to the origirggring. One is
Kendall's Tauwhich measures the correlation between two sets of rankings. It is deféned

Ne —Ng
T in(n—1) ®)

n. IS the number otoncordantsentence pairs in the system-produced ordering where the relative
ranking of the two sentences in the pair agree with their gold standardrggder; or disconcordant
pairs represent the cases when the rankings of the two sentencesiinratpa proposed ordering are
different from the gold standard%n(n — 1) is the number of unique pairs of sentences. With fewer
concordant pairs; would be small.r = —1 indicates completely opposite rankings with respect to the
original. 7=1 represents a perfect match with the actual ordering.

The other utility metric used in Soricut and Marcu (2006BisEU. BLEU is standardly used for
Machine Translation (MT) evaluation for comparing a sentence prodogedtranslation system with
that produced by a human. In MT, BLEU is computed as the overlap in ngoetageen the two sen-
tences. Soricut and Marcu (2006) use BLEU differently, to compareghtence sequence proposed by
the system with that in the gold standard. It is computed as follows. Suppaisthéhsequence...n
represents the sentence numbers in the gold standard ordering. réptesent the ordering produced
by the system, therefore would be some permutation af..n. This evaluation metric measures the
number of unigrams, bigrams, trigrams, four-grams of sentence numberdte actual ordering that
are preserved in the proposed one. A geometric mean of these fourregasthe metric that Soricut
and Marcu (2006) use.

4.1.6 Results

Soricut and Marcu (2006) evaluate their approach on two corpordiotes. One is a collection of news

articles on earthquakes from the Associated Press. The other sehswafaorts on airplane crashes from
the National Transportation Safety Board. These documents contaimtehses on average. Training
and test sets consist of 100 documents each. Given the set of senftemcea document, the task is to
generate a coherent ordering of these sentences.

Search efficiencyTo estimate search errors, Soricut and Marcu (2006) measure therfioopf times
the generated ordering from their system had a lower probability undenerence model compared
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to the probability of the actual ordering. For all the coherence metrics thed tested: Entity Grid,
content models and IBM word co-occurrence models, even the beanhseasion of A* with a width
of 100 (IDL-B100) gave no search errors on the test documentgusand Marcu (2006) find that if the
previously proposed greedy approach for ordering (Lapata,)d6@&ed, one is likely to make around
46% to over 90% search errors for the same coherence models.

But Soricut and Marcu (2006) note that even the beam search véagiesmore than a minute. Then
full A* search without pruning could take much longer. Therefore, pegrs that Soricut and Marcu
(2006)’s approach does not scale well even with inputs of aboutritérsees. But for several generation
tasks the time to produce output should be low regardless of input sizeexkorple, in a system to
summarize search results long time delays might be inacceptable. Hence Sodduarcu (2006)’s
search method has the disadvantage of being costly in terms of runtime.

Usefulness of model combinatiorSoricut and Marcu (2006) obtain orderings using beam search with
different coherence metrics and measure the Tau and BLEU scoremnefaged orderings with the
original document order. Individually, the content models, and the newl wo-occurrence approach
introduced in Soricut and Marcu (2006) obtain better results compared tBritity Grid approach.
Coreference information by itself appears to be not as robust as wavdaurrence patterns. Both word
co-cooccurrence and content models turn out to have similar perfoenkradall’s correlation of about
0.4 with the original ordering. Combining the all three with the loglinear model wasd to produce
even better results compared to each of the individual models: sksere for the combination is around
0.5. Further Soricut and Marcu (2006) show that these best sceresaltained when the utility metric
for training loglinear parameters matched the final evaluation metric. For é&amipenr metric was
used for training, better scores were obtained compared to no error rate training as well as training
using a different metric than the final evaluation, in this case, BLEU.

Soricut and Marcu (2006)’s results show clearly that coherence Isyoda be combined to produce
better results as opposed to using them individually. This finding is extrersefylland can be applied
to small-sized inputs without consideration of search quality. For exampiegtsoes only very short
summaries are required from systems. A 100 word summary might contairefitenses on average.
In such cases, an approach of enumerating and ranking all permutatigiisjust be sufficient and an
optimal solution is also guaranteed. Using the right coherence metric becoonesmportant in such
cases, and according to Soricut and Marcu (2006)’s finding, a catmof different metrics might be
better to use compared to a single coherence score. Also, if the genenatiood is offline and not time
critical, one might be assured of good results using Soricut and Ma@@6)2 approach.

But coming to the issue of generating long documents, we need to rethinkhifnseasures of local
coherence are sufficient for good performance on this task. Loogndents tend to be arranged in
paragraphs each with a particular subtopic. Perhaps this idea coulgtoeechin some way. The next
paper that we discuss, Sauper and Barzilay (2009) address thid geskavating long articles.

4.2 Mining subtopic structure from texts: Sauper and Barzilay, 20®@

Consider that we want to generate a biography for a person who dbabeady have an entry in an en-
cyclopedia. One way to do so, would be to pose a query containing thenfeneme to a search engine
and summarize the most relevant documents to create the biography. Pikanvgiadsy et al. (2008)

have adopted this approach. A classifier is trained to identify sentermadtiese retrieved documents
that are most likely to contain biographical information (facts about birtleeralife). The top scoring

sentences are chosen and ordered using some coherence metritedherdmography. However, such
sentence selection and ordering approaches can only aim to createcmerent articles. Biadsy et

“These results are different from those reported in Barzilay and L&p@®8) where the Entity Grid appears to outperform
content models on the same corpus. However the evaluation metriaffarend for the two studies. Soricut and Marcu (2006)
measure the Kendall’s correlation between the original and systemgadduder. In contrast, Barzilay and Lapata (2008)
generate about 20 random permutations of the original article and eatlufation is paired with the original ordering to form
a test example. Barzilay and Lapata (2008) measure as error rapeopuation of times, a permuted ordering was classified as
more coherent than the actual ordering. Soricut and Marcu (2088periments show that Barzilay and Lapata (2008) made a
simplistic approximation of possible orderings.
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al. (2008) generate summaries of about 100 words. Long articles haearastructure consisting of a
sequence of subtopics. For example, long biographies would havagraph about birth and early life,
followed by a section on occupation and so on. For automatically generatgdbiographies, it would
be best to have a similar structure. Presenting a large collection of remmiehces without any notion
of subtopics might turn out less informative and incoherent in such a situatio

Sauper and Barzilay (2009) aim to tackle this problem by automatically leapaitbgrns of subtopics
that appear in Wikipedia articles from two domains—diseases and Americaadibrns. The central
hypothesis in this work is that in the case of generating long articles, a templiitenguthe subtopic
structure of existing articles should be useful for creating new articlég cbntent for creating such
articles is already available on the World Wide Web and excerpts from thmsendnts can be used
to fill out the templates for new articles. The aspect that Sauper and Baf2089) focus on is the
right selection ofparagraphsfor each subtopic such that the articles are both informative as well as
coherent. This setup is considerably different from the work we h#@eudgsed so far. In Mcintyre
and Lapata (2009)’s story generation system, even entities and theirsaatisnbsentence level were
generated using their automatically constructed knowledge base. SoritMarcu (2006) focused on
the arrangement of sentences.

While each subtopic can be filled with appropriate content individually, it nmee dhat the chosen
excerpts for the different subtopics might not comprise a globally cohengicle. There might be
information repeated in the paragraphs chosen for different subtoffiesefore one would like to take
an approach which selects good content for all subtopics, while at the e maintains the globally
desired properties. To address this issue, Sauper and Barzilay) (@@p®se a structured prediction
approach and show how consideration of the global fit results in betditygarticles.

4.2.1 Template creation

Wikipedia articles are a very good starting point for learning subtopicesé& larticles are demarcated
explicitly with section headings. Sauper and Barzilay (2009) use thelprexeaand arrangement of these
topic headers in existing articles for creating templates. We detail their tempdaiigocr method below.

Even though similar sections might appear in the articles in a domain, they magveoekactly the
same headings. Overviews of diseases might have a section listing itsrdiffigres but these sections
could be named differently in the articles eg. “Types of arthritis” and “Bygfecataracts”. Some articles
may use a longer heading such as “signs and symptoms”, others using enlptt “symptoms”. So
Sauper and Barzilay (2009) create clusters of similar section headingpresent the subtopics. They
use a partitioning approach for clustering. All the headings start out isaime cluster. At each step, a
cluster is chosen and bisected. Each heading is represented by aofé¢itdf weights of its constituent
words during this procedure and cosine similarity metric is used to make clgstiraisions. If there
arek sections on average in the articles for a domaiolusters (subtopics) are chosen in this process.
The most frequent heading in each cluster is added to the template as a stitiéofpior a domain such
as diseases, the subtopics obtained could be “symptoms”, “causegintdia” and “treatment”.

Next ordering information is added for the subtopics in the template. Fromrifimal article, we
know the preferred or most frequent ordering for a pair of headidging this information, we can find
pairwise preferences for ordering clusters of headings that wdeéneld. Sauper and Barzilay (2009)
then use a majority ordering algorithm (Cohen et al., 1998) to obtain a glotbating for the clusters.
The method proposed in Cohen et al. (1998) is a greedy approach aihisito maximize the pairwise
preferences satisfied in the global ordering.

4.2.2 Extraction of candidate excerpts and features for ranking

Given the template for disease overview articles, for example, an articla@m topic, “Cataract”, can be
generated as follows. We have the article name, ie., the disease name astheection headings from
the template. Sauper and Barzilay (2009) use a search engine to obtaitetrzent documents for each
subtopic using the article title and subtopic name as queries. For example etlye'Gataract causes”
is used to obtain content for the “causes” subtopic. All paragraphstihe documents corresponding to
the top 10 pages of search results are chosen as candidate exaettpds $abtopic.
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However, not all paragraphs obtained from these documents woudddwant content for the subtopic.
Sauper and Barzilay (2009) define a number of content selectiondsatuidentify those which are most
relevant and informative. These features include counts of eachammignd bigram in the paragraph,
the first word in the paragraph, and the counts of its sentences, prereta. They also include a feature
to reflect the centrality of an excerpt. (An excerpt highly similar to otheemts is probably very
informative and contains important content.)

A naive approach to create an article at this stage is to rank the excarptcfosubtopic for relevance
and choose the best paragraph in each case. Sauper and Bag@@y{@wever, note that doing so could
lead to articles where the excerpts for different subtopics have opémapontent thereby leading to less
coherence as well as lower informativeness. Therefore one woultblkexp informative paragraphs for
each subtopic, at the same time, minimize redundancy over the entire artigeer @ad Barzilay (2009)
aim to achieve this by encoding these constraints in an Integer LinearaRtogng (ILP) framework.

4.2.3 ILP constraints for article creation

We first discuss how Sauper and Barzilay (2009) set up the problamla® task. In the next section, we
detail the perceptron training algorithm used to learn the weights for rattkéngxcerpts for a subtopic.
Consider that there aresubtopics in a particular template, we represent thesg &s ...,t;. Let the
candidate excerpts for subtogicbee;i, ...cj.. Each of these excerpts;, is associated with a vector of
featuresp(e;,,) as described in the previous section. Supposeuthé the weight vector for scoring the
excerpts belonging to subtopig. A ranking of excerpts can be obtained by ordering them by the scores

values¢(ej,) -w;. Let us consider that a lower rank indicates a more informative exceopt, te goal
is to bring in redundancy considerations at a global level, while at the sames¢il@eting minimally
ranked excerpts for each topic.

Sauper and Barzilay (2009) incorporate both these factors using ltbevifig ILP constraints. Let
us add a superscript to each excerpt indicating its rank for the subtdpatoitgs to. For example?
indicates the2™? most highly ranked excerpt for subtopic The objective is to minimize the sum of
the ranks for excerpts chosen for the subtopics in the final articlez et 1 be an indicator that the
l-ranked excerpt gets chosen for tf{é topic (excerpteg), otherwise the value of the variable is zero.
This objective can be written as follows for a domain witBubtopics each with excerpts.

k r
nﬁnji:}i:l'wﬂ

j=1 I=1

Since only one excerpt can be chosen for each subtopic, the followirgjraint is added.

dwy=1 Vje{l.k}
=1
Now for reducing global redundancy, Sauper and Barzilay (200€)aconstraint that the cosine
similarity between any pair of excerpts in the generated article should ne¢excvalue of 0.5.

(zji+apr) - sim(eh,eh) <1 Vi i e{l.k} ViU e{l.r}

When the similarity valuez’m(eé, eél,) is greater than 0.5, then this constraint would allow only one
of the excerpts to be selected in the outputzig,andx; cannot both take a value of one in this case.
However, if the similarity value is less than or equal to 0.5, then both can beledtlu

Sauper and Barzilay (2009) use a branch and bound approximatiaitlaigto solve the ILP.

Solving this ILP provides the desired properties of informative excerptgadl as a global fit in the
generated articles. During test time, one could first obtain a ranking ofxderps for each subtopic
using a weight vector trained for that subtopic. The ILP could then bkeaiip make the final selection
for all excerpts. Sauper and Barzilay (2009) however, use the la&epure during training as well with
an aim to jointly learn the weight vectors for different subtopics. We dleschis training procedure
in the next section. The output of training is a set of weight vectors, anedch subtopic for ranking
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its excerpts. However, these weights are tuned such that they provideshperformance during ILP
decoding. During test, Sauper and Barzilay (2009) apply the weighowir each topic for producing
a ranking of its excerpts. Then ILP is used to finalize the best excempdd the subtopics.

4.2.4 Training a structured prediction model

The training is done in an online fashion using a perceptron ranking algof@ollins, 2002). Initially
the weight vectors for all subtopias; are set to zero. The algorithm iterates over each document in
turn until convergence or a fixed number of iterations. At a particular ting #te perceptron update
procedure is as follows.

Consider that a particular training document is used at this step.

(i) First, the ranking of excerpts for every subtopic of that documestpaedicted using the current
weight vectors.

(i) Then ILP is used to optimize the selection across all excerpts for low pleldandancy. This
produces a prediction of the best excerpts for all subtopics consideoith informativeness and
coherence.

(iif) The selected excerpt for each subtopip; is now evaluated by measuring its similarity with the
gold standard content for that subtopic; from the original article. If the cosine similarity value
between these texts is below a threshold value of 0.8, then the weight vectbaf subtopiau;
is updated. Note that the update is performed based upon the predicttamsediointly, ie., after
ILP decoding rather than the rankings based only upon excerptssfmreslevance to individual
subtopics. The update is done as follows. Consider that therk subtopics. Let(top;) and
¢(gs;) represent the feature vectorstop; andgs; respectively.

for j =1..kdo
if sim(top;,gs;) < 0.8) then
w; = wj + ¢(gs;) — d(top;)
end if
end for

After convergence, the final set of weight vectors are returnedesdlvectors are specific to each
subtopic and are representative of content importance for that subfdpite same time, these param-
eters were updated by accounting for global coherence as well. ISaugh8arzilay (2009) hypothesize
that such a method would produce weight vectors well-suited for decoding ILP at test time.

4.2.5 Results

Sauper and Barzilay (2009) apply their method for the generation of artickevo domainsAmerican
Film ActorsandDiseasesThe articles on these topics in Wikipedia (around 500 for ‘disease2@0d
for film actors’) were used for training and testing purposes. Theame number of topics in these
articles is around four.

Sauper and Barzilay (2009) use as gold standard the actual article inediikipThe articles from a
system whose content match with the actual articles to a greater extent arenfioomative. Sauper
and Barzilay (2009) compare the system-produced articles with the goldiastansing ROUGE (Lin
and Hovy, 2003), a tool to measure the n-gram coverage of a givenwigxrespect to a reference
text. ROUGE is the standard automatic evaluation metric used in summarizatiomfpadog system-
produced summaries to human-written ones. The fscore from unigramajesevas used by Sauper and
Barzilay (2009) for evaluation.

Usefulness of structure informationOne of the aspects that Sauper and Barzilay (2009) want to demon-
strate is the usefulness of knowing the structure of the article, in this casgsdfulness of the templates.
For this purpose, they generate articles using two baselines that doenstrusture information. One

of these simply uses the article’s title to search for relevant documents.oBengnt corresponding to
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the top-ranked search result is then output as the final article aftemtmgdor a required number of
subtopics (equal to the average subtopics for that domain).

The other baseline uses a classifier to distinguish domain versus non-dmmntent. This approach is
the same as the previous work in biography production which we desciboker Biadsy et al., 2008).
However, in contrast to Biadsy et al. (2008), Sauper and BarzilaQ9R0se paragraphs as the basic
units for article construction. For building a classifier for predicting whetireexcerpt is relevant to
domain of “disease” articles, the positive examples are paragraphd/ffikipedia articles on diseases.
Some articles from the web on diseases are chosen and the paragrépseinvhich have very little
similarity to the Wikipedia articles on diseases comprise the set of negative ksafpe trained model
is used to predict scores for the excerpts mined during test time. The kipgararagraphs (very similar
paragraphs are filtered to keep only one) up to the required numbeglactesl as article content.

Sauper and Barzilay (2009) compare these baselines with a templateapasedch. In this setup, the
ILP constraints were not used. Rather a classifier was trained forseatbpic to rank its excerpts. The
best excerpt was chosen for each subtopic. Since this approaghthsiemplate produced articles with
significantly higher scores compared to the baselines, Sauper and B§20(9) confirm that structure
information was greatly helpful for article generation.

Impact of redundancy removal Sauper and Barzilay (2009) also compare diggoint template based
approach from the previous section with their full model which also usBsclkinstraints for lowering
redundancy. ILP was used for this model both during training and test 8angper and Barzilay (2009)
find that the articles produced using their full model was significantly better tlisjoint selection of
excerpts for each subtopic. By lowering the chance of redundanmtmafoon, more useful content could
be added to the articles.

Sauper and Barzilay (2009) do not provide a comparison with an agipseaere ILP is not used for
joint update during training. That is, training could only involve learning treégit vectors for each
subtopic individually. These can be used for a first step prediction gluest, followed by the ILP
optimization. It is therefore unclear whether the joint training algorithm has lbeneficial. However,
in prior work Snyder and Barzilay (2007) carried out such an expetitneorporating a global decoding
procedure during training and found that results were better comparesin only individual rankers
during training and applying the global decoding only during test time.

Human evaluation Sauper and Barzilay (2009) also do not present an evaluation of ddabiity of
their articles. However, Sauper and Barzilay (2009) report a sumnidmyroan edits made to some
of their articles which were posted to Wikipedia. The articles produced byuthenodel only were
used and had been on Wikipedia for at least six months. During this time, twis-tf these articles
were promoted to full-article status. A number of edits were made to these alficlasmans. Most
frequently, these edits involved formatting and addition of links to other artickesne were focused
on correcting grammatical errors. Overall the pattern of edits is indicatatentlost content was very
relevant to the topic and that these articles were of considerably gotditydaaan automatic approach.
The fact that there were some grammatical errors suggests that oaeppo improve Sauper and
Barzilay (2009)’'s approach would be to also consider the linguistic quadipeets of the candidate
paragraphs while ranking them. Since the excerpts are taken from adtictes web, they are likely to
have embedded links and other errors. Even if the content of the éxsegpod, it may not be well-
written or readable. To tackle this problem, one could use scores fromdgegmodels to reflect the
quality of sentences as well as metrics such as those we discussed irt 8odddarcu (2006) to score
the local coherence of the excerpts. These scores can be easilgarated in Sauper and Barzilay
(2009)'s model as features during ranking. In this way, even bettditgarticles can be generated.

4.3 Discussion

Coherence at different levelsBoth Soricut and Marcu (2006) and Sauper and Barzilay (2009) aim
to generate coherent articles but focus on coherence at differaais.leThe methods in Soricut and
Marcu (2006) captured properties of flow between adjacent serstetrbere we discussed that entity
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coreference, co-occurring words and topic continuity were usediptors of local coherence. When
adjacent sentences had frequently co-occurring words or topicextsetended to be better organized.

On the other hand, in Sauper and Barzilay (2009), subtopics or jpgfat¢gvel coherence is consid-
ered. They use the ordering of subtopics in existing wikipedia articles talmdnost likely sequence
for that domain. While generating new articles, a coherent flow of sulstapiensured using this in-
formation. Also, Sauper and Barzilay (2009) are not ordering papdgy from the same article as in
the evaluation setup of Soricut and Marcu (2006). They extract cbfrten different documents from
the web and use these for creating new articles. If the paragraphtesiecan article have redundant
content across them, this aspect would also make the article less cohezang, ldnother central focus
in Sauper and Barzilay (2009) is on lowering redundancy in the genkeasieles.

Properties of coherence models\t first look, the Entity Grid approach appears to be domain inde-
pendent. Centering and other entity coherence theories are not spedédain types of texts. One
would expect that coreference patterns in coherent articles wouldildarsat least in the same domain.
Barzilay and Lapata (2008) tested the Entity Grid method on the earthquatkegrplane accidents cor-
pus. Barzilay and Lapata (2008) note that the models when trained omtieetgpic texts provided the
best performance for that domain. But, by training on both texts togetlaezjl8y and Lapata (2008)
show that good performance can be obtained for both texts. So the Entityn&thod can be used in a
topic-independent way.

The word co-occurrence model would also have some topic indepengeaperties. Soricut and
Marcu (2006) do not specify the training corpus for their experiments.itBs likely that with a large
collection of texts in the same domain, word statistics would work well for mostetdpics in that
domain. Moreover, it is also the case that the word co-occurrence estimaght turn out robust only
with very large amounts of data. Such large training sets also restricted tanie topic might be
difficult to obtain in practice. Hence using large generic text collections nbghthe most suitable
training approach in this case.

On the other hand, we have the HMM model which models subtopics and thaditivas and is
dependent on topic of the articles. As expected, content models worlpgerly on out-of-topic texts
(Barzilay and Lapata, 2008). It is not possible to use them in a domainendept way.

Combining coherence modeldn contrast to Soricut and Marcu (2006)’'s method, Elsner et al. (007
define a generative model for combining content models with the Entity Gricapp. Recall that in the
HMM approach of Barzilay and Lee (2004) the emission probabilities frbid@en state were estimated
using a bigram language model trained on the cluster of sentencespoomi@yy to that state. Elsner et
al. (2007) define these emission probabilities using the Entity Grid. Their maddhle advantage of a
direct integration of the two coherence methods. On the other hand, Elsalef2007)’'s assumption of
content models as the basic structure might be problematic.

Content models directly capture the underlying structure of the trainingndects, so it is possible
that they can only be used for very formulaic texts. Barzilay and LeedR@port varying performance
of their content model approach for different domains. For exampleead models could be trained
and used to predict the coherence of earthquake reports with vedyrgealts. All these documents
would comment on the location, casualties and relief efforts. Howevesid®marticles dealing with
drug-related offenses. These articles have a less rigid structurefféehses might have come up under
different circumstances and the nature of the offenses themselveslmowjdite different. For such
articles, content models turned out less useful. Local coherence ssatistitd probably provide more
flexibility in such cases. While it is possible that Soricut and Marcu (20@6)learn a good balance
between local and global models for each domain in terms of weight paranretbeir loglinear model,
this might be harder to do in Elsner et al. (2007)’s approach. Elsner2087) only evaluate their model
on a single domain and here their results are identical to Soricut and M206)( The performance on
more diverse domains is yet to be investigated for Elsner et al. (20@f)i®ach.

Data for ordering tasks In fact, the data used for ordering experiments certainly needs more attentio
Soricut and Marcu (2006) use the earthquake and airplane accideptsavhich have been widely used
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in other approaches as well. But these documents come from the sameatigan so the structure
might not vary much across the articles. With experiments on such spediicits difficult to get
an idea of how well these methods would perform on a different colleatieen of earthquake reports.
Elsner et al. (2007) note that in the airplane accident reports, neaity@the training documents
start with the same two sentences—"This is preliminary information, subjectattgeh and may contain
errors. Any errors in this report will be corrected when the final repas been completed.” Most
methods might simply observe this pattern and use it for predictions which givenrealistic estimate
of their performance. Therefore it is important to test systems on a vafidiyneains.

It is important to also remember that in most situations, an ordering may bechisgdentences that
are not the entire set of sentences from an article. For example, multidotsomamaries are created
using sentences from multiple source articles. These sentences nequopédy ordered to maximize
the readability of the summary. Such inputs could be more difficult for systeapata (2003) note that
one of their best features, noun co-occurrence performs well aioitiement ordering task but was only
as good as a random baseline when tested on summaries. Hence usingatistie datasets or system
output should be a goal for future studies.

5 Conclusions and future work

We have presented a survey of recent attempts to model text structuraimsapervised manner. We
briefly review some aspects of these models and suggest some aradarm®mfork.

Importance of entity coherenceThe use of entity coherence as an indicator of text structure is a com-
mon idea in most of the work we have discussed.

In Chambers and Jurafsky (2009) and Mclintyre and Lapata (2008)ference between participants
in events is used to define event relatedness. Chambers and Jug&@8y élso show that if coreference
was not considered and we simply scored verbs by their frequenay-ota@urrence in documents, the
performance on the narrative cloze task was much worse. Both thesgaapes have taken a global
view of entity coherence in that they consider events in different portbasiocument as related when
they have coreferent participants.

In the context of Soricut and Marcu (2006)'s work, we reviewed thétie Grid method which is a
shallow approach to capture the predictions of the Centering theory. étitg coreference patterns
were used to learn how texts are organized locally at the level of adjaeetgnces. Mcintyre and
Lapata (2009) also use the idea of entity coherence and repeat entitiethie current sentence in the
next sentence to maintain focus in the story. These ideas conform to a roaireiéw of entity coherence
as in Centering theory.

Only in Sauper and Barzilay (2009), do we not see the use of a notiartiof eoherence. Sauper and
Barzilay (2009) concentrate entirely on global ordering of subtopi¢teyTassume that they start with
locally coherent paragraphs of text. So for global ordering they dos®entity coherence.

Incorporating rhetorical relations We discussed in Section 2 that discourse relations are also hypothe-
sized by linguistic theories to be an important component of coherenceneStirection for future work
is investigating how the unsupervised text structure models can be combitediscourse relations.
Automatic discourse parsers could be used for this purpose (Mar@Q; Btair-Goldensohn et al., 2007;
Sporleder and Lascarides, 2008; Pitler et al., 2009).

For example, the semantic structures learnt by Chambers and Jurdd8iy éhd Mcintyre and Lapata
(2009) only encode temporal relations between the events. Another netlatibcould be added to the
event structure is “causality”. For example, the event “convict” caosego be “jailed”. If such relations
are also present in the schemas, they would be useful information famaltsis in addition to temporal
relations between the events.

Also for the sentence ordering task, local models of organization disduasSoricut and Marcu
(2006) can be used together with discourse relation information. In thisseajences could be ordered
by also considering the likely sequence of discourse relations in humgemtexts.

Use in applicationsAmong the approaches that we have surveyed, those focusing onzatian had a
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more application-oriented approach. We have discussed the use aft@oritMarcu (2006) and Sauper
and Barzilay (2009)’s methods for generation tasks. Content model$ wigiéntroduced in the context
of Soricut and Marcu (2006)’s work have also been shown to beiUkefsummarization (Barzilay and
Lee, 2004; Fung and Ngai, 2006). Entity Grid model has also been oseddluating the quality of
machine generated summaries and for predicting whether a text wouldyberehfficult for humans to
read (Barzilay and Lapata, 2008).

The use of semantic knowledge from text in actual applications is less déarstories produced
by Mclintyre and Lapata (2009)’s generation system lack focus apdnaaning as actual stories. The
usefulness of the schemas learnt for news text (Chambers andkyur2099) is also not explored.
It would be interesting to see the use of such schemas and ideas of elatatiness in applications
such as summarization and question answering. During these tasks, satemguide the system to
provide additional information related to user query or information needce ¢nuld also consider the
possibility of generating stories by instantiating schema-like information. Multgdéged schemas can
be combined into a story by filling in participant slots appropriately. This aapravould have the
advantage of creating stories with a much more clear plan and global sguctur
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